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Abstract

Applying deep learning (DL) to science is a new trend in recent years which
leads DL engineering to become an important problem. The normal processes of
DL engineering contain data preparation, model architecture design, model training
and testing, model deployment, and model maintenance. Unfortunately, all of them
are complex and costly. One of the factors that highly affect the efficiency of DL
engineering is the huge labeling effort in the data preparation process. High-quality
labeled data can benefit the quality of the trained model and the reliability of model
testing. However, even though collecting unlabeled raw data can be fully automated,
labeling them needs huge human effort. Thus, how to efficiently build deep learning
systems with less human effort (label-efficient DL engineering) is a key question we
want to answer.

To tackle this label-efficient DL engineering problem, this dissertation studies
existing methods then proposes new solutions and makes the following contributions.

• Label-free model selection for efficient model design. Since there are many
open-sourced DNN models released every day, the good practice for developers
to alleviate the effort of model design is to reuse the available model. We
propose LaF, a label-free model selection method based on the Bayesian model
to infer the models’ specialty only based on predicted labels.

• Label-efficient model training via active learning. Active learning is already
a mature learning framework to handle the labeling effort in model training.
However, from a more practical view, how can existing active learning help
us build a robust model is unknown. Here, robust means the adversarial
robustness and the performance of the model after compression. We conduct
an empirical study to explore these problems and reveal the limitations of
existing active learning methods. Besides, we build the first benchmark of
active learning for code models – active code learning to help software engineers
train their code models with less effort.

• Label-free model evaluation. The traditional model testing process also needs
labels for the prediction correctness checking. We propose a label-free model
performance estimation method, Aries, to automate the entire testing process.
Aries relies on the assumption that the model should have a similar prediction
accuracy on the data which have similar distances to the decision boundary.

• Label-efficient model enhancement. The final process, model maintenance
which is generally based on model retraining still needs the labeled data. We
found existing Label-efficient model retraining methods suffer from the data
distribution shift. Thus, we first conduct a systemically empirical study to
reveal the impact of the retraining process and data distribution on model
enhancement. Then based on our findings, we propose a novel distribution-
aware test (DAT) selection metric that can produce a model robust model



against distribution shift.
To sum up, this dissertation shows promising ways to efficiently build a DL

system with acceptable labeling effort that run through the entire DL engineering
process from the model selection to model maintenance.
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1 Introduction

This chapter introduces the concept of deep learning engineering first and then
discusses the challenges in deep learning engineering. Finally, it summarizes the
contributions and structure of this thesis.
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Chapter 1. Introduction

1.1 Concept of Deep Learning Engineering
Deep learning (DL) becomes important in our daily life, therefore, how to

efficiently develop and deploy DL systems becomes a crucial problem. We call the
processes of building DL systems – deep learning engineering (DLE), also famous as
Machine Learning Operations (MLOps). Figure 1.1 presents the workflow of DLE
which contains six main processes, ❶ data preparation, ❷ model design, ❸ model
training, ❹ model testing, ❺ model deployment, and ❻ model maintenance.

Data
Preparation

Model
Design

Model
Training

Model
Deployment

Model
Maintenance

Model
Testing

Figure 1.1: Overview of Deep Learning Engineering

Data preparation. Given a target task, e.g., building a digit classification model,
the first step to building the DL system is to collect the related data. At the same
time, data cleaning is also a necessary process to remove low-quality samples. After
that, developers need to manually label the cleaned data to assign the target to each
sample, i.e., which category the sample belongs to. Finally, the normal procedure is
to randomly divide the collected data into three sets, training set, validation set, and
test set. Normally, the training set works for optimizing the model parameters (e.g.,
model weights), and the validation set is useful for indicating the model with the
best performance (e.g., test accuracy for classification model) in the training process.
After we obtain a DNN model, developers can assess the model’s performance on
the unseen data (not included in the training data) using the test set.

Model design. Given the task and datasets prepared from the last step,
developers need to design the architecture (e.g., layers, optimization functions) of
the DNN model that is proper for the given task. Normally, DL developers will
borrow some famous architectures as the backbone of their own models, e.g., use the
ResNet [1] for image classification or use the transformer [2] for natural language
processing.

Model training. After obtaining the dataset and model architecture, developers
can train the model to tune its parameters using the training set. Model training is
an automated process that does not need human effort. When the model performance
evaluated on the validation set does not increase anymore or the training epoch is
greater than the predefined number, the training process is finished and the trained
model is under test.

Model testing. Before deploying the trained model to applications, developers
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need to test the model to check if it fits the expectations. The test set prepared
by the first step is used for accessing the performance (clean performance) of the
DNN model. In addition to clean performance, there are some other properties that
the developers might be interested in depending on the requirements, e.g., inference
speed, adversarial robustness, and fairness. Of course, if the performance of the
model is unexpected, the developers have to redesign the model architecture or
change the training strategy to train the model again.

Model deployment. If the developers get a satisfied model, the next step is
to deploy it into the application and put the system in the wild for usage. There
are two commonly used model deployment processes. The first one is to directly
use the trained model and the second one is to compress the model and then use
the optimized version in the application. The second process is usually used when
the computation resource of the system is limited or the model is too large to be
deployed.

Model maintenance. Since the requirements and the deployed environments
could change from time to time, the DL system needs to be updated accordingly.
The common way to maintain the DNN model is to retrain it following the new
requirements or using the data collected from the new environments.

1.2 Challenges with Deep Learning Engineering
DLE is heavy work since it contains complicated procedures where multiple

challenges exist. This thesis focuses on two main challenges, the huge labeling effort
for preparing datasets and the distribution shift that will introduce unexpected
performance drops for deployed DNN models.

1.2.1 Labeling Effort
In the supervised scenario, both model training and model testing processes need

the labeled data. For the model training, the labels will guide the model to tune
the parameters following the right direction (based on the gradient calculation). For
model testing, the labels are the ground truth for identifying the correctness of model
prediction. However, even though collecting raw data is not difficult since it can
be totally automated, labeling data is time-consuming and labor-intensive. More
importantly, for some complicated tasks, e.g., tasks related to source code learning
such as code repair, and clone detection, domain knowledge is required to label the
collected raw data. For example, labeling the codes from only four libraries takes
experienced software developers more than 600 man-hours [3]. As a result, how to
reduce the labeling effort is the biggest challenge for DLE.

Challenges in label efficient model training. In the machine learning
community, researchers already made efforts to alleviate the labeling effort for model
training and proposed the famous learning framework – active learning. However,
such efforts mainly lie in proposing new active learning methods to achieve state-
of-the-art (SOTA) performance but ignore the problems in the real usage of active
learning methods. For example, the existing works only evaluated the performance
of active learning methods in terms of the clean accuracy on the test data of trained
models, other properties such as the robustness of models are unexplored which raises
the question of which active learning method we should use to produce a robust
DNN model? Besides, existing active learning works focus on image classification
and natural language process tasks, how can we use these methods to solve other
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tasks, for example, software engineering tasks, is still unknown. How to propose new
active learning methods for software engineering tasks that have different types of
data with images and text is also unknown and needs to be explored.

Challenges in label efficient model testing. Different from model training,
label-efficient model testing attracted limited attention. Existing label-efficient
testing techniques can be divided into two groups, detect more faults in the unlabeled
data pool under the fixed labeling budget, and label-efficient model evaluation. For
the first type of technique, as revealed by [4], it is difficult to distinguish normal
inputs (faults) and inputs with low uncertainty but are incorrectly predicted (with
high uncertainty but correctly predicted). There are two scenarios in label-efficient
model evaluation, 1) evaluate a single model and 2) evaluate multiple models. When
we face a single model, we need to select a set to represent the whole set of the
unlabeled set and test the model accordingly. How to define the representative is
a difficult problem. When we need to evaluate multiple models and select the best
one for the usage, the representative test set changes from representing one model to
many models which brings a more challenging problem. Therefore, it is nice to try
to avoid defining the representative data and just use the unlabeled data to assess
the performance of models.

Challenges in label efficient model maintenance. The DNN model needs
to be updated to fit new requirements or environments by mode retraining. However,
if we label all the data every time, the labeling cost will be extremely high. Different
from active learning which starts from a model with poor performance, retraining
starts from a pre-trained model with good performance on a specific test set (the
original test set). Therefore, the existing active learning methods can not be the best
choice for this task. How to design the retraining method for a given environment is
unknown and challenging.

1.2.2 Distribution Shift
An essential challenge in the realm of Deep Neural Network (DNN) testing and

maintenance pertains to the phenomenon of distribution shift. Once a Deep Learning
(DL) system has been deployed in real-world scenarios, the distribution of freshly
acquired test data often diverges from the initial test data employed for performance
assessment. Consequently, the established understanding of the DNN’s performance
becomes unreliable. Effectively evaluating the performance of DNN models on data
afflicted by distribution shift presents a formidable obstacle. A similar predicament
may manifest during the maintenance phase, wherein adaptation of the model to
accommodate the altered data distribution resulting from distribution shift poses a
significant challenge.

1.3 Contributions
This dissertation makes the following contributions:
• A novel method to select DNN models without labeling effort. We

propose a novel label-free model selection technique, LaF, aimed at identify-
ing the optimal-performing model without necessitating any manual labeling
efforts. The principle underlying LaF revolves around the development of a
Bayesian model, which seamlessly integrates both data complexity and model
specialization to the estimation of the similarity between the model predictions
and the ground-truth label. Note that, data complexity refers to the inherent
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intricacy associated with achieving accurate predictions for diverse samples
through various DNNs, as evidenced by the variability in predictions generated
by multiple models. In contrast, model specialization assesses the efficacy
of a given model in accurately deducing labels across the entire spectrum of
samples, as manifested by the model’s capacity to harmonize its predictions
with the consensus among other models. By optimizing the Bayesian model, we
can derive insights into the degree of model specialization, thereby providing
valuable guidance for our model selection process. To assess the efficacy of
our approach, we conducted comprehensive experiments utilizing 9 datasets
and 165 DNNs. Besides, we consider both model accuracy and generalization.
Experimental results demonstrated that LaF can rank models precisely and
outperform our considered baselines with improvements of up to 0.53 Kendall’s
τ .

This work has been accepted by the ACM Transactions on Software Engineering
and Methodology (TOSEM) in 2023.

• An exploration of the limitation of active learning. We address the
following aspects and conduct empirical studies: 1) An exploration of the
impact of active learning on the adversarial resilience of deep neural network
(DNN) models. 2) A meticulous assessment of the inherent ability of models
trained via active learning to uphold their accuracy in the wake of model
compression, shedding light on the resilience of these models to the challenges
of post-compression scenarios. 3) An in-depth investigation into the relationship
between the quantity of training data, relationships entwining the quantity of
training data, the models’ capacity to withstand adversarial attacks, and the
sustainability of their accuracy in the aftermath of model compression. In total,
we trained more than 70000 DNN models for the study. We found that, while
existing data selection metrics can generate accurate models, they occasionally
introduce a compromise in the models’ resistance to adversarial examples and
their ability to withstand compression. In essence, our research underscores
the presence of a delicate balance between the exertion of labeling efforts and
the diverse qualities exhibited by different models. These findings light the
future research, encouraging the proposal of new data selection metrics that
holistically consider multiple dimensions of model quality.

This work has been published in the 36th IEEE/ACM Conference on Automated
Software Engineering (ASE 2019).

• A benchmark and new insights of active code learning. We build
the first benchmark to study the problem of active code learning – sample-
efficient training of code models. Concretely, we adapt acquisition functions
from current active learning works for code learning. Then, experiments are
conducted to explore the usefulness of these acquisition functions in the domain
of code-related data. Our findings show that the effectiveness of active code
learning is influenced by feature selection where using model outputs as features
can produce the best code models. Nevertheless, considering the specific task of
code summarization, the performance of active code learning exhibits noticeable
limitations. In fact, it leads to models exhibiting a substantial performance
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gap of over 29.64% when measured against expected performance benchmarks.
Moreover, we conduct an exploratory study to explore future directions of
active code learning. We propose to consider evaluation metrics such as the
BLEU score as the distance calculation method. The experimental results show
that there is a correlation between our proposed distance methods and the
performance of code models.

This work is currently under submission to an international peer-reviewed
journal.

• A novel method to assess the performance of DNN models with
free. We design a new label-free method, Aries, to assess the performance of
DNN models on unlabeled test sets. Our method capitalizes on the underlying
insight that a correlation often exists between the accuracy of data predictions
and their proximity to the decision boundary. That means two datasets that
have similar distances to the decision boundary could have a similar prediction
accuracy. We conduct in-depth evaluations to check the effectiveness of Aries.
Furthermore, we broaden our investigation by incorporating 13 variations of
transformed test sets, designed to simulate novel unlabeled data scenarios that
might arise in real-world contexts. The results demonstrate that Aries estimate
the accuracy with a difference ranging from 0.03% to 2.60% compared to the real
accuracy. Remarkably, in comparison to state-of-the-art label-free methods [5],
Aries demonstrates the capacity to provide more precise accuracy predictions.
Notably, compared to sampling-based methods CES [6] and PACE [7], Aries is
able to produce similar estimated results.

This work has been published in the 45th International Conference on Software
Engineering (ICSE 2023).

• A study of distribution aware test selection and a novel data selection
method for model retraining. We found that existing sampling-based model
retraining methods involve three significant limitations. 1) The existing methods
diverge in terms of the retraining procedures they employ. 2) An oversight
prevalent in these methods is the disregard for shifts in data distribution.
3) The evaluation of these methods is often insufficient. To fill this gap,
we empirically explore the influence of diverse retraining processes and the
variances introduced by distinct data distributions on the practice of retraining-
based model enhancement. Our empirical findings reveal that combining the
training and new data to retrain models can yield superior results compared
to utilizing solely selected data. Leveraging the insights gleaned from this
investigation, we design a new metric that considers data distribution, DAT,
for model retraining. Our proposed DAT metric is able to mitigate the adverse
effects of distribution shifts during the retraining process.

This work has been published in the ACM Transactions on Software Engineering
and Methodology (TOSEM) in 2022.
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1.4. Organisation of the Dissertation

1.4 Organisation of the Dissertation
Figure 1.2 illustrates the roadmap of this dissertation. Chapter 2 introduces

the necessary background information including deep learning, active learning, test
optimization in DNN testing, and distribution shift. Chapter 3 discusses the existing
works related to the contributions of this dissertation. Chapter 4 presents our
label-free model selection method, LaF. Chapter 5 presents our empirical study on
exploring the limitations of active learning. Chapter 6 introduces the benchmark
we built for active code learning. Chapter 7 presents our proposed label-free model
evaluation method, Aries. Chapter 8 introduces our empirical study on sampling-
based model retraining and the new distribution-aware test selection method (DAT).
Finally, Chapter 9 concludes this dissertation and discusses some potential future
works.
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2 Background

This chapter introduces the necessary knowledge to understand this dissertation. We
revisit the details of deep learning, active learning, test optimization in DNN testing,
and distribution shift.

Contents
2.1 Deep Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.2 Active Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.3 Test Optimization in DNN Testing . . . . . . . . . . . . . . . . . 11
2.4 Distribution Shift . . . . . . . . . . . . . . . . . . . . . . . . . . 11
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Figure 2.1: An example of a DNN (feed-forward neural networks) classifier [8].

2.1 Deep Learning
Conventional deep neural network (DNN) architectures can be typically character-

ized by multiple layers, encompassing an input layer, several hidden layers (optional),
and an output layer. This structure is depicted in Figure 2.1, where each layer
comprises numerous neurons represented as color circles. These neurons, also re-
ferred to as units or nodes, serve as the fundamental computational entities within a
DNN. They gather information from input data or other neurons, utilizing activation
functions to compute corresponding outputs. As illustrated in Figure 2.1, the input
data is predicted to belong to the Dog with a probability of 0.90. The essence of
DNN training revolves around the optimization of model parameters to minimize
prediction errors concerning actual labels.

In the broader landscape of DNNs, there are two categories, Feed-Forward Neural
Networks (FNNs) and Recurrent Neural Networks (RNNs). FNNs are recognized
for their unidirectional information flow, moving from the input layer to the output
layer. They find extensive applications in image-processing domains. In contrast,
RNNs adopt a distinct approach by incorporating inter-unit interactions, involving
control units and memory cells, to facilitate the backward propagation of transferred
knowledge within an RNN layer. This mechanism empowers RNNs to capture
temporal data patterns effectively, making them particularly well-suited for sequential
data processing tasks.

2.2 Active Learning
Active learning stands as a widely recognized strategy for achieving efficient model

training with limited training samples. Figure 2.2 illustrates the active learning
workflow. When we have an unlabeled dataset and a designed DNN architecture, The
initial step is the selection of suitable features for data sampling. Generally, there are
two groups of features. The first group contains the data features itself such as the
image pixels and code tokens. The second group contains features extracted from the
model, for example, code embeddings and model output. After feature extraction,
acquisition functions identify the data instances with the highest representativeness,
indicating their capacity to facilitate substantial improvements in model performance
when labeled and integrated into the training dataset.

The acquisition function assumes paramount importance within active learning,
as it is the decisive factor governing high-quality training data to label. Existing
acquisition functions are broadly classified into two categories: those centered on
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Figure 2.2: Overview of active learning [9].

the uncertainty of model outputs and those founded on feature clustering. Output-
uncertainty-based functions begin by soliciting the model’s predictions for the un-
labeled data, subsequently employing uncertainty metrics, often measured through
metrics like the variance of output probabilities, to rank these data. The intuition
behind this type of function lies in the notion that data that the model has less con-
fidence in are frequently situated close to the model’s decision boundaries. Training
DNN models with these uncertain data points serves to enforce the delineation of
clear decision boundaries, thereby augmenting the model’s accuracy and robustness.
Clustering-based functions assume that models can attain improved performance
by incorporating diverse data information into their training dataset. To achieve
this, various distance metrics are employed to quantify data proximity, followed by
the selection of central data points for model training. For instance, techniques
like K-means clustering are employed to group data and subsequently select central
points for training.

2.3 Test Optimization in DNN Testing
The conventional approach for assessing the accuracy of a Deep Neural Network

(DNN) involves the manual labeling of each data point from unlabeled sets, and then
computing the gap between truth labels and the model’s predictions. However, this
labeling process can be fraught with resource-intensive implications, encompassing
both substantial labor costs and a significant time investment. As highlighted in
existing literature, the concept of test selection [7] has emerged as a promising avenue
for optimizing the testing phase. Test selection in DL represents a methodological
framework designed to address two prevalent challenges. Firstly, it tackles the task
of identifying a subset of data that is sufficiently representative of the entire dataset,
enabling the estimation of the model’s performance based on this selected subset.
Secondly, it chooses data that are more prone to misclassification by the model, and
then utilizes these data for retraining in order to enhance model accuracy.

2.4 Distribution Shift
Distribution shift stands as a pivotal concern within the domain of machine learn-

ing, signifying a scenario in which the data distributions characterizing training and
test datasets diverge markedly. Specifically, when confronted with data afflicted by
distribution shift, machine learning models typically experience heightened difficulty,
rendering the reported performance based on in-distribution data useless.

Two categories of distribution shifts exist, namely synthetic distribution shift and
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(a) White noise (b) Brightness (c) Location 1 (d) Location 2

Figure 2.3: Image examples with artificial distribution shifts (noise, brightness,
location change). Images come from [12].

natural distribution shift. Synthetic distribution shift primarily materializes through
the deliberate introduction of machine-generated perturbations or corruptions into
the raw data. Figure 2.3 provides examples of synthetic distribution shift, showcasing
the original image of a bird afflicted by different types of noise. Natural distribution
shifts are typically injected by variations in environmental conditions. For instance,
alterations in camera traps [10], new customer profiles [11], or newly introduced
repositories [12] can precipitate a natural distribution shift. It is imperative to note
that natural distribution shift exclusively manifests in data that has been collected
and does not undergo deliberate perturbations. A recent benchmark [12] has been
developed to encompass multiple natural distribution shifts.
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3 Related Work

This chapter discusses related works from the perspectives of DNN testing, test
selection for deep learning, empirical study on active learning, empirical study on
ML4Code, and distribution-aware deep learning testing.
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3.1 DNN Testing
Testing deep neural networks means the comprehensive evaluation of the quality

of DNNs in anticipation of their subsequent deployment [13, 14, 15]. A simple
and localized testing approach entails the partitioning of a dataset into training,
validation, and test sets. The training and validation subsets are actively involved in
the model’s parameter optimization process, while the test set remains untouched
and is used to measure the accuracy of models.

In contrast to conventional performance assessment, recent years have witnessed
the introduction of numerous sophisticated testing techniques. Pei et al., [16] proposed
a neuron coverage-guided testing method, DeepXplore, for deep learning systems,
inspired by the principles of code coverage-based testing in traditional software
engineering. Coverage in this work is quantified based on the outputs of neurons in
the DNN (e.g., if the output is greater than a threshold, the neuron is activated).
Building upon this foundational testing criteria, Ma et al., [17] further formulated
various coverage criteria such as k-multisection Neuron Coverage. Utilizing coverage
criteria, DeepTest [18] and TACTIC [19] have been devised to assess autonomous
driving cars that based on DNNs. These two frameworks leverage coverage scores in
the fitness functions to optimize search algorithms in the generation of test datasets
designed to challenge the targeted systems by pinpointing potential vulnerabilities.
Besides, the well-known technique of fuzzing testing has been adapted for the
evaluation of deep learning models. The famous work [20] proposed a fuzzing testing
framework, entailing the random introduction of noise into images to generate new
test instances with the intent of identifying erroneous inputs in relation to DNN
models. Xie et al., [21] considered the seed selection problem in the fuzz process and
further boosted the test generation for DNN systems. Guo et al., [22] implemented
DLFuzz, which is a framework that contains different fuzzing techniques, enriching
the arsenal of advanced DL testing methodologies.

3.2 Test Selection for Deep Learning
Test selection in the context of DL targets to mitigate the human effort (e.g.,

labeling cost) associated with DL testing. Test selection has multiple goals. In this
work, we focus on two representative goals, fault detection and model performance
estimation.

Fault detection aims at identifying the mispredicted data before labeling them. In
recent years, several methodologies have been proposed to facilitate this objective. For
example, works [23, 24] introduced metrics grounded in the assessment of uncertainty
inherent in output probabilities. They further demonstrated the utility of these
metrics in the selective curation of data, subsequently harnessed for the retraining of
pre-trained models, resulting in performance enhancements. Besides, Chen et al., [25]
proposed mutation testing-based fault detection. The basic idea in this technique is
that faults are more likely be killed by mutation testing. Li et al., [26] introduced a
learning-based approach that leverages DNN models to learn the difference between
the faults and normal data, culminating in the prediction of new fault instances.
Gao et al., [27] considered a multifaceted approach by considering the diversity of
faults, thereby facilitating the selective curation of faults representing different fault
patterns.

Performance estimation targeted methods aim at selecting a subset that users
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can assess the model performance on the whole only based on the selected ones.
Li et al., [6] designed CES, a methodology selecting instances with the minimum
cross-entropy concerning the whole dataset. Chen et al., [28] introduce PACE, which
employs clustering techniques to find the most representative samples, e.g., the
sample at the center of each cluster. Guo et al., [29] proposed the first performance
estimation method, KAPE, for deep code search models. KAPE identifies the labeled
training data that are similar to the unlabeled test data and then computes the
performance of models accordingly.

3.3 Empirical Study on Active Learning
We witness the success of active learning in different scenarios. Various empirical

investigations have been conducted across different domains. For instance, Ramirez-
Loaiza et al. [30] conducted an empirical analysis of active learning methodologies,
utilizing performance metrics such as accuracy, F1 score, and AUC for the evaluation
of different baselines. Settles et al. [31] studied sequence labeling tasks by using active
learning methods. Evaluation for these specific problem domains predominantly
centered on learning curves and runtime. Yu et al. [32] conducted an empirical
exploration of existing active learning techniques in the context of literature reviews.
They subsequently introduced a novel approach that outperformed existing metrics
with regard to different measurements. Chen et al. [33] studied active learning on
word sense disambiguation problems, considering two fundamental active learning
methods, entropy and margin, and assessing performance solely based on accuracy.
Heilbron et al. [34] empirically explored the application of action localization tasks.
However, they only considered three active learning methods. Their evaluation
predominantly relied on the ALC metric, centered on classification correctness.
Manabu [35] studied active learning within the domain of natural language processing,
particularly with support vector machines (SVMs). Their study primarily compared
the proposed metrics with random selection and concluded that the proposed method
performs well on Japanese word segmentation.

3.4 Empirical Study on ML4Code
Machine learning for code (ML4Code) has garnered substantial attention in

recent times, prompting extensive empirical investigations to elucidate the nuances
and challenges within the ML4Code domain. In an early study by Chirkova et
al. [36], researchers empirically examined the foundational model architecture
of subsequent code models, specifically Transformers, across diverse code-related
tasks encompassing code completion, function naming, and bug fixing. The study
findings underscored the aptitude of Transformers to effectively leverage syntactic
information to address code-related tasks. Niu et al. [37] conducted an empirical
study to compare pre-trained models designed for source code across more than
10 tasks and models. Their study furnished detailed recommendations for the
utilization and evaluation of these models, enhancing the understanding of their
practical applications. Steenhoek et al. [38] studied DL models used for vulnerability
detection. The results of their experiments demonstrated that models trained for
specific types of vulnerabilities outperformed those trained for all vulnerabilities.
Furthermore, the study revealed that increasing the size of training datasets yielded
limited benefits. Hu et al. [39] contributed to the field by collecting and providing
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distribution-shifted code datasets and investigating the generalization capabilities of
code models under this dataset. The study findings illuminated the susceptibility of
code models to distribution shifts, highlighting the challenges in addressing these
shifts effectively. More recently, Nie et al. [40] explored the impact of using different
evaluation methods on code models. Their findings underscored the existence of
conflicting results arising from different evaluation methodologies, underscoring the
need for heightened attention to evaluation processes during code model testing.

More recently, researchers employed large language models (LLM) to tackle
code-related tasks, yielding impressive results in diverse areas [41, 42, 43]. Xia et
al. [44] employed LLMs to address automated program repair challenges, achieving
state-of-the-art outcomes within acceptable resource constraints. Deng et al. [45]
leveraged LLMs to synthesize unconventional programs for testing deep learning
libraries, unearthing 49 hitherto unknown bugs within prominent deep learning
frameworks. Ma et al. [46] empirically scrutinized the capabilities of ChatGPT,
one of the most renowned LLMs, in terms of program syntax, static analysis, and
dynamic understanding. The results elucidated ChatGPT’s proficiency in analyzing
program syntax and static information while revealing a proclivity for generating
non-existent semantic information.

3.5 Distribution-aware Deep Learning Testing
The negative impact of data distribution on the landscape of deep learning

testing has been addressed recently, particularly within the test generation. David
et al. [47] empirically investigated the intricate relationship between DL testing
criteria (e.g., neuron coverage) and the data distribution. Their work not only
shed light on this relationship but also offered invaluable research insights. One
such insight underscores the imperative for deep learning testing tools to exhibit a
heightened awareness of data distribution dynamics. Furthermore, Swaroopa et al.
[48] designed a new test generation approach that considers the data distribution
information, rooted in variational auto-encoders (VAE). Their research commenced
with a meticulous examination of the veracity and realism of test data generated by
extant test generation techniques, including notable methods such as DeepXplore.
Subsequently, they devised an innovative test generation methodology characterized
by a unique attribute. This method scrutinizes the authenticity and validity of the
generated data at each juncture of the generation process, introducing a critical layer
of quality control into the test data generation pipeline.
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4 LaF: Labeling-Free Model Selection
for Automated Deep Neural Net-
work Reusing

In this chapter, we propose a labeling-free model selection method, LaF, to identify
the model that has the best performance without any labeling effort. The core con-
cept behind LaF involves the creation of a Bayesian model that integrates both data
complexity and model specialization to gauge the probability that a predicted label
corresponds to the actual label. Via optimizing the Bayesian model, we can deduce
the degree of model specialization, which then guides our model selection process.
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4.1. Introduction

4.1 Introduction
Deep learning (DL) is helping solve all sorts of real-world problems in various

domains, such as computer vision [49], natural language processing (NLP) [50],
code understanding [51], and autonomous driving [52]. Due to the outstanding
performance of deep neural networks (DNNs), software engineering (SE) researchers
have attempted to apply DNNs to solve various SE tasks, such as source code
processing [51, 53], automatic software testing [54, 55], and GUI designs [56]. Building
machine learning (or deep learning) systems generally requires model architecture
design and data preparation, model training, and model deployment and maintenance,
known as machine learning operations (MLOps) [57]. However, since 1) designing
new DNN architectures requires tremendous experimentation and DL knowledge,
2) preparing massive labeled training data is labor-intensive, and 3) training the
DL model needs a considerable amount of time and resources, developers generally
reuse generic and publicly available pre-trained models to solve their given task.
Ultimately, we expect model reuse to become the norm in DL-based SE, just like it
has been in other fields like NLP.

Due to the convenience of multiple public open sources such as GitHub [58],
TensorFlow datasets [59], and Hugging Face [60], engineers can today access a massive
number of DNNs, in the form of either pre-trained model files (e.g., .h5 and .pth).
While this is practical, there is no prior evidence of which model will be capable of
solving the targeted task the most effectively. Indeed, different models have been
developed by different contributors and in different development settings, while they
have been evaluated in unknown or incomparable testing conditions. For example,
only 21 of the 165 DNNs we collected and evaluated in this paper have a performance
report.

Model selection is a process of determining the best fit from multiple models for a
given test set. Selecting candidate models for the targeted task raises two challenges.
First, test data that can be found in the real world (e.g. source code from public
repositories) are generally unlabelled [61], while data labeling requires significant
manual effort. For example, the AIZU online programming challenge [62] receives
submissions in different programming languages all the time. A Java developer
can easily annotate the source code in Java but may have difficulties with other
programming languages, such as C++. The effective selection of pre-trained models
to solve various tasks and overcome the challenge of insufficient domain knowledge,
therefore, requires a precise and efficient method to compare and rank DNN
candidates without data labels.

An additional challenge originates from the fact that the chosen models will
likely be confronted with data that have a different distribution from the data they
were trained/tested on, i.e. out-of-distribution (OOD) data [63, 64, 48]. For many
application domains – including software [12] – the distribution shift phenomena that
yield OOD data are inevitable. As a result, these models may exhibit remarkably
different performances over time, which raises the concern of quality and reliability [65].
For instance, for the same dataset iWildCam (please refer to Section 4.3.3 for more
details), two DNNs exhibit 75.74% and 76.60% accuracy on the initial test data,
while their performance turns to 76.82% and 65.30%, respectively, on OOD data. In
conclusion, this suggests that ideal selection methods can handle the data distribution
shift problem and reliably estimate model performance on OOD data.
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Such methods have been proposed by a recent approach named sample discrimination-
based selection (SDS) [66]. SDS achieves positive model ranking results on three
benchmark datasets. SDS selects a set of data to label based on the majority
voting [67] and item discrimination [68]. These data are considered the most discrimi-
native in terms of distinguishing the accuracy between DNNs. DNNs are then ranked
based on their accuracy on these selected and labeled data. Figure 4.1 illustrates
how this sampling-based approach works. Although promising, SDS still suffers from
manual labeling. Besides, it has only considered ranking based on model accuracy
with in-distribution (ID) data (i.e. data that follow the same distribution as the
data the models were trained on) – it has disregarded OOD data. Third, it has
been applied to the image domain only; its effectiveness for other domains remains
unclear.

In this paper, we aim to overcome the above limitations and propose LaF, a
labeling-free model selection method, for DNNs that is effective with both ID and
OOD data. Given a sample, only the predicted labels of multiple DNNs are available.
The main idea of LaF is to build a Bayesian model that incorporates the data
difficulty and model specialty to estimate the likelihood of a predicted label being
the true label. The data difficulty implies how difficult a sample is for all DNNs
to predict correctly, which is reflected by the prediction difference across multiple
models. The model specialty indicates how good a model is to infer the correct labels
of all samples, which is reflected by the ability to have the same predictions as the
majority of models. Via optimizing the Bayesian model, we infer the model specialty
to perform the model selection. The optimization is achieved by the expectation-
maximization (EM) algorithm [69], which is efficient in finding maximum likelihood
parameters (the data difficulty and model specialty in our case). To summarize, the
main contributions of our work are:

1. We propose a novel approach, LaF, for automatically ranking multiple DNN
models to facilitate the reuse of DNNs from public sources.

2. We demonstrate the effectiveness of LaF on ID and OOD data. Both the
artificial and natural distribution shifts are considered.

3. LaF is labeling-free, which makes it practical and feasible in real-world appli-
cations.

4. We experiment on 9 benchmark datasets spanning different domains including
image, text, and source code with different programming languages (Java and
C++). To the best of our knowledge, this is the first DNN model selection
work containing datasets other than images.

5. All the used models, datasets, and implementations of LaF and baseline methods
are publicly available at https://github.com/testing-cs/LaF-model-selection.
git.

4.2 Methodology
4.2.1 Problem Formulation

In this paper, we are interested in the classification task. Given a C-class task
over a sample space Z = X × Y → R, where x ∈ X is an input data and y ∈ Y
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is its class label. Let f : x → y be a deep neural network (DNN) that maps x to
the problem domain. Given n models, f1, f2, . . . , fn, extracted from public sources
and a set of unlabeled test data T , the problem we study is to estimate the rank of
models regarding their performance on TTT = {x1, x2, . . . , xm}. Figure 4.1 illustrates
the workflow.

Bayesian model

Recommendation

Unlabeled Test set

Performance criteria

test

2 1
3X Y

annotateselect

Task

DNNs

search

X Y

predictquery

Data difficulty Model specialty

Selection-based approach

Our approach initialize

optimize

Figure 4.1: Illustration of the studied problem.

We assume that compared to the time cost of labeling data, the time cost of
computation is negligible. For example, labeling code data from only four libraries
can take up to 600 man-hours [70] whereas LaF and the competing methods produce
a ranking with much less time (e.g., ranking Java250-based models with less than 15
minutes). To this end, we propose to tackle the ranking problem by only querying
the predictions, which is highly applicable in practical scenarios. Remarkably, in this
paper, we consider the performance of both accuracy and robustness. The accuracy
is the correctness ratio of prediction on ID data. The robustness is the correctness
ratio of OOD data.

4.2.2 Motivating Example
Figure 4.2 gives an example of LaF. In this simple 3-class example, there are

3 DNN models (f1, f2, f3) given 6 unlabeled samples (x1, x2, . . . , x6). The goal is
to rank the 3 models concerning their accuracy on these samples in the absence of
true labels. First, we compute the predicted label of each sample by each model
and remove x6 where all the models have the same prediction. Second, we initialize
the two parameters, ααα and βββ, contained in our approach. ααα refers to how difficult a
sample is for all models to predict the correct label. βββ indicates how good a model is
to output the correct labels of all samples. Initially, we use the simplest and most
commonly used majority voting heuristic [67] to give a pseudo label to each sample.
For instance, the pseudo label of x1 is 0 because 2 (f1, f2) of 3 models predict the
label as 0. ααα is defined as the ratio of mismatched models that output a different
label instead of the pseudo one. βββ is calculated as the ratio of correctly predicted
samples over the entire set. Third, since the pseudo labels are not the true labels, ααα
and βββ cannot truly reflect the data difficulty and model ability. We optimize these
two parameters by a likelihood estimation method in the presence of true labels.
Finally, based on the optimized βββ (4

5 , 1
5 , 3

5), we obtain the ranking 1, 3, and 2 for
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f1, f2, and f3, respectively.
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Figure 4.2: An example of our four-step approach. It ranks 3 DNNs (f1, f2, f3) given
6 unlabeled data (x1, x2, x3, x5, x6) in a 3-class classification task. Numbers (0, 1, 2)
highlighted in colors are predicted labels.

4.2.3 Our Approach: LaF
Given that no label is available in the test data, the main idea of our approach is to

infer the specialties of DNNs by approximately maximizing the likelihood between the
predictions and true labels via the expectation-maximization (EM) algorithm [69].
Let ỸYY = {ỹij}1≤i≤m,1≤j≤n be the predicted labels of TTT and YYY = {yi}1≤i≤m be
the true labels. Here, ỹij refers to xi and model fj. Given the observed ỸYY and
latent YYY governed by unknown parameters θθθ, the likelihood function is defined
as L

(
θθθ; ỸYY

)
= p

(
ỸYY | θθθ

)
=

m∑
i=1

p
(
ỸYY , yi | θθθ

)
. The goal is to search the best θθθ that

maximizes the likelihood, in other words, the probability of observing ỸYY . As for
θθθ, inspired by [71], we consider two factors, data difficulty ααα = {αi}1≤i≤m and
model specialty βββ = {βj}1≤j≤m, that influence the performance of DNNs. Namely,
θθθ = (ααα,βββ). Algorithm 1 presents the pseudo-code of our approach.

Step 1: Pruning. Inevitably, some data will receive the same predictions by all
models, which is useless for discriminating the performance and causes computational
cost. For this reason, we filter these data without losing any information for ranking
and obtain a smaller set T ′T ′T ′ (Lines 1-6 in Algorithm 1).

Step 2: Initializing. First, for each data xi, since we do not have its ground-
truth label, we use the voted label by DNNs as the replacement, namely, y′

i =
mode

(
{ỹij}1≤j≤n

)
(Lines 7-9). Next, αi is the number of DNNs that gives a different

label from the pseudo label and βj is the accuracy based on pseudo labels (Lines
10-15). Formally, the definitions are:

αi = {ỹij | ỹij ̸= y′
i, 1 ≤ j ≤ n}
n

, βj = {ỹij | ỹij = y′
i, 1 ≤ i ≤ |T ′T ′T ′|}
|T ′T ′T ′|

(4.1)

Step 3: Optimizing. To obtain the best results of the model parameters (data
difficulty and model specialty), we use the EM algorithm [69] which has been proven
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to be a powerful tool for estimating the parameters of statistical models to solve
the optimization problem. Specifically, EM performs an expectation (E) step and a
maximization (M) step (Lines 16-26) in the optimization process. In the E-step, it
estimates the expected value of the log-likelihood:

Q(θθθ,θlastθlastθlast) = E
[
log L

(
θθθ; ỸYY ,YYY

)]
=

|T ′T ′T ′|∑
i=1

E [log (p (yi))] +
|T ′T ′T ′|∑
i=1

n∑
j=1

E [p (ỹij | yi, αi, βj)]
(4.2)

where θθθ = (ααα,βββ) and θlastθlastθlast is from the last E-step. For the computation, we use the
definition from [71] where p (ỹij = yi | αi, βj) = 1

1+e−αiβj
. Besides, as ỹij and βββ are

independent given ααα, p (yi) = p (yi | αi,βββ). Remarkably, yi represents the true label
of a sample. In the ranking problem, yi is absent but the probability of taking it as
a true label can be inferred by p (yi | αi,βββ).

In the M-step, the gradient ascent is applied to search for ααα and βββ that maximize
Q:

θnewθnewθnew = arg max
θθθ

Q(θθθ,θlastθlastθlast) (4.3)

where θnewθnewθnew is the updated parameters for the next iteration.
Step 4: Ranking. Finally, as βββ well estimate the abilities of each DNN given

the observed labels, we use this vector to rank DNNs (Line 27). A high specialty
indicates a good performance on the data.

Overall, LaF is a parameter-free method where the influence factors in LaF – the
initialization of data difficulty and model specialty are automatically decided by the
majority voting.

4.3 Experimental Setup
4.3.1 Implementation

All experiments were conducted on a high-performance computer cluster and
each cluster node runs a 2.6 GHz Intel Xeon Gold 6132 CPU with an NVIDIA Tesla
V100 16G SXM2 GPU. We implement the proposed approach and baseline methods
based on the state-of-the-art frameworks, Tensorflow 2.3.0 and PyTorch 1.6.0. For
the artificial data distribution shift, we consider 3 benchmark datasets where each
includes 15 types of natural corruption with 5 levels of severity. In total, we test on
3 ∗ 15 ∗ 5 = 225 datasets with the artificial distribution shift. We report the average
results on corrupted data for baseline methods. The entire results corroborate our
findings and are available on our companion project website [72].

4.3.2 Research Questions
In this study, we focus on the following three research questions:
• RQ1 (effectiveness given ID test): How is LaF ranking multiple DNNs

given ID test data?
• RQ2 (effectiveness under distribution shift): How is LaF ranking multiple

DNNs given OOD test data (including artificial and natural distribution shifts)?
• RQ3 (ablation study): How does each component contribute to LaF?
• RQ4 (impact factors of LaF): What is the impact of model quality, model

diversity, model number, and input number on ranking DNNs?
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Algorithm 1: LaF: Labeling-free comparison testing
Input : {f1, f2, . . . , fn}: DNNs for comparison

TTT = {x1, x2, . . . , xm} : test set
Γ: performance criterion

Output : {r′ (f1) , r′ (f2) , . . . , r′ (fn)}: Rank of DNNs
/* Step1: Pruning */
T ′T ′T ′ = {}
for i = 1→ m do

if
∣∣∣{{ỹij}1≤j≤n

}∣∣∣ > 1 then
T ′T ′T ′ ← xi ; // ỹij is the predicted label by fj

end
end
/* Step 2: Initializing */
for i = 1→ |T ′T ′T ′| do

y′
i = mode

(
{ỹij}1≤j≤n

)
; // Majority voting

end
for i = 1→ |T ′T ′T ′| do

αi = {ỹij |ỹij ̸=y′
i,1≤j≤n}

n ; // Data difficulty
end
for j = 1→ n do

βj = {ỹij |ỹij=y′
i,1≤i≤|T ′T ′T ′|}

|T ′T ′T ′| ; // Model specialty

end
/* Step 3: Optimizing */
αααlast = {αi}1≤i≤|T ′T ′T ′|
βββlast = {βj}1≤j≤n

Qlast = computeQ(αααlast,βββlast) ; // ComputeQ estimates the log likelihood
based on Equation (4.2)

ααα,βββ = gradientAscent (αααlast,βββlast, Qlast)
Q = computeQ(ααα,βββ)
while

∣∣∣Q−Qlast
Qlast

∣∣∣ > 1E − 5 do
Qlast = Q
αααlast,βββlast = ααα,βββ
ααα,βββ = gradientAscent (αααlast,βββlast, Qlast)
Q = computeQ(ααα,βββ)

end
/* Step 4: Ranking */
r′ (f1) , r′ (f2) , . . . , r′ (fn) = Sort(βββ)
return {r′ (f1) , r′ (f2) , . . . , r′ (fn)}
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The first two research questions successively evaluate the effectiveness of our
proposed solution given test data with and without distribution shift. The second
one also tends to show how flexible and practical LaF is in real-world applications,
especially by the test data with natural distribution shifts. The third research
question studies the contribution of each component in LaF. The last one investigates
the impact factors that may affect the ranking performance.

4.3.3 Datasets and DNNs
Datasets. We choose seven datasets, MNIST [73], Fashion-MNIST [74], CIFAR-

10 [75], iWildCam [10], Amazon [11], Java250, and C++1000 [51] that are widely
studied in previous work. These datasets cover the image (first 4), text (Amazon),
and source code (Java250 and C++1000) domains. The test data that follow the
same distribution as the training set are the so-called in-distribution (ID) data. The
test data with data distribution shift are seem as out-of-distribution (OOD) data.
In our work, we consider two types of distribution shifts: artificial and natural. For
the artificial distribution shift, we use two benchmark datasets, MNIST-C [76] and
CIFAR-10-C [77], for MNIST and CIFAR-10, respectively. We follow the official
implementation of MNIST-C and select 15 types of corruption that are also used
in CIFAR-10-C for our experiments, such as Gaussian noise, shot noise, impulse
noise, defocus blur, frosted glass blur, motion blur, zoom blur, snow, frost, fog,
brightness, contrast, elastic, pixelate, and jpeg. Besides, each type of corruption has
5 levels of severity. In total, our used MNIST-C and CIFAR-10 datasets contain
75 different test sets. However, there are no existing benchmark datasets for the
distribution shift version of Fashion-MNIST, we simply follow the same setting
of MNIST-C and use their script to generate Fashion-MNIST-C. For the natural
distribution shift, we use two datasets for iWildCam and Amazon, respectively, from
a recent-published benchmark, WILDS [12]. The distribution shift comes from new
came traps in iWildCam and new users in Amazon. For Java250, we manually collect
the OOD dataset based on the definition in WILDS that the distribution shift of
source code comes from new repositories. For each class in Java250, we extract java
files from [51] under the constraint that the corresponding users do not exist in ID
data. Unfortunately, we did not find suitable OOD data for C++1000. Table 4.1
lists the details of datasets.

Table 4.1: Summary of datasets. “#ID” is the number of in-distribution test data.
“#OOD” is the number of out-of-distribution test data with artificial or natural
distribution shifts.

Dataset Domain Data Type #Classes #ID #OOD Distribution Shift
MNIST Computer vision Image of handwritten digits 10 10,000 750,000 Artificial
Fashion-MNIST Computer vision Image of fashion products 10 10,000 75,000 Artificial
CIFAR-10 Computer vision Image of animals and vehicles 10 10,000 750,000 Artificial
iWildCam Computer vision Image of wildlife 182 8,154 42,791 Natural
Amazon Natural language processing Text of comments 5 46,950 100,050 Natural
Java250 Source code analysis Source in Java 250 15,000 15,000 Natural
C++1000 Source code analysis Source code in C++ 1,000 99.997 - -

DNNs. From Github, we collect, in total, 165 models, 30 for MNIST, 25 for
Fashion-MNIST, 30 for CIFAR-10, 20 for iWildCam, 20 for Amazon, 20 for Java250,
and 20 for C++1000. In concrete, the models of MNIST and CIFAR-10 are extracted
using the GitHub links in [66]. The 25 models of Fashion-MNIST are extracted
from [78] [66]. For iWildCam and Amazon, we train models using the implementation
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in the benchmark WILDS [12]. For Java250 and C++1000, we train models using
the implementation in the benchmark Project CodeNet [51] by different optimizers
(sgd, rmsprop, adam, adadelta, adagrad, adamax, nadam, ftrl) and architectures
(basic, doublePool). Table 4.2 presents the accuracy and robustness of DNNs on ID
test data and OOD test data with natural distribution shift, respectively.

Table 4.2: Summary of models. “#DNNs” is the number of DNNs collected for
each dataset. “#Parameters” shows the minimum and the maximum number
of parameters of collected DNNs. “Accuracy” and “Robustness” lists the lowest
and highest accuracy and robustness on test data with and without distribution
shift, respectively. MNIST-C and CIFAR-10-C are two benchmark datasets and
corresponding robustness is summarized in Table 4.12.

Dataset #DNNs #Parameters Accuracy (%) Robustness (%)
MNIST 30 7,206-3,274,634 85.27-99.54 MNIST-C
Fashion-MNIST 25 258,826-1,256,080 90.09-93.38 Fashion-MNIST-C
CIFAR-10 30 62,006-45,294,194 69.90-95.92 CIFAR-10-C
iWildCam 20 7,224,054-23,960,630 75.72-77.26 65.30-76.82
Amazon 20 3,223,255-12,861,655 56.06-59.13 38.24-56.94
Java250 20 2,927,290 64.73-87.39 57.24-81.67
C++1000 20 4,409,288 71.39-92.10 -

4.3.4 Baseline Methods
In our study, we compare LaF to four baseline methods, including one labeling-

free method (CRC) and three sampling-based methods (random sampling, SDS, and
CES). For conducting sampling-based methods, we set the labeling budgets from the
number of DNNs (i.e., 30 DNNs in MNIST) to 180 at intervals of 5. Here, we follow
the previous work [66] to set the maximum labeling budget as 180. Moreover, since
our method is labeling-free, we tend to compare LaF with sampling-based methods
that use as little labeling budget as possible, which is the number of DNNs.

Consistent relative confidence (CRC) [79] is a recently proposed method
that only uses output probabilities to rank models. Roughly speaking, given a set
of models and input, CRC assumes that a model has higher confidence to input
should have better performance. Here, the confidence is calculated by the maximum
probability of outputs.

Random sampling is a basic and model-independent method for data selection
where each data has an equal probability to be considered. A subset of data is
randomly selected and annotated to rank DNNs.

Sample discrimination based selection (SDS) [66] is the state-of-the-art
approach in ranking multiple DNNs with respect to accuracy. Following [66], among
data in the top 25% with high discrimination scores, we randomly select a given
budget of data to label and annotate to perform the ranking task.

Cross Entropy-based Sampling (CES) [80] is designed to select a set of
representative data to approximate the actual performance given a single DNN. We
follow the same procedure as [66] to adapt CES for multi-DNN comparison.

The comparison we conduct is fair because all methods used the same amount
of data information for ranking. All the considered methods need to access the
prediction of all unlabeled data once. For sampling-based models, they use this
prediction to perform data selection and label a subset of data to rank the models.
For labeling-free methods, the ranking is conducted based only on the predictions
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and no further labeling budgets are required. Due to the random manner in the
sampling methodology, each experiment of the baseline methods is repeated 50 times
and we report the average result.

4.3.5 Evaluation Measures
To evaluate the effectiveness of each method, we follow the baseline work [66] and

apply the statistical analysis, Spearman’s rank-order correlation [81], and Jaccard
similarity [66]. The first one evaluates the general ranking of all models, while the
last one specifically estimates the ranking of top-k DNNs. In addition, we add the
evaluation on Kendall’s τ rank correlation [81]. Similar to Spearman’s rank-order
correlation, Kendall’s τ measures the non-parametric rank correlation. However,
Kendall’s τ calculates based on concordant and discordant pairs and is insensitive to
errors (if any) in data. By contrast, Spearman’s rank-order correlation calculates
based on deviations and is more sensitive to errors (if any) in data.

Given n DNNs, f1, f2, . . . , fn, let r (f1) , r (f2) , . . . , r (fn) be the ground truth
ranking and
r′ (f1) , r′ (f2) , . . . , r′ (fn) be the estimated ranking. The Spearman’s rank-order
correlation coefficient is computed as

ρ =
n

n∑
i=1

r (fi) r′ (fi)−
(

n∑
i=1

r (fi)
)(

n∑
i=1

r′ (fi)
)

√√√√[n n∑
i=1

r (fi)2 −
(

n∑
i=1

r (fi)
)2
] [

n
n∑

i=1
r′ (fi)2 −

(
n∑

i=1
r′ (fi)

)2
] (4.4)

A large ρ indicates that the correlation between the ground truth and estimation is
strong.

Kendall’s τ is
τ = P −Q√

(P + Q + T ) (P + Q + U)
(4.5)

where P and Q are the numbers of ordered and disordered pairs in {r (fi) , r′ (fi)},
respectively. T and U are the numbers of ties in {r (fi)} and {r′ (fi)}, respectively.
A large τ indicates a strong agreement between the ground truth and estimation.

Meng et al. proposed to apply the Jaccard similarity for measuring the similarity
between the top-k models. The similarity coefficient is defined as:

Jk = | {fi | r (fi) <= k} ∩ {fi | r′ (fi) <= k} |
| {fi | r (fi) <= k} ∪ {fi | r′ (fi) <= k} |

, 1 ≤ i ≤ n (4.6)

A large Jk implies a high success in identifying the top-k models.

4.4 Results and Discussion
4.4.1 RQ1: Effectiveness Given ID Test Data

First, we compare the effectiveness of five methods in ranking multiple DNNs
based on the accuracy of ID data. Table 4.3 shows the comparison of two labeling-free
methods. We can see that for ID test data, LaF significantly outperforms CRC in 6
out of 7 cases with an average 0.565 better correlation score. Only for the Java250
dataset, both LaF and CRC have similar and good results, 0.96 vs. 0.98. Table 4.4
shows Kendall’s τ scores of LaF and CRC which also demonstrate LaF is better
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Table 4.3: Spearman’s correlation coefficient of ranking results of LaF and CRC.

MNIST Fashion-MNIST CIFAR-10Data Type LaF CRC LaF CRC LaF CRC
ID 0.89 0.26 0.80 0.36 0.99 0.05
Gaussian Noise 0.97 0.23 0.36 0.23 0.94 0.18
Shot Noise 0.90 0.36 0.33 0.36 0.92 0.18
Impulse Noise 0.97 0.29 0.65 0.29 0.92 0.18
Defocus Blur 0.38 0.16 0.73 0.16 0.99 0.10
Glass Blur 0.77 0.16 0.35 0.16 0.96 0.22
Zoom Blur 0.91 0.37 0.22 0.37 0.99 0.12
Snow 0.98 0.10 0.44 0.10 0.99 0.16
Fog 0.74 0.08 0.34 0.08 0.99 0.05
Brightness 0.98 0.12 0.16 0.12 0.99 0.07
Contrast 0.83 0.13 0.79 0.13 0.95 0.11
Elastic 0.46 0.25 0.71 0.25 0.98 0.16
JPEG 0.90 0.39 0.27 0.39 0.98 0.20
Pixelate 0.92 0.26 0.55 0.26 0.91 0.20
Frost 0.99 0.13 0.35 0.13 0.98 0.22
Motion Blur 0.61 0.20 0.54 0.20 0.98 0.23

iWildCam Amazon Java250 C++1000
LaF CRC LaF CRC LaF CRC LaF CRC

ID 0.39 0.20 0.99 0.39 0.96 0.98 0.95 0.17
OOD 0.91 0.35 0.97 0.36 0.85 0.52 - -

than CRC. For the comparison of LaF and sampling-based methods, figure 4.3 shows
the result measured by Spearman’s rank-order correlation. The first conclusion we
can draw is that, over seven datasets, all methods succeed in outputting positively
correlated rankings. By comparison, LaF continuously outperforms (by up to 0.74)
the baseline methods regardless of the labeling budget. Namely, the ranking by
LaF is strongly correlated with the ground truth. In general, for the three sample-
selection-based baseline methods, the correlation between the estimated rank and
the ground truth increases when more data are labeled. However, for some datasets,
the performance is still far from LaF. For example, in Amazon, LaF obtains a
correlation coefficient of 0.80, while the best baseline, SDS, only achieves 0.48 using
the maximum labeling budget of 180. Besides, due to the sampling randomness,
each baseline method obtains different ranking results from 50 experiments, which
is indicated by the large standard deviation (up to 0.36, shaded area in the figure)
at each labeling budget. As a result, the rank by one experiment is not reliable by
occasionally being good and poor. In particular, the standard deviation becomes
smaller when more data are labeled, which means the ranking method highly relies
on the labeling budget. By contrast, since LaF is labeling-free, there is no sampling
randomness, in other words, the rank is deterministic.

Additionally, Figure 4.4 presents the effectiveness of all ranking methods based
on Kendall’s τ rank correlation. By comparison, the result confirms the conclusion
drawn from the analysis based on Spearman’s rank-order correlation. Namely, our
approach stands out concerning the effectiveness without sampling randomness.

Besides, to demonstrate the significance of the two statistical analyses, we cal-
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(f) Java250
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(g) C++1000

Figure 4.3: Spearman’s correlation coefficient of ranking results based on ID test
data. The higher the better. The shaded area represents the standard deviation.
“Budget” is the number of labeled data.
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(b) Fashion-MNIST
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(e) Amazon-ID
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(f) Java250
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Figure 4.4: Kendall’s τ of ranking results based on ID test data. The higher the
better. The shaded area represents the standard deviation. “Budget” is the number
of labeled data (only apply to Random, SDS, and CES).
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Table 4.4: Kendall’s τ of ranking results of LaF and CRC.

MNIST Fashion-MNIST CIFAR-10Data Type LaF CRC LaF CRC LaF CRC
ID 0.78 0.18 0.61 0.35 0.96 0.03
Gaussian Noise 0.88 0.16 0.38 0.25 0.82 0.13
Shot Noise 0.78 0.25 0.26 0.23 0.84 0.12
Impulse Noise 0.88 0.19 0.58 0.19 0.78 0.13
Defocus Blur 0.35 0.11 0.63 0.25 0.93 0.06
Glass Blur 0.67 0.12 0.38 0.26 0.85 0.15
Zoom Blur 0.82 0.26 0.42 0.27 0.95 0.08
Snow 0.91 0.08 0.36 0.18 0.94 0.12
Fog 0.68 0.06 0.61 0.27 0.94 0.03
Brightness 0.91 0.08 0.18 0.21 0.95 0.07
Contrast 0.76 0.10 0.73 0.17 0.86 0.07
Elastic 0.42 0.17 0.59 0.38 0.93 0.11
JPEG 0.78 0.26 0.26 0.14 0.91 0.13
Pixelate 0.80 0.19 0.40 0.17 0.83 0.13
Frost 0.94 0.09 0.38 0.14 0.91 0.15
Motion Blur 0.51 0.14 0.52 0.18 0.92 0.15

iWildCam Amazon Java250 C++1000
LaF CRC LaF CRC LaF CRC LaF CRC

ID 0.25 0.19 0.95 0.29 0.91 0.92 0.87 0.17
OOD 0.77 0.27 0.92 0.28 0.83 0.55 - -

culate the corresponding p-value of all methods. A p-value lower than the common
significance level of 0.05 indicates that the ranking is strongly correlated with the
ground truth. Except for the iWildCam dataset, the ranking results by LaF are all
strongly correlated. However, due to the effectiveness and sampling randomness, the
baseline methods always achieve insignificant rankings. For the iWildCam dataset,
we believe the reason is that the difference between multiple DNNs is too slight
given 182 classes. For instance, the accuracy difference between the best and worst
is only 1.54% (Table 4.1). The impact of the accuracy/robustness on the ranking is
investigated in Section 4.4.4.

On the other hand, we evaluate different methods concerning identifying the
top-k DNNs (k = 1, 3, 5, 10). Table 4.5 lists the result of Jaccard similarity. On
average, LaF achieves the best result regardless of the datasets. It is better than
the worst performance by up to 0.33, 0.32, 0.33, and 0.27 in the top 1, 3, 5, and
10 rankings, respectively. Concretely, in the top-1 ranking, for datasets MNIST,
Fashion-MNIST, and iWildCam, all methods (Random, SDS, and ours) are not
effective (under 0.08). Remark that CES takes the best results of all models for each
labeling budget when knowing the ground truth. Specifically, it takes n (number of
DNNs) times of labeling budget. Therefore, it sometimes outperforms others but is
not applicable in practice.

Answer to RQ1: Based on the accuracy of ID test data, LaF outperforms all
baseline methods in outputting strongly correlated ranking. In addition, statistical
analysis demonstrates that outperforming is significant.
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Table 4.5: Jaccard similarity of ranking the top-k DNNs based on the clean accuracy.
For baseline methods, we report the average results over all labeling budgets. The
best performance is highlighted in gray. The higher the better.

Jaccard Method MNIST Fashion-MNIST CIFAR-10 iWildCam Amazon Java250 C++1000 Average
Random 0.01 0.02 0.19 0.07 0.12 0.12 0.09 0.10
SDS 0.03 0.07 0.17 0.02 0.20 0.18 0.20 0.15
CES 0.65 0.23 0.21 0.10 0.15 0.84 0.94 0.45k=1

Our 0.00 0.00 1.00 0.00 1.00 0.00 1.00 0.43
Random 0.07 0.12 0.36 0.14 0.17 0.21 0.19 0.19
SDS 0.11 0.24 0.37 0.20 0.31 0.88 0.29 0.27
CES 0.69 0.28 0.39 0.15 0.21 0.18 0.80 0.46k=3

Our 0.20 0.20 1.00 0.20 1.00 0.70 0.50 0.51
Random 0.11 0.19 0.50 0.22 0.25 0.23 0.30 0.28
SDS 0.17 0.33 0.60 0.33 0.39 0.79 0.44 0.39
CES 0.89 0.36 0.55 0.16 0.29 0.18 0.68 0.53k=5

Our 0.25 0.43 1.00 0.25 1.00 0.70 0.67 0.61
Random 0.23 0.35 0.80 0.43 0.43 0.26 0.58 0.49
SDS 0.41 0.55 0.85 0.46 0.49 0.65 0.79 0.62
CES 0.73 0.46 0.82 0.44 0.46 0.24 0.68 0.61k=10

Our 0.67 0.54 1.00 0.43 0.67 1.00 1.00 0.76

4.4.2 RQ2: Effectiveness Under Distribution Shift
For the synthetic distribution shift, table 4.3 and table 4.4 show the results of two

labeling-free methods. The results indicate that LaF outperforms CRC in 46 out of 49
cases in terms of Spearman’s correlation coefficient, and 48 out of 49 cases in terms of
Kendall’s results. Considering the comparison of LaF and sampling-based methods,
tables 4.6 and 4.7 summarize the results of Spearman’s rank-order correlation and
Kendall’s τ on MNIST-C, Fashion-MNIST-C, and CIFAR-10-C, respectively. We
observe that our approach achieves the best performance in most cases, for instance,
in CIFAR-10-C, LaF consistently beats other methods. Furthermore, as shown in
RQ1, SDS performs the second best among the four ranking approaches. However,
compared to random and CES, SDS tends to lose its performance in these two tables
(highlighted in yellow). For example, in MNIST-C with Defocus Blur, SDS ranks
the models wrongly with a correlation of -0.15 (Table 4.6), while CES can achieve
a good ranking performance. The reason is that SDS only relies on the prediction
of models to rank. However, the confidence of models on OOD data reduces when
the level of severity increases, e.g., SDS performs extremely poorly on MNIST-C
where many models have very low accuracy on the dataset MNIST-C-severity-5. In
short, this existing state-of-the-art approach is sensitive to artificial distribution
shifts, which calls for the testing under distribution shifts of existing approaches.
Considering the Jaccard similarity, in the 75 corruptions of MNIST-C, both LaF and
CES outperform the random sampling and SDS to identify the top DNNs precisely.
In CIFAR-10-C, LaF achieves the best performance (similarity of 1) in most cases
(173 of 300). For the natural distribution shift, the results are shown in Figure 4.5.
LaF can better distinguish the performance of DNNs than the baseline methods.
In addition, concerning the Jaccard similarity in Table 4.8, LaF is also the best in
identifying the top DNNs. The reason for the good performance of LaF is that the
Bayesian model in LaF can model the probability of each possible label given the
predicted labels from different DNNs and model parameters (data difficulty and
model specialty in LaF) which makes LaF flexible to the change of predictions.

In addition, compared to the effectiveness given ID test data, the ranking by
all methods is different since the performance of DNNs changes given OOD test
data. However, we notice an opposite phenomenon happens. Given ID test data,
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Table 4.6: Spearman’s correlation coefficient of ranking results based on MNIST-C,
Fashion-MNIST-C, and CIFAR-10-C. For baseline methods, we compute the average
and standard deviation over all labeling budgets and 50-repetition experiments. The
best performance is highlighted in gray. Values highlighted in yellow indicate CES
or random outperform SDS. The higher the better.

MNIST Fashion-MNIST CIFAR10
Random SDS CES LaF Random SDS CES LaF Random SDS CES LaF

Gaussian Noise 0.90 0.94 0.91 0.97 0.29 0.26 0.39 0.36 0.91 0.93 0.92 0.94
Shot Noise 0.76 0.83 0.83 0.90 0.34 0.29 0.42 0.33 0.90 0.92 0.91 0.95
Impulse Noise 0.38 0.44 0.94 0.97 0.26 0.27 0.33 0.65 0.89 0.90 0.90 0.92
Defocus Blur 0.84 0.10 0.87 0.38 0.25 0.30 0.31 0.73 0.93 0.95 0.94 0.99
Glass Blur -0.16 -0.15 0.93 0.77 0.31 0.31 0.36 0.35 0.84 0.93 0.87 0.96
Zoom Blur 0.77 0.83 0.88 0.91 0.27 0.24 0.39 0.22 0.92 0.94 0.93 0.99
Snow 0.50 0.51 0.95 0.98 0.25 0.23 0.32 0.44 0.91 0.92 0.92 0.99
Fog 0.40 0.39 0.98 0.74 0.16 0.23 0.26 0.34 0.95 0.97 0.96 0.99
Brightness 0.94 0.47 0.95 0.98 0.04 0.05 0.13 0.16 0.94 0.97 0.95 0.99
Contrast 0.94 0.35 0.95 0.83 0.28 0.33 0.26 0.79 0.93 0.95 0.94 0.95
Elastic 0.80 0.16 0.83 0.46 0.41 0.39 0.29 0.71 0.90 0.94 0.92 0.98
JPEG 0.78 0.85 0.82 0.90 0.36 0.34 0.39 0.27 0.79 0.89 0.82 0.98
Pixelate 0.38 0.40 0.86 0.92 0.32 0.27 0.32 0.55 0.89 0.90 0.91 0.91
Frost 0.44 0.42 0.98 0.99 0.23 0.24 0.29 0.35 0.90 0.92 0.92 0.98
Motion Blur 0.58 0.62 0.95 0.61 0.27 0.32 0.32 0.54 0.92 0.94 0.93 0.98
Average 0.62 0.48 0.91 0.82 0.27 0.27 0.32 0.45 0.90 0.93 0.92 0.97
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Figure 4.5: Spearman’s correlation coefficient of ranking results based on OOD test
data. The higher the better. The shaded area represents the standard deviation.
“Budget” is the number of labeled data.

LaF achieves 0.39, 0.99, and 0.96 concerning Spearman’s coefficient for iWildCam,
Amazon, and Java250, respectively. When given OOD test data, the results are 0.91,
0.97, and 0.85, respectively. In other words, the effectiveness improves on the OOD
test data in iWildCam but degrades in Amazon and Java250. To make clear the
reason behind this, we analyze the accuracy and robustness of multiple DNNs on
ID and OOD test data (Table 4.1), respectively. In iWildCam, the performance
difference of its 20 DNNs becomes larger on OOD test data, from 1.54% to 11.52%.
In Amazon, the performance of all 20 DNNs degrades, e.g., from 56.06% to 59.13%.
Besides, the performance difference in Amazon becomes smaller. Therefore, we
believe that the model’s ability and the performance difference among DNNs have
an impact on the ranking effectiveness, which leads to the investigation in RQ3.
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Table 4.7: Kendall’s τ of ranking results based on MNIST-C, Fashion-MNIST-C,
and CIFAR-10-C. For Random, SD, and CES, we compute the average and standard
deviation over all labeling budgets and 50-time experiments. The best performance is
highlighted in gray. Values highlighted in yellow indicate CES or random outperform
SDS. The higher the better.

MNIST Fashion-MNIST CIFAR10
Random SDS CES LaF Random SDS CES LaF Random SDS CES LaF

Gaussian Noise 0.79 0.84 0.82 0.88 0.27 0.27 0.33 0.38 0.78 0.79 0.80 0.82
Shot Noise 0.64 0.71 0.71 0.78 0.34 0.30 0.37 0.26 0.76 0.77 0.78 0.84
Impulse Noise 0.32 0.36 0.84 0.88 0.28 0.28 0.33 0.58 0.75 0.74 0.77 0.78
Defocus Blur 0.71 0.10 0.74 0.35 0.27 0.30 0.31 0.63 0.81 0.85 0.82 0.93
Glass Blur -0.11 -0.10 0.82 0.67 0.31 0.30 0.34 0.38 0.70 0.81 0.73 0.85
Zoom Blur 0.65 0.71 0.77 0.82 0.29 0.25 0.36 0.42 0.80 0.81 0.81 0.95
Snow 0.43 0.44 0.86 0.91 0.27 0.25 0.33 0.36 0.77 0.79 0.79 0.94
Fog 0.32 0.31 0.91 0.68 0.27 0.24 0.28 0.61 0.84 0.88 0.85 0.94
Brightness 0.86 0.41 0.87 0.91 0.07 0.07 0.13 0.18 0.82 0.87 0.83 0.95
Contrast 0.85 0.31 0.86 0.76 0.30 0.33 0.29 0.73 0.81 0.85 0.83 0.86
Elastic 0.70 0.15 0.72 0.42 0.40 0.38 0.31 0.59 0.76 0.81 0.78 0.93
JPEG 0.66 0.74 0.70 0.78 0.35 0.34 0.35 0.26 0.63 0.73 0.66 0.91
Pixelate 0.33 0.35 0.74 0.80 0.35 0.28 0.38 0.40 0.76 0.76 0.78 0.83
Frost 0.37 0.36 0.91 0.94 0.25 0.27 0.31 0.38 0.77 0.79 0.79 0.91
Motion Blur 0.48 0.51 0.83 0.51 0.29 0.33 0.33 0.52 0.79 0.82 0.81 0.92
Average 0.53 0.41 0.81 0.74 0.29 0.28 0.32 0.45 0.77 0.81 0.79 0.89

Answer to RQ2: Under different distribution shifts, LaF still outstands in all
ranking methods. Due to the distribution shift, DNNs’ performance declines, which
degrades the ranking effectiveness. Particularly, SDS is sensitive to artificial distri-
bution shifts and fails to defeat random sampling and CES in many cases.

4.4.3 RQ3: Ablation Study
To check if each component contributes to the performance of LaF, we conduct

an ablation study. Specifically, we prepare two variants of LaF,
• LaF without pruning. We remove the pruning process of LaF which means

LaF will use all the inputs to do majority voting.
• LaF without optimizing. We remove the optimizing process of LaF and directly

use the results of the majority voting to perform the final performance ranking.
Table 4.9 and Table 4.10 summarize the results of our ablation study on ID test

data. We can see in most cases (12 out of 14 cases), LaF outperforms the other two
variants. This means each component of LaF is necessary and has a positive impact
on the performance of LaF.
Answer to RQ3: Each component contributes to the performance of LaF and can
not be removed.

4.4.4 RQ4: Analysis of Impact factors
In this part, we analyze the potential factors that could affect the effectiveness

of LaF, 1) the number of candidate models, 2) the number of input data used for
ranking, 3) the quality of candidate models, and 4) the diversity of candidate models.

For the analysis of the first two factors, we reduce the number of candidate
models and test inputs and then repeat the model ranking experiments. Concretely,
we set the ratio of models and inputs as 20%, 40%, 60%, 80%, and 100%, and use
LaF to rank the models and compare the results to check if these two factors have a
high impact on the performance of LaF. Note that, 100% of inputs and models mean
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Table 4.8: Jaccard similarity of ranking the top-k DNNs concerning natural distri-
bution shift. For baseline methods, we report the average results over all labeling
budgets. The best performance is highlighted in gray. The higher the better.

Jaccard Dataset Random SDS CES LaF
iWildCam 0.66 0.96 0.68 1
Amazon 0.01 0.03 0.84 0.00k=1
Java250 0.16 0.00 0.95 0.00
iWildCam 0.4 0.63 0.41 1
Amazon 0.14 0.21 0.86 0.67k=3
Java250 0.27 0.11 0.76 0.00
iWildCam 0.44 0.61 0.47 0.67
Amazon 0.22 0.19 0.31 0.67k=5
Java250 0.36 0.28 0.78 0.25
iWildCam 0.62 0.83 0.65 0.82
Amazon 0.41 0.12 0.51 0.81k=10
Java250 0.61 0.72 0.67 1

Table 4.9: Results of ablation study. Spearman’s correlation coefficient of ranking
results. The best performance is highlighted in gray.

LaF w/o Pruning w/o Optimizing
MNIST 0.89 0.88 0.85
Fashion-MNIST 0.80 0.80 0.77
CIFAR-10 0.99 0.98 0.99
Java250 0.96 0.97 0.94
C++1000 0.95 0.90 0.94
iWildCam 0.39 0.34 0.35
Amazon 0.99 0.95 0.92

Table 4.10: Results of ablation study. Kendall’s τ of ranking results. The best
performance is highlighted in gray.

LaF w/o Pruning w/o Optimizing
MNIST 0.78 0.72 0.77
Fashion-MNIST 0.96 0.96 0.95
CIFAR-10 0.61 0.60 0.61
Java250 0.91 0.86 0.89
C++1000 0.87 0.89 0.84
iWildCam 0.25 0.25 0.18
Amazon 0.95 0.93 0.91
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(b) Impact of model number

Figure 4.6: Impact of numbers of data and models. Spearman’s correlation coefficient
of ranking results.

the settings used in the first three research questions. Figure 4.6 depicts the results
of ID test data. First, considering the input numbers, we can see the results are
relatively stable. With increasing (or decreasing) the number of inputs, the ranking
performance of LaF is still at a similar level. This indicates LaF is not sensitive to
the number of input data. On the other hand, considering the number of models,
the results indicate that LaF is more effective to rank a small number of models.
With the increase of model numbers, the performance of LaF slightly drops, except
for the iWildCam which has a big performance drop. We can conclude that it is
more challenging to rank a large number of models by using LaF.

As mentioned in RQ2, by comparing the ranking effectiveness given ID and OOD
test data, we raise the demand of investigating the two impact factors, the quality,
and diversity of multiple DNNs. The quality refers to the model’s performance given
the test data and is calculated as the average accuracy or robustness over all DNNs
on each dataset. For instance, in MNIST without distribution shift, the quality
is the average accuracy of 30 DNNs on the ID test data, and in MNIST-C with
Gaussian Noise (severity=1), the quality is the average robustness of 30 DNNs on
the corresponding OOD data. The diversity indicates the performance difference
among DNNs and is the standard deviation of accuracy or robustness over all DNNs
on each dataset.

Figure 4.7 plots the distribution of ranking performance concerning quality and
diversity. Most good rankings happen with a high model quality (greater than 50%).
The reason is that in our scenario, we only have access to the predictions of test data
of multiple DNNs, which setups the initial inference of data difficulty and model
specialty. Therefore, the learned Bayesian model can be more precise when the
qualities of DNNs are high. Furthermore, this also explains why LaF outperforms
the sampling-based methods. For example, SDS selects a few discriminative data to
annotate to rank DNNs and the selection of data highly relies on the predicted labels.
As a result, since the low qualities of DNNs always give a wrong estimation of the
discrimination ability of data, the ranking performance is poorer. For instance, in
Java250 and C++1000, SDS only reaches 0.82 and 0.79 on Spearman’s correlation
with 20 labeled data, respectively. However, LaF achieves 0.96 and 0.95 in two
datasets, respectively, with no labeling effort. On the other hand, concerning the
diversity, Figure 4.7 reveals that there is a high chance of a good ranking when DNNs
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are diverse (greater than 5%). Additionally, a poor ranking mostly happens when
DNNs are too close to each other, which confirms the result of iWildCam with ID
data (Figure 2.3(d)) that all ranking methods obtain poor ranking.
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Figure 4.7: The impact of model quality/diversity on the ranking performance of
LaF. Each point indicates Spearman’s correlation coefficient of a specific dataset and
its DNNs. All 160 datasets are included.

Answer to RQ4: There is no connection between the performance of LaF and the
number of used test data. On the other hand, with the increase in model numbers,
LaF is more challenging to rank the models. Besides, when the multiple DNNs have
high quality (e.g., the average accuracy/ robustness is over 50%), the performance of
DNNs can be discriminated better. On the other hand, there is a higher chance of a
good ranking when DNNs are more diverse (larger than 18%).

4.4.5 Applicable Scenarios
Collecting a large number of labeled data is the starting point to build a high-

performance DNN model. However, data labeling is time-consuming and usually
requires domain knowledge. We provide some application scenarios of our work.

1. Overcome the challenge of insufficient domain knowledge. For example, a Java
developer can easily annotate the source code in Java but will have difficulties
with other programming languages such as C++, due to the difference in
handling memory allocations. Consider a scenario where a Java developer
builds a DNN model to solve some Java tasks, e.g., bug detection. If the
developer later switches from Java to C++, preparing labeled C++ datasets
to select another good model from the open source can be challenging. LaF
can assist in this scenario by enabling the developer to select a suitable model
without this domain knowledge.

2. Manage distribution shift. Consider a company that intends to leverage a DNN
model to solve a particular task. They prepared some labeled data to select
and build a good model for this month. However, as time goes by, the new
coming data may follow a different distribution from the existing labeled data.
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If the company wishes to switch to a better model, it needs to label additional
new data and redo the model selection. With LaF, the company can effortlessly
obtain the best model without further labeling effort.

4.5 Discussion
4.5.1 Limitation

Since LaF relies on the results of majority voting to annotate the inputs, the
quality of voting could affect the performance of LaF. When many candidate models
(not all the models since LaF has a pruning process to filter these data where all
the models have the same prediction) have consistently wrong predictions on a large
number of inputs, LaF could have a poor ranking performance. However, this is the
corner case that we will rarely meet. Even though models have poor performance,
their wrong predictions can be different, for example, in MNIST-C-Defocus Blur-
Severity=5, almost all of the models have bad performance (accuracy ranges from
1.96-18.30), LaF still performs well for ranking them.

4.5.2 Threats to validity
The internal threat is mainly due to the implementation of the baseline methods,

our proposed approach, and the evaluation metrics. For SDS, we use the original
implementation on GitHub provided by Meng et al. [66]. For random sampling
and CES, we implement it based on the description in [66] and carefully check the
result to be consistent with that in [66]. Regarding the evaluation metrics, we adopt
popular libraries, such as SciPy [82].

The external threat comes from the evaluated tasks, datasets, DNNs, and baseline
methods. Regarding the classification tasks, we consider three different ones, image,
text, and source code. For the datasets, we select the publicly available datasets.
In particular, for datasets with the artificial distribution shift (15 types of natural
corruptions) and natural distribution shift, we employ four public benchmarks.
Concerning the DNNs, we collect them (either the off-the-shelf models or train
with the provided scripts) from different repositories on GitHub. These models are
with different architectures and parameters. For the comparison, we consider three
sample-selection-based baseline methods and apply different numbers of labeling
budgets to imply their performance.

The construct threat mainly lies in the sampling randomness in the baseline
methods and the evaluation measures. To reduce the impact of randomness, for each
baseline method, we repeat each experiment concerning the labeling budgets, and
datasets 50 times and report the results of both average and standard deviation.
Since our proposed approach does not rely on sampling data to annotate, there is
no sampling randomness. Considering the randomness (gradient ascent search) in
the EM algorithm, we repeat LaF 50 times and found that the randomness was
negligible (less than 1.84E-03). Regarding the evaluation measures, we consider
three popular statistical analyses. Kendall’s τ rank correlation and Spearman’s
rank-order correlation can infer the effectiveness of the methods concerning the
general ranking, while the Jaccard similarity can specifically check the performance
concerning the top-k ranking. Besides, for the statistical analyses, we report the
p-value to demonstrate the significance.
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4.6 Conclusion and Future Work
Observing the limitations (labeling effort, sampling randomness, and performance

degradation on out-of-distribution data) of existing selection-based methods, we
proposed a labeling-free approach to undertake the task of ranking multiple deep
neural networks (DNNs) without the need for domain expertise to lighten the
MLOps. The main idea is to build a Bayesian model given the predicted labels of
data, which allows for free labeling and non-sampling randomness. The experimental
results on various domains (image, text, and source code) and different performance
criteria (accuracy and robustness against artificial and natural distribution shifts)
demonstrate that LaF significantly outperforms the three baseline methods concerning
both Spearman’s correlation and Kendall’s τ . In addition, the results of the Jaccard
similarity show the efficiency of LaF in identifying the top-k (k = 1, 3, 5, 10) DNNs.
This work currently only focuses on the classification task, we will explore it for
other tasks, such as regression, in future work. Observing the ranking difference on
ID and out-of-distribution (OOD) test data, our approach might be useful to detect
the existence of distribution shifts. We will consider this in future work.

In the future, we plan to:
• Combine sampling-based methods and LaF to further improve the effectiveness

of model ranking. Since we can see that in some cases (e.g., models have low
quality and diversity) LaF cannot perform well, we can use β to check the
quality of models first, and then use sampling-based methods to rank models
for these cases.

• Utilize LaF to build better model ensembles. Since existing works [83] show
that it is good to use diverse models to build model ensembles, we can leverage
LaF (β value) to check the model diversity for boosting ensemble building.

4.7 Appendix
4.7.1 Increasing Labeling Budgets

In this section, we provide more results by comparing LaF to sampling-based
methods with bigger labeling budgets. Here, we consider labeling budgets 500, 1500,
and 2500. Note that SDS needs to select data from the top 25% ranked data, thus
labeling budget of 2500 is not suitable for the iWildCam dataset (over 2500 data).
Table 4.11 summarizes the results. We can see that in most cases (14 out of 21 cases),
LaF outperforms sampling-based methods under labeling budget 500. Under the
labeling budget of 1500, LaF still has competitive performance with other baselines,
e.g., LaF achieves the best results in 10 out of 21 cases. However, when the labeling
budget becomes 2500, sampling-based methods are better choices.

4.7.2 Accuracy of Artificial Distribution Shift Datasets
Table 4.12 summarizes the accuracy of our collected models on artificial distribu-

tion shift datasets.
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Table 4.11: Increasing the budgets of sampling-based methods. Values highlighted
by yellow backgrounds indicate where LaF is better.

Dataset Method 500 1500 2500 Dataset Method 500 1500 2500
Random 0.89 0.95 0.98 Random 0.85 0.91 0.96
CES 0.96 0.97 1.00 CES 0.95 0.95 0.96
SDS 0.95 0.97 1.00 SDS 0.96 0.98 0.98MNIST

LaF 0.89 0.89 0.89

C++1000

LaF 0.95 0.95 0.95
Random 0.98 0.99 1.00 Random 0.36 0.53 0.58
CES 0.99 0.99 1.00 CES 0.54 0.60 0.60
SDS 0.99 0.99 0.99 SDS 0.46 0.45 -CIFAR-10

LaF 0.99 0.99 0.99

iWildCam

LaF 0.39 0.39 0.39
Random 0.77 0.79 0.93 Random 0.56 0.76 0.85
CES 0.87 0.86 0.94 CES 0.75 0.85 0.93
SDS 0.90 0.91 0.91 SDS 0.56 0.79 0.86Fashion-MNIST

LaF 0.80 0.80 0.80

Amazon

LaF 0.99 0.99 0.99
Random 0.91 0.96 0.97
CES 0.96 0.97 0.99
SDS 0.95 0.96 0.96Java250

LaF 0.96 0.96 0.96
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Table 4.12: Summary of MNIST-C, Fashion-MNIST-C, and CIFAR-10-C with the
artificial distribution shift and robustness. Each dataset includes 15 types of natural
corruptions (e.g., Gaussian Noise) with 5 levels of severity (1-5). The number in
each cell presents the minimum and maximum robustness of multiple DNNs given
the corruption type and severity.

Corruption Type Severity=1 Severity=2 Severity=3 Severity=4 Severity=5
MNIST-C

Gaussian Noise 84.85-99.49 80.49-99.25 55.89-99.05 29.86-98.77 16.92-96.02
Shot Noise 84.89-99.53 84.73-99.49 84.87-99.38 84.32-99.00 83.12-98.68
Impulse Noise 84.29-99.20 71.33-98.91 56.50-98.62 27.77-96.39 16.80-88.67
Defocus Blur 58.63-95.69 31.76-84.91 9.73-43.40 3.73-20.46 1.96-18.30
Frosted Glass Blur 65.06-96.52 54.02-94.33 19.06-75.43 15.63-70.29 11.12-54.46
Motion Blur 56.71-97.29 36.28-90.04 25.23-78.19 20.29-65.58 18.59-61.07
Zoom Blur 82.68-99.54 81.50-99.45 80.42-99.35 78.30-99.22 74.93-98.7
Snow 51.43-99.06 17.78-98.38 19.27-96.03 16.53-93.73 11.39-95.73
Frost 17.25-98.99 10.60-97.91 9.52-96.72 9.18-96.63 9.05-95.36
Fog 9.74-97.07 9.61-95.32 9.75-89.51 9.73-85.28 9.69-73.37
Brightness 66.18-99.53 21.94-99.22 12.55-98.99 9.96-98.60 9.10-97.06
Contrast 37.47-99.22 20.38-99.17 10.29-99.04 9.74-98.08 8.02-92.11
Elastic 49.09-99.07 12.80-17.58 79.89-97.75 44.52-94.33 12.32-71.43
Pixelate 80.40-98.64 84.37-99.11 77.65-98.47 62.11-92.34 54.96-89.33
JPEG 84.90-99.53 84.93-99.56 85.10-99.54 84.78-99.44 84.85-99.36

Fashion-MNIST-C
Gaussian Noise 74.57-74.57 56.19-83.34 37.41-73.87 18.24-61.61 11.94-44.15
Shot Noise 82.48-89.97 77.72-87.53 72.08-83.93 62.20-78.25 53.33-72.39
Impulse Noise 52.35-91.07 29.11-87.62 20.06-83.07 12.87-69.44 10.81-54.32
Defocus Blur 26.08-70.49 13.51-59.18 7.39-44.41 3.35-33.09 1.87-27.16
Frosted Glass Blur 59.16-80.66 57.87-77.73 28.12-58.08 28.37-58.97 23.0-52.96
Motion Blur 70.43-92.55 66.97-91.59 61.61-90.74 58.67-89.68 53.02-88.42
Zoom Blur 61.09-87.87 34.25-77.51 41.80-78.9 40.72-78.17 34.46-77.66
Snow 29.40-82.47 23.91-78.08 19.23-69.08 17.66-59.28 14.38-43.6
Frost 64.64-90.34 54.74-89.14 40.69-88.19 31.25-87.18 27.16-85.87
Fog 29.86-87.42 21.40-85.32 12.80-80.58 10.00-62.81 10.00-42.9
Brightness 51.79-85.74 15.64-19.97 51.55-77.36 41.33-67.57 22.46-50.32
Contrast 83.89-90.14 81.87-89.8 80.78-89.16 76.59-88.1 74.80-87.01
Elastic 40.71-64.36 76.53-88.27 70.78-84.76 27.80-51.18 40.37-72.85
Pixelate 47.18-88.03 33.51-84.25 27.71-79.91 27.11-79.0 23.45-75.86
JPEG 44.56-84.03 31.41-72.04 29.23-58.28 22.68-47.94 18.36-45.64

CIFAR-10-C
Gaussian Noise 59.02-82.46 45.70-75.57 34.70-73.70 30.07-72.54 25.08-71.14
Shot Noise 66.72-88.90 57.29-81.71 42.12-75.33 37.34-74.12 31.77-71.97
Impulse Noise 63.82-88.70 52.58-83.19 42.74-76.43 24.28-66.53 15.32-61.54
Defocus Blur 69.62-96.13 68.32-96.19 66.24-95.85 52.11-91.50 31.98-86.14
Frosted Glass Blur 35.53-74.17 37.23-73.88 40.17-73.61 30.33-68.81 32.24-68.36
Motion Blur 67.30-94.31 59.71-91.27 49.23-86.62 48.20-86.27 40.05-81.53
Zoom Blur 64.45-93.94 57.73-94.29 49.07-92.93 42.70-91.18 35.24-87.35
Snow 67.65-93.63 54.93-87.77 59.97-88.74 58.91-86.40 54.09-82.56
Frost 66.73-92.93 62.62-89.90 54.64-84.75 53.15-83.61 44.76-76.56
Fog 68.71-95.87 61.93-95.16 55.08-93.99 45.97-91.18 32.22-75.58
Brightness 69.55-95.76 68.88-95.65 67.51-94.98 65.73-94.44 60.59-92.64
Contrast 67.12-95.77 49.64-93.63 38.69-91.56 30.37-87.35 15.53-64.79
Elastic 62.71-93.92 63.91-94.03 63.78-93.46 55.80-86.46 53.64-80.07
Pixelate 69.62-94.77 67.38-91.97 60.46-89.24 42.55-78.97 28.45-75.55
JPEG 69.29-87.71 64.43-83.60 61.23-81.53 59.08-80.11 54.93-77.30
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5 Towards Exploring the Limitations
of Active Learning: An Empirical
Study

In this chapter, we conduct a comprehensive empirical study to explore the limita-
tions of active learning. Specifically, 1) we scrutinize how active learning influences
the adversarial robustness of deep neural network (DNN) models. 2) We assess
whether models trained using active learning can uphold their accuracy levels even
after undergoing compression. 3) We check the relationship between the quantity of
training data, the resilience of models against adversarial attacks, and their sustained
accuracy post-compression.
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Chapter 5. Towards Exploring the Limitations of Active Learning: An
Empirical Study

5.1 Introduction
Deep learning (DL) has achieved tremendous success in various cutting-edge ap-

plication domains, such as image processing [1], machine translation [84], autonomous
vehicles [18], and robotics [85]. Two key elements to achieve high-performing predic-
tions are well-designed deep neural networks (DNNs) (with appropriate architecture
and parameters) and a carefully chosen set of labeled training data. However, data
labeling is expensive and time-consuming because it requires a large amount of
human effort. For example, it took more than 3 years to prepare the first version of
the ImageNet [86] dataset. Thus, acquiring labeled data is seen as a major obstacle
to the widespread adoption of DL [87].

One established solution to reduce data labeling cost is active learning [88],
i.e., incremental methods to select informative subsets of training data to undergo
labeling in a way that the produced model is as accurate as if it was trained on
all data. With active learning, engineers can thus compromise labeling effort with
model performance (e.g., classification accuracy). There has been much research on
devising active learning methods, each relying on different data selection metrics.
These metrics [89, 90, 91, 92] typically exploit information of the DNN under training
(e.g., its gradient or uncertainty) to select the most informative data to label next.

On the other hand, recent work on DL testing and debugging [21, 93, 94, 17,
16, 95, 96, 97] have proposed different metrics for test generation and test selection,
i.e., the problem of selecting test data that are more likely to be misclassified by
the model [98]. As in active learning scenarios, these test data can then be used to
improve the model (by retraining).

The proliferation of data selection metrics (coming from active learning and
testing) makes it challenging for engineers to decide which one they should use.
Indeed, the different metrics have been evaluated on a restricted set of problems
(mostly image classification datasets) under incomparable experimental settings
(different models and labeling budget) [96, 97]. There is, therefore, a need for a
comprehensive study of all these data selection metrics on a common ground involving
different classification tasks.

Another gap in the current body of knowledge is that most experimental studies
evaluate the metric wrt. the test accuracy of the trained models.1 Other key
quality indicators have been ignored, such as the model robustness to adversarial
attacks and the model performance after compression. The lack of consideration
for these indicators raises practical issues when deploying DL models trained using
active learning (consider, e.g., biomedical image segmentation [100] or mobile DL
applications [101]). Hence, one should make sure that active learning can produce
models whose quality is not limited to classification accuracy but extends to all
quality indicators relevant to the use case.

To fill these gaps, in this paper, we conduct a comparative empirical study to
explore the potential limitations of active learning. Our study involves 15 data
selection metrics evaluated over 5 datasets (2 image classification tasks and 3 text
classification tasks), 10 DNN architectures, and 20 labeling budgets (ratio of training
data that can be labeled). Specifically, our study aims to answer the following four
research questions:
•RQ1: How effective are the different data selection metrics for producing

1Rarely, some studies [99] measure empirically the robustness of the model to adversarial attacks.
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accurate models? We answer this question by measuring how fast (i.e., how
many training data are required) the accuracy of the trained model converges to the
accuracy of the fully trained model (i.e., trained with the full training set). Besides,
we employ random selection as a baseline to compare the effectiveness of each metric.
Our results indicate significant differences between metrics (up to 45.9% of test
accuracy), especially when less than 50% of the training data is used.
•RQ2: How robust are models trained with active learning? We answer this
question by measuring the theoretical robustness of the trained models (using the
CLEVER score [102]) as well as their empirical robustness against multiple adversarial
attacks. For the image classification task, our results reveal a gap between the fully
trained models and those trained with active learning (up to 1.49 CLEVER score and
23.39% of success rate), whereas there are no such differences in the text classification
task.
•RQ3: Do models trained using active learning maintain accuracy after
compression? Model compression, a well-known technique to embed DL models in
resource-constrained devices, has the downside effect of reducing the accuracy due
to precision loss in the computed model weights. We investigate whether models
trained with active learning are more sensitive to this phenomenon than fully trained
models. Our results reveal that, for the image classification task, training on 50% of
data entails a loss in test accuracy up to 7.47% higher compared to training with
the full dataset.
•RQ4: What is the relationship between the amount of training data, and
model robustness and accuracy after compression? We conduct additional
experiments where we increase the data budget of data selection metrics. Our results
indicate that with the growth of training data, the robustness of the model will also
increase. The model can achieve similar robustness with the fully trained model only
using 35% data, and even outperform it when more data are used. This indicates
that the training process promoted by active learning can be used as an effective way
to increase robustness. As for model compression, there appears to be no relationship
between accuracy decay induced by compression and data budget.

With our extensive empirical study, we provide practical guidance to engineers
in balancing the benefits of data selection metrics with their potential side effects.
That is, we show and quantify the existence of a trade-off between the efficiency
of model training (in particular, the data labeling effort) and model properties of
interest (viz. robustness and accuracy after quantization). Doing so, we also open
research directions to explore this trade-off and new data selection metrics aimed
towards the different quality criteria.

In summary, the main contributions of this paper are:
• We conduct the largest empirical study that investigates the effectiveness of

training data selection metrics on different classification tasks (image and text).
• Beyond (test) accuracy, we explore the effects of reducing the number of

training data on the adversarial robustness of the models and their accuracy
after compression. We, therefore, reveal the potential effects that active learning
can have on these quality indicators.

• Thereby, we reveal a potential trade-off between labeling cost and the aforemen-
tioned quality indicators. This paves the way for future research in designing
multi-objective data selection metrics aiming at optimizing this trade-off under
a constrained labeling budget.
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5.2 Overview
We first introduce the three-phase design of our empirical study, then present

data selection metrics, datasets and models, and evaluation measures that are studied
in our work.
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methods
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Train

Train
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Trained models

RQ1: How effective are the selection 
metrics for producing accurate models?
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analysis
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analysis
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Generate

Figure 5.1: Overview of experiment design

The secure life cycle of deep learning is composed of some key stages [14] from the
requirement analysis and data-label pair collection to the maintenance and evolution
of the deep learning model. This paper studies the effect of the data collection (i.e.,
active learning) on the model development and deployment (i.e., the model quality).
Figure 5.1 gives an overview of our study, which consists of three phases, effectiveness
analysis of model training with different data selection metrics, adversarial robustness
analysis of the trained model, and performance analysis after model deployment.
Overall, we compare the models trained using the entire dataset and a subset of data
selected by a specific data selection metric.

5.2.1 Study Design
More specifically, in the first phase (data collection), we compare the effectiveness

of each data selection metric for training a model. Using different metrics (e.g.,
Entropy, Margin), we iteratively select a subset of training data and train the model,
then observe the convergence trend of the test accuracy. For comparison, we also
train two baseline models using entire training data and randomly selected data,
respectively.

In the second phase (model development), we evaluate the robustness of the
trained model. In our study, we apply multiple metrics (e.g., empirical robustness,
CLEVER score) to compare the robustness of models trained with the selected and
the model trained by the entire training data.

In the third phase, we focus on the model performance (test accuracy) in the
model deployment phase. In general, a DNN model usually consists of a huge number
of parameters, e.g., a VGG16 model requires about 258MB of hard disk memory.
Before deploying such a large DNN model into the hardware (e.g., mobile devices),
one has to consider the performance including the required memory and inference
speed. We adopt two well-known techniques (model quantization and model pruning)
to optimize a trained model. Then we evaluate the accuracy of the optimized models.
Besides, we study the impact of training data size on the robustness of models and
the accuracy of optimized models.
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Finally, based on the results of our empirical study, we provide some practical
guidelines for the usage of active learning on different tasks and summarize some
potential research directions.

5.2.2 Datasets and DNN Models
We conduct experiments with two popular image datasets (MNIST [73] and

CIFAR-10 [75]) and three widely used text datasets (IMDb [103], TagMyNews
[104], and Yahoo! Answers [105]). MNIST includes 10-class grayscale images
of hand-written digits. The dataset includes 60000 and 10000 training and test
data, respectively. CIFAR-10 is a collection of 10-class color images (e.g., airplane,
bird). The dataset consists of 50000 and 10000 training and test data, respectively.
IMDb is a dataset including movie reviews widely used for text sentiment analysis
(binary classification). Both the training and test sets include 25000 text reviews.
TagMyNews provides news headlines (text) in 7 categories (e.g., Sport, Business).
We randomly collect 20000 data for training and 2000 data for testing. Yahoo!
Answers consists of text data of 10 topic categories (e.g., Society & Culture, and
Science & Mathematics). We obtain this data from [106] directly with 3560 training
data and 889 test data.

For each dataset, we employ two DNN architectures to reduce the model-
dependent influence on the results. For MNIST, we use two well-known convolutional
neural networks LeNet-1 and LeNet-5 [107], and for CIFAR-10, we select two mod-
els NiN [108] and VGG16 [109], both of which achieve high accuracy. For IMDb,
TagMyNews, and Yahoo! Answers, we use two types of RNNs, LSTM, and GRU,
derived from a base model [110]. Our companion website presents all details about
the models and training parameters [72].

5.2.3 Data Selection Metrics
Various data selection metrics have been proposed and verified to reduce the

labeling effort. Note that the data selection metric is also known as the acquisition
function in the ML community. We include 14 data selection metrics from both the
ML community (8 metrics) and the SE community (6 metrics). We first introduce
the ones from the ML community.
•Entropy [89] considers the uncertainty of data using the prediction output. This
metric is based on the Shannon entropy of the prediction probability:

arg max
x∈X

(
−

N∑
i=1

pi (x) log pi (x)
)

(5.1)

•Margin [89] computes a score for each data by the difference between its top-2
prediction probabilities:

Margin (x) = pk (x)− pj (x) (5.2)
where k = arg max

i=1:N
(pi (x)) and j = arg max

i={1:N}/k

(pi (x)). The training data with low

scores will be selected for training.
•K-center [91] firstly divides data into K groups via some unsupervised machine
learning methods (e.g., K-means clustering), then selects the center of each group (if
not enough, consider the data that are close to the center). These selected data are
regarded as the representative of the entire group.
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•Expected Gradient Length (EGL) [31] assumes that the model has no knowl-
edge of the true label of data in advance. For each data, it computes the expectation
of the gradients by assigning all the labels to x. The data that have great expectations
are selected. EGL can be presented as follows:

EGL (x) =
N∑

i=1
pi (x) ||▽xJ (x, i)| | (5.3)

where ||.|| is the Euclidean norm. ▽xJ (x, i) is the gradient of the loss J given x and
label i.
•Bayesian Active Learning by Disagreement (BALD) [111] applies dropout
to select the most uncertain data:

arg max
x∈X

1−
count

(
mode

(
y1

x, ..., yT
x

))
T

 (5.4)

where T is the number of applying dropout to the model.
•Entropy-dropout and Margin-dropout [90] apply dropout and calculate the
average score of Entropy and Margin over all dropout models, e.g., Entropy-dropout
is defined as

arg max
x∈X

T∑
i=1

Entropy (xi)

T
(5.5)

where Entropy (xi) is the entropy of x at the i-th time.
•Adversarial active learning (Adversarial_al) [92] leverages an adversarial
attack, DeepFool, to facilitate selecting data. Concretely, the model predicts labels
for each data, then DeepFool introduces perturbations to each data until reaches
an adversarial example. Finally, the data requiring smaller perturbations will be
selected. Intuitively, such data are close to the decision boundary of the model.

Next, we introduce the metrics from the SE community.
•Neuron Coverage (NC) [16] selects data that have the largest neuron coverage:

arg max
x∈X

| {neu| neu ∈ Neurons ∧ activate (neu, x)} |
|Neurons|

(5.6)

where activate (neu, x) indicates that the neuron neu is activated by x, namely, the
output of neu is greater than a predefined threshold. We highlight that this is a
variant of the original metric to fit active learning. The original NC aims at selecting
data to cover all the neurons, however, in practice, just a few data are enough to
reach 100% coverage [112]. Namely, after a few selection steps, all the neurons have
been activated at least once and the marginal increase of coverage will be 0. Thus,
we apply this variant to fit active learning.
•K-Multisection Neuron Coverage (KMNC) [17] improves NC by splits the
lower and upper bounds of a neuron’s output into k sections. Instead of using the
coverage of neurons, it considers the coverage of sections. Similar to NC, the data
with high coverage will be selected.
•Multiple-Boundary Clustering and Prioritization (MCP) [96] is an extension
of Margin. First, it divides data into various “boundary areas” based on the top-2
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predicted classes, e.g., for data with 10 classes, there are P (10, 2) = 90 permutations
of pairwise classes. Next, MCP selects data from each area based on Margin.
•DeepGini [97] selects the most uncertainty data by:

arg max
x∈X

(
1−

N∑
i=1

(pi (x))2
)

(5.7)

•Likelihood-based Surprise Adequacy (LSA) and Distance-based Surprise
Adequacy (DSA) [95] measure the surprise adequacy by the dissimilarity between
a test data and the training set. The difference between LSA and DSA is that LSA
uses kernel density estimation to estimate the surprise adequacy, while DSA uses
Euclidean distance. Both select data with the largest surprise adequacy.

We remark that although the initial purpose of these SE metrics is not for active
learning, their underlying selection criteria share similarities with the criteria that
active learning metrics rely on. For example, both Entropy (active learning metric)
and DeepGini (SE metric) metrics select the uncertain data based on the output
probabilities. Therefore, we believe that it is necessary to consider them in our study.
Besides, no existing research has revealed that whether these SE metrics fit in active
learning or how they perform.

5.2.4 Evaluation Metrics
Effectiveness. To evaluate the effectiveness of a selection metric, we use random
selection as the baseline and calculate the difference of accuracy between the models
trained using random selection and this metric. The difference is defined by:

diff =
steps∑
i=1

(
Acci

T S − Acci
T R

)
(5.8)

where steps is the total number of training steps. Acci
T S is the test accuracy of the

model trained by a selection metric, and Acci
T R is by random selection. diff shows

the degree of a metric outperforming random selection.
Adversarial robustness. The robustness of DNNs refers to the ability to cope

with adversarial examples. The robustness of DNNs can be evaluated in multiple ways.
We introduce two popular methods of robustness estimation, Empirical Robustness
[113] and CLEVER score [102]. 1) Empirical Robustness This method quantifies
the robustness of a DNN model through the success rate of crafting adversarial
examples by an attack. In practice, given a DNN and a test set S, an attack
attempts to craft an adversarial example based on each test data. The attack success
rate is the ratio of adversarial examples successfully generated:

ASR = | {x | x ∈ S ∧ yx′ ̸= y} |
|S|

(5.9)

Recall that yx′ and y are the predicted label of x′ and true label of x, respectively.
A small ASR indicates a robust DNN. 2) CLEVER Score The Cross-Lipschitz
Extreme Value fornEtwork Robustness (CLEVER) score calculates the lower bound
for crafting an adversarial example given an input, which is the least amount of
perturbation required to fool a DNN model. A great CLEVER score indicates a
robust DNN.
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Table 5.1: Configurations of active learning

Dataset Model Step size Stop point Entire training size
MNIST LeNet-1, LeNet-5 500 10000 60000
CIFAR-10 NiN, VGG16 2500 25000 50000
IMDb LSTM, GRU 500 12500 25000
TagMyNews LSTM, GRU 500 12500 25000
Yahoo!Answers LSTM, GRU 500 12500 25000

Table 5.2: Configurations of adversarial attacks.

Dataset FGSM JSMA C&W CLEVER
ϵ γ c dis

MNIST 0.1, 0.2, 0.3 0.09, 0.1, 0.11 9, 10, 11 L-1, L-2, L-infCIFAR-10 0.01, 0.02, 0.03 0.01, 0.02, 0.03 0.1, 0.2, 0.3

5.3 Implementation and Configuration
Experimental environment. This project is implemented based on Keras [114]
and TensorFlow [59] frameworks. We run all experiments on a high-performance
computer cluster except the model pruning and quantization. Each cluster node
runs a 2.6 GHz Intel Xeon Gold 6132 CPU with an NVIDIA Tesla V100 16G SXM2
GPU. For the model pruning and quantization, we conduct the experiments on a
MacBook Pro laptop with macOS Big Sur 11.0.1 with a 2GHz GHz Quad-Core Intel
Core i5 CPU with 16GB RAM.

Active learning. We initialize an empty labeled pool and an unlabeled pool
with all the unlabeled data. Besides, we initialize the with random weights. Next, in
each training step, a fixed number (step size) of data is selected from the unlabeled
pool by a specific metric. Then the selected data are merged into to labeled pool
after annotation. The DNN is updated by retraining using all the data in the labeled
pool. The procedure terminates when the size of the labeled pool reaches a threshold
(stop point). Table 5.1 lists the detailed settings. Note that previous works have
different parameter settings [115, 98, 89, 90], we balance these settings to set up our
experiments. We implement data selection metrics based on [98].

Robustness. We use two public libraries, Foolbox [116] for empirical robustness
evaluation and ART [117] for CLEVER score calculation. In empirical robustness, we
apply three attack methods, i.e., FGSM, JSMA, and C&W, for the image classification
task, and conduct three groups of experiments with different parameters as in [118].
For the text classification task, we use PWWS and DWB with the default setting in
[106, 119] to attack the text-related models. By default, only the correctly classified
data undertake the attacks. In the CLEVER score, the setting of c and dis follows
the configuration in [118]. One difference is that we use 500 test data to calculate the
CLEVER score, while [118] used 50. The detailed information is shown in Table 5.2.
Note that the setting of CLEVER works both for the image and text classification
tasks.

Model compression In model quantization, we apply two lightweight frame-
works, CoreML [120] and TensorFlowLite [121], to transform DNNs into different
bit-level versions. For CoreML, we use three levels, 2-bit, 4-bit, and 8-bit. For Ten-
sorflowLite, we apply 8-bit and 16-bit level quantizations in our models since it only
supports these two levels. In model pruning, for both the weight- and neuron-level,
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we prune a DNN into six compress versions with different degrees, from 10% to 60%
at 10% intervals, using the implementations by [122, 123]. As a reminder, model
pruning is conducted after the model is well-trained.

Last but not least, to reduce the influence of randomness, we repeat each experi-
ment three times and compute the average results. In total, we trained and evaluated
more than 2000 models in this study. The source code can be found on 2.

5.4 Experimental results
In this section, we present the results and answer each research question mentioned

in Section 8.1. In the remaining parts, we remark that “TE”, “TS”, and “Random”
represent training using the entire dataset, the subset selected by data selection
metrics, and randomly selected data, respectively. Note that due to the page
limitation, we only illustrate a part of the results in this paper, and the complete
results are provided as supplementary material [72]. The conclusions we draw below
generalize to all studied datasets/subjects and DNNs.

5.4.1 RQ1: Effectiveness of Data Selection Metrics
First, we show, in Figure 6.1, the performance of using different data selection

metrics to train a DNN that achieves the same test accuracy as the fully trained
model. For comparison, a horizontal dashed line in each sub-figure represents the
accuracy of the fully trained model. Overall, most metrics manage to produce models
with the same accuracy as the fully trained model by using only 7% to 50% of
training data.

Next, Table 5.3 offers a more detailed comparison of these metrics, showing their
effectiveness by taking random selection as a baseline (measured using Equation
5.8). Surprisingly, only three metrics (Margin, Margin-dropout, MCP) significantly
outperform the baseline in all cases. On the contrary, in most cases (9 out of 10),
EGL is worse than random selection. There are some metrics like LSA and DSA,
which outperform the baseline on the image classification task but underperform the
baseline on the text classification task, e.g., on Yahoo-LSTM and Yahoo-GRU, and
the difference reaches up to 392.39. We conjecture that LSA and DSA tend to select
data based on similarity or distance. However, different from image data, the two
text data (sentence or document) might have a big difference in the hidden space
even if they are in the same category. In this case, the inter-output of the model
against these two data can be completely different which makes LSA and DSA select
the wrong data.

Specifically, considering the image classification task, we observe that in addition
to Margin, Margin-dropout, and MCP, two other metrics, LSA and DSA, can always
outperform the baseline. What’s more, on LeNet-1 and LeNet-5, half of the metrics
are worse than the random baseline. Especially, Entropy, Entropy-dropout, NC,
and DeepGini get high negative differences, e.g., -131.88 for Entropy on LeNet-1,
which means these four metrics are much worse than random selection. Turn to
sub-figures 5.2(a) and 5.2(b), in the first few training steps (where the big difference
comes from), these four metrics achieve much less test accuracy than the others (also
random selection). One explanation is that Entropy, Entropy-dropout, and DeepGini
try to find the most uncertain data. However, such uncertain data are hard to be
learned by models that are not well-trained.

2https://github.com/code4papers/ALempirical
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(a) MNIST, LeNet-1
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(b) MNIST, LeNet-5
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(c) CIFAR-10, NiN
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(d) CIFAR-10, VGG16
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(e) IMDb, LSTM
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(f) IMDb, GRU
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(g) TagMyNews, LSTM
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(h) TagMyNews, GRU
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(i) Yahoo, LSTM
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(j) Yahoo, GRU

Figure 5.2: Evolution of the test accuracy (y-axis) achieved by different data selection
metrics given the number (x-axis) of training data.

On the other hand, for the text classification task, the output probability-based
metrics (e.g., Margin and BALD) perform better than the coverage and surprise
adequacy-based metrics. Extremely, LSA performs worse than the baseline on 5 (out
of 6) models. Besides, on model Yahoo_LSTM, the most efficient metric (Margin)
is much better than the worst one (KMNC) with a 418.49% test accuracy gap.
These results reflect that both coverage and surprise adequacy based-metrics are not
suitable for the text classification task.

Answer to RQ1: The nature of the classification task significantly affects the
effectiveness of multiple data selection metrics (e.g., LSA and DSA). Therefore, the
limitation of active learning experiments to a single target task – even with multiple
datasets – constitutes a critical threat to external validity. Some metrics, like Margin,
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Table 5.3: Effectiveness with respect to random selection (baseline). The results
above the baseline are highlighted in gray.

MNIST CIFAR-10 IMDb TagMyNews Yahoo!AnswersMetric LeNet-1 LeNet-5 NiN VGG16 LSTM GRU LSTM GRU LSTM GRU Average

Entropy -131.88 -183.84 26.14 3.91 49.41 44.13 29.63 37.72 3.19 -20.06 -14.16
Margin 69.82 28.78 14.44 6.29 - - 29.68 36.23 26.10 17.44 28.59
K-center -23.28 28.63 21.00 -7.67 62.94 39.15 25.60 36.63 9.52 15.97 20.84
EGL -11.71 -14.13 -30.46 -17.65 3.62 -31.02 -14.55 -14.85 -155.46 -82.90 -36.91
BALD 27.84 -25.22 21.98 9.04 57.62 53.44 28.42 27.43 20.02 6.41 22.69
Entropy-dropout -81.71 -165.96 22.88 3.18 64.81 48.91 30.23 34.43 2.29 17.51 -2.34
Margin-dropout 43.57 14.67 1.19 6.56 - - 26.83 41.00 25.68 29.92 23.67
Adversarial _al 33.23 22.69 -77.73 29.15 - - - - - - 1.835
NC -26.95 -182.01 -2.76 -10.95 36.28 12.69 30.77 25.27 -72.29 -93.89 -28.38
KMNC 3.80 -153.02 0.40 12.69 34.02 39.39 -4.35 0.83 -392.01 -375.40 -83.36
MCP 25.66 8.39 14.28 13.17 - - 24.53 30.70 11.59 17.02 18.16
DeepGini -74.07 -213.23 21.33 12.98 - - 30.62 31.98 20.47 -2.59 -21.56
LSA 19.83 22.37 3.41 8.97 -4.53 5.10 -1.22 -1.32 -385.71 -359.77 -69.28
DSA 9.26 23.62 1.37 10.49 5.54 5.34 -7.87 -0.78 -392.39 -359.47 -70.48

Margin-dropout, and MCP, consistently perform well across all labeling budgets,
models, and tasks.

5.4.2 RQ2: Adversarial Robustness
We then study the robustness of models trained by different data selection metrics

against adversarial attacks. Figure 5.3 illustrates the empirical robustness of the
models against various attacks. Once again, we have to distinguish the two types
of tasks since the results of different metrics are greatly biased on the tasks. For
the image classification task, the TE models are usually more robust than the TS
models. However, for the text classification task, the TS models are in some cases
more robust than the TE models (ad vice-versa). We conjecture that two factors
may affect the robustness of the models: (i) the number of data used for training
and (ii) the training process. In active learning, the early selected data are trained
more times during incremental learning. Thus, the most informative data (according
to the data selection metrics) have a larger influence on the model weights and,
in turn, impact its robustness. On the other hand, since the selected data can be
representative of the entire dataset to some extent, the difference between the TS and
TE models is small. Taking VGG16 as an example, the difference varies from 1.67%
to 17.21% in FGSM, from 1.42% to 3.21% in C&W, and from 0.32% to 10.54% in
JSMA. Another observation that reinforces our hypothesis regarding the importance
of the training process is that none of the metrics performs consistently better than
random selection. We investigate this hypothesis in the RQ4 experiments, where we
consider different labeling budgets.

Table 5.4 lists the CLEVER score of different models. As for the text classification
task, models trained with active learning either yield a small improvement (less than
0.58 CLEVER score) or offer inconsistent benefit (either increasing or decreasing the
CLEVER score, depending on the considered metric and norm distance). Besides,
none of the data selection metrics improves over the random selection, even the
three metrics which performed better in terms of effectiveness (viz. Margin, Margin-
dropout, and MCP). Overall, these results corroborate our previous findings. That
is, for the image classification task, active learning yields less robust models.

Answer to RQ2: For the image classification task, models trained with active
learning can have lower robustness than models trained with the entire dataset,
and the difference can be up to 1.49 CLEVER score and 23.39% attack success
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Figure 5.3: Adversarial attack success rate (%) of VGG16 and TagMyNews. The
number in each cell represents the success rate and the color gives a straightforward
visual comparison of different values. The most robust model is framed by a red
rectangle. The lower the success rate, the better robustness.

rate. Therefore, experimental studies should involve evaluation metrics beyond clean
accuracy. For the text classification task, the results are inconsistent across attacks
(empirical robustness) and distance norm (CLEVER score), indicating that other
factors are at play when it comes to robustness, e.g., the training process.

5.4.3 RQ3: Test Accuracy After Model Compression
We compare the test accuracy of a model produced by different data selection

metrics before and after compression. Table 5.5 shows the results of VGG16 (image
classification) and TagMyNews-LSTM (text classification) by quantization.

On VGG16, the accuracy of the 2-bit compressed models drops significantly by
at least 76.32%, no matter it was fully trained or with active learning. By contrast,
on TagMyNews-LSTM, the accuracy decay using 2-bit is relatively small (less than
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Table 5.4: The CLEVER score of CIFAR-10 (VGG16) and TagMyNews (LSTM).
The results that are better than the TE model are highlighted in gray. The higher
score, the better robustness.

CIFAR-10 (VGG16) TagMyNews (LSTM)Meric L-1 L-2 L-inf L-1 L-2 L-inf
Etropy 3.7143 0.3289 0.0055 3.6466 1.1559 0.0531
Margin 3.6607 0.2136 0.0051 3.5496 2.0390 1.6712
K-center 3.6475 0.3132 0.0057 3.7970 0.9840 0.0132
EGL 4.2577 0.6996 0.0037 3.6881 0.7235 0.0276
BALD 3.8096 0.3176 0.0048 3.7424 1.3236 2.9914
Etropy-dropout 3.6881 0.1495 0.0075 3.4033 0.7465 0.4027
Margin-dropout 3.8213 0.3103 0.0047 3.5453 0.8562 0.0059
Adversarial_al 4.2606 0.5242 0.0032 - - -
NC 4.2036 0.7017 0.0031 3.9315 0.9729 0.1879
KMNC 4.2628 0.6442 0.0340 3.1824 0.4198 0.0041
MCP 4.2955 0.4984 0.0041 3.7244 1.1289 0.8011
DeepGini 4.2616 0.5116 0.0031 3.4139 2.6286 1.6805
LSA 4.2449 0.7477 0.0041 3.8102 0.7150 0.0077
DSA 4.2567 0.6576 0.0035 3.7198 1.0144 0.0102
Random 3.9665 0.6499 0.0057 3.6295 1.6243 0.0065
TE 4.3636 0.7399 0.8053 3.3600 0.9910 1.6684

9.42%). The reason could be that, 1) the quantization process has less impact on the
LSTM layer, or 2) the text data is less sensitive to the precision of weights. In both
cases, the compressed models achieve the same accuracy as the original models with
16-bit (expect Margin and Entropy-dropout On TagMyNews-LSTM). Specifically,
compared with random selection, on both VGG16 and TagMyNews-LSTM, no metric
always outperforms the baseline. Comparing with the TE model, we found that for
the image classification task, the compressed TE model always maintains higher
(with a gap up to 7.47%) test accuracy. However, for the text classification task, the
TS model sometimes loses more test accuracy than the TS models after quantization.
Surprisingly, with 2-bit quantization, the TE model gets the largest accuracy decay
(-9.42%).

Table 5.5: The change of test accuracy of CIFAR-10 (VGG16) and TagMyNews
(LSTM) before and after model quantization. The best and worst results are
highlighted in gray and orange, respectively.

CIFAR-10 (VGG16) TagMyNews (LSTM)
CoreML TFLite CoreML TFLite

2-bit 4-bit 8-bit 8-bit 16-bit 2-bit 4-bit 8-bit 16-bit
Entropy -78.13 -4.77 -0.09 -0.53 0 -2.13 -0.2 0 0
Margin -78.59 -3.06 -0.14 -0.76 0 -2.5 -0.28 -0.03 -0.02
K-center -76.32 -2.28 -0.81 -5.18 0 -1.72 -0.1 +0.02 0
EGL -76.72 -2.35 -0.02 -0.63 0 -0.22 -0.18 +0.12 0
BALD -77.99 -2.34 -0.01 -0.2 0 -3.9 -0.03 +0.02 0
Etropy-dropout -77.92 -4.53 -0.76 -0.48 0 -2.82 -0.1 -0.03 -0.02
Margin-dropout -78.02 -1.56 -0.01 -0.39 0 -2.57 -0.22 -0.02 0
Adversarial_al -79.77 -2.05 -0.05 -3.2 0 - - - -
NC -77.17 -8.85 -0.22 -2.39 0 -2.57 -0.12 +0.02 0
KMNC -78.92 -1.65 -0.06 -2.67 0 -2.88 -0.22 +0.03 0
MCP -79.72 -1.56 -0.02 -3.64 0 -4.17 -0.07 0 0
DeepGini -80.2 -3.47 0 -3.02 0 -8.73 -0.13 -0.03 0
LSA -78.16 -1.74 -0.01 -2.53 0 -4.1 -0.12 -0.02 0
DSA -78.28 -1.99 -0.04 -2.88 0 -2.88 0 +0.02 0
Random -77.82 -1.74 -0.24 -1.77 0 -2.32 -0.42 -0.13 0
TE -81.36 -1.38 0 -0.03 0 -9.42 -0.07 0 0

Figure 6.2 depicts the result by weight- and neuron-level pruning. In general,
with pruning more weights and neurons, the test accuracy decreases gradually up to
36.20% and 81.46% on VGG16, respectively. However, on TagMyNews-LSTM, the
accuracy changes negligibly by increasing or decreasing up to 0.4%. The reason might
be that these two pruning methods can only affect the Convolutional layer and the
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Dense layer, while our LSTM models only contain one Dense layer to output the final
prediction probability. Looking into VGG16, the neuron-level pruning affects the
accuracy more than the weight-level for all the data selection metrics, which suggests
that in practical applications, the engineers should consider more the weight-level
pruning than the neuron-level to minimize the accuracy loss. Among these data
selection metrics, DeepGini and NC are always better than random selection. Besides,
for the image classification task, the TE model outperforms all TS models with a
gap of up to 33.4%. However, for the text classification task, the TE model has no
advantage of maintaining test accuracy over TS models after pruning.
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Figure 5.4: The change of test accuracy (y-axis) after model pruning with different
degrees (x-axis), i.e. the proportion of weights and neurons being pruned.

Answer to RQ3: Model compression inconsistently affects the performance of the
models trained with active learning and no data selection metric provides satisfactory
results across all tasks. For the image classification task, after compression, the fully
trained models hold higher test accuracy than the models trained with active learning,
and the gap can be up to 7.47% (quantization) and 33.4% (pruning). On the contrary,
for the text classification task, the fully trained models have no advantage of test
accuracy over the models trained with active learning after model compression.

5.4.4 RQ4: Impact of Training Data Size
From Sections 5.4.2 and 5.4.3, we found that the data selection metrics tend to

produce less robust models and introduce greater changes of accuracy after model
compression. We further extend our experiments to investigate the impact of the data
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size on the quality (e.g., adversarial robustness and test accuracy after compression)
of models. Figure 5.5 shows the results on VGG16 and TagMyNews-LSTM. For
adversarial attacks, we use JSMA-0.01 for VGG16 and PWWS for TagMyNews-
LSTM, respectively. For model compression, we employ the 4-bit quantization by
CoreML. On both models, we show the results by two data selection metrics: the
prediction probability-based Entropy and neuron coverage (NC).
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Figure 5.5: Impact of training data size (x-axis) on the performance (y-axis) (success
rate or accuracy decrease) of model. The horizontal dashed line shows the attack
success rate or change of test accuracy of a fully trained model. TMG–TagMyNews.

Figure 5.5(a) and Figure 5.5(b) show that TS models become more robust with
more training data added, especially, the models could be more robust than the fully
trained models in the end. According to the results, we can see that to achieve similar
robustness with fully trained models, more than 60% of training data are required
for the image classification task, while only 35% of training data is enough for the
text classification task. This corroborates our hypothesis (see RQ2) that the training
process used by active learning (which makes data selected earlier go through more
training iterations than data selected later) can yield more robust models compared
to a traditional training process involving all data from the beginning. This finding
also opens the perspective of using such an active learning process in conjunction
with common methods to improve robustness, such as adversarial training.

Figure 5.5(c) and Figure 5.5(d) show the test accuracy decay after model com-
pression. For the text classification task, the difference is negligible throughout the
increase in data size. For the image classification task, the decay of accuracy keeps
stably lower than 10% until the data size reaches 37500, where the accuracy decreases
significantly by up to 60.73%. These results reveal that the data size is not a key
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factor in the test accuracy decay on model compression.
Answer to RQ4: Increasing the labeling budget of active learning mitigates

the loss in robustness compared to a fully trained model. For example, using at
least 60% training data for the image classification task (respectively, 35% for the
text classification task) yields models with the same robustness as the fully trained
model. However, training with more data does not change our previous conclusions
regarding the inconsistent effect of model compression.

5.4.5 Discussion
We highlight our novel findings first, then discuss some practical guidance and

research directions accordingly.
Novel findings and user guidance. 1) Finding: previous studies were limited

to test accuracy, the image classification task, and did not compare metrics from
both the ML and SE communities. We reveal that the benefits of active learning
are highly task-dependent. Some data selection metrics (LSA and DSA) are highly
affected by the nature of classification tasks, while some (Margin, Margin-dropout,
and MCP) can achieve consistently high performance. Guidance: engineers need to
choose data selection metrics according to specific tasks. 2) Finding: the limitation
of active learning also exists in the adversarial robustness and model compression,
however, the evaluation was missing in the literature. We found that the active
learning process has some potential but notable impact on these indicators, e.g., for
the image classification task, the fully trained model is more robust than the model
trained by active learning. Guidance: engineers are recommended to consider all
these indicators when using active learning.

Research directions. 1) Since no existing data selection metric can perform
well on all the considered objectives, an interesting research direction is to design data
selection metrics that can optimize multiple qualities such as accuracy, robustness,
and accuracy after compression. Regarding robustness, an adequate metric should
also effectively integrate with an adversarial training process, minimizing the amount
of data to form which adversarial examples are generated to increase the model
robustness. 2) Our study focuses on two types of classification tasks (image and text).
Recently, DL systems have been applied in some SE-related tasks, such as source
code function prediction and automatic program repair. Exploring how existing data
selection metrics perform on these tasks is a potential research direction. Besides,
proposing a source code-oriented data selection metric for this kind of system could
be another contribution.

5.4.6 Threats to Validity
First, threats to validity may lie in the selected datasets and DNN models.

Regarding the datasets, we employ five popular datasets across both image and
text classification tasks in our study. As for the DNNs, we consider, in total, ten
architectures (two for each dataset) to alleviate the model-dependent issue. Though
the models we use perform well on the chosen tasks, an interesting direction of
future work is to repeat the study on more complex model architectures, such as
transformer-based models for text classification [124], and observe whether the trends
remain.

Second, the parameter configuration may induce a threat to validity. Regarding
the parameters in active learning, there is no universal rule for choosing the best
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settings. For instance, previous studies [115, 98, 89, 90] utilize different settings
of labeling budget and stop strategy. We mitigate this threat to validity in two
ways: (1) we took the best and most common practices from the literature to design
our active learning process and settings, and (2) our research questions concern
the specific impact of some parameters (e.g. RQ4 studies the impact of the stop
criteria). For robustness evaluation, we follow a recent study [118] to set a range of
perturbation sizes for different adversarial attacks. As for model compression, our
study involves multiple settings to reduce the potential bias of the results.

Third, due to the space limitation, we only report the results of two datasets
covering the image and text classification tasks. Nonetheless, we remark that the
reported conclusion is generalized to all the datasets and DNNs. For example, for
RQ2, in total, 31 out of 36 settings, the fully trained image-related models are
more robust than the actively trained models, which is consistent with our findings.
Besides, we report all our complete results on our project site [72].

5.5 Conclusion
We conducted a comprehensive empirical study to explore the limitations of

active learning. In total, more than 2000 models for image classification and text
classification tasks have been trained and systematically evaluated. The results
reveal that, when using active learning to train a model, different data selection
metrics yield models of significantly different quality (in accuracy and robustness).
For the image classification task, a model trained with active learning can achieve
competitive test accuracy but suffers from robustness loss and has lower accuracy
after compression. However, these downsides rarely occur in text classification models.
Also, we further studied the relationship between the data budget and the quality
of a trained model. We found that the robustness of the model increases with the
amount of training data, and ultimately reaches the robustness of the fully trained
model. Based on these findings, we provided some practical guidance as well as
research directions. We believe that our work could give engineers and researchers
some valuable insights into the whole secure life cycle of deep learning, especially in
the data collection and model evolution steps.
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6 Active Code Learning: Benchmark-
ing Sample-Efficient Training of Code
Models

In this chapter, we build the first benchmark to study sample-efficient training of code
models – active code learning. Specifically, we collect 11 acquisition functions (which
are used for data selection in active learning) from existing works and adapt them for
code-related tasks. Furthermore, we explore future directions of active code learning
with an exploratory study. We propose to replace distance calculation methods with
evaluation metrics and find a correlation between these evaluation-based distance
methods and the performance of code models.
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Chapter 6. Active Code Learning: Benchmarking Sample-Efficient
Training of Code Models

6.1 Introduction
Using machine learning (ML) to help developers solve software problems (ML4Code) [125]

has been a hot direction in both software engineering (SE) and ML communities in
recent years. Deep learning (DL), one of the advanced ML techniques, has achieved
great success in multiple software tasks, such as code summarization [126], code
clone detection [127], and vulnerability detection [70]. Typically, preparing a code
model involves two main steps: first, building a pre-trained model that learns general
code information; second, fine-tuning this model using datasets that target a specific
downstream task. Both components contribute to the success of ML4Code and are
still under exploration for further improving the performance of code models.

Generally, pre-trained code models can be easily accessed from open resources,
e.g., Hugging Face [60], or built by using self-supervised learning without data
labeling effort. This means that for developers planning to use code models, the first
step of pre-trained model preparation is not challenging and can be fully automated.
However, collecting datasets to fine-tune pre-trained models is not easy. The main
reason is that the general fine-tuning process follows the procedure of fully-supervised
learning, which requires carefully labeled training data. Unfortunately, the data
labeling process is time-consuming and labor-intensive [70].

To alleviate the aforementioned heavy effort of training data labeling, active
learning [128] is used to enable sample-efficient model training in other famous fields,
e.g., computer vision [129] and natural language processing [31]. The key idea of
active learning is to iteratively select a subset of training data to label and use
them to train the model. The existing studies [8] have shown that labeling only
a few (less than 10%) training data can train a model with similar performance
as the model trained by using the entire training data. In this way, the labeling
effort can be significantly reduced and made flexible to a fixed budget. However,
despite being well-studied in many application domains, the usefulness of active
learning in ML4Code is still unknown. Researchers mainly focus on designing new
model architectures, proposing novel code representation methods, and studying
more software tasks. The study of how to lighten the model training cost is missed.
There is a need to provide a benchmark to support the exploration of this important
problem.

In this paper, we aim to bridge this gap and build a benchmark to study how
active learning can help us efficiently build code models – active code learning. We
collect acquisition functions (i.e., active learning methods) that can be used for
code data from existing studies [8, 130]. In total, we implement 11 acquisition
functions (including random selection) that can be divided into two groups, output-
uncertainty-based functions (5 functions) and clustering-based functions (5 functions)
in our benchmark. Then, based on these collected acquisition functions, we conduct
experiments on four datasets (including classification tasks and non-classification
tasks) and two famous pre-trained code models to answer the following research
questions:

RQ1: What features should be used for clustering-based acquisition
functions? Feature selection [131] is an important problem for clustering methods.
However, it is unclear which features should be used for clustering-based methods in
active code learning. Our first study is to explore how different features affect the
effectiveness of active code learning. Here, we consider three types of features, code
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tokens, code embedding vectors, and model output vectors. Findings: The results
show that clustering-based methods are sensitive to the used features. Interestingly,
in more than half of cases (62.5%), output vectors based methods achieve significantly
better results than code token and code embedding-based methods.

RQ2: How do acquisition functions perform on code models? After
determining features to use, we compare all the acquisition functions across different
tasks. Findings: Firstly, contrary to the previous study [130], which suggests that
simple techniques perform better for active learning, we found that clustering-based
methods consistently outperform simple uncertainty methods in our considered
binary classification code task (Clone detection). Secondly, unlike prior research [8,
130], which shows that only a small set of training data (less than 10%) is sufficient
to produce good models, our results on code summarization tasks indicate that
existing methods are not yet capable of achieving this goal. There is at least a 30%
performance gap between the models trained by active learning (with 10% data) and
the models trained using the entire training data. In total, in the first two studies,
we trained 5200 models considering each labeling budget. The training process takes
more than 3200 GPU hours.

Exploratory study. Additionally, using our benchmark, we conduct a study
to further explore potential directions for proposing new acquisition functions. We
focus on clustering-based methods since existing methods can not perform well on
non-classification tasks. Concretely, due to clustering-based methods tending to
select diverse data (data have a bigger distance to each other), we first check if there
is a correlation between the distance of selected data and the accuracy of the trained
model. Then, we propose a novel view to consider the distance of code for active
learning – using evaluation metrics (e.g., CodeBERTScore) as distance calculation
methods. Based on the evaluation, we found that, for non-classification code tasks,
1) there is no correlation between the distance (calculated by Cosine similarity and
Euclidean distance) of selected data to each other and the accuracy of models. 2)
There is a weak correlation between the evaluation metrics-based distance of selected
data to each other and the accuracy of models, indicating that future proposed
methods can be based on evaluation metrics-based distance.

To summarize, the main contributions of this paper are:
• To the best of our knowledge, this is the first work that builds a benchmark for

sample-efficient training for code models. The source code as well as the datasets
can be found on our project site [72].

• Based on our benchmark and empirical study, we found that multiple findings
from previous works [8, 130] on image and text data are inapplicable to code data.

• We design a new strategy that uses evaluation metrics to compute the distance
between code pairs to support future research when proposing new acquisition
functions.

6.2 Benchmark
After collecting massive acquisition functions whose effectiveness on image data

and text data has already been demonstrated in previous studies, we plan to study
their unknown use case – if they are still useful for efficient training models of code.
As mentioned in Section 1, we have two main questions want to answer, 1) since
features used for clustering-based acquisition functions are important and highly
related to the final performance of active learning, we explore four types of features for
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each acquisition function, and check which kind of feature is suitable for conducting
code selection. 2) As the previous study [130] claimed that – simple methods perform
well on active learning, we want to check if this conclusion still holds on active code
learning. Concretely, we compare output-uncertainty-based functions (i.e., simple
methods mentioned in [130]) with clustering-based functions with carefully chosen
features.

6.2.1 Study Design
To address the question of suitable feature selection (RQ1), we first prepare

different versions of acquisition functions based on the features they use. Then, we
conduct active learning on different code tasks using these functions and compare
the performance of trained models. we can draw conclusions about which features
are most suitable for each acquisition function. Here, we focus on three types of
features from different perspectives, 1) code embeddings, 2) sequence of code tokens,
and 3)model output vectors.
• Code Embeddings It is common to consider code embeddings as the input of

clustering methods since code embeddings produced by pre-trained code models
can present the general information of code. Code embedding is similar to the
image data after image pre-processing. In our study, code embeddings extracted
from the fine-tuned code models which can better represent the downstream task
are used as the features.

• Sequence of code tokens Regardless of the code representation techniques,
the raw program will be converted into a sequence of integer values. Thus, it is
also possible to use these sequences as the inputs of the clustering methods. It
is similar to using the pixel numbers of images as inputs. The only difference is
that code tokens are often with bigger data space, i.e., the image pixels are from
0 to 255, while the range of code tokens depends on the vocabulary size, which is
generally much bigger than 255, e.g., the vocabulary size of our used CodeBERT
model is 50265.

• Model outputs Different from the above two features that have been widely
explored in other fields and can be easily considered for active code learning,
in our study, we propose to use the model outputs as the input features of
clustering methods. The intuition behind this idea is that the output can be seen
as the understanding of the model on this input data which should be useful for
data selection. Specifically, for classification tasks, we use the one-hot output
probabilities as the features, and for the non-classification tasks, the output vectors
produced by decoders are used as the features.
For the comparison of each acquisition function (RQ2), the main goal is to find

the recommended function that has consistently better performance than others in
active code learning. At the same time, we also compare the output-uncertainty-based
functions and clustering-based functions to determine if the previous findings [130]
hold true in active code learning. Here, based on the first study, we use suitable
features as the input for clustering-based acquisition functions and perform code
selection.

6.2.2 Dataset and Model
Table 6.1 presents the datasets and models we used in the study. We consider

three code tasks including a multi-class classification task (problem classification),
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Table 6.1: Details of datasets and models. Accuracy (%) for problem classification,
F1-score (%) for clone detection, and PPL/BLEU for code summarization.

Task Dataset Language Train/Dev/Test CodeBERT GraphCodeBERT
Problem classification Java250 Java 62500/-/12500 98.10 98.49
Clone detection BigCloneBench Java 90102/4000/4000 97.15 97.05

Code Summarization CodeSearchNet JavaScript 58025/3885/3291 3.85/14.34 3.79/14.89
CodeSearchNet Ruby 24927/1400/1261 4.04/12.80 3.99/13.54

a binary classification task (clone detection), and a non-classification task (code
summarization).
• Problem classification is a multi-class classification task. Given a program,

the model predicts the target problem that the program solves. We use the
dataset JAVA250 [132] provided by IBM for this task. JAVA250 contains 250
code problems, e.g., problem: write a program that prints the heights of the top
three mountains in descending order.

• Clone detection is a well-studied task in the software engineering field to lighten
the effort of software maintenance. The main purpose of this task is to check if
two programs are semantically equivalent. Thus, code clone detection is often
seen as a binary classification problem. In our study, we use the dataset provided
by BigCloneBench [133] which contains a large number of Java code clone pairs.
Besides, for the computation friendly, we follow the previous work [134] and only
use a subset of data from BigCloneBench.

• Code summarization is a common code task for helping developers understand
code snippets. Given a program, the model generates natural language comments
to describe the functionality of this program. We use two datasets provided by
Microsoft [135] in our study.
For the code models, we focus on pre-trained code models since they achieved

much better results than models trained from scratch [136, 137]. We follow the
previous work [134] and use two well-known pre-trained code models in our study,
CodeBERT [136] and GraphCodeBERT [137]. Other models can be easily added
and evaluated to our provided project. Considering the downstream tasks, the
pre-trained model is used as an encoder to generate code embeddings, and a decoder
is followed to produce the final results for a specific code problem. For example, a
dense layer is used as the decoder to produce the output probabilities of classification
tasks. The same as the original works or CodeBERT and GraphCodeBERT, during
the fine-tuning, we also fine-tune the parameters of pre-trained encoders to ensure
a better performance on downstream tasks. Then, we briefly introduce the two
pre-trained models here, and the detailed model information can be found on our
project site [72].
• CodeBERT is a bimodal model that shares a similar architecture with the well-

known BERT model in the field of natural language processing. The CodeBERT
model is initialized through pre-training with six code datasets featuring various
programming languages such as Java and Python. During the training process,
programs are transformed into sequences of tokens, which is similar to text data.
As a result, CodeBERT is able to learn the semantic information of code data.

• GraphCodeBERT is a newer pre-trained code model that incorporates both
sequences of tokens and data-flow information to learn code knowledge. This allows
pre-trained code models to understand the structural information of programs
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and generate more precise code representations. In our study, the base model is
learned by this combination of code information and fine-tuned for our considered
downstream tasks only using the code token information. The reason is that we
found in some downstream tasks, adding the data-flow information to fine-tune
the model can have a negative influence on the performance of models, e.g.,
for the problem classification task, adding data-flow information and without
data-flow information, the accuracy of fine-tuned models are 82.30% and 98.39%,
respectively.

6.2.3 Evaluation Metrics
Our study contains three types of code tasks. For each task, we use the most

practical metrics to evaluate the trained models.
Accuracy on the test data is the basic way to evaluate the performance of multi-

class classification models. It calculates the percentage (%) of correctly classified
data over the entire input data.

F1-score is a commonly used metric for binary classification problems. It
calculates the harmonic mean of the precision and recall scores. Given that, true
positive (TP) represents the number of samples correctly predicted as positive, false
positive (FP) represents the number of samples wrongly predicted as positive, and
false negative (FN) represents the number of samples wrongly predicted as negative,
F1-score is calculated as:

F1− score = TP

TP + 1
2 (FP + FN)

Perplexity (PPL) is a widely used metric to evaluate language models. PPL
can be seen as the loss of language models that can record the logs of the training
process. A lower PPL score means a better performance of the model. Recently,
researchers applied PPL to record to evaluate the code summarization models [138].
Specifically, PPL is calculated by:

PPL (X) = exp{−1
t

t∑
i=0

log pθ(xi|x<i)}

where X = (x0, x1,...,xt) is the set of code tokens, and logpθ(xi|x<i) is the log-
likelihood of the ith token conditioned on the preceding tokens x<i by the model.

BLEU (Bilingual Evaluation Understudy) is a metric to evaluate the quality
of the generated text to another (the reference). Simply, the BLEU score is calculated
by:

BLEU = BP × exp
N∑

n=1
wn log pn

The value of N depends on the used N-gram precision, and the weights wn = N /
4. In our study, 4 is used. pn is the ratio of length n sub-sequences in both the
candidate sequence and the reference. BP is the brevity penalty calculated by:

BP =
{

1, ifc > r
e1−r/c, ifc ≤ r

where c is the length of the generated sequence and r is the length of the reference
sequence.
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Besides, to perform a significance test for the comparison between different
acquisition functions, we conduct statistical analysis by using Student’s t-test [139]
in our study.

6.2.4 Configurations
Training configuration. Considering the hyperparameters used for model

training, we follow the previous work [134] and use the same batch size and learning
rate for each model. All the detailed settings can be found on our project site. For
model fine-tuning, we set the training epoch as 10 which is enough to ensure the
convergence of models.

Active learning configuration.We initialize the models (which is a common
setting of active learning that we start from a model with a little knowledge of the
datasets) by training them on randomly selected 500 samples. We set the labeling
budget as 1% of the entire training set and do 10 times iterations of active learning.

Acquisition function configuration. For all clustering-based methods, we
follow the previous work [8] and set the number of centers as the labeling budget.
For BALD, we set the times of dropout prediction as 20. For all clustering-based
methods, to get more precise code information, we obtain the embedding features
from the fine-tuned encoders.

6.2.5 Implementation and Environment
The project is based on Python-3.6 and PyTorch-1.10.2 framework. The key

implementation of code models is modified from the open source project [135]. We
adopt acquisition functions implemented by [8, 130] that are used for image data
and text data to code data. All the source code can be found on our project site.
We conduct all the experiments on a 2.6 GHz Intel Xeon Gold 6132 CPU with an
NVIDIA Tesla V100 16G SXM2 GPU. We repeat all the experiments five times to
reduce the influence of randomness and report the average results in the following
sections.

6.2.6 RQ1: Feature Selection
First, we explore the features of clustering-based acquisition functions. Figure 6.1

depicts the performance of models trained by different labeling budgets. Here, we
only list the results of CodeBERT models and the whole results can be found on our
project site.

From the results, we can see that the same acquisition function could train
models with significantly different performances depending on the features used.
In particular, for the K-Means, K-Center, and Coreset functions, the performance
difference is substantial and should not be overlooked. In contrast, the BADGE
function is relatively stable compared to the others. Then, we analyze the most
suitable features that should be used for each function for solving each code task.
Table 6.2 displays the percentage of each function that produces models with the best
performance across all labeling budgets. Surprisingly, overall, the results demonstrate
that the output vectors extracted from the models are superior features compared to
code tokens and code embeddings. This suggests that active code learning should
focus on output vectors rather than input vectors when conducting data selection,
unlike active learning for image and text data. We also use t-test metric to test the
signification of the comparison. Table 6.3 summarizes the results. This result also
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Figure 6.1: Results of different feature-based active code learning. PC, CD, CS, and
JS are short for Problem classification, clone detection, code summarization, and
JavaScript, respectively.

indicates that the output feature is the best one among our considered features. For
example, for clone detection tasks, the output feature beats token and embedding
features in KM, BADGE, and Coreset three acquisition functions.

Besides, we observe that the feature selection of some acquisition functions also
depends on the types of downstream tasks. In both classification tasks, output vectors
and code embeddings are the best choices for K-Means and K-center, respectively.
However, In the non-classification code summarization task, the choices become code
tokens and output vectors. On the other hand, output vectors are the most useful
features for BADGE and Coreset regardless of the type of tasks.

Based on the experimental results, we provide recommendations for the feature
selection in clustering-based acquisition functions for active code learning.
• K-Means-C (KM-C): use model output vectors (code tokens) for classifica-

tion (non-classification) tasks.
• K-Center-C (kC-C): use code embeddings (model output vectors) for classifica-

tion (non-classification) tasks.
• BADGE-C: use model output vectors for all code tasks.
• Coreset-C: use model output vectors for all code tasks.
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Table 6.2: Ratio of trained models achieving best results using different features.

KM KC BADGE Coreset Average
Problem Classification

Token 0% 0% 0% 0% 0%
Embedding 10% 100% 40% 40% 47.5%
Ouput 90% 0% 60% 60% 52.5%

Clone Detection
Token 0% 40% 0% 0% 10%
Embedding 10% 60% 0% 40% 27.5%
Ouput 90% 0% 100% 60% 62.5%

Code Summarization
Token 50% 0% 20% 0% 17.5%
Embedding 45% 0% 15% 0% 15%
Ouput 5% 100% 65% 100% 67.5%

Table 6.3: Comparison between different different features (t-test).

KM KC Badge Coreset
Problem Classification

Token vs. Embedding -0.9431 -1.7146 -0.6646 -1.7504
Token vs. Output -1.6223 -1.6208 -0.6277 -1.6824
Embedding vs. Output -0.6610 5.2458 -0.2266 0.3993

Clone Detection
Token vs. Embedding -1.9726 -0.5992 -1.1039 -2.7805
Token vs. Output -2.1633 1.8298 -2.3139 -3.1667
Embedding vs. Output -1.6111 3.7102 -2.6944 -3.0582

Code Summarization
Token vs. Embedding -0.2400 2.0836 2.4792 2.8578
Token vs. Output -7.3257 6.2842 0.5840 6.5609
Embedding vs. Output -7.0504 4.6275 -1.9706 4.0003

Answer to RQ1: Feature selection highly influences the effectiveness of
clustering-based acquisition functions to perform active learning. Surprisingly,
in most (62.5%) cases, active learning using output vectors extracted from the
models can train a code model with better performance than using code tokens
and code embeddings.

6.2.7 RQ2: Acquisition Function Comparison
After studying the feature selection, we compare all acquisition functions on

different code tasks. Here, we use our recommended features to build the clustering-
based function. Table 6.4 presents the results of classification tasks.

For the multi-class classification task (problem classification), we can see that
output-uncertainty-based methods often achieve better results than the clustering-
based methods. In which, Margin which only uses the top-1 and top-2 probabilities
of the outputs performs the best in 5 out of 6 cases. This phenomenon draws a
similar conclusion to the previous work [130], that simple methods perform well on
active learning. However, considering the binary classification task (clone detection),
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Table 6.4: Model performance of active learning trained models for two classification
tasks. Values highlighted in red and blue indicate the best and second best. Output:
output-based methods. Clustering: clustering-based methods.

Code Classification Clone Detection
CodeBERT GraphCodeBERT CodeBERT GraphCodeBERT

1% 5% 10% 1% 5% 10% 1% 5% 10% 1% 5% 10%
Output LC 29.61 52.90 59.14 33.99 56.93 61.06 80.08 83.51 90.85 79.90 81.73 90.12
Output Gini 43.96 90.95 97.75 44.31 93.02 98.04 85.45 96.58 96.74 84.45 96.41 97.18
- Random 48.01 92.67 95.09 55.05 93.75 95.76 84.22 95.98 96.86 84.83 95.52 96.81
Output BALD 40.63 94.51 97.86 50.83 94.32 98.02 87.61 96.81 97.16 88.73 96.47 97.12
Output Entropy 42.67 90.05 97.67 44.50 92.21 97.99 86.16 96.32 96.89 85.28 96.89 97.17
Output Margin 51.22 95.41 97.91 57.76 96.33 98.16 86.38 96.82 96.92 84.92 97.02 97.17
- CAL 29.99 54.51 64.99 34.04 57.68 65.33 79.57 91.10 95.14 77.60 88.45 92.06
Clustering KM 51.69 94.42 97.65 57.38 95.41 97.99 87.88 97.01 97.10 87.80 96.92 97.23
Clustering KC 47.84 94.01 97.73 56.18 95.57 97.33 87.48 95.07 97.79 85.77 96.85 97.62
Clustering Badge 46.41 94.33 97.39 53.48 95.31 97.91 88.17 97.10 97.27 90.60 97.25 97.09
Clustering Coreset 47.96 94.23 97.66 56.35 95.48 97.24 86.45 96.95 96.96 92.10 97.19 97.06

Table 6.5: Comparison between BADGE and output-based methods (t-test). Task:
clone detection.

CodeBERT
1% 5% 10%

BADGE-C vs. LC 8.4889 5.9074 6.2645
BADGE-C vs. Gini 2.5009 4.0470 3.1028
BADGE-C vs. Blad 0.4731 1.7192 0.5137
BADGE-C vs. Entropy 2.1334 2.2341 1.7796

GraphCodeBERT
BADGE-C vs. LC 23.2590 10.0688 12.3815
BADGE-C vs. Gini 11.4256 3.4707 -0.5947
BADGE-C vs. Blad 1.8989 2.8951 -0.2334
BADGE-C vs. Entropy 10.2222 1.5331 -0.7654

interestingly, the results show that the previous conclusion can not stand. In all cases,
clustering-based methods outperform simple methods (output-uncertainty-based
methods). Table 6.5 shows the results of the comparison between BADGE-C (the
best clustering-based method) and all output-based methods on the code clone
detection task. The results also demonstrate that except for labeling budget 10%,
BADGE-C outperforms simple methods in this task. In summary, the first conclusion
we can draw is – no acquisition functions consistently perform better than others,
and findings [130] from previous works can not be directly applied to active code
learning.

Then, move to the non-classification task (two code summarization tasks), ta-
ble 6.6 and table 6.7 show the results. The first finding is that we will get different
conclusions by using different evaluation metrics. For example, the PPL scores demon-
strate that KC-C is the best acquisition function while the BLEU scores suggest
Coreset-C. However, regardless of the evaluation metrics we used, the gap between
the performance of active learning-trained models and the performance of models
trained by using the entire data is big. For example, for JavaScript-CodeBERT,
under 10% labeling budget, the best PPL score and BLEU score we get are 5.1313
and 10.09, which are 33.28% and 29.64% lower than the 3.85 and 14.34 computed
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Table 6.6: PPL of active learning trained code summarization models with different
training budgets. Values highlighted in red indicate the best.

JavaScript
CodeBERT GraphCodeBERT

1% 5% 10% 1% 5% 10%
Random 5.6771 5.3407 5.2038 5.3806 5.1560 5.0938
KM-C 5.6840 5.3586 5.2219 5.3852 5.1589 5.0821
KC-C 5.5978 5.2082 5.1313 5.2883 5.0748 5.0178
BADGE-C 5.6654 5.3214 5.2079 5.3630 5.1379 5.0639
Coreset-C 5.6013 5.2222 5.1334 5.2912 5.0987 5.0346

Ruby
CodeBERT GraphCodeBERT

1% 5% 10% 1% 5% 10%
Random 5.6671 5.4198 5.3662 5.3806 5.1560 5.0938
KM-C 5.6819 5.4662 5.4050 5.4038 5.1843 5.1100
KC-C 5.5565 5.2313 5.1992 5.4366 5.2179 5.1881
BADGE-C 5.6623 5.4067 5.3487 5.5942 5.3490 5.3015
Coreset-C 5.5536 5.2158 5.1796 5.4368 5.2120 5.1412

Table 6.7: BLEU score of active learning trained code summarization models with
labeling budget 10%. Values highlighted in red indicate the best.

JavaScript Ruby
CodeBERT GraphCodeBERT CodeBERT GraphCodeBERT

Random 9.62 10.10 10.36 11.60
KM-C 9.94 10.37 10.15 11.44
KC-C 9.96 10.32 10.46 11.55
BADGE-C 9.41 9.84 10.71 11.70
Coreset-C 10.09 10.42 10.45 11.71

from the model trained by entire training data. These results are totally different
from the ones drawn by the classification tasks that using 10% data can train a
model with similar and even better performance, e.g., for the clone detection task,
models trained with 10% (97.79%) data have better performance than the models
trained by entire training data (97.15%). Therefore, we can say that active code
learning in non-classification code tasks is still in a very early stage, the conclusions
from classification tasks can not be migrated to non-classification tasks.

Answer to RQ2: In contrast to previous work on classification tasks [130], our
findings reveal that simple methods are ineffective for the binary code classifica-
tion task – clone detection. Clustering-based acquisition functions consistently
outperform output-uncertainty-based functions in this task. In addition, active
learning is ineffective for non-classification tasks such as code summarization, as
the performance of models trained via active learning lags behind those trained
using the entire dataset by at least 29.64%.

6.3 Exploratory Study
As discussed in Section 6.2, active code learning for non-classification code

summarization tasks is still in an early stage. In this section, we tend to explore the
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potential directions to propose new effective acquisition functions and mainly focus on
non-classification code tasks as existing acquisition functions are effective enough to
produce good code models for classification tasks. Since clustering-based acquisition
functions are the main techniques used for non-classification tasks, the main goal of
our exploratory study is to explore ways to improve this type of acquisition function.

The key idea of clustering-based acquisition functions is to select a diverse set
of data, each data sample in this set has big distances from the others. As a result,
the calculation of the distance between each data is important in clustering-based
functions. Thus, the straightforward way to improve the existing acquisition functions
is to provide a precise way to measure the distance between code pairs (or their
features). Generally, in the existing acquisition functions, the distance is computed
by the Euclidean distance between two vectors that represent two programs. The
main concern of this distance calculation is that vectors, e.g., code tokens, code
embeddings, and output vectors, highly rely on code representation techniques or
code models. It is difficult to say such computed distance can represent the real
distance between two programs.

Fortunately, recent research has proposed some evaluation metrics [140, 141] for
code generation. Roughly speaking, different from the existing distance methods,
these metrics are specifically designed for code to measure the similarity between the
machine-generated code snippets and the reference. The studies conducted by the
original works show that there is a strong correction between the evaluation metrics
and human preference. Inspired by these works, we propose to use the evaluation
metrics as the distance methods for the clustering-based acquisition functions. Ideally,
this new distance should be more precise and the active code learning should be
more effective.

6.3.1 Study Design
To validate our conjectures, we empirically explore the following two problems:

• Is there a correction between the distance of selected data to each other and the
performance of trained models based on these data? Through this study, we
explore the probability of improving active code learning from the perspective of
providing new distance methods for clustering-based acquisition functions.

• Is there a connection between the existing distance methods and the code evaluation
metrics? Through this study, we explore whether our proposed distance methods
are different from the old ones or not. The positive answer demonstrates that
evaluation-metric-based methods cannot be replaced by the existing distance
methods.
Addressing the first problem follows the following steps:
Step 1 We prepare two groups of models, the first group contains the initialized

models (the same as the initialized models used in section 6.2 – models trained using
500 initial training data) that represent models in the early stage of active learning,
and the second group includes models that have already been trained using 5%
of training data that represent models at a late stage of active learning. In this
way, we can see if the correlation we want to study holds in models with different
performances. Note that we have prior knowledge of the data used to train the
models.

Step 2 We conduct active code learning by using Random acquisition function
for each group of models 100 times and record the 100 groups of selected data as
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Table 6.8: Correlation between the selected data distance to each other and the
performance of trained models based on these data. Each value represents the
correlation coefficient. Modele: model at the early stage of active learning. Modell:
at the late stage of active learning. Value with * indicates the P-value is less than
0.05.

Classification
(Accuracy)

Non-classification
(PPL)

Modele Modell Modele Modell
Cosine 0.0589 -0.2555* 0.0705 0.1328
Euclidean -0.0773 -0.2262* 0.0868 0.0947
BLEU 0.0309 -0.0589 0.0504 -0.1699
CodeBERTScore 0.0463 -0.0203 0.0128 -0.1965*

well as the trained models for further analysis.
Step 3 We measure the accuracy of the 100 trained models on the test data

and calculate the average distance between the selected data samples in each group.
Finally, we can get 100 accuracy values and corresponding 100 distance values. Here,
the distance can be calculated by different methods.

Step 4 We use Spearman’s rank correlation coefficient to compute the correlation
between the accuracy and the distance provided by step 3.

For the second problem, we use different distance calculation methods in Step 3
to obtain the distance scores and then use Spearman’s rank correlation coefficient to
compute the correlation between these distance methods.

6.3.2 Setup
We select one classification task (problem Classification), and one non-classification

task (Code summarization for JavaScript programs) to conduct this exploratory
study. For both tasks, we chose CodeBERT as our base model. For the distance
calculation methods, we consider four in this study, cosine similarity as distance,
Euclidean distance, BLEU score as distance, and CodeBERTScore [141] as distance.
Here, CodeBERTScore is a state-of-the-art evaluation metric for code generation.
It uses pre-trained contextual embeddings to vectorize each token in the reference
program and the generated program first. Then, it computes the pairwise cosine
similarity between every embedded token in the reference and every encoded token in
the generated code. Finally, the maximum similarity score in each row of the pairwise
matrix is used to compute the final similarity of these two programs. Since the BLEU
score and CodeBERTScore are computed based on the input level, we also compute
the cosine distance and Euclidean distance based on the input embedding (code
embedding) for a more fair analysis.

6.3.3 Results Analysis
Table 6.8 presents the results of the correlation between data distance and model

accuracy. Surprisingly, the results indicate that regardless of the code tasks, when
the model has a poor performance, i.e., at the early stage of active code learning,
the trained model performance is not related to the diversity (the distance of data
to each other) of used training data. However, for a model that was already trained
on a few data and with a good performance, i.e., at the late stage of active code
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Table 6.9: Correlation between different distance calculation methods. Each value
represents the correlation coefficient. Modele: model at the early stage of active
learning. Modell: model at the late stage of active learning. Value with * indicates
the P-value is less than 0.05.

Classification Non-classification
Modele Modell Modele Modell

Cosine-Euclidean 0.9438* 0.9155* 0.9717* 0.9769*
Cosine-BLEU -0.0943 -0.0356 -0.1012 -0.0111
Cosine-CodeBERTScore -0.2522 -0.0838 -0.4600* -0.0030
Euclidean-BLEU -0.0963 -0.0230 -0.0856 -0.0856
Euclidean-CodeBERTScore -0.2457 -0.0615 -0.4176* -0.0038
BLEU-CodeBERTScore 0.6464* 0.6464* 0.2422 0.2422

learning, the conclusion changed. Considering the classification task, there is a
weak correlation between the cosine and Euclidean distance with the accuracy of
the models. That means clustering-based acquisition functions that use these two
distance calculation methods are promising to train a model with high accuracy. As
already shown in table 6.4, all these acquisition functions based on Euclidean distance
achieve good performance in classification tasks. Considering the non-classification
task, the results show this correlation becomes weaker, e.g., for cosine similarity, the
correlation changes from -0.2555 to 0.1328 in Modell. This is also the reason that the
existing acquisition functions do not work well on code summarization tasks and have
no advantage over random selection as shown in table 6.6 and table 6.7. However,
on the other hand, we can see there is a weak correlation between the evaluation
scores-based distance and the accuracy of models which does not happen in our
considered two classification tasks. The correlation result of CodeBERTScore on
Modell is significant (with a p-value less than 0.05). These results lead to a promising
direction of proposing new acquisition functions that use evaluation metrics as the
distance calculation method for the code summarization task.

Takeaway: In non-classification code summarization tasks, our analysis shows
that in the selected dataset, greater distances between data samples as calculated
by evaluation-metrics-based distance methods lead to better model performance.

Table 6.9 presents the results of the correlation between different distance cal-
culation methods. For models with low performance (Modele), there is always a
correlation between cosine similarity or Euclidean distance with CodeBERTScore,
which means CodeBERTScore is able to produce similar distance ranking of data to
the existing distance methods in these models. Combining the conclusion from the
last study, we can see that for Modele, all methods have a similar distance ranking
of data, but this ranking is not connected to the performance of models. However,
for Modell, we can see there is no correlation between cosine and Euclidean to the
BLEU and CodeBERTScore. That is the reason why cosine and euclidean (BLEU
and CodeBERTScore) correlate with the model performance while BLEU and Code-
BERTScore (cosine and euclidean) do not have this correlation in our considered
classification (non-classification) tasks.
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Takeaway: Distance methods that are correlated with model performance
produce significantly different rankings of data compared to methods that do not
exhibit such a correlation.

6.3.4 Case Study
According to our exploratory study, we know that evaluation metrics are promising

to be used as distance methods in clustering-based acquisition functions. In this part,
we conduct a case study to show if it can really help improve such acquisition functions.
Specifically, we modify the distance calculation method in the Coreset function from
Euclidean distance to BLEU and run experiments on code summarization tasks
on Ruby. The reason we chose Ruby is that running evaluation metrics (especially
CodeBERTScore) is time-consuming, e.g., it takes more than one month to run an
active learning experiment once on code summarization tasks of JavaScript since it
contains 2 times more training data than Ruby. The reason for choosing Coreset is
that it performs the best in code summarization of Ruby as shown in table 6.6 and
table 6.7. However, since CodeBERTScore does not support Ruby language now,
we can only replace the original distance method in Coreset with the BLEU metric.
Note that we still use the Euclidean distance between code embeddings to compute
Pairwise Distances which is the initial step of Coreset. It is almost impossible to
use the BLEU score here (the time cost is monthly). Algorithm 2 presents the details
of the Coreset with BLEU.

Algorithm 2: Coreset with BLEU
Input : X_l: labeled data

X_u: unlabeled data
M : model under training
budget: labeling budget

Output : X_seleted: selected data
X_seleted = []
Dis = Pairwise_Distances(X_u, X_l)
init_data = X_u(Min(Dis))
X_seleted.append(init_data)
X_u = X_u \ init_data
count_num = 1
while count_num < budget do

BLEU_list = BLEU(init_data, X_u)
init_data = X_u(Min(BLEU_list))
X_seleted.append(init_data)
X_u = X_u \ init_data
count_num+ = 1

end
return X_seleted;

Figure 6.2 depicts the results. We can see that Coreset with a BLEU score
performs significantly better than Coreset with Euclidean distance calculated from
code tokens and code embeddings. These results demonstrate the potential of using
evaluation metrics as distance methods in active learning. However, using output
vectors as clustering features which is also proposed by us is still the best choice
which achieves the best results among all the cases. There is a big room to be
improved in terms of the performance of trained models and how to propose a new

75



Chapter 6. Active Code Learning: Benchmarking Sample-Efficient
Training of Code Models

1% 2% 3% 4% 5% 6% 7% 8% 9% 10%
Labeling Budget

5.2

5.3

5.4

5.5

5.6

5.7

PP
L

Code Token
Code Embedding
Output
BLEU

(a) CodeBERT

1% 2% 3% 4% 5% 6% 7% 8% 9% 10%
Labeling Budget

5.2

5.3

5.4

5.5

5.6

PP
L

Code Token
Code Embedding
Output
BLEU

(b) GraphCodeBERT

Figure 6.2: Active learning with Coreset acquisition functions. Code task: code
summarization for Ruby. BLEU: replacing original Euclidean distance in Coreset to
BLEU metric.

acquisition function based on the evaluation metrics is still an open problem and our
future research.

6.4 Discussion
6.4.1 The Importance of Active Code Learning

Recently, large deep-learning models, especially foundation models like GPT-
4 [142] have gained huge attention and achieved many state-of-the-art results in
various application domains. This hot trend almost changes the research focus
of ML4Code from designing new code model architectures or code representation
techniques to how to reuse these foundation models for our specific code tasks.
Generally, model reuse involves a fine-tuning step that further optimizes the model
parameters and improves performance. As a result, active code learning becomes
more and more important since it allows us to fine-tune the pre-trained models with
a controllable human effort, i.e., budgets allocated for labeling the datasets used in
fine-tuning. This technique provides opportunities for researchers and developers
with limited resources to leverage and improve existing big models.

6.4.2 Threat to Validity
The external threat lies in our considered acquisition functions used for active

learning, code tasks and datasets, and code models. For the acquisition functions,
we collect 10 functions that are specifically proposed for active learning and already
studied the most in recent works [8, 130]. Other functions such as neural coverage
methods are not considered since they are proposed for a different purpose. For
code tasks and datasets, we consider both classification tasks that study important
problems, problem classification, clone detection, and code summarization. For
code models, we prepare two well-known code pre-trained models. Based on our
open-source projects, other tasks, and models can be easily added to our benchmark.
The internal threat can be the implementation of acquisition functions and code
models. All implementations of acquisition functions are based on the existing active
learning works [8, 143, 144] and after carefully checking. The implementation of code
models is also modified from the famous open source project [135]. The construct
threat can be the configuration of active learning. Since this is the first work that
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studies active code learning, we follow our best practice to initialize the code models
and set the labeling budgets. Besides, since we compare code models under the same
labeling budgets, the comparison results are not affected by the configuration of
active learning.

6.5 Conclusion
This work introduced the first benchmark and an empirical study for the im-

portant yet unexplored problem – active code learning. Our experimental results
demonstrated that active code learning is effective in training code models with
expected high performance for classification tasks such as problem classification and
clone detection. However, it is still in the early stage for non-classification tasks like
code summarization. Besides, we conducted an exploratory study to show using
evaluation metrics as distance calculation methods is a promising way to propose
new clustering-based acquisition methods. We believe that our benchmark as well
as empirical studies will provide developers and researchers insights into efficiently
reusing (i.e., with little human effort) existing large pre-trained models for their
specific code tasks.
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7 Aries: Efficient Testing of Deep
Neural Networks via Labeling-Free
Accuracy Estimation

In this chapter, we propose a novel label-free method, Aries, to estimate the per-
formance of DNN models on unlabeled test sets. Our method capitalizes on the
underlying insight that a correlation often exists between the accuracy of data pre-
dictions and their proximity to the decision boundary. More specifically, given two
datasets whose distribution of the distance to the decision boundary is close, they
could share a similar prediction accuracy.

Contents
7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
7.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

7.2.1 Key Insight and Assumption . . . . . . . . . . . . . . . . 81
7.2.2 Preliminary Study . . . . . . . . . . . . . . . . . . . . . 82
7.2.3 Aries: Efficient Testing of DNNs . . . . . . . . . . . . . 85

7.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . 86
7.4 Results Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

7.4.1 RQ1: Effectiveness of Aries . . . . . . . . . . . . . . . . 89
7.4.2 RQ2: Influencing Factor Study . . . . . . . . . . . . . . 92

7.5 Discussion and Threat to Validity . . . . . . . . . . . . . . . . . 95
7.5.1 Limitations & Future Directions . . . . . . . . . . . . . . 95
7.5.2 Threats to Validity . . . . . . . . . . . . . . . . . . . . . 95

7.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96



Chapter 7. Aries: Efficient Testing of Deep Neural Networks via
Labeling-Free Accuracy Estimation

7.1 Introduction
Deep learning (DL) has been continuously deployed and applied in different

industrial domains that impact our social society and daily life, such as face recog-
nition [145, 146], autonomous driving [147, 148], and video gaming [149, 150]. As
the core of DL-enabled systems, deep neural network (DNN) follows the data-driven
development paradigm and learns the decision logic automatically based on the
incorporated learned knowledge of training data. Similar to traditional software that
needs to be well tested, DNNs also need to be comprehensively evaluated before
deployment to reduce potential risks in the real world [18, 19].

A common de facto standard to assess the quality of DNNs in the industry is
by evaluating DNNs on a collected set of labeled data. In practice, when building
a DNN model, developers often split a dataset into the training set, validation set,
and test set. The test set is mainly used to measure the accuracy of the trained
model (as an indicator of performance generality), thus, the final developed DNN
often comes with the reported test accuracy. However, the original test set often only
covers a part of the data distribution (generally, the same distribution as the training
data). The distribution of unseen data is often unclear in the practical context,
and the reported test accuracy is hard to reflect the actual model performance in
real usage. Therefore, in addition to testing models on the original test data, it is
highly desirable to conduct a performance evaluation of DNNs on new data, which is
generally available from a large amount of daily or monthly incoming data.

However, different from the original test data that already have been labeled,
the unseen/new data are usually raw with the absence of label information. It is
challenging to assess a model on unlabeled data. More importantly, labeling all the
new data (that could be large in size) is labor-intensive and time-consuming, which
is almost impossible and impractical. For some complex tasks, domain knowledge
from experts is mandatory, leading to the labeling even harder. For example, it takes
more than 600 man-hours for experienced software developers to label all the codes
from 4 libraries [3].

Towards addressing the data labeling issue for more efficient DNN testing, recently,
researchers have recently adapted the test selection concept [151, 152] from the
software engineering community to select and label a subset of representative data,
then test and assess the model accordingly. For example, Li et al. proposed cross
entropy-based sampling (CES) [6] to select a subset that has the minimum cross-
entropy with the entire test dataset to test the DNN. In this way, the labeling effort
can be significantly reduced and the testing has acceptable bias. However, although
test selection is a promising direction for efficient DNN testing, the labeling efforts
and costs persist. To bridge the gap, in this paper, we aim to automatically estimate
the test accuracy without extra manual labeling.

To this end, we propose a novel technique, Aries, to efficiently estimate the
performance of DNNs on the new unseen data based on existing labeled test data.
The intuition behind our technique is: there can be a connection between the
prediction accuracy of the data and the distance of the data from the
decision boundary. More specifically, given two datasets whose distribution of
the distance to the decision boundary is close, they could share a similar prediction
accuracy. A preliminary empirical study is first conducted to validate our assumption.
Specifically, we adopt the existing dropout-based uncertainty to estimate the distance
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between the data instances and the decision boundary. By splitting the uncertainty
score into n intervals, we obtain n buckets of the distance distribution. Then, we
can map the data instances into a bucket based on their uncertainty scores. With
this, we can estimate the accuracy of each bucket based on the original test data
(with labels) that fall into this bucket as the supporting evidence (points). Finally,
given the new data without labels, we map them into different buckets and leverage
the estimated bucket accuracy to calculate the overall accuracy of the new data.
Compared to existing techniques that need the labeled data to calculate the model
accuracy, Aries is fully automatic without extra human labeling effort.

To assess the effectiveness of Aries, we conduct in-depth evaluations on two
commonly used datasets, CIFAR-10 and Tiny-ImageNet, four different DNN ar-
chitectures, including ResNet101 and DenseNet121. Besides the original test data,
we also use 13 types of transformed test sets (e.g., data with added brightness) to
simulate the new unlabeled data that could occur in the wild, where the transformed
data could follow different data distributions from the original test data [153]. The
results demonstrated that Aries could precisely estimate the performance of DNN
models on new unlabeled data without further labeling effort. Compared to the real
accuracy, the estimated accuracy exhibits a difference ranging from 0.03% to 2.60%
by using the default parameter setting. Besides, compared to the state-of-the-art
(SOTA) labeling-free model performance estimation methods [5], Aries can predict
more accurate accuracy. And compared to the test selection methods CES [6] and
PACE [7], which need to label a portion of test data, Aries can still achieve competi-
tive results without extra labeling. Moreover, we conduct ablation studies to explore
the impact of each component of Aries on the estimation performance.

To summarize, the main contributions of this paper are:
• We propose a novel DNN testing technique for quality assessment, Aries, that can

efficiently estimate the model accuracy on unlabeled data without any labeling
effort.

• We empirically demonstrate that Aries can achieve better results than SOTA
labeling-free model performance estimation methods and competitive results
compared to test selection methods that require human labeling effort.

• We also comprehensively explore each potential factor that could affect the
performance of Aries and provide the recommendation parameters.

• We release all our source code publicly available1, hoping to facilitate further
research in this direction.

7.2 Methodology
We first introduce the insight and assumption of Aries, then conduct preliminary

studies to empirically validate our assumptions, and finally present the details of
Aries.

7.2.1 Key Insight and Assumption
Our assumption is that there could be a correlation between the prediction accu-

racy and the distance of the data from the decision boundary. To better understand
this assumption, Fig. 7.1 depicts an intuitive example of a binary classification with
a decision boundary (blue solid lines) splitting the data space into 2 regions. Since

1https://github.com/wellido/Aries
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Figure 7.1: An example of the assumption of our technique. Data in the same bucket
are highlighted with the same marker.

the data falling into the same region will be predicted by the same label, but with
different confidences, we split each region further into multiple sub-regions based on
its distance to the boundary. In the figure, we evenly split the space into 3 buckets
(Bucket1, Bucket2, and Bucket3 ) by the distance h. We assume that, for data in the
same bucket, the probability of making the (in)correct prediction is similar, i.e., the
model has the same performance on these data. Thus, if we can obtain the model
accuracy in each bucket and map new data into the corresponding bucket, we can
approximate the model accuracy on these new data.

The essential insight of our assumption is to measure the distance between data
and decision boundaries (i.e., how to define h in Fig. 7.1). Given the fact that the
data space is usually high dimensional and complex, it is difficult to directly describe
the decision boundary. Recently, the dropout uncertainty [154, 155] has been widely
used to estimate the distance of the data from the decision boundary. Roughly
speaking, given one data and a model with dropout layers. After using this model
to predict the data multiple times, if the predicted outputs have a huge variance,
we say this data might be uncertain by the model and near the decision boundaries.
We employ the dropout uncertainty in Aries for the distance approximation and will
explore other options in the configuration study. At a high level, our insight is sound
and practical in the way that the prediction confidence of a DNN follows a particular
distribution that is automatically learned from the training data in the training
process. When a test sample falls into a distribution and prediction confidence region,
our fine-grained split region could provide a certain level of evidence to support DNN
quality assessment.

7.2.2 Preliminary Study
First, we define Label V ariation Ratio(LV R) to approximate the distance be-

tween data and decision boundaries.

Definition 1 (Label Variation Ratio (LVR)). Given a model M with dropout
layers and an input data x, the number of dropout predictions T , LVR of x is defined
as:
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LV R (M, x, T ) =

∣∣∣{k | 1 ≤ k ≤ T ∧ LMk(x) = Lmax

}∣∣∣
T

where LMk(x) is the k-th predicted label of x by M and Lmax is the dominant label
of T predictions (i.e., the label predicted by most predictions). Intuitively, the
prediction of the data near the boundary has low confidence, i.e., with lower LV R.

We then divide the data space into n buckets by splitting the LV R into n equal
intervals, where the range of LV R is (0,1]. For example, if n is 2, then we have
two buckets, and the corresponding LV R intervals are (0, 0.5] and (0.5, 1]. A data
instance falls into a region based on its LVR value.

Definition 2 (Bucket). Given a dataset X, M and the number of intervals n, we
define the data that belong to tth bucket as:

Bucket(X, t, T ) =
{

x | x ∈ X ∧ t

n
< LV R(M, x, T ) ≤ t + 1

n

}
where 0 ≤ t < n and T is the number of dropout predictions.

Next, to validate the rationality of our assumption, we conduct two preliminary
studies to check 1) if data in the same Bucket have similar accuracy, and 2) if there
is a relation between LV R and model accuracy (please refer to Section 7.3 for details
of datasets and models). In the first study. We randomly split the test data into two
sets and assume one set we already have the label information and the other is the
new unlabeled data. Then we activate the Dropout layers in each model to predict
these two sets multiple times (here, we set the number of T as 50, which is the default
setting of Aries). Afterward, we calculate the LV R score of each data and then split
the data into different Buckets using Definition 2. Finally, we check the accuracy of
the model on the data that are in the same Bucket. Fig. 7.2 presents the results of
this study. Note that we eliminate the results of data whose LV R scores are smaller
than 0.4 due to the negligible amount (e.g., only one in CIFAR-10, ResNet20). We
can see that 1) the two sets of data have similar accuracy in the Buckets regardless
of the datasets and models, 2) data with higher LV R scores (closer to the decision
boundary) have higher accuracy. This finding justifies our assumption.
Finding 1: A DNN has similar accuracy on the data sets that have similar
distances to the decision boundary.

Second, we investigate if there is a relation between the size of data with high
LV R and the accuracy of the model on this set. Usually, data with a high LV R
score means the model is confident in predicting this data. Intuitively, the size of
data that the model has high confidence could partly reflect the model’s performance.
Fig. 7.3 depicts the model accuracy (x-axis) and the percentage of highly confident
data (y-axis) on each data set. Here, the highly confident data means their LV R is
1. We can see that there is a clear linear relationship between the two values. The
results lead to our basic idea: we can measure the percentage of highly confident
data in the new unlabeled data although we do not know the truth labels of the
new data. Then, based on existing test data with truth labels, we can measure the
accuracy of the datasets with a certain ratio of highly confident data. Finally, we
can estimate the accuracy of unlabeled data.
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Figure 7.2: Accuracy in different Buckets. Original: labeled test data, New: unla-
beled new unlabeled data.
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Figure 7.3: The linear relation (blue line) between the size of data with the highest
label variation ratio (y-axis, unit: ratio) and the test accuracy (x-axis, unit: %). We
apply the least squares polynomial fit to draw the blue line in each figure.

Finding 2: There is a linear relationship between the % of highly confident data
(LV R = 1) and the accuracy of the whole set. Therefore, given some labeled data,
if we know 1) the accuracy of the DNN in each Bucket, and 2) the percentage
of highly confident data, it is promising to estimate the accuracy of the new
unlabeled data.84
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7.2.3 Aries: Efficient Testing of DNNs

Algorithm 3: Aries: efficient testing of DNNs
Input : M : model with dropout layer

Xori: original test data with labels
Xnew: new data without labels
T : number of dropout predictions
n: number of buckets

Output : AccAries: estimated accuracy of Xnew

correct_num = 0
for i = 0→ n− 1 do

BucketAcci = evaluate(M, Bucket(Xori, i, T ));
correct_num+ = |Bucket(Xnew, i, T )| ×BucketAcci;

end
Accbucket = correct_num/len (Xnew) ;
Accori = evaluate(M, Xori);
Accconfident = |Bucket(Xnew,n−1)|/len(Xnew)

|Bucket(Xori,n−1)|/len(Xori) ×Accori ;
AccAries = average (Accbucket, Accconfident) ;
return AccAries;

Based on the two findings, we propose a novel technique, Aries, that can test
the performance of DNN models without requiring the label information. The key
idea of Aries is to take advantage of the labeled test sets to approximate the model
performance on the new unlabeled data. Algorithm 3 presents the details of our
technique which contains two main steps.

First, given a model M with dropout layers, the original labeled data Xori, the
number of buckets n, and the dropout prediction time T , Aries splits Xori into n
buckets according to Definition 2, and calculate the accuracy of the data in each
bucket BucketAcci (lines 2 and 3). Then, the same as the Xori, we split Xnew into n
buckets and use the bucket accuracy BucketAcci to estimate the correctly predicted
number correct_num of Xnew (line 4).

Then, we perform the accuracy estimation. First, according to finding 1, Aries
directly computes the accuracy using the correct data number of new data in each
bucket and produces the first estimation Accbucket (line 6). Then, based on finding 2,
we calculate the accuracy of the labeled data first Accori (line 7). Afterward, Aries
computes the proportion of the high confident data in the new unlabeled data to the
original test data, and then estimates the second accuracy Accconfident (line 8). In the
end, since in practice, the Accbucket (Accconfident) over(under)-estimates the accuracy,
we compute the average of the two estimated accuracy as the final output of Aries,
AccAries(line 9). We will detail explain why we combine Accbucket and Accconfident

in section 7.4. Highlight that, Aries only requires N forward propagations to work,
which is significantly more efficient than the existing training-based methods [5].

Example: Taking the cases in Fig. 7.1 as an example with 3 Buckets (n = 3),
Bucket1, Bucket2, and Bucket3. We assume that the accuracy of original test data
(Accmap) in Bucket1, Bucket2, and Bucket3 are 60%, 70%, and 80%, respectively.
And the number of original test data (BucketSizeori) in each part is 200, 300,
and 400, respectively. Then, for the new unlabeled data, the number of data in
each section (BucketSizenew) is 300, 400, and 500. Then the Acc1 is calculated
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Table 7.1: Details of datasets and DNNs

Dataset Classes Training Test DNN Parameters Accuracy (%)

ResNet20 274442 87.44CIFAR-10 10 50k 10k VGG16 2859338 91.39
ResNet101 43036360 74.09Tiny-ImageNet 200 100k 10k DenseNet121 7242504 70.70

by (200 × 60% + 300 × 70% + 400 × 80%)/(200 + 300 + 400) = 72.22%. Next,
assume that the accuracy of the original test data is 70%, the Acc2 is calculated by
((500/1200)/(400/900)) × 70% = 66.35%. The final output of Aries is (72.22% +
66.35%)/2 = 69.29%.

In Aries, the dropout prediction plays an important role in estimating the distance
to decision boundaries. Therefore, the dropout rate is the first potential influencing
factor. Next, the number of buckets that determines the splitting granularity could
be the second influencing factor. In addition, since our technique uses dropout
prediction and label change times to approximate the distance between the data and
the decision boundaries, the distance approximation method is the third influencing
factor. In Section 7.4.2 we will explore the influence and the best settings of Aries
for these three factors.

7.3 Experimental Setup
To evaluate the effectiveness of Aries, we conduct experiments on two popular

datasets, four DNN architectures, and 13 types of data transformations that are
utilized to generate new unlabeled data. Our in-depth evaluation answers the
following research questions:

RQ1: How effective is Aries in accuracy estimation?
RQ2: How does each component affect and contribute to the effective-

ness of Aries?
Subject datasets and DNN models. Table 7.1 presents the details of datasets

and models. CIFAR-10 [156] is a 10-class dataset of color images, e.g., airplanes
and birds. For this dataset, we build two models, ResNet20 [157] and VGG16 [109].
Tiny-ImageNet [158] is a more complex dataset that contains 200 image categories,
e.g., goldfish and monarch. For this dataset, we use ResNet101 and DenseNet121.
In our experiments, we take the original test data for the decision boundary analysis
to estimate the accuracy of new data.

For the new unlabeled data preparation, we directly use the popular natural
robustness benchmark dataset [159] for our experiments. This benchmark provides
two datasets, CIFAR-10-C and Tiny-ImageNet-C, that are generated by adding
common corruptions and perturbations into the original test data, e.g., by increasing
the brightness of the image. It is widely used for evaluating the model performance
on distribution-shifted data (unseen data). Besides, a recent study [153] also demon-
strates that these kinds of corrupted data can be regarded as out-of-distribution
data, because the distance between these data and the original test data is farther
than the distance between the real out-of-distribution data and the original test data.
In our evaluation, we collect 13 common types that CIFAR-10 and Tiny-ImageNet
both include, shown in Table 7.2.

86



7.3. Experimental Setup

Table 7.2: Details of data transformation methods used for generating new unlabeled
data.

Data Type Description

Brightness Increase the brightness of the image data
Contrast Increase the contrast of the object
Defocus Blur (DB) Add the defocus blur effect to the image
Elastic Transform (ET) Elastic deformation of images
Fog Add fog effect to the image
Frost Add frost effect to the image
Gaussian Noise (GN) Add Gaussian Noise perturbation to the image
Jpeg Compression (JC) Change the image to Jpeg format
Motion Blur (MB) Add the motion blur effect to the image
Pixelate Convert image to pixelate style
Shot Noise (SN) Add noise by using the Poisson process
Snow Add snow effect
Zoom Blur (ZB) Zoom the image data

Baseline. We first compare Aries with two SOTA labeling-free model perfor-
mance estimation methods:

1. Predicted Score-based Method (Predicted Score) assumes that a test
sample is correctly classified when its maximum output probability is greater than
a threshold τ . In the experiments, we follow the same setting as [5] to set the τ
as 0.7, 0.8, and 0.9.

2. Meta-set [5] is recently proposed three-step method. First, Meta-set generates
multiple diverse test sets by performing different image transformations on the
original test set. Then, it computes the Frechet Distance (FD) between the
internal outputs of generated and original test sets. Finally, a regression model
is trained by using the FD score and the accuracy of test sets. When new data
come, Meta-set calculates its FD score with the original test set and then utilizes
the regression model to estimate its accuracy. In the experiments, we utilize both
linear regression and neural network regression to build the model. The sizes of
the meta set and sample set are set as 1000 and 10000, respectively, following the
original paper. In addition, we considered the number of image transformations
as 1, 2, and 3, whereas the original paper only studied 3. In this way, we build a
strong baseline.

Then, we compare Aries with existing test selection-based model evaluation
methods, Cross Entropy-based Sampling (CES) [6] and Practical Accuracy Estimation
(PACE) [7], as baselines. Besides, we also consider random selection as the third
baseline. Remarkably, all these three baselines require selecting and labeling a subset
from the new unlabeled data to perform testing. We follow the same configuration
as the paper [7] to set the labeling budget from 50 to 180 in intervals of 10 for test
selection methods.

1. Cross Entropy-based Sampling (CES) selects the data that have the minimum
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Table 7.3: Details of our used model-level mutation operators.

Level Operator Description

Weight Gaussian fuzzing Fuzz the weights using Gaussian noise
Weight Shuffle Shuffle the weights in the same neuron

Neuron
Neuron Effect Block Block a neuron effect, i.e., change the output to 0
Neuron Activation Inverse Invert the activation status
Neuron Switch Switch two neurons in the same layer

cross-entropy with the entire test dataset. It starts from a randomly selected
small size of data and iteratively increases the size by adding other data while
controlling the cross-entropy.

2. Practical Accuracy Estimation (PACE) first clusters data based on the
output of the last hidden layer into different groups by using the hierarchical
density-based spatial clustering of applications with noise clustering method, then
utilizes the example-based explanation algorithm MMD-critic to select the most
representative data from each group to label and test the model.

Aries configuration. To reduce the number of hyperparameters in Aries, we
set the dropout prediction number to be the same as the number of Buckets (T = n
in algorithm 3), which means in each Bucket, all the data have the same LV R score.
Then, there are two remaining hyperparameters we need to set 1) the number of
Buckets we split and 2) the dropout rate. The default setting of the number of
Buckets and the dropout rate in RQ1 is 50 and 0.5, respectively. In RQ2, we study
the different Bucket number settings 10, 50, 100, and 150, and different dropout rate
settings 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9. Since the setting space is infinite
and it’s impossible to study all, we recommend the best one among our studied
settings and show that by this setting we can already get acceptable estimation
results.

Model mutation. In RQ2, we investigate if the DNN model mutation [160, 161]
can be used to replace the dropout prediction for the distance of data to boundary
approximation. Similar to the dropout, mutation can produce a variant of the original
model with a similar accuracy without retraining the model from scratch [160]. The
difference is that the dropout technique tends to fully ignore some randomly selected
neurons, while the mutation technique can also work on the weight of neurons and
the neuron status. First, we randomly use the weight-level and neuron-level mutation
operators provided by [160] to generate mutants. The detailed information of the
operators is presented in table 7.3. To preserve the quality of the mutants, we set
the mutation ratio as 0.1 (0.01) for CIFAR-10 (Tiny-ImageNet) models, and the
accuracy threshold as 0.9. Then, we follow the steps in Algorithm 3 to estimate the
accuracy of the model on the new unlabeled data.

Implementation and environments. We implement Aries in Python based on
TensorFlow [59] framework. For the baselines CES and PACE, we utilize their original
implementation. For model mutation, we use the available mutation framework
provided by the authors. We conduct all the experiments on a 2.6 GHz Intel Xeon
Gold 6132 CPU with an NVIDIA Tesla V100 16G SXM2 GPU. To counteract
randomized factors, we repeat all the experiments 5 times and report the average
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results in this paper. Due to the page limit, we put more detailed results as well as
the source code for reproducible study of this paper at the companion site1.

7.4 Results Analysis
7.4.1 RQ1: Effectiveness of Aries

Effectiveness on in-distribution data. First, we evaluate the accuracy
estimation effectiveness of the data (the two sets randomly split from the original
test data) used in our preliminary study (Section 7.2.2). Table 7.4 lists the results.
Recall that Accbucket is the accuracy estimated by the Bucket accuracy. Accconfident

is the accuracy estimated by using the size of high confidence data. AccAries is the
final estimated accuracy of Aries, the weighted sum of Accbucket and Accconfident. We
report Accbucket and Accconfident to verify the importance of each component of our
technique. The results demonstrate that all three estimations can predict the model
accuracy on the new data that follow the same data distribution as the original test
data with the difference slightly ranging from 0.07% to 1.02%. In addition, it’s hard
to determine which estimation is the best since one can perform better or worse than
the others in different datasets and models.
Table 7.4: Estimated accuracy and the absolute difference between estimated accuracy
and real accuracy(%) on the test data (New) used in the preliminary study. Real: real
accuracy. Accbucket, Accconfident, and AccAries refer to lines 6, 8, and 9 in Algorithm 3,
respectively. The best is highlighted.

CIFAR-10 Tiny-ImageNet
ResNet20 VGG16 ResNet101 DenseNet121

Real 87.28 91.18 74.16 71.98
Accbucket 87.41 (0.13) 91.33 (0.15) 73.73 (0.43) 71.93 (0.05)
Accconfident 87.35 (0.07) 90.81 (0.37) 73.39 (0.77) 70.96 (1.02)
AccAries 87.38 (0.10) 91.07 (0.11) 73.56 (0.60) 71.45 (0.54)

Effectiveness on data with distribution shift. In real-world applications,
software developers are more interested in the data that follow various data dis-
tributions since after the model has been deployed in the wild, the distribution
of new unlabeled data is uncontrollable. Thus, we evaluate Aries using the data
that contain different data distributions. Table 7.5 summarizes the results of the
accuracy estimation on the 13 types of distribution-shifted test sets. The same to
the results of the preliminary study, we report all three estimations here to analyze
the contribution of each part. Overall, different from the results on the original
test data, the AccAries is closer to the real accuracy in most cases (42 out of 52)
than Accbucket and Accconfident. On average, compared to the real accuracy, the
difference of estimated accuracy AccAries ranges from 0.03% to 2.60% across all the
datasets and models. And for each models, the average difference of AccAries is
smaller than 1% (0.52%, 0.91%, 0.27%, and 0.85% for ResNet20, VGG16, ResNet101,
and DenseNet121). Surprisingly, for Tiny-ImageNet, ResNet101, which has the most
complex model architecture among all the models we considered, all the estimated
biases are smaller than 0.59%. This means, our technique is flexible and still effective
on challenging datasets and models.

More specifically, the results reveal that, when we utilize Aries to estimate the
accuracy of distribution shifted data, only considering the Accbucket or Accconfident
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Table 7.5: Difference between estimated and real accuracy (%) under data distribution
shifts. Real: real accuracy,Accbucket, Accconfident, and AccAries refer to lines 6, 8, and
9 in Algorithm 3, respectively. Meta-set-Linear(NN)-X means Meta-set with linear
(neural network) regression and X types of image transformation combination. The
best estimation is highlighted.

Dataset DNN Brightness Contrast DB ET Fog Frost GN JC MB Pixelate SN Snow ZB Avg.
Real 87.07 85.25 87.22 79.11 86.29 82.04 87.2 81.46 78.21 82.8 78.96 80.45 76.4 82.50
Predicted score (τ = 0.7) 6.48 6.72 5.81 9.78 6.22 8.59 5.82 5.58 10.76 8.92 10.51 10.49 10.09 8.14
Predicted score (τ = 0.8) 3.46 3.11 2.61 4.87 2.96 4.35 2.65 0.43 5.56 5.18 5.75 6.03 4.74 3.98
Predicted score (τ = 0.9) 1.33 2.2 1.95 2.38 1.79 1.48 1.99 8.27 1.98 0.18 0.97 0.15 3.37 2.16
Meta-set-Linear-1 8.91 7.86 9.16 2.76 8.41 5.38 9.14 4.56 3.48 5.65 3.75 3.69 3.00 5.83
Meta-set-Linear-2 25.87 24.57 26.09 19.13 25.28 21.85 26.07 21.11 19.33 22.28 19.75 20.20 18.41 22.30
Meta-set-Linear-3 25.69 24.41 25.91 19.01 25.10 21.72 25.89 20.97 19.26 22.13 19.67 20.06 18.39 22.17
Meta-set-NN-1 5.11 7.99 4.51 4.85 8.16 10.87 4.53 9.21 3.30 8.27 11.36 6.52 2.87 6.73
Meta-set-NN-2 7.85 11.76 8.24 11.24 11.61 12.77 8.23 10.56 11.11 6.23 10.44 8.94 11.50 10.04
Meta-set-NN-3 3.71 2.85 3.88 5.53 1.41 7.44 3.91 3.96 4.90 3.55 5.34 4.97 7.86 4.56
Accbucket 0.26 0.90 0.09 4.03 0.42 2.73 0.10 2.31 4.33 2.91 3.75 3.24 5.04 2.32
Accconfident 0.23 1.25 0.59 2.58 0.83 1.89 0.60 1.20 3.86 0.16 2.27 1.36 4.97 1.68

ResNet20

AccAries 0.25 0.18 0.34 0.72 0.21 0.42 0.35 0.55 0.23 1.54 0.74 0.94 0.04 0.50
Real 91.41 90.96 91.78 88.69 91.15 87.39 91.78 87.12 89.55 88.81 85.97 85.77 88.55 89.15
Predicted score (τ = 0.7) 4.93 4.96 4.58 6.04 4.83 7.39 4.54 7.73 6.12 6.24 7.81 8.13 6.15 6.11
Predicted score (τ = 0.8) 2.65 2.57 2.62 3.41 2.59 4.61 2.58 5.24 3.82 3.85 5.33 4.89 3.56 3.67
Predicted score (τ = 0.9) 0.78 1.75 0.90 0.35 0.69 2.75 0.85 1.05 1.44 0.42 1.11 1.95 1.34 1.18
Meta-set-Linear-1 6.16 6.68 6.59 5.46 6.23 3.75 6.58 2.51 7.25 3.99 2.10 1.31 8.30 5.15
Meta-set-Linear-2 11.66 12.10 12.08 10.79 11.70 9.11 12.07 7.95 12.50 9.45 7.48 6.74 13.37 10.54
Meta-set-Linear-3 17.41 17.74 17.83 16.30 17.41 14.67 17.82 13.63 17.90 15.16 13.07 12.40 18.52 16.14
Meta-set-NN-1 162.32 150.67 157.85 135.52 153.88 148.12 157.93 141.46 137.33 154.80 145.26 146.55 119.96 147.05
Meta-set-NN-2 18.56 9.53 16.85 6.00 12.95 9.27 16.79 10.99 5.89 15.56 8.86 13.11 6.09 11.57
Meta-set-NN-3 16.22 27.11 15.89 27.55 22.52 29.10 15.98 24.48 29.34 21.22 29.72 26.21 33.94 24.56
Accbucket 0.01 0.25 0.01 0.82 0.19 1.64 0.00 1.93 0.94 1.05 2.33 2.31 0.82 0.95
Accconfident 0.65 1.79 1.47 0.99 0.51 6.85 1.26 3.38 1.99 5.68 1.78 5.21 2.45 2.62

CIFAR-10

VGG16

AccAries 0.33 0.77 0.74 0.08 0.16 2.60 0.63 0.73 0.53 2.19 0.27 1.45 0.81 0.87
Real 63.93 50.18 55.77 55.33 60.23 57.6 57.96 59.58 56.86 62.37 57.17 57.81 53.15 57.53
Predicted score (τ = 0.7) 53.92 47.55 50.88 49.74 52.42 50.94 50.08 55.57 50.07 54.83 51.31 47.76 45.53 50.82
Predicted score (τ = 0.8) 60.77 51.87 55.05 54.09 57.68 56.46 56.27 57.80 55.42 59.58 55.63 55.59 53.37 56.12
Predicted score (τ = 0.9) 62.99 50.10 54.61 53.81 58.69 56.75 57.02 58.82 55.56 61.52 56.23 55.85 52.52 56.50
Meta-set-Linear-1 2.59 7.31 2.00 3.47 0.76 3.32 1.3 1.32 1.61 0.75 1.11 2.82 3.36 2.44
Meta-set-Linear-2 19.38 5.55 11.15 10.73 15.68 13.04 13.37 15.02 12.25 17.83 12.56 13.25 8.5 12.95
Meta-set-Linear-3 28.84 14.99 20.58 20.17 25.13 22.5 22.81 24.48 21.69 27.29 22 22.7 17.93 22.39
Meta-set-NN-1 4.9 11.4 2.73 4.06 0.28 2.57 3.75 3.46 1.92 3.28 3.56 1.92 5.79 3.82
Meta-set-NN-2 14.37 3.48 7.75 6.46 12.57 13.03 14.25 13.78 8.65 13.97 13.91 11.91 4.66 10.68
Meta-set-NN-3 25.6 16.54 18.91 18.09 24.32 25.21 26.73 24.38 19.76 25.03 26.52 23.48 16.43 22.38
Accbucket 4.48 10.76 7.80 7.61 5.70 7.00 7.03 6.26 7.27 5.22 7.27 6.55 9.16 7.09
Accconfident 5.06 10.83 7.03 7.45 6.81 6.44 6.58 5.97 7.12 5.32 6.66 7.73 10.25 7.17

ResNet101

AccAries 0.29 0.03 0.38 0.08 0.55 0.28 0.23 0.15 0.08 0.05 0.31 0.59 0.54 0.27
Real 58.26 36.19 44.9 46.94 53.58 49.83 51.85 52.37 47.54 57.4 51.26 49.74 42.28 49.40
Predicted score (τ = 0.7) 5.67 7.86 12.39 10.69 7.41 9.92 6.82 8.32 11.13 5.75 7.43 10.51 10.94 8.83
Predicted score (τ = 0.8) 15.00 4.98 10.42 12.74 13.68 12.53 17.20 13.42 11.92 15.06 14.78 12.78 9.79 12.64
Predicted score (τ = 0.9) 23.84 13.03 18.01 20.66 22.68 20.88 22.64 21.62 19.69 24.14 23.05 20.99 17.50 20.67
Meta-set-Linear-1 1.23 10.05 3.32 4.54 2.31 3.69 1.41 2.85 3.51 0.22 1.58 3.7 3.31 3.21
Meta-set-Linear-2 19.71 2.54 6.2 8.3 15.01 11.22 13.24 13.79 8.89 18.86 12.64 11.13 3.54 11.16
Meta-set-Linear-3 29.07 6.7 15.46 17.59 24.36 20.54 22.55 23.13 18.18 28.23 21.95 20.45 12.77 20.08
Meta-set-NN-1 0.54 25 13.3 10.94 3.75 7.87 3.92 2.62 10.86 0.95 5.1 5.04 16.32 8.17
Meta-set-NN-2 18.26 0.11 5.29 7.93 16.83 13.69 15.28 15.53 8.25 19.58 14.13 14.81 2.68 11.72
Meta-set-NN-3 29.23 14.15 15.89 18.11 27.32 25.37 25.23 24.23 18.8 29.07 24.46 24.08 13.5 22.26
Accbucket 5.67 7.86 12.39 10.69 7.41 9.92 6.82 8.32 11.13 5.75 7.43 10.51 10.94 8.83
Accconfident 5.80 7.11 7.42 10.98 8.14 7.66 6.06 7.32 7.33 5.68 6.31 6.68 10.12 7.43

Tiny-ImageNet

DenseNet121

AccAries 0.07 0.37 2.49 0.15 0.36 1.13 0.38 0.50 1.90 0.03 0.56 1.92 0.41 0.79

is not enough, especially on the complex task (e.g., Tiny-ImageNet). The average
difference of Accbucket and Accconfident of Tiny-ImageNet is greater than 7%, which is
a very big bias. To understand why AccAries works, we check the results of Accbucket

and Accconfident separately and find that, generally, the Accbucket is over-estimation
(48 out of 52 cases) while the Accconfident is under-estimation (48 out of 52 cases).
We conjecture that this is because the learned decision boundary can not thoroughly
work well on the data that have shifted distribution. The potential reason is that,
in fact, the performance of the model on the high confident data (LV R is 1) of
the shifted data can be lower than the original test data, e.g., 99.57% (original
test data) vs 95.10% (Brightness data) of CIFAR-10-VGG16 model. The data with
high confidence have a large proportion over all the data (e.g., there are 7969 data
whose label consistent time is 50 for CIFAR-10-VGG16). Then, the results (line
4 in algorithm 3) can be overestimated. On the other hand, there are more data
that the model has low confidence in but are still correctly predicted, e.g., 43, 51, 44
(Brightness data) vs 24, 27, 18 (original test data) when LV R times are 0.6, 0.62,
and 0.64 of CIFAR-10-VGG16 model. This can make the size of high confident data
in the shifted set as well as the Accconfident under-estimation. However, AccAries

finally averages the under- and over-estimation and produces a more precise accuracy.
In the remaining experiments, we only report the results of AccAries.
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(a) CIFAR10, ResNet20
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(b) CIFAR10, VGG16
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(c) ImageNet, ResNet
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(d) ImageNet, DenseNet

Figure 7.4: Comparison with test selection methods. Transformation: contrast.

Comparison with baselines. First, we compare Aries with labeling-free meth-
ods. From Table 7.5 we can see that Aries outperforms the different configurations of
the two baselines in most cases (50 out of 52). Besides, considering the average results,
Aries can always stand out. Then, we compare Aries with test selection methods.
Fig. 7.4 presents the results of shifted test sets with the contrast transformation.
Considering the results produced by each test selection method, we found that there
are some conflicting conclusions compared to the original papers. For example, [7]
reports that PACE outperforms CES in its evaluation settings. However, from our
results, only in CIFAR-10-VGG16-Contrast, PACE significantly outperforms CES.
Under other settings, the results of these two methods fluctuate greatly. The same
conflict occurs in random selection. In our evaluation, the existing well-designed
test selection methods cannot consistently perform better than the random selection.
This phenomenon reflects that, the evaluation of existing test selection methods for
accuracy estimation is insufficient. Distribution shifts in data should be considered.

By comparison, Aries achieves competitive results with test selection methods.
Although in some situations, selection-based methods achieve better results than
Aries, e.g., in CIFAR-10-ResNet20-Brightness, when the labeling budget is 90, CES
can estimate the accuracy more precisely. Overall, our technique performs the best
in most cases (96 out of 128). Besides, Aries achieves more stable performance than
the selection-based methods. For example, in CIFAR-10-ResNet20-Brightness, the
estimation bias of CES can vary from 0.01% to 2.44% by using different labeling
budgets, which could waste human resources while obtaining unexpected results.

Answer to RQ1: Aries estimates the model accuracy with a slight bias ranging
from 0.03% to 2.60%. In addition, Aries outperforms labeling-free methods in 50
out of 52 cases and test selection-based methods in 96 out of 128 cases.
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7.4.2 RQ2: Influencing Factor Study
Next, we explore how different configurations and settings affect the performance

of Aries. As mentioned in Section 7.2.3, there are three main factors we need to
consider, the number of buckets (n in algorithm 3), the dropout rate of the dropout
layer, and the distance approximation method.

Number of Buckets. Fig. 7.5 presents the results of the accuracy estimation
using Aries by different settings of the bucket number. The first conclusion we
can draw is that, this factor has quite an impact on the results. For instance,
in ImageNet-DenseNet121-Contrast, using 10 buckets can increase the accuracy
difference by almost 10% than using 50 buckets. However, it’s clear that there is no
such setting that performs consistently better than others in all datasets and models.
For example, in CIFAR10-VGG16, n = 10 is a relatively good setting. However, in
CIFAR10-ResNet20, n = 10 is the worst among the four settings which means the
setting of Bucket number is highly datasets and model-dependent. But if we check
the more detailed values, we can see that, in total, in 5, 28, 6, and 13 cases, using 10,
50, 100, and 150 buckets can achieve the best estimation results, respectively. And
on average, the differences between the estimated accuracy and the real accuracy are
2.62%, 0.61%, 1.39%, and 1.61%, respectively. Therefore, for the number of buckets,
even though there can be no best setting, 50 is recommended among the studied
settings. Conclusion: The number of Bucket highly impacts the performance of
Aries. However, this hyperparameter setting is dataset and model-dependent. Thus,
users should set this number according to the real use cases. n = 50 is a default
setting of Aries.
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(c) ImageNet-ResNet101
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(d) ImageNet-DenseNet121

Figure 7.5: Accuracy difference (%) between the real accuracy and the estimated
accuracy by using different Bucket numbers.

Dropout Rate. Table 7.6 presents the difference between the real and estimated
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Table 7.6: Difference (%) between the real and estimated accuracy by Aries using
different dropout rates. DR: Dropout rate.

Dataset DNN DR Brightness Contrast DB ET Fog Frost GN JC MB Pixelate SN Snow ZB Avg.
0.1 0.31 1.27 0.10 4.79 0.44 3.33 0.08 3.91 5.82 3.20 5.60 4.84 6.40 3.08
0.2 0.26 0.94 0.03 3.53 0.39 2.64 0.11 3.12 3.99 2.66 4.43 4.03 4.67 2.37
0.3 0.15 0.45 0.37 2.45 0.20 1.88 0.33 2.39 2.58 2.29 3.40 3.21 3.04 1.75
0.4 0.19 0.14 0.29 1.55 0.07 1.16 0.30 1.75 1.28 1.86 2.46 2.47 1.67 1.17
0.5 0.25 0.18 0.34 0.72 0.21 0.42 0.35 0.55 0.23 1.54 0.74 0.94 0.04 0.50
0.6 0.27 0.58 0.37 0.51 0.35 0.36 0.27 0.42 1.37 1.33 0.52 1.42 1.48 0.71
0.7 0.38 1.22 0.55 2.38 0.90 1.50 0.48 0.34 3.14 0.92 0.61 0.80 3.67 1.30
0.8 0.26 2.68 0.71 5.13 1.56 3.33 0.56 2.22 5.91 0.16 2.36 0.73 7.00 2.51

ResNet20

0.9 0.28 5.70 1.63 10.76 3.91 8.06 1.57 6.40 11.21 1.65 6.66 5.30 14.16 5.95
0.1 0.09 0.03 0.24 0.15 0.11 0.56 0.09 0.99 0.23 0.55 0.82 0.79 0.55 0.40
0.2 0.25 0.23 0.13 1.37 0.03 0.89 0.25 0.56 0.70 0.31 0.73 1.03 1.85 0.64
0.3 0.08 0.09 0.50 2.29 0.02 1.78 0.61 1.47 1.09 0.83 2.09 2.03 2.97 1.22
0.4 0.04 0.29 0.58 3.28 0.13 3.12 0.46 2.41 2.02 1.41 0.52 0.00 4.01 1.41
0.5 0.33 0.77 0.74 0.08 0.16 2.60 0.63 0.73 0.53 2.19 0.27 1.45 0.81 0.87
0.6 0.07 0.37 1.44 6.66 0.13 6.15 0.83 4.96 5.28 3.46 6.20 8.14 8.01 3.98
0.7 1.37 1.19 0.13 11.16 0.93 9.28 1.00 7.87 9.80 4.50 7.65 11.22 12.75 6.07
0.8 2.14 7.92 3.09 17.70 6.21 14.39 1.31 14.03 16.51 6.66 10.76 15.33 22.79 10.68

CIFAR-10

VGG16

0.9 4.44 18.12 20.54 27.27 1.19 16.61 7.01 20.87 25.63 0.79 10.75 24.61 30.86 16.05
0.1 3.12 7.44 5.14 4.86 3.74 4.46 5.02 4.09 4.90 3.85 4.97 4.02 6.18 4.75
0.2 2.36 5.24 3.33 3.01 2.25 3.01 3.60 2.72 2.78 2.76 3.42 2.31 4.19 3.15
0.3 1.37 3.23 1.73 1.36 0.75 1.81 2.02 1.23 1.42 1.57 1.78 0.82 2.57 1.67
0.4 0.18 1.29 0.11 0.60 0.22 0.37 0.29 0.24 0.06 0.36 0.06 0.53 0.56 0.37
0.5 0.29 0.03 0.38 0.08 0.55 0.28 0.23 0.15 0.08 0.05 0.31 0.59 0.54 0.27
0.6 1.11 1.44 1.69 2.70 2.01 1.65 1.44 1.75 2.14 1.30 2.36 3.08 1.68 1.87
0.7 1.82 3.10 2.92 3.36 2.82 2.66 2.94 3.15 2.72 2.56 3.80 4.26 3.37 3.04
0.8 0.16 3.95 3.30 4.03 2.32 4.16 3.03 2.52 2.83 1.86 4.04 3.99 3.36 3.04

ResNet101

0.9 5.81 2.88 3.60 8.32 4.12 1.02 1.09 1.13 1.86 3.06 3.37 6.34 0.83 3.34
0.1 0.24 5.41 2.15 1.40 0.28 1.03 1.04 0.30 1.45 0.24 1.26 1.76 3.20 1.52
0.2 0.09 0.34 2.56 0.05 0.55 1.11 1.66 0.38 1.49 0.17 1.40 1.78 1.36 1.00
0.3 0.09 1.52 2.41 0.31 0.52 0.84 1.36 0.34 1.62 0.14 1.62 2.08 1.09 1.07
0.4 0.36 0.83 2.71 0.46 0.02 1.45 1.60 0.75 1.84 0.15 1.76 2.42 0.66 1.15
0.5 0.07 0.37 2.49 0.15 0.36 1.13 0.38 0.50 1.90 0.03 0.56 1.92 0.41 0.79
0.6 0.37 0.78 2.34 0.42 0.38 1.30 1.77 0.63 1.85 0.06 1.85 1.65 0.33 1.06
0.7 0.21 0.55 2.39 0.01 0.60 1.00 1.08 0.35 1.57 0.35 2.01 1.92 1.07 1.01
0.8 0.46 0.39 2.15 0.15 0.37 0.98 1.35 0.33 1.43 0.62 1.33 1.64 1.45 0.97

Tiny-ImageNet

DenseNet121

0.9 0.08 0.65 2.51 0.29 0.60 0.97 1.16 0.23 1.58 0.01 1.95 1.94 1.52 1.04

accuracy by Aries using different dropout rates. Similar to the study of the Bucket
number, there is no dropout rate setting that can consistently outperform others.
But still, a relatively better setting exists through a deeper analysis. In total, in
6, 5, 3, 10, 19, 4, 2, 6, and 1 cases, the dropout rate 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7,
0.8, and 0.9 achieve the best estimation results, respectively. This indicates that the
dropout rate = 0.5 is the best among all the studied settings in terms of achieving
the most precise estimation. Then, looking into the average results, we draw a
similar conclusion that when we set the dropout rate as 0.5, in 3 (out of 4) cases, the
estimated accuracy is closer to real accuracy compared to other settings. Fig. 7.6
depicts the trend of the average difference between real and estimated accuracy by
using different dropout rates (Column Average in Table 7.6). We can see that, the
difference drops first when the dropout rate increases, and after the dropout rate
reaches around 0.5, the difference increases. Conclusion: There is no dropout rate
setting that always performs the best. We recommend using the dropout rate of
around 0.5 for Aries to gain better results.

Mutant for Distance Estimation. Finally, since at each prediction time, the
dropout model can be seen as a mutant of the original model, we explore if we can
utilize model mutation for replacing dropout prediction to approximate the distance
between data and decision boundaries.

Table 7.7 presents the results of the comparison between the two ways of approx-
imating the distance between the data and the decision boundaries. When replacing
the dropout with mutants (change M in Definition 1 to mutants), Aries still works
in some cases. For CIFAR-10, Aries with mutants can still produce some acceptable
results, e.g., in 10 cases, the difference is smaller than 1%. Compared to Aries with
dropout, in 10 out of 26 cases, the mutant achieves better results. On average,
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Figure 7.6: The trend of the average difference between real accuracy and estimated
accuracy by using different dropout rates. The rate at 0.5 is a common turning point
of the accuracy difference for all datasets and models.

Table 7.7: Comparison between dropout and mutant. Each value is the absolute
difference between real and estimated accuracy (%).

CIFAR-10 Tiny-ImageNet
ResNet20 VGG16 ResNet101 DesNet121Data Type

Mutant Dropout Mutant Dropout Mutant Dropout Mutant Dropout
Brightness 0.12 0.25 0.01 0.33 4.49 0.29 6.71 0.07
Contrast 0.95 0.18 0.00 0.77 10.67 0.03 19.62 0.37
DB 0.24 0.34 0.15 0.74 7.80 0.38 14.08 2.49
ET 3.30 0.72 1.19 0.08 7.72 0.08 11.74 0.15
Fog 0.51 0.21 0.14 0.16 6.02 0.55 8.43 0.36
Frost 2.97 0.42 2.36 2.60 7.08 0.28 11.25 1.13
GN 0.25 0.35 0.21 0.63 7.28 0.23 9.94 0.38
JC 3.38 0.55 2.68 0.73 6.39 0.15 9.52 0.50
MB 4.04 0.23 1.17 0.53 7.34 0.08 12.77 1.90
Pixelate 2.80 1.54 1.56 2.19 5.43 0.05 6.43 0.03
SN 4.49 0.74 3.00 0.27 7.34 0.31 10.67 0.56
Snow 3.66 0.94 2.95 1.45 6.67 0.59 11.61 1.92
ZB 4.50 0.04 1.26 0.81 9.28 0.54 15.50 0.41
Avg. 2.40 0.50 1.28 0.87 7.19 0.27 11.41 0.79

there are only 1.9% and 0.42% effectiveness gaps between these two ways. However,
the performance of Aries with mutants becomes worse in Tiny-ImageNet, and the
difference increases significantly compared to using dropout. In all the cases, Aries
with mutants performs worse than with dropout. This phenomenon indicates that
Aries with mutants can only work on simple datasets and models. This is reasonable
because, at each prediction time, the status of the dropout model might appear in the
training process due to its design nature [162]. Thus, it can reflect the learned deci-
sion boundary more precisely. However, the post-training model mutation randomly
modifies the model, which could totally change the learned decision boundary even
if it maintains the accuracy. Conclusion: Aries with using mutants can achieve
similar accuracy estimation results with using dropout in CIFAR-10 dataset, while
fails in Tiny-ImageNet dataset. It needs more careful mutation operator selection
and hyperparameter tuning to ensure the decision boundary does not change too
much after model mutation.
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Answer to RQ2: The number of buckets and dropout rate affect the performance
of Aries. 50 and 0.5 are the recommended settings, respectively. Simply replacing
the dropout with mutants can work on the simple dataset (CIFAR-10) but fails
on the complex dataset (Tiny-ImageNet).

7.5 Discussion and Threat to Validity
7.5.1 Limitations & Future Directions

Limitations. 1) The first potential limitation is that Aries might suffer from
adversarial attacks [163]. A strong adversarial attack method can control the distance
between the adversarial examples and the decision boundaries by pushing the original
data close to or far away from the decision boundary, which invalidates our learned
boundary information. However, adversarial attack is a common concern for all
methods. For example, for the output-based methods (PACE and CES), white-box
adversarial attacks can be designed to change the output of the neurons to force these
methods to select useless data to label. How to defend against adversarial attacks
is an open problem. 2) The second limitation comes from our assumption that we
already have some labeled test data. In general, this assumption can stand. However,
in extreme cases where only the model and new unlabeled data are available, we still
need to undertake data labeling.

Future directions. 1) We only utilize the original labeled test data to gain the
decision boundary information, and it works well in our evaluation subjects. There
could be a way to do data augmentation based on the labeled data and increase the
data space we have. In this way, we can learn more precise boundary information and,
therefore, make better accuracy estimations for the new unlabeled data. 2) Although
dropout uncertainty is the widely studied uncertainty method and works well in our
technique, the mutant prediction is the closest way to the dropout prediction. Some
other uncertainty methods can be used to approximate the distance between data
to the decision boundaries, e.g., DeepGini [23]. We plan to study more methods
and explore if there is a better way to replace dropout prediction. On the other
hand, adversarial attacks can be used to achieve the same goal [164]. 3) Maybe more
interestingly, we tend to explore if Aries can be used in other types of datasets and
models, e.g., models for code learning.

7.5.2 Threats to Validity
The internal threats to validity are the implementations of our technique, the

baselines, and mutation operators as well as the preparation of new unlabeled data.
Our technique is simple and easy to implement and its core part is using pure Python.
Also, we release our code for future study. All the implementations of the baselines
and the mutation operators are from the original papers. For the new unlabeled
data, to reduce the influence of parameter settings (e.g., which levels of brightness
should be added), we directly reuse the released datasets that are widely studied in
the literature.

The external threats to validity come from the selected datasets and models for
our evaluation. For the dataset, we use two commonly studied ones from the recent
research [165, 166, 167]. For each dataset, we build two different model architectures
from simple to complex. Compared to the existing test selection works [7, 6] which
stop by ResNet-50, our considered model architectures are more complex (ResNet101

95



Chapter 7. Aries: Efficient Testing of Deep Neural Networks via
Labeling-Free Accuracy Estimation

and DenseNet121). Besides, another threat that comes from the model could be
model calibration (roughly speaking, the diversity of models) [168]. Actually, our
evaluation involves both well-calibrated and poorly-calibrated models. Indeed, the
Predicted score-based method can witness model calibration to some extent. For
CIFAR-10-VGG16, this method (with τ = 0.9) reveals that around 90% of data
have > 90% confidence, thus, the model is over-confidence. For a similar reason,
Tiny-ImageNet-ResNet101 is under-confident. For the new unlabeled data, we also
follow the previous works [169, 170, 171] that evaluate the model robustness to
prepare our test sets. Even though collecting unlabeled data in the wild is a good
way to further evaluate our method. It is not easy to collect and label massive new
data. In this paper, we believe the 13 transformation techniques we used to simulate
distribution shifts can achieve high data diversity.

7.6 Conclusion
We proposed Aries to automatically estimate the accuracy of DNN models on

unlabeled data without labeling effort. The main intuition of Aries is that a model
should have similar prediction accuracy on the data that have similar distances
to the decision boundaries. Specifically, Aries employs the dropout uncertainty to
approximate the distance between data and decision boundaries and learns this
boundary information from the original labeled test data to estimate the accuracy of
new unlabeled data. Our evaluation of two commonly studied datasets, four DNN
architectures, and 13 types of unlabeled data demonstrated that Aries can precisely
predict the model accuracy. Besides, we demonstrated that Aries outperforms SOTA
labeling-free estimation methods and test selection-based methods.
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8 An Empirical Study on Data Distribution-
Aware Test Selection for Deep Learn-
ing Enhancemen

In this chapter, we first conduct a systemically empirical study to reveal the impact
of the retraining process and data distribution on model enhancement. Leveraging
the insights gleaned from this investigation, we propose a novel distribution-aware
test (DAT) selection metric for model retraining.
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Chapter 8. An Empirical Study on Data Distribution-Aware Test
Selection for Deep Learning Enhancemen

8.1 Introduction
Deep Neural Networks (DNNs) are increasingly integrated into large software

systems in various applications, such as face recognition [172], autonomous vehicles
[173], speech recognition [174], video gaming [149], and so on. Despite the impressive
success and great potential of DNNs, there are crucial accidents caused by quality
issues of deep learning (DL) systems, e.g., Tesla/Uber accidents [175]. Therefore,
similar to traditional software products, DNNs are required to undertake careful test-
ing to check whether they match the expected requirements for reliable deployment.
In practice, DNNs are mostly tested on a set of examples – the test set – that is
extracted from the same dataset as the training set. As a result, by default, the test
set and training set follow the same data distribution.

However, in real-world applications, Deep Learning (DL) systems face an im-
portant hurdle: the effectiveness (e.g. prediction accuracy) of the embedded DNN
declines over time due to changes in data distribution. These distribution shifts
[176] originate from multiple causes, e.g., changes in user behavior, seasonal data
patterns, benign alterations in the inputs, etc. In such cases, software engineers have
no choice but to manually re-engineer the DNN (i.e. design the architecture, set
the hyperparameters, and train on the data anew). These re-engineering activities
require considerable human and computational effort that is akin to the original
production of the model. Distribution shift, therefore, constitutes one of the most
important obstacles to the widespread dissemination of DL.

Similar to the general problem of software maintenance in conventional software
engineering, distribution shift concerns enhancing the capability of the ML model
to deal with unseen inputs. With the rapid growth of data that could follow a
different data distribution, DL models may exhibit a misleading sense of achieving
high performance on the original test data while having unexpected performance on
the new data. Therefore, DL systems – in particular, the DNNs that are the essential
backbone of these systems – also need to be evolved upon having the massive amount
of collected new test data for continuous enhancement.

Fortunately, DL systems do not need to be re-engineered each time a distribution
shift occurs but can rather cope with such shifts through a development strategy
that promotes incrementality. Common strategies to combat drifts include retraining
the DL model, that is, updating the DNN weights through additional training
epochs using the new data. The retraining process can be entirely automated and,
therefore, can avoid the heavy human and computational overhead of complete re-
engineering. (Re)Training a DNN requires labels of the collected data to calculate the
loss information and guide the tuning of the model weights. However, data labeling
is another important practical overhead. The reason is that although collecting
massive new data (usually raw and unlabeled) is cheap and easy, labeling all of them
is often manual, expensive, and prohibitively time-consuming. For example, labeling
the first version of the ImageNet dataset took groups of people more than 3 years
[86]. Particularly, the manual task of labeling can be more challenging in specific
applications, when domain-specific knowledge is required.

Test selection refers to the area of research concerned with selecting, from a large
set of unlabelled data, those data that are more likely to reveal errors in a given DNN
[24]. Research has recently developed selection metrics to address this problem [177,
178, 95, 179, 180] as well as reduce the labeling effort. Once fault-revealing data have
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been found and labeled, the same data can be used to retrain the model (removing
the errors that these data represent) and, thereby, improve its generalization. While
these metrics have demonstrated their potential to test and improve DNNs, we
observed fundamental and experimental gaps that we aim to address in this paper:

1. Utilization of two different retraining processes. The retraining process plays a
key role in the model enhancement, which leads the model to learn new infor-
mation while keeping the original knowledge. However, in existing studies, two
different retraining processes are used for model enhancement and the impact
of each process is still unclear and not explored. Taking three state-of-the-art
metrics as an example, the Multiple-Boundary Clustering and Prioritization
(MCP) [178] and the surprise adequacy guided metric [95] retrain a DNN
using only this subset. On the contrary, DeepGini [177] uses both the original
training data and this subset.

2. Unaware of data distribution shift. The shift of data distribution refers to the
phenomenon that the distributions of training and test data are different, such
as the images taken under different brightness. Usually, the data following
the same or a different distribution are regarded as in-distribution (ID) or
out-of-distribution (OOD) data, respectively. The distribution shift can be
divided into two types, 1) synthetic distribution shift which comes from the
computer-generated perturbation; 2) natural distribution shift which comes
from unseen and unperturbed data. Data distribution has been proven to
be critical in deep learning testing, especially for practical deployment of DL
models [47, 48]. However, this factor is not considered in existing test selection
metrics.

3. Evaluated by narrow experimental setups. We observe that the effectiveness
of existing selection metrics for model retraining is insufficiently evaluated.
For instance, MCP is only evaluated on a combination of original test data
(80%) and new data (20%), while DeepGini only selects data from the new
data (100%) and retrains the model accordingly. The other combinations of
data are uncovered and should be considered in the evaluation.

To elaborate on and address these limitations, in this paper, we conduct an
empirical study to evaluate existing selection metrics under various data distribution
shifts and answer the following three research questions:

RQ1: Which retraining process achieves better model enhancement?
RQ2: How effective are different test selection metrics under different data distribu-

tions for model enhancement?
RQ3: Concerning data distribution and class bias, what are the characteristics of the

data selected by different metrics?
Overall, our empirical study evaluates 6 selection metrics over 5 datasets (including

3 image datasets and 2 text datasets) and 2 DNN architectures for each dataset
(including both feed-forward neural networks (FNNs) and recurrent neural networks
(RNNs)). In total, we retrained 71280 models. By investigating the above research
questions, we found that retraining using both the original training data and selected
data achieves better results for model enhancement. Moreover, we observed that
using this retraining process, existing selection metrics perform differently under
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different data distributions. For example, when OOD data are more than 70% in
the new set, random selection performs surprisingly the best. Besides, we found
that class bias is another potential characteristic in addition to data distribution
for data selection. Based on these findings, we further propose a distribution-aware
test (DAT) selection metric to alleviate the impact of distribution shifts on model
retraining. The key idea of DAT is to select uncertain and representative data
from the ID and OOD sets, respectively. In detail, we first utilize an OOD
detector to split the new data into the ID set and OOD set. Afterward, for the
ID set, DAT selects the most uncertain data which follow the same distribution as
the training data but are not well learned by the model. For the OOD set, DAT
selects the most representative data, which means the selected data can represent the
whole set. To demonstrate the effectiveness of our metric, we conduct experiments
to answer the following two research questions. The experimental results show that
DAT achieves the best performance among all the existing metrics.

RQ4: Under synthetic distribution shifts, how effective is DAT for model enhance-
ment?

RQ5: Under natural distribution shifts, how effective is DAT for model enhancement?
In summary, the main contributions of this paper are:
• To the best of our knowledge, we are the first to conduct a systemically empirical

study of investigating how the retraining process and data distribution impact
the test selection for model enhancement.

• This is the first study that analyzes and explores the characteristics of data
selected by different metrics in terms of both data distribution and class bias.

• We propose the first distribution-aware test selection metric (DAT), which can
reduce the impact of data distribution on model enhancement. Besides, we
release our implementation and datasets for future use and research.1.

8.2 Objectives and Problem Formulation
Let us consider a N -class classification task over data X ⊆ Rd and labels Y ⊆ Z.

Let f : x → y refer to a DNN trained on X in ⊂ X, with x ∈ X and y ∈ Y . We
denote the distribution of the data X in as Din and we refer to these data as the ID
data. Now let Xout be a set of data that follow a mixture of distributions Din,Dout

where Dout is an arbitrarily complex (possibly a mixture) distribution that differs
from Din. That is, Xout is a data sample that results from a distribution shift from
Din to Din,Dout. We furthermore assume that Xout is unlabelled and we name these
data the OOD data.

Our goal is to decrease the computational and human effort to improve models
when distribution shift occurs. We aim to maximize the performance (e.g. accuracy)
of the DNN on some Xout

test ⊂ Xout. We assume that we are allowed to change
neither the architecture nor the hyperparameters of the DNN. Instead, we follow the
straightforward and low computation-cost method that consists to retrain the model
for an additional number n of epochs with an independent sample Xout

train ⊂ Xout

that has no overlap with Xout
test. Given that we aim to minimize labeling cost, we also

want |Xout
train| to be under a predefined data budget b.

To address this challenge, we empirically investigate two key factors that may
affect the effectiveness of retraining: the retraining process and the selection metric

1https://github.com/code4papers/DAT
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– i.e. the metric used to select Xout
train from Xout. Our analysis of the literature has

revealed two types of retraining processes: retrain with X t
train only or with a mixture

of Xout
train and Xin. As for selecting Xout

train, we consider selection metrics that have
been proposed in the literature and have also been used for retraining [177, 178, 95,
179, 180].

8.3 Empirical Study Methodology
First of all, to answer the first three research questions, we conduct a comprehen-

sive empirical study to explore how retraining processes and data distribution affect
the effectiveness of selection metrics for model retraining. This study provides the
motivation for our proposed distribution-aware selection metric (Section 8.5).

8.3.1 Study Design

Train

Selection
metrics

DNN

RQ3: what are the characteristics 
of selected data?

Training set

Candidate set

Test set

Selected set

Selected set + Training set
or

Selected set

Retrain

DNN
Accuracy

Test

Select

RQ1: which retraining
process is better?

RQ2: how effective are the
test selection metrics?

OOD candidate set OOD Test set

Training set Candidate set Test set

Training set ID candidate set ID test set
Original dataset

Distribution shift dataset

Split

Split

Pre-train

Retrain

ID test set

Figure 8.1: Procedure of data preparation. ID and OOD are short for in-distribution
and out-out-distribution, respectively. All candidate sets are unlabeled, and the
others are labeled.

To conduct the empirical study, we first prepare the data as shown in Figure
8.1. Given a dataset, we randomly split it into three separate sets, training set, ID
candidate set, and ID test set, to build pre-trained DNNs. Afterward, we partition
the distribution shift (OOD) dataset into the OOD candidate and test sets. Please
refer to Section 8.3.4 for details of obtaining distribution shift datasets. Finally, we
combine ID and OOD data with a certain ratio to simulate different distribution
shifts. For instance, 10% ID + 90% OOD indicates that the new data has a dramatic
shift where 90% data are unseen by pre-trained DNNs. In our study, we use 11
different combinations with the ratio ranging from 0% to 100% at a 10% interval.
The candidate set represents new unlabeled data for selection and retraining, and the
test set follows the same distribution as the candidate set for performance evaluation.

Figure 8.2 gives an overview of our empirical study. 1) We first prepare pre-trained
models for each dataset, 2) then utilize different selection metrics to select and label
data. Next, 3) we use the selected data to retrain the pre-trained model with another
few epochs. Finally, 4) we test the retrained models on both the ID and new test
sets.

One factor that could highly affect the performance of the retrained model is
the retraining process. In the literature, there are mainly two processes for model
retraining. One is to retrain using only the selected data [95, 178]. The other is using
both the training and selected data [177]. To answer RQ1, we apply both processes
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separately to produce two retrained DNNs. Next, we test the retrained models on
test sets and compute their performance. Later, based on the findings of RQ1, we
will apply the better retraining process to analyze how the data distribution would
affect the effectiveness of each selection metric for model retraining and answer RQ2.
In this phase, we only consider the test accuracy of retrained models. Furthermore,
we investigate the properties of selected data by different selection metrics to answer

RQ3.
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Figure 8.2: Overview of our empirical study.

8.3.2 Datasets and DNNs
In our empirical study, we consider 5 publicly available datasets, MNIST [73],

Fashion-MNIST [181], CIFAR-10 [75], IMDb [103], and Newsgroups [182]. MNIST is
a collection of grayscale images of hand-written digits, e.g., 1, 2. Fashion-MNIST
includes grayscale images of fashion products, e.g., coat, shirt. CIFAR-10 contains
color images, e.g., airplane, bird. IMDb is a dataset containing movie reviews that
are widely used for sentiment analysis (i.e., positive or negative). Newsgroups is a
text dataset that includes 20 different newsgroup subjects, e.g., space, baseball. For
MNIST, Fashion-MNIST, and CIFAR-10, we randomly pick 10000 data from the
training set as the candidate set. For IMDb and Newsgroups, we randomly collect
5000 and 4000 data from the training set as the candidate set, respectively. For each
dataset, we use two different well-known DNN models in previous research. For the
image datasets, we consider the famous convolutional neural networks (CNNs), for
example, LeNet and ResNet. Since recurrent neural networks (RNNs) are good at
handling sequential data, we utilize embedding layers to encode the text into vectors
first, then we use RNNs to process the vectors and predict sentiment results. Besides,
we follow [183] to build the fully connected neural network for the Newsgroups
dataset. Hence, our study covers image and text data, feed-forward, and recurrent
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neural networks. All the detailed model architectures and hyper-parameters are
available on our project website 1. Table 8.1 shows details of the datasets and DNNs.
We measure model performance in terms of accuracy, as it is the metric originally
used for the tasks and datasets that we study. Note that since we do not use all the
training data to train the model, the test accuracy of each model may not achieve
the state-of-the-art.

Table 8.1: Datasets and DNN models. “Test accuracy” is the accuracy (%) of the
ID test set (see Figure 8.1).

Dataset Data Type #Training #Test #Classes DNN #Layers #Parameters Test accuracy (%)

MNIST Image 60000 10000 10 LeNet-1 5 3246 97.91
LeNet-5 7 107786 98.90

Fashion-MNIST Image 60000 10000 10 LeNet-1 5 3246 87.29
LeNet-5 7 107786 90.29

CIFAR-10 Image 50000 10000 10 ResNet-20 20 274442 85.79
NiN 23 972658 87.16

IMDb Text 25000 5000 2 LSTM 5 2694206 85.61
GRU 5 2661694 86.46

Newsgroups Text 4000 1000 20 NN1 2 450650 86.70
NN2 3 452600 81.30

8.3.3 Selection Metrics
Various selection metrics have been proposed and evaluated for data prioritization

and data labeling effort reduction. In this study, we choose 4 metrics (MCP, DeepGini,
CES, and DSA) proposed in the SE community. Note that MCP, CES, and DSA
have been evaluated as the best metrics in a recent study [178] compared with the
others, such as the likelihood-based surprise adequacy (LSA) [95] and adaptive active
learning (AAL) [184]. DeepGini is a newly proposed method for enhancing the
performance of DNNs. Additionally, we take the random selection metric as the
baseline. Given that the task of active learning within each stage is similar to test
selection, the most basic and popular metric, Entropy, [89] is also considered for
comparison. We briefly introduce each metric as follows.

Throughout the paper, we use pi (x), 0 ≤ i ≤ N to represent the predicted
probability of x belonging to the ith class.
1) Random Random selection is a basic and the simplest selection method. It
draws data directly from the given set regardless of the model’s behavior. Each data
is randomly selected, namely, has the same probability of being chosen.
2) Multiple-Boundary Clustering and Prioritization (MCP) MCP [178]
selects test data limited in decision boundary areas. Concretely, it proceeds in three
steps. First, the DNN model runs on each test sample to give a sequence of output
probabilities. Second, MCP conducts a boundary area clustering to divide the data
into different clusters. A cluster (the boundary area between two classes) is formed
according to the top two classes of test data. Besides, for each test data, MCP
computes its priority in its belonging cluster as the ratio of the probability of the first
class to the probability of the second class. Finally, test data with high priorities are
evenly selected from each non-empty cluster. The intuition behind MCP is that if
the top-2 probabilities of a test sample are close, this sample is close to the decision
boundary between the corresponding two classes.
3) Cross Entropy-based Sampling (CES) The main idea of CES [179] is to select
a subset of test data that can maximally represent the distribution of the entire test
dataset via the cross entropy. More specifically, this subset should have the minimum
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cross entropy with the entire test dataset. To solve this optimization problem, CES
utilizes a similar algorithm to the random walk [185]. It starts with a random subset
T (smaller than the budget) with a few test data, then repeatedly enlarges T by
merging another subset P that is randomly selected and has the minimum cross
entropy with T .
4) Distance-based Surprise Adequacy (DSA) DSA [95] is an adequacy criterion
that aims at measuring how surprising a test sample is to a DNN model concerning
the training data. It computes the surprise adequacy by the Euclidean distance
between the model’s behaviors represented by the activation traces of the test sample
and the training set. Finally, the data with high adequacy are selected.
5) DeepGini Similar to Entropy, DeepGini [177] also selects the most uncertain
data using the output probabilities by:

arg max
x∈X

(
1−

N∑
i=1

(pi (x))2
)

(8.1)

6) Entropy-based metric (Entropy) As a widely used information-theoretic
metric, entropy, also known as Shannon entropy [186], measures the average level of
information required to obtain a possible prediction. In other words, it calculates
the uncertainty for a DNN model to output a prediction. Based on this concept,
Entropy [89] selects the test data that have the maximum uncertainties, and its
formal definition is:

arg max
x∈X

(
−

N∑
i=1

pi (x) log pi (x)
)

(8.2)

Most of the aforementioned metrics (MCP, CES, DeepGini, and Entropy) are
only designed for classification tasks since they require the output probability of
each class in their methodologies. The only exception is DSA, which also works
for regression tasks. Our metric DAT is also designed for classification tasks – one
objective of DAT is to collect data with balanced classes. Therefore, in our study,
we only focus on the classification tasks. Nonetheless, to the best of our knowledge,
our study is the largest one that considers both image and text classification tasks
with both synthetic and natural distribution shifts.

8.3.4 OOD Data Preparation
In our study, we consider two types of distribution shift, synthetic and natural.

Both are widely studied in recent works [187, 183].
8.3.4.1 OOD data with synthetic distribution shift

Synthetic distribution shift comes from the computer-generated perturbation. In
the literature [178, 47, 18, 188], there are two types of image mutation methods to
generate noise data: image transformation [189] and adversarial attack [190]. Table
8.2 describes the six image transformations and the two adversarial attacks used in
our study. Image transformation applies basic geometric transformations to mimic
different real-world conditions such as changing the contrast or brightness of images
and rotating the camera. Here, we consider transformations that are common in the
real world and whose relevance has been shown in previous studies [189, 178, 47]:
rotation, shear, translation, scaling, brightness, and contrast. We follow [178, 47] to
set up the parameters of these transformations, for example, for the MNIST scale, we
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Table 8.2: Description of mutation operators

Type Mutation Operator Description

Transformation

Rotation Rotate an image by a certain angle
Shear Shear an image horizontally
Translation Translate several pixels downright
Scale Change the size of an image
Brightness Adjust the brightness of an image
Contrast Adjust the contrast of an image

Attack FGSM Fast gradient sign method
PGD Project gradient descent

set the scale coefficient as 0.8. All the parameters of image transformations can be
found on our project site 1. Adversarial attacks add an imperceptible perturbation
into an image to mislead DNNs. These attacks have been associated with distribution
shifts and can be useful to improve the generalization ability of ML models [191].
We use two of the most common attack algorithms, FGSM [191] and PGD [192]. We
utilize the Linf distance to calculate the perturbation with a commonly used [193,
192] maximum size of 0.3 (8/255) for MNIST and Fashion-MNIST (CIFAR-10).

To make sure that each mutation method (i.e. each image transformation and
adversarial attack) introduces distribution shifts, we empirically show that there is a
greater distribution difference (1) between the original training set and the original
test set and (2) between the original training set and the mutated test set. If (2) is
greater than (1), then it would mean that the mutations induce a distribution shift
compared to the natural difference that is due to data generalization. To measure
such distribution differences, we combine a state-of-the-art Outlier Exposure (OE)
detector [194] (more details in Section 8.5.1) and Jensen-Shannon Divergence (JSD)
score [195]. OE enables the identification of data that do not belong to a given
distribution (in our case, the original training set determines the distribution). It
assigns a score to each example, where a higher score means that the example is
farther from the given distribution. To build the OOD detector, we need a baseline
of out-of-distribution data (OOD) that are clearly not from the original distribution.
In our case, to build the OOD detectors for MNIST, Fashion-MNIST, and CIFAR-10,
we use, respectively, Fashion-MNIST, MNIST, and SVHN. The reason behind this
choice [47] is that MNIST and Fashion-MNIST are black-and-white images, whereas
CIFAR-10 and SVHN are colored. Once we have an OOD detector, we predict the
score of the examples in the two test sets and build the corresponding two histograms.
We calculate the JSD between the two histograms. JSD is an established metric
for the dissimilarity between two probability distributions. A higher JSD indicates
higher dissimilarity.

Table 8.3 lists the results. The JSD between the original training and test sets
(at most 0.07) is much smaller than the JSD between the training and mutated
sets (at least 0.21). For Fashion-MNIST, Some mutated sets have an even greater
JSD score than the OOD sets, revealing that the shifts that mutation induces can
be more significant than a shift to a completely different dataset. In conclusion,
these results confirm that the used mutations are indeed appropriate to emulate
distribution shifts.

8.3.4.1.1 OOD data with natural distribution shift Natural distribution
shift comes from unseen environments. For the text datasets, it is easy to collect this
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Table 8.3: JSD between training set and other sets

Test Brightness Contrast Rotration Scale Shear Translation FGSM PGD OOD
MNIST 0.05 0.77 0.52 0.61 0.62 0.57 0.56 0.73 0.65 0.77

Fashion-MNIST 0.05 0.62 0.36 0.48 0.53 0.55 0.52 0.56 0.38 0.44
CIFAR-10 0.07 0.21 0.50 0.51 0.57 0.47 0.47 0.40 0.25 0.60

kind of OOD data that targets the same task as the ID data, e.g., we can collect the
movie reviews from different websites and groups of people. We obtain such datasets
(IMDb and Newsgroups) from the baseline work [183] directly. Following the same
settings as [183], for the IMDb dataset, we use the combination of customer reviews
and movie reviews as the OOD data. For the Newsgroups, we randomly choose 10
groups as the ID data and 10 groups as the OOD data.

Table 8.4: Average test accuracy (%) of the test set (see Figure 8.1).

MNIST Fashion-MNIST CIFAR10 IMDb NewsgroupsDistribution
ID + OOD LeNet-1 LeNet-5 LeNet-1 LeNet-5 NiN ResNet20 LSTM GRU NN NN2 Average

0% + 100% 28.65 36.23 22.62 20.19 51.05 46.90 68.36 67.58 0.40 6.90 34.89
10% + 90% 35.59 42.44 29.11 27.37 54.68 50.85 70.04 69.44 9.00 14.00 40.25
20% + 80% 42.40 48.66 35.51 34.33 58.35 54.69 71.78 71.56 17.50 21.90 45.67
30% + 70% 49.28 54.82 41.86 41.30 61.95 58.50 73.64 73.94 26.20 29.60 51.11
40% + 60% 56.19 61.03 48.31 48.02 65.48 62.51 75.48 75.56 35.20 37.50 56.53
50% + 50% 63.14 67.46 54.87 54.95 68.99 66.29 77.34 77.60 44.40 45.00 62.00
60% + 40% 70.14 73.67 61.36 61.95 72.74 70.27 79.04 79.46 53.10 52.30 67.40
70% + 30% 77.04 79.74 67.75 68.97 76.34 74.28 81.26 81.52 61.70 60.00 72.86
80% + 20% 84.10 86.06 74.26 76.17 79.90 78.03 83.08 83.52 69.70 66.50 78.13
90% + 10% 90.88 92.24 80.79 83.18 83.51 81.95 84.46 85.20 78.20 73.70 83.41
100% + 0% 97.91 98.90 87.29 90.29 87.16 85.79 86.06 86.94 86.70 81.00 88.80

Average 63.21 67.39 54.88 55.16 69.10 66.37 77.32 77.48 43.83 44.40 61.91

Table 8.4 lists the average accuracy of models on test sets under different distri-
butions. We can see that the accuracy degrades gradually when the test set includes
OOD data, which confirms that distribution shift indeed weakens the reliability of
the pre-trained DNN and it is necessary to enhance this DNN.

8.3.5 Retraining Settings
Like previous studies [178, 177, 95] and following our working assumptions, during

the retraining process, the hyperparameters are set in the same way as the pre-trained
DNN, such as the DNN architecture, momentum, batch size, activation function,
dropout, optimization, learning rate, and loss function. Besides, for the number of
epochs, we retrain the LeNet-1 and LeNet-5 with additional 5 epochs as [178], 10
epochs for ResNet-20 and NiN as [196]. We do not follow the same setting as [178]
to use 5 epochs to retrain the CIFAR-10 based models. The reason is that we found
in some cases, 5 epochs are not enough for the model weights to converge. As shown
in Fig 8.3, for MNIST-based models, the test accuracy of original test data and new
test data are almost the same after using 5, 10, and 15 epochs to retrain the models.
However, for the CIFAR-10 based models, there are clear gaps of the test accuracy
on the new data when using 5 epochs to retrain models compared with using 10 and
15 epochs to retrain, especially when the labeling budgets are 3% and 5%. Since this
is the first work to evaluate the aforementioned selection metrics for model retraining
on text datasets, we follow our practical experience to set 5 epochs to retrain IMDb-
and Newsgroups-based models.
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Figure 8.3: Test accuracy of original test data and new test data after using random
selection metric to select different budgets of data and retrain the model. 5-ori means
the test accuracy on original test data after retraining the model with 5 epochs.

8.3.6 Repetitions and Infrastructure
Each experiment is repeated 5 times to reduce the randomness introduced in the

training process. All the experiments run on a high-performance computer cluster,
and each cluster node runs a 2.6 GHz Intel Xeon Gold 6132 CPU with an NVIDIA
Tesla V100 16G SXM2 GPU.

8.4 Experimental Results
We report the experimental results to answer each RQ and summarize our findings.

Remember that the combined candidate set without labels represents the new coming
data where selected data for model retraining come from. The combined test set
with labels is for testing the resulting accuracy of DNNs. We create these two sets
in a way that they contain the same percentage of ID data and OOD data.

8.4.1 RQ1: Different Retraining processes
Our goal is to analyze which retraining process can maintain high accuracy on

original test data and meanwhile achieve high accuracy on new data. We denote
by Type 1 the process that retrains the model with the new data only, and by
Type 2 the process that retrains the model using a combination of new data and
previous training data. To determine which retraining process is better, we compare
the accuracy improvement of DNNs after retraining using each process. For each
DNN, we create 11 sets of unlabeled data as well as 11 sets of test data following
different data distributions by combining ID and OOD data. Next, each metric (of 6)
selects a certain ratio (budget) of data from each unlabeled candidate set for labeling
and model retraining. In our study, the ratio of selected data is set to 1%, 3%, 5%,
and 10% as [178]. Besides, to exclude the effect of selection metrics on the retrained
models, we also consider using all the candidate data (i.e., with budget 100%) to
retrain the DNN models by different retraining processes. Finally, we calculate the
accuracy improvement of DNNs after retraining. In total, we have retrained 71280
DNN models, 3 datasets × 2 models × (6 selection metrics × 4 budgets + 1 budget)
× 11 distributions × 8 operators × 5 repetitions image-based models, and 2 datasets
× 2 models × 6 selection metrics × 4 budgets × 11 distributions × 5 repetitions
text-based models. Table 8.5 and Table 8.6 show the statistical improvements of test
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accuracy over the 71280 DNNs of the original and new test data, respectively. In
each table, the first column represents the data distribution of the candidate set. For
instance, 10% + 90% indicates that the candidate set consists of 10% ID data and
90% OOD data.

In the case of maintaining performance on the original test set, as demonstrated
by Table 8.5, in most cases (512 out of 550) over 5 datasets, the retraining process of
Type 2 achieves better results than Type 1. And on average, in all the cases, the
retraining process of Type 2 achieves better (by up to 29.52%) results than Type 1.
Namely, retraining using the combination of newly selected data and training data
is a better option than using only the newly selected data for this objective. Now
look into Table 8.6, surprisingly, retraining with only the new data does not ensure
higher accuracy on the new test data in most cases. In general, only in 153 cases
(out of 550 cases), the retraining process of Type 1 achieves better accuracy than
Type 2. On average, we can see that only when more (at least 80%) OOD data are
included in the candidate set, the retraining process of Type 1 can achieve better
results (by up to 4.28%) than Type 2. Note that, meanwhile, the accuracy of the
original test data is greatly sacrificed. For instance, in the case of 100% OOD data
and Budget 10%, Type 1 improves the accuracy on the new test set by 48.46%,
but the accuracy on the original test set drops significantly by 29.84%. Besides,
this outperformance on new test sets degrades with a smaller budget is available.
Overall, on average, retraining using both the training data and the newly selected
data better enhances the model without losing the high performance on the original
test data. We can conclude that this retraining strategy achieves a good balance
between the original and new test sets.
Answer to RQ1: Retraining DNNs with only the newly selected data sacrifices
accuracy on the original distribution for improvement on the new distribution. By
contrast, mixing the training data with the new data can achieve high accuracy
on both the original and the new distributions. More specifically, retraining on
new data achieves higher test accuracy only when there are more than 80% OOD
data in the candidate set. Overall, combining training data and selected data
remains the best option.

8.4.2 RQ2: Effectiveness of Different selection metrics
Based on the answer of RQ1, we use the retraining process that combines the

training and new data for our remaining studies. Besides, since the accuracy of the
original test set is highly maintained, we only consider the performance of the new
test set in the following RQs.

We observe that the evaluation of existing selection metrics for model retraining
lacks insights regarding the amplitude of the distribution shift. For example, MCP
is evaluated by only using one data combination (80% original test data + 20%
mutated data), and DeepGini is evaluated by only (100%) mutated data. Thus,
the actual effectiveness of these metrics when facing different data distributions
is ambiguous. In this research question, we explore how different distributions of
candidate data affect the effectiveness of each metric for model enhancement. To
achieve this, we still follow the same experimental setting as our first study. In total,
for each image dataset, each test combination has 64 (2 models × 8 operators × 4
budgets) retraining performances averaging on 5 times repetitions. In this section,
we only report the results of image datasets due that we use natural OOD data
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Table 8.5: Average (over all selection metrics) improvement of test accuracy (%)
on original test sets (ID test data) with different selection budgets. The better
result between the two types of retraining processes is highlighted in gray. Type 1:
using only the new data; Type 2: using the combination of newly selected data and
training data. “Distribution” represents different distribution shifts by different
percentages of ID and OOD data in the candidate set. Baseline: Please refer to
Table 8.1 for the accuracy of pre-trained DNNs.

Budget 1% Budget 3% Budget 5% Budget 10% Budget 100% Budget 1% Budget 3% Budget 5% Budget 10% Budget 100%Distribution
ID + OOD Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2

0% + 100% -8.50 0.36 -18.87 0.32 -16.82 0.27 -22.28 0.25 -29.04 -0.06 -13.41 -0.03 -25.70 -0.03 -25.95 -0.04 -35.98 -0.01 -30.84 0.01
10% + 90% -5.25 0.40 -15.35 0.35 -14.64 0.34 -21.11 0.27 -8.27 -0.02 -12.39 -0.02 -22.47 -0.04 -23.83 -0.03 -28.27 -0.02 -4.21 0.02
20% + 80% -4.70 0.40 -11.79 0.34 -9.96 0.31 -21.46 0.27 -5.35 -0.01 -10.37 -0.03 -19.42 0.00 -18.54 0.01 -23.72 -0.02 -2.61 0.02
30% + 70% -3.71 0.39 -9.30 0.35 -9.08 0.35 -17.07 0.28 -3.92 0.04 -8.14 -0.04 -17.83 -0.06 -15.01 -0.03 -18.59 -0.01 -1.78 0.05
40% + 60% -2.39 0.39 -9.68 0.37 -9.08 0.37 -15.11 0.26 -2.91 0.08 -7.70 -0.04 -12.87 -0.04 -11.73 -0.04 -13.30 -0.01 -1.37 0.02
50% + 50% -1.07 0.41 -5.54 0.38 -6.99 0.38 -13.08 0.28 -2.27 0.15 -6.70 -0.03 -9.99 -0.01 -8.53 0.01 -9.84 0.01 -1.05 0.04
60% + 40% -0.92 0.40 -4.97 0.38 -4.58 0.37 -7.82 0.31 -1.82 0.20 -4.11 -0.05 -6.40 -0.03 -5.53 -0.01 -9.51 -0.01 -0.73 0.05
70% + 30% -0.65 0.39 -3.14 0.40 -3.91 0.37 -6.76 0.34 -1.41 0.20 -3.32 -0.03 -4.91 0.00 -4.72 0.02 -6.09 0.02 -0.53 0.05
80% + 20% -0.89 0.42 -2.62 0.38 -2.42 0.40 -3.05 0.35 -1.07 0.25 -1.84 0.01 -3.48 -0.01 -3.22 0.01 -4.40 0.03 -0.38 0.04
90% + 10% -0.36 0.42 -1.44 0.41 -1.22 0.38 -1.36 0.40 -0.66 0.30 -0.96 0.03 -2.62 0.04 -1.66 0.04 -2.23 0.06 -0.27 0.05
100% + 0% 0.07 0.42 0.07 0.44 0.14 0.47 0.19 0.47 0.16 0.47 -0.75 0.06 -0.69 0.08 -0.18 0.07 -0.20 0.07 -0.07 0.06

MNIST
LeNet1

Average -2.58 0.40 -7.51 0.37 -7.14 0.37 -11.72 0.32 -5.14 0.14

MNIST
LeNet5

-6.34 -0.02 -11.49 -0.01 -10.81 0.00 -13.83 0.01 -3.99 0.04
0% + 100% -20.65 0.07 -23.08 -0.02 -24.28 -0.35 -23.59 -0.15 -28.63 -1.05 -19.26 0.07 -22.65 0.00 -20.98 -0.22 -20.46 -0.07 -25.62 -0.24
10% + 90% -13.23 0.19 -16.27 0.07 -17.83 -0.26 -17.57 -0.14 -9.24 -0.92 -13.63 0.00 -19.67 0.05 -18.48 -0.24 -18.42 -0.05 -5.90 -0.22
20% + 80% -9.80 0.17 -13.47 0.01 -14.81 -0.24 -15.03 -0.07 -6.81 -0.77 -9.83 0.04 -16.87 0.05 -17.59 -0.06 -17.33 0.00 -4.35 -0.11
30% + 70% -6.05 0.04 -11.65 0.05 -13.12 -0.07 -13.26 0.03 -5.45 -0.72 -8.23 -0.01 -14.81 0.05 -17.23 -0.09 -15.42 -0.05 -3.14 -0.04
40% + 60% -3.60 0.08 -10.37 0.12 -10.72 0.01 -11.72 0.03 -4.45 -0.49 -6.97 0.04 -13.98 0.00 -15.21 -0.11 -14.14 -0.04 -2.36 0.07
50% + 50% -3.31 0.14 -9.43 0.12 -10.02 0.00 -10.25 0.04 -3.85 -0.47 -6.51 0.02 -11.44 0.02 -13.79 -0.03 -13.91 0.04 -1.89 0.08
60% + 40% -2.51 0.11 -5.56 0.22 -8.26 0.01 -9.48 0.05 -3.18 -0.32 -4.03 0.09 -9.71 0.14 -12.37 -0.18 -11.77 0.10 -1.57 0.16
70% + 30% -1.97 0.12 -3.99 0.17 -5.94 -0.04 -6.88 0.10 -2.48 -0.21 -2.70 0.10 -9.22 0.15 -10.84 0.05 -10.12 0.19 -1.28 0.21
80% + 20% -1.84 0.03 -2.45 0.20 -4.01 0.01 -5.21 0.18 -1.89 -0.13 -1.91 0.23 -6.31 0.16 -8.84 0.08 -7.62 0.18 -0.93 0.26
90% + 10% -1.07 0.04 -1.55 0.24 -2.38 0.16 -2.70 0.19 -1.19 0.04 -1.33 0.24 -4.44 0.17 -5.96 0.07 -4.37 0.24 -0.59 0.35
100% + 0% -0.40 -0.03 -0.57 0.30 -0.52 0.10 -0.25 0.29 0.01 0.27 0.00 0.23 0.11 0.25 -0.02 0.15 -0.45 0.35 0.12 0.44

F-MNIST
LeNet1

Average -5.86 0.09 -8.94 0.14 -10.17 -0.06 -10.54 0.05 -6.10 -0.43

F-MNIST
LeNet5

-6.76 0.10 -11.73 0.09 -12.85 -0.05 -12.18 0.08 -4.32 0.09
0% + 100% -6.64 -0.43 -9.39 -0.61 -9.31 -0.52 -11.37 -0.59 -8.08 -0.39 -14.28 -0.58 -16.17 -0.70 -18.82 -0.57 -22.54 -0.63 -13.47 -0.45
10% + 90% -3.74 -0.59 -7.97 -0.37 -6.84 -0.54 -9.94 -0.58 -3.70 -0.31 -12.13 -0.56 -17.90 -0.51 -15.82 -0.58 -18.16 -0.47 -6.87 -0.41
20% + 80% -2.10 -0.52 -6.19 -0.38 -5.92 -0.39 -8.66 -0.44 -2.97 -0.34 -7.56 -0.51 -12.84 -0.54 -13.40 -0.45 -16.12 -0.43 -5.77 -0.29
30% + 70% -2.13 -0.46 -6.44 -0.35 -4.50 -0.40 -7.38 -0.26 -2.31 0.00 -3.31 -0.48 -9.54 -0.36 -11.45 -0.35 -16.14 -0.28 -5.14 -0.24
40% + 60% -1.33 -0.57 -3.54 -0.32 -2.98 -0.24 -5.92 -0.23 -1.82 -0.21 -2.34 -0.46 -3.92 -0.40 -8.29 -0.35 -14.24 -0.23 -4.75 -0.30
50% + 50% -0.37 -0.38 0.11 -0.28 -2.67 -0.24 -6.14 -0.38 -1.58 -0.03 -1.81 -0.41 -3.05 -0.33 -4.72 -0.34 -12.74 -0.29 -4.28 -0.18
60% + 40% 0.88 -0.35 0.61 -0.30 -0.04 -0.20 -4.69 -0.18 -1.26 0.08 -1.78 -0.41 -2.82 -0.28 -3.64 -0.33 -10.09 -0.29 -3.83 -0.21
70% + 30% 1.06 -0.30 0.55 -0.25 -0.09 -0.21 -4.61 -0.16 -0.77 0.09 -1.66 -0.39 -2.95 -0.31 -3.78 -0.37 -9.59 -0.19 -3.19 0.00
80% + 20% 1.18 -0.24 0.51 -0.17 0.29 -0.19 -3.43 -0.14 -0.43 0.15 -1.63 -0.36 -2.98 -0.32 -3.51 -0.25 -8.20 -0.15 -2.67 -0.02
90% + 10% 1.18 -0.19 0.58 -0.19 0.26 -0.18 -2.97 -0.13 0.12 0.18 -1.61 -0.35 -2.72 -0.25 -3.30 -0.24 -7.59 -0.21 -2.29 0.13
100% + 0% 1.14 -0.24 0.57 -0.21 0.66 -0.13 -4.35 -0.14 0.60 0.27 -1.64 -0.30 -2.48 -0.36 -3.40 -0.23 -7.20 -0.18 -1.97 0.21

CIFAR-10
ReNet20

Average -0.99 -0.39 -2.78 -0.31 -2.83 -0.29 -6.31 -0.29 -2.02 -0.05

CIFAR-10
NiN

-4.52 -0.44 -7.04 -0.40 -8.19 -0.37 -12.96 -0.30 -4.93 -0.16
0% + 100% -0.44 0.68 -2.20 0.78 -3.76 0.75 -2.13 0.71 -6.07 0.78 -0.03 0.54 -1.78 0.42 -4.42 0.34 -4.36 0.46 -4.78 0.59
10% + 90% -0.16 0.64 -1.27 0.70 -1.12 0.69 -0.68 0.71 -0.31 0.68 -0.12 0.47 -2.34 0.34 -1.30 0.48 -1.88 0.47 0.36 0.67
20% + 80% -0.25 0.49 -1.54 0.82 -1.29 0.81 0.09 0.63 1.23 1.01 -0.06 0.51 -0.57 0.56 -1.68 0.37 -0.52 0.42 0.69 1.01
30% + 70% -0.30 0.75 -1.32 0.78 -0.10 0.77 0.35 0.78 0.81 1.07 -0.18 0.45 -0.42 0.47 -0.52 0.56 -0.32 0.52 0.35 1.03
40% + 60% -0.49 0.81 -0.03 0.86 0.38 0.85 0.33 0.87 1.57 1.16 -0.31 0.49 -0.18 0.54 -0.02 0.47 0.12 0.48 1.19 0.88
50% + 50% 0.27 0.90 -0.21 0.85 0.39 0.85 0.67 0.87 1.75 1.31 0.16 0.41 -0.08 0.63 0.18 0.64 0.46 0.60 1.05 1.25
60% + 40% 0.36 0.93 -0.45 0.86 0.49 0.86 0.58 0.97 1.73 1.30 0.13 0.61 0.05 0.47 0.43 0.67 0.43 0.73 1.81 1.40
70% + 30% 0.27 0.87 -0.34 0.86 0.08 0.95 0.79 1.01 1.92 1.60 0.11 0.49 0.25 0.52 0.19 0.64 0.74 0.67 1.97 1.49
80% + 20% 0.18 0.85 0.48 0.90 0.68 0.90 0.96 0.95 1.77 1.47 0.09 0.64 0.18 0.51 0.24 0.67 0.64 0.76 1.95 1.52
90% + 10% 0.35 0.89 0.18 0.80 0.45 1.04 1.14 1.00 2.04 1.58 0.15 0.57 0.16 0.66 0.39 0.58 0.84 0.75 2.06 1.56
100% + 0% 0.17 0.85 0.63 0.98 0.74 0.94 0.89 1.03 2.01 1.65 0.16 0.52 0.10 0.65 0.63 0.67 0.85 0.78 1.95 1.71

IMDB
LSTM

Average 0.00 0.79 -0.55 0.83 -0.28 0.86 0.27 0.87 0.77 1.24

IMDB
GRU

0.01 0.52 -0.42 0.52 -0.53 0.55 -0.27 0.60 0.78 1.19
0% + 100% -27.82 0.33 -62.95 0.46 -66.43 0.39 -67.55 0.19 -79.23 -2.37 -73.60 0.75 -72.67 0.16 -67.37 0.36 -63.77 -0.31 -72.62 -0.03
10% + 90% -18.86 0.43 -47.79 0.29 -45.39 0.40 -37.10 0.50 -29.82 -1.37 -48.54 1.27 -32.12 0.59 -29.14 0.44 -27.85 0.31 -16.06 1.83
20% + 80% -14.97 0.30 -32.33 0.51 -31.81 0.40 -25.16 0.38 -15.26 -0.54 -38.16 1.18 -25.26 0.88 -18.47 0.27 -20.16 0.78 -5.90 2.40
30% + 70% -12.22 0.31 -16.04 0.48 -20.89 0.45 -15.80 0.40 -7.11 -0.08 -25.13 1.11 -18.88 1.04 -15.75 1.16 -13.60 0.80 -2.32 3.10
40% + 60% -9.20 0.54 -7.64 0.44 -15.92 0.52 -10.75 0.57 -4.53 0.11 -18.16 1.19 -16.44 0.85 -13.18 1.19 -9.46 1.52 -0.39 3.01
50% + 50% -2.75 0.57 -6.31 0.56 -11.86 0.58 -7.54 0.50 -2.20 0.75 -12.45 1.73 -10.30 1.62 -9.17 1.40 -8.39 1.94 1.83 4.14
60% + 40% -1.72 0.42 -3.69 0.60 -6.30 0.60 -3.81 0.69 -0.31 1.37 -9.84 1.52 -8.13 1.65 -7.01 2.26 -6.43 2.04 3.18 4.77
70% + 30% -0.16 0.66 -3.23 0.68 -2.68 0.81 -1.69 0.75 0.41 1.84 -8.34 1.34 -6.69 1.82 -4.93 2.05 -3.83 2.48 3.88 5.16
80% + 20% 0.14 0.79 -0.69 0.79 -0.53 0.72 -0.55 0.96 1.36 2.17 -7.94 1.56 -4.04 1.90 -3.24 2.02 -1.81 2.64 4.65 5.71
90% + 10% 0.21 0.60 0.01 0.65 -0.14 0.89 0.18 1.11 1.73 2.22 -2.83 1.76 -4.30 2.18 -1.46 2.58 0.78 2.96 5.19 6.14
100% + 0% 0.20 0.62 -0.01 0.68 0.57 0.84 0.66 1.14 2.22 2.59 -5.62 1.81 -1.45 2.17 -0.12 2.74 1.90 3.45 6.19 6.30

Newsgroups
NN

Average -7.92 0.51 -16.42 0.56 -18.31 0.60 -15.37 0.65 -12.07 0.61

Newsgroups
NN2

-22.78 1.38 -18.21 1.35 -15.44 1.50 -13.87 1.69 -6.58 3.86
Budget 1% Budget 3% Budget 5% Budget 10% Budget 100%Distribution

ID + OOD Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2
0% + 100% -18.46 0.18 -25.55 0.08 -25.81 0.04 -27.40 -0.01 -29.84 -0.32
10% + 90% -12.80 0.22 -18.32 0.15 -17.44 0.07 -18.10 0.10 -8.40 -0.01
20% + 80% -9.78 0.20 -14.03 0.22 -13.35 0.10 -14.81 0.15 -4.71 0.24
30% + 70% -6.94 0.21 -10.62 0.24 -10.76 0.23 -11.72 0.22 -3.00 0.42
40% + 60% -5.25 0.25 -7.86 0.24 -8.68 0.27 -9.42 0.32 -1.98 0.43
50% + 50% -3.46 0.34 -5.62 0.36 -6.72 0.33 -8.07 0.36 -1.25 0.70
60% + 40% -2.35 0.33 -4.11 0.37 -4.68 0.41 -6.26 0.44 -0.60 0.88
70% + 30% -1.74 0.32 -3.37 0.40 -3.66 0.43 -4.80 0.52 -0.15 1.04
80% + 20% -1.44 0.39 -2.14 0.43 -2.46 0.44 -3.27 0.58 0.24 1.14
90% + 10% -0.63 0.40 -1.62 0.47 -1.50 0.53 -1.83 0.64 0.61 1.26
100% + 0% -0.67 0.39 -0.37 0.50 -0.15 0.56 -0.80 0.73 1.12 1.40

Average

Average -5.77 0.29 -8.51 0.32 -8.66 0.31 -9.68 0.37 -4.36 0.65
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Table 8.6: Average (over all selection metrics) improvement of test accuracy (%)
on new test sets with different selection budgets. The better result between the
two types of retraining processes is highlighted in gray. Type 1: using only the
new data; Type 2: using the combination of new selected data and training data.
“Distribution” represents different distribution shifts of the candidate set. Baseline:
Please refer to Table 8.4 for the accuracy of pre-trained DNNs.

Budget 1% Budget 3% Budget 5% Budget 10% Budget 100% Budget 1% Budget 3% Budget 5% Budget 10% Budget 100%Distribution
ID + OOD Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2

0% + 100% 6.71 9.86 15.22 16.73 19.23 21.43 35.63 30.88 61.87 63.82 23.99 21.55 32.05 33.18 37.09 41.18 43.69 49.33 60.56 61.27
10% + 90% 5.79 9.20 12.49 14.84 15.84 18.57 29.51 27.38 54.96 56.97 19.12 19.55 27.68 30.81 30.78 36.63 35.81 44.37 54.19 55.13
20% + 80% 4.99 8.20 9.41 13.02 13.24 16.50 24.31 24.04 48.24 50.11 15.57 16.92 22.03 27.33 25.75 32.92 29.77 39.61 47.97 48.84
30% + 70% 4.41 7.47 8.20 11.57 11.15 14.48 18.63 20.24 41.50 43.33 12.62 15.54 16.96 24.34 20.89 28.31 23.88 34.48 41.89 42.70
40% + 60% 3.79 6.70 5.97 9.95 8.58 12.64 14.06 17.64 34.92 36.56 10.26 13.74 13.15 20.99 16.82 24.82 18.51 29.87 35.88 36.62
50% + 50% 2.87 5.61 3.89 8.42 6.29 11.00 9.93 14.92 28.46 29.89 8.59 11.89 9.84 17.70 12.36 20.97 14.03 24.95 29.74 30.35
60% + 40% 2.44 4.62 3.23 7.00 4.28 9.03 6.65 12.22 22.01 23.24 6.66 9.69 6.99 14.29 8.51 16.56 9.71 19.90 23.74 24.24
70% + 30% 1.36 3.40 1.82 5.46 2.53 6.95 3.85 9.30 15.82 16.58 4.40 7.06 3.79 10.69 5.25 12.43 7.53 14.96 17.83 18.17
80% + 20% 0.70 2.28 0.53 3.85 1.30 4.63 2.69 6.20 9.54 10.09 2.50 4.62 1.84 7.20 2.87 8.07 4.27 9.62 11.61 11.82
90% + 10% 0.32 1.32 0.14 2.01 0.66 2.42 1.68 3.09 3.87 4.20 1.06 2.53 -0.05 3.65 1.29 4.04 1.66 4.71 5.58 5.66
100% + 0% 0.07 0.41 0.07 0.43 0.14 0.47 0.18 0.47 0.15 0.46 -0.76 0.09 -0.68 0.12 -0.16 0.11 -0.17 0.10 -0.04 0.10

MNIST
LeNet1

Average 3.04 5.37 5.54 8.48 7.57 10.74 13.38 15.13 29.21 30.48

MNIST
LeNet5

9.46 11.20 12.15 17.30 14.68 20.55 17.15 24.72 29.91 30.44
0% + 100% 10.15 4.59 19.07 8.02 26.35 12.59 32.24 20.28 54.49 51.27 14.66 12.28 28.15 19.80 36.37 26.75 45.44 37.14 59.74 61.99
10% + 90% 4.11 4.28 13.73 6.79 21.94 9.67 28.71 16.44 47.60 45.19 10.44 11.05 24.13 17.14 31.04 23.07 39.44 32.33 53.26 55.27
20% + 80% 3.21 3.81 8.59 5.96 15.37 8.56 22.37 13.21 41.54 39.82 8.39 9.99 17.91 15.31 23.70 19.84 32.33 28.22 46.84 48.83
30% + 70% 2.68 3.78 6.45 5.46 10.70 7.52 15.81 11.83 35.43 34.12 6.11 8.69 12.13 13.29 18.85 17.63 26.16 24.74 40.81 42.43
40% + 60% 1.51 3.12 4.82 4.66 8.39 6.76 12.07 10.09 29.68 28.58 4.11 7.45 9.03 11.60 13.67 15.45 20.12 21.23 34.76 36.08
50% + 50% 0.57 2.60 2.73 4.11 5.05 5.74 8.28 8.53 23.54 22.90 2.87 6.12 6.28 10.26 9.05 13.26 13.79 17.76 28.80 29.48
60% + 40% -0.36 1.98 1.65 3.20 3.20 4.60 5.07 6.87 18.01 17.60 1.83 5.10 4.53 8.55 6.11 10.62 9.18 14.25 22.52 23.11
70% + 30% -0.31 1.52 1.50 2.64 1.48 3.39 2.86 5.09 12.92 12.53 0.80 3.95 1.57 6.77 2.54 8.18 5.12 10.73 16.46 17.08
80% + 20% -0.71 1.12 0.84 1.98 -0.20 2.32 0.57 3.49 7.55 7.41 0.29 2.67 -0.53 4.63 -0.46 5.39 1.62 6.89 10.30 10.94
90% + 10% -0.66 0.68 -0.32 1.14 -0.98 1.24 -0.63 1.71 2.83 2.92 -0.33 1.48 -2.10 2.29 -2.28 2.66 -0.42 3.24 4.55 5.05
100% + 0% -0.40 0.26 -0.56 0.31 -0.53 0.12 -0.26 0.30 0.02 0.27 -0.02 0.22 0.11 0.25 -0.02 0.14 -0.42 0.35 0.12 0.44

F-MNIST
LeNet1

Average 1.80 2.52 5.32 4.02 8.25 5.68 11.55 8.90 24.87 23.87

F-MNIST
LeNet5

4.47 6.27 9.20 9.99 12.60 13.00 17.49 17.90 28.92 30.06
0% + 100% 12.94 7.30 14.70 8.65 18.00 10.76 22.69 14.49 33.81 27.26 4.89 7.88 4.67 8.55 7.50 10.21 11.60 13.83 27.54 28.19
10% + 90% 7.41 6.27 9.63 7.21 13.33 8.58 18.37 11.84 29.76 23.95 2.68 6.94 2.81 6.60 5.75 7.79 8.84 10.42 24.06 25.09
20% + 80% 6.56 5.74 7.82 5.99 9.31 7.21 12.66 9.39 26.08 20.95 -0.22 6.23 -0.04 5.69 2.97 6.60 5.01 8.05 20.72 21.57
30% + 70% 5.49 4.96 5.85 5.52 7.27 6.14 8.66 7.74 22.37 17.83 -2.87 5.44 -1.62 4.75 -0.26 5.51 0.97 6.75 17.24 18.42
40% + 60% 4.53 4.13 4.55 4.20 5.74 4.84 6.28 5.59 18.62 14.55 -2.68 0.93 -2.41 4.00 -2.68 4.48 -1.16 5.49 13.83 15.17
50% + 50% 3.59 3.44 3.67 3.49 3.94 3.96 4.06 4.43 15.10 11.58 -2.26 -0.24 -2.67 3.11 -3.68 3.52 -3.12 4.45 10.70 11.95
60% + 40% 2.81 0.40 2.96 2.47 2.76 2.99 2.24 3.21 11.46 8.81 -2.85 -0.89 -2.74 2.33 -3.48 2.73 -4.64 3.33 7.10 9.02
70% + 30% 2.33 -0.08 2.12 1.75 1.85 1.93 0.08 1.93 7.95 6.03 -2.45 -1.64 -3.19 1.59 -3.40 1.82 -6.40 2.33 4.32 6.13
80% + 20% 1.85 -0.64 1.52 0.98 1.34 1.17 -1.31 1.09 4.91 3.68 -2.08 -2.32 -3.07 0.77 -3.42 0.98 -6.97 1.41 1.72 3.54
90% + 10% 1.46 -1.11 1.01 0.20 0.67 0.34 -2.45 0.20 2.33 1.53 -2.07 -2.72 -2.62 0.25 -3.11 0.32 -7.13 0.53 -0.47 1.41
100% + 0% 1.11 -1.46 0.55 -0.22 0.63 -0.13 -4.34 -0.48 0.60 0.27 -1.92 -3.15 -2.45 -0.34 -3.36 -0.23 -7.32 -0.74 -1.92 0.22

CIFAR-10
ReNet20

Average 4.55 2.63 4.94 3.66 5.90 4.34 6.08 5.40 15.73 12.40

CIFAR-10
NiN

-1.08 1.50 -1.21 3.39 -0.65 3.98 -0.94 5.08 11.35 12.79
0% + 100% 0.83 0.42 0.88 0.65 1.17 0.55 1.28 0.63 2.63 1.89 1.44 1.56 0.39 1.45 0.07 1.47 0.00 1.45 2.74 3.00
10% + 90% 0.48 0.57 0.50 0.71 0.92 0.46 0.93 0.59 1.90 2.01 1.37 1.52 -0.30 1.56 0.54 1.42 -0.11 1.35 2.58 2.88
20% + 80% 0.36 0.57 0.44 0.72 0.80 0.66 1.14 0.58 1.87 1.59 0.94 1.14 -0.12 1.11 -0.79 1.36 0.26 1.51 2.15 2.21
30% + 70% 0.26 0.51 0.07 0.54 0.71 0.61 0.53 0.54 1.83 1.67 0.86 1.09 0.03 1.10 0.23 1.18 0.01 0.95 1.93 1.94
40% + 60% 0.01 0.48 0.37 0.55 0.27 0.33 0.85 0.41 1.67 1.51 0.62 1.07 0.28 1.05 0.81 1.16 0.57 1.10 2.44 1.72
50% + 50% 0.33 0.60 0.17 0.51 0.64 0.53 0.94 0.63 2.03 1.14 0.41 1.02 0.16 1.09 0.57 1.13 0.83 0.99 2.10 1.98
60% + 40% 0.34 0.55 -0.30 0.74 0.21 0.59 0.94 0.74 1.70 1.45 0.33 0.87 0.32 0.89 0.42 0.90 1.01 0.94 2.11 1.64
70% + 30% 0.17 0.33 -0.39 0.66 0.11 0.53 1.06 0.65 2.14 1.21 0.31 0.60 0.44 0.69 0.41 0.67 1.13 0.72 2.39 1.51
80% + 20% 0.11 0.59 0.31 0.67 0.58 0.65 1.03 0.61 1.81 1.18 0.25 0.63 0.20 0.57 0.40 0.70 0.90 0.71 2.11 1.66
90% + 10% 0.32 0.80 0.17 0.75 0.48 0.95 1.15 0.96 2.02 1.43 0.21 0.53 0.16 0.63 0.32 0.63 0.93 0.78 2.12 1.46
100% + 0% 0.17 0.85 0.63 0.98 0.74 0.94 0.89 1.03 2.01 1.65 0.16 0.52 0.10 0.65 0.63 0.67 0.85 0.78 1.95 1.71

IMDB
LSTM

Average 0.31 0.57 0.26 0.68 0.60 0.62 0.98 0.67 1.97 1.52

IMDB
GRU

0.63 0.96 0.15 0.98 0.33 1.03 0.58 1.03 2.24 1.97
0% + 100% 18.78 7.65 30.21 17.30 37.25 26.71 48.27 44.86 94.37 93.90 24.99 10.82 34.88 23.09 45.11 32.40 55.98 46.03 86.88 85.08
10% + 90% 14.13 6.20 21.24 14.69 26.63 22.30 38.04 38.34 81.79 83.70 15.89 8.42 26.31 20.39 33.01 26.86 44.90 39.01 75.94 76.00
20% + 80% 12.52 5.24 14.22 12.40 21.84 19.64 31.35 32.65 72.48 73.93 9.18 6.60 18.75 16.92 25.30 23.10 36.39 33.74 66.53 67.30
30% + 70% 9.28 4.97 9.91 9.33 16.12 15.57 25.12 26.33 63.41 64.06 4.85 5.47 12.70 13.49 19.80 18.53 29.51 28.41 57.79 58.76
40% + 60% 6.41 3.93 7.62 7.79 9.67 11.87 20.53 21.43 52.36 53.43 0.47 3.99 6.67 10.48 12.93 14.74 21.26 21.65 48.04 48.83
50% + 50% 3.13 2.92 4.26 5.42 5.83 8.48 14.03 15.84 41.83 42.38 -2.20 3.15 3.29 7.72 7.32 11.24 15.80 16.87 39.35 39.73
60% + 40% 2.56 2.25 2.98 4.25 5.09 5.82 10.33 11.10 31.67 31.86 -1.73 2.60 1.36 5.89 4.63 8.03 10.56 12.43 31.13 31.06
70% + 30% 1.27 1.64 1.55 3.15 3.69 4.38 6.53 7.05 21.60 22.35 -3.11 2.00 0.40 4.64 2.55 6.71 7.16 9.28 23.29 23.71
80% + 20% 0.95 1.60 0.95 1.94 2.15 2.42 2.95 3.76 13.16 13.07 -4.58 1.84 -1.20 3.17 0.52 4.36 3.92 6.09 15.85 16.00
90% + 10% 0.53 0.91 0.68 1.15 1.06 1.79 1.17 2.01 5.24 5.67 -2.13 1.89 -3.23 2.67 -0.25 3.20 2.49 4.20 9.23 9.89
100% + 0% 0.20 0.62 -0.01 0.68 0.57 0.84 0.66 1.14 2.22 2.59 -5.62 1.81 -1.45 2.17 -0.12 2.74 1.90 3.45 6.19 6.30

Newsgroups
NN

Average 6.34 3.45 8.51 7.10 11.81 10.89 18.09 18.59 43.65 44.27

Newsgroups
NN2

3.27 4.42 8.95 10.06 13.71 13.81 20.90 20.11 41.84 42.06
Budget 1% Budget 3% Budget 5% Budget 10% Budget 100%Distribution

ID + OOD Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2 Type 1 Type 2
0% + 100% 11.94 8.39 18.02 13.74 22.81 18.41 29.68 25.89 48.46 47.77
10% + 90% 8.14 7.40 13.82 12.07 17.98 15.54 24.44 22.21 42.61 42.62
20% + 80% 6.15 6.44 9.90 10.45 13.75 13.64 19.56 19.10 37.44 37.51
30% + 70% 4.37 5.79 7.07 8.94 10.55 11.55 14.93 16.20 32.42 32.53
40% + 60% 2.90 4.55 5.00 7.53 7.42 9.71 11.31 13.45 27.22 27.30
50% + 50% 1.79 3.71 3.16 6.18 4.74 7.98 7.86 10.94 22.17 22.14
60% + 40% 1.20 2.72 2.10 4.96 3.17 6.19 5.11 8.50 17.15 17.20
70% + 30% 0.48 1.88 0.96 3.80 1.70 4.70 2.89 6.20 12.47 12.53
80% + 20% -0.07 1.24 0.14 2.57 0.51 3.07 0.97 3.99 7.86 7.94
90% + 10% -0.13 0.63 -0.62 1.48 -0.21 1.76 -0.16 2.14 3.73 3.92
100% + 0% -0.70 0.02 -0.37 0.50 -0.15 0.57 -0.80 0.64 1.13 1.40

Average

Average 3.28 3.89 5.38 6.57 7.48 8.46 10.53 11.75 22.97 22.99
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for text datasets, whereas we can experimentally control the OOD data produced
for images. Therefore, there are only a few combinations (8) for text data, and the
statistical results are insufficient to draw conclusions. We report the results of text
datasets in Section 8.5.4 (where we consider real-world distribution shift) by using
the test accuracy improvement after retraining as the measurement metric.

Table 8.7 lists the frequency of each selection metric achieving the top-1 and
top-3 best test accuracy over the 64 cases in each test combination. Note that,
we also report top-3 results since if the metric achieves top-3 best performance,
it outperforms half of the metrics. Interestingly, when the new set contains more
than 70% OOD data, random selection defeats the other five, carefully-designed
metrics in most cases (20 out of 24). Moreover, in total, the frequency of random
selection being the best is almost twice the second-best metric. For example, the
random selection obtains 90 times the top-1 best performance in the 100% OOD
test set, while the second-best, CES, only reaches 47 times. Besides, when the
included OOD data are more than 70%, the two metrics CES and DSA outperform
the uncertain-based metrics, Entropy, DeepGini, and MCP. The reason is that when
the new data consists of too much OOD data, a massive amount of information
related to the new distribution has not been learned by the pre-trained model. In
this case, the model needs to learn more from a representative sample of the new
data rather than from the most uncertain data. Among all the studied metrics,
random selection is the most effective because it does not bias the selection towards
specific data and, therefore, achieves better representativeness.

With the increase of ID data in the candidate set and test set, the uncertain-based
metrics, Entropy, DeepGini, and MCP, achieve better results than the other 3 metrics,
CES, DSA, and random selection. More specifically, in total, when the proportion
of OOD data is between 40% and 70%, MCP performs consistently better than all
the others. On the other hand, when the test set contains more (≥80%) ID data,
Entropy and DeepGini achieve the best results. This is because as a higher ratio of
ID data is part of the new distribution, the pre-trained model has already learned
more from this new distribution. The OOD data, in this case, can be seen as outliers
that generate uncertainty in the model and are, therefore, naturally selected by the
uncertainty-based metrics. Hence, retraining on these data fills the gap in model
learning and achieves better performance.
Answer to RQ2: None of the selection metrics outperforms the others across
all ranges of distribution shifts. When the new set contains much more (≥70%)
OOD than ID data, the simple but effective random selection defeats the others.
On the contrary, when the new set contains more ID data, the uncertain-based
metrics are more effective.

8.4.3 RQ3: Distribution and Bias of Selected Data
Following our findings above, in this research question, we further explore another

property that may impact the effectiveness of the selection metrics: class bias of the
data selected by each metric. That is, we check if the selected data are evenly chosen
from different classes, which is done by calculating the variance of labels of selected
data. For example, given a 3 classes task, we select 100 data, if the number of selected
data for each class is 30, 30, 40, the variance is V ariance(30, 30, 40) = 22.22, while if
the label numbers are 90, 5, 5, the variance should be V ariance(90, 5, 5) = 1605.55.
A small variance indicates a slight bias in data.
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Table 8.7: Frequency of being the top-1 and top-3 best of the 6 selection metrics under
different data distributions. The best result is highlighted in gray. “Distribution”
represents different distribution shifts of the candidate set.

Entropy DeepGini MCP CES DSA Random Entropy DeepGini MCP CES DSA RandomDistribution
ID + OOD Top-1 Top-3
0% + 100% 1 0 1 19 4 39 3 4 36 60 26 63
10% + 90% 1 2 6 14 9 32 2 8 32 60 30 60
20% + 80% 0 3 7 20 8 26 5 13 36 51 30 57
30% + 70% 4 5 17 16 1 21 12 19 44 48 21 48
40% + 60% 5 9 21 11 5 13 20 32 47 35 19 39
50% + 50% 3 12 28 9 2 10 29 40 52 29 13 29
60% + 40% 8 16 23 3 6 8 36 50 54 19 10 23
70% + 30% 7 25 23 3 4 2 54 58 54 10 9 7
80% + 20% 20 26 14 0 1 3 59 59 57 3 5 9
90% + 10% 29 26 6 0 2 1 60 59 59 0 7 7
100% + 0% 15 17 13 9 3 7 40 34 33 30 27 28

MNIST

Average 8.45 12.82 14.45 9.45 4.09 14.73 29.09 34.18 45.82 31.36 17.91 33.64
0% + 100% 0 2 3 13 11 35 3 3 26 60 40 60
10% + 90% 1 0 6 14 8 35 2 3 30 60 42 55
20% + 80% 0 0 4 12 15 33 1 5 32 58 40 56
30% + 70% 1 2 8 12 16 25 6 4 41 53 35 53
40% + 60% 0 0 14 14 19 17 6 9 38 49 42 48
50% + 50% 1 4 16 9 20 14 14 17 39 36 36 50
60% + 40% 6 9 23 3 16 7 21 31 43 25 40 32
70% + 30% 6 14 30 2 9 3 31 40 52 20 27 22
80% + 20% 15 16 22 3 5 3 44 42 56 13 21 16
90% + 10% 22 16 18 2 4 2 50 53 58 9 14 8
100% + 0% 16 15 9 10 9 5 35 36 37 32 26 26

Fashion-
MNIST

Average 6.18 7.09 13.91 8.55 12.00 16.27 19.36 22.09 41.09 37.73 33.00 38.73
0% + 100% 8 14 5 15 6 16 28 36 25 33 31 39
10% + 90% 7 15 3 10 10 19 29 39 14 37 30 43
20% + 80% 17 14 0 11 6 16 35 41 11 39 24 42
30% + 70% 15 18 1 9 4 18 38 47 17 30 20 40
40% + 60% 14 22 4 7 8 9 41 49 18 32 21 31
50% + 50% 19 24 1 4 11 5 43 50 23 21 20 35
60% + 40% 18 25 4 5 8 4 47 48 24 23 22 28
70% + 30% 24 19 7 5 5 4 48 51 34 21 16 22
80% + 20% 25 24 6 2 2 5 51 49 46 14 14 18
90% + 10% 20 27 6 4 3 4 49 54 46 16 12 15
100% + 0% 10 15 20 6 7 6 37 36 48 31 22 18

CIFAR-10

Average 16.09 19.73 5.18 7.09 6.36 9.64 40.55 45.45 28.00 27.18 21.09 29.73
0% + 100% 9 16 9 47 21 90 34 43 87 153 97 162
10% + 90% 9 17 15 38 27 86 33 50 76 157 102 158
20% + 80% 17 17 11 43 29 75 41 59 79 148 94 155
30% + 70% 20 25 26 37 21 64 56 70 102 131 76 141
40% + 60% 19 31 39 32 32 39 67 90 103 118 82 116
50% + 50% 23 40 45 22 33 29 86 107 116 86 69 112
60% + 40% 32 50 50 11 30 19 104 129 121 67 72 83
70% + 30% 37 58 60 10 18 9 133 149 140 51 52 51
80% + 20% 60 66 42 5 8 11 154 150 159 30 40 43
90% + 10% 71 69 30 6 9 7 159 166 163 25 33 30
100% + 0% 41 47 42 25 19 18 112 106 118 93 75 72

Total

Average 30.73 39.64 33.55 25.09 22.45 40.64 94.5 107.6 117.7 90.6 69.5 96.1
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First, Figure 8.4 illustrates the data distribution of selected data by different
metrics. Compared with the data distribution in the candidate set (black dashed
line), three metrics, CES, DSA, and random, select ID and OOD data following
almost the same distribution. On the contrary, the uncertain-based metrics, Entropy,
DeepGini, and MCP, tend to pick more OOD than ID data. The reason is that the
uncertain-based metrics always choose the most informative data, and the OOD data
have likely not been learned by the pre-trained DNNs. Thus, there is more chance
for OOD data to be selected by these uncertain-based metrics.
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Figure 8.4: Comparison of data distributions of the selected set by different metrics.
Baseline: The selected set has the same data distribution (same percentage of OOD
and ID data) as the candidate set.

Second, Table 8.8 shows the class bias presented by the variance of labels of
selected data. Compared with the other selection metrics, random always selects
data evenly from different classes. However, the variances of two uncertainty-based
metrics, Entropy and DeepGini, are more than twice the others. Although MCP
is designed to select data evenly from different boundary areas, this metric has a
higher bias than CES and random selection. The reason for Entropy, DeepGini, and
MCP selecting bias classes is that they all use the predicted probability to measure
the uncertainty, which is highly affected by the accuracy of the pre-trained model on
the new data. When there are more OOD data, the prediction is more unreliable.
For instance, MCP tends to decrease the bias in data when the proportion of ID
data is above 50%.

Considering the results of RQ2, we conjecture that, when there are more
OOD (e.g., ≥70%) data in the candidate set, it is better to select data with a
better class balance to retrain the model. As an illustration of this hypothesis,
random selection and CES achieve both higher accuracy and class balance. Since in
the candidate set, most of the data have not been learned by the model, a better
class balance can help represent a more diverse distribution and, in turn, lead the
model to learn more diverse information.
Answer to RQ3: Uncertain-based selection metrics (Entropy, DeepGini, and
MCP) tend to select more OOD data, and in a way that creates class imbalance
in the set of retraining data. On the contrary, CES and random select data
with more balanced classes and better representativeness of the new distribution.
These two factors contribute to the difference in the effectiveness of the selection
metrics, depending on how much ID data are still part of the new distribution.
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Table 8.8: Class bias (label variance) of selected data by different metrics. The best
result is highlighted in gray. “Distribution” represents different distribution shifts
of the candidate set. The number means the average (over all selection metrics)
variance in the number of examples that the metric selects for each class.

Distribution
ID+OOD Entropy DeepGini MCP CES DSA Random

0% + 100% 479.42 429.86 361.13 213.13 279.09 188.75
10% + 90% 444.59 395.74 280.83 211.27 267.65 184.97
20% + 80% 423.30 377.19 270.06 210.26 263.01 182.18
30% + 70% 408.98 365.81 262.70 208.08 258.92 186.39
40% + 60% 387.65 350.30 250.64 207.57 256.99 181.09
50% + 50% 370.65 338.58 240.68 208.34 255.24 178.84
60% + 40% 350.82 324.47 233.23 209.83 255.07 177.36
70% + 30% 326.56 309.37 224.24 208.23 257.25 177.05
80% + 20% 307.41 299.57 218.07 207.98 261.64 178.10
90% + 10% 299.48 300.55 211.54 209.48 265.95 177.30
100% + 0% 392.50 385.06 216.62 213.89 268.97 177.93

Average 381.03 352.41 251.80 209.83 262.71 180.91

8.5 Distribution-aware Test Selection
According to the findings of our empirical study, when the new data contain

more (≥60%) ID than OOD data, the uncertain-based metrics outperform others in
enhancing the performance of DNNs. However, when there are more (≥70%) OOD
data, none of the existing metrics (Entropy, DeepGini, MCP, CES, and DSA) defeats
the random selection. There is, therefore, room for proposing a new metric to deal
with the second case in a better way than random. Intuition: since different selection
metrics behave differently on different data distributions, we should consider different
selection strategies for different distributions of data. From the in-distribution data,
we need to select the uncertain ones while for the out-of-distribution data, we should
consider the data representativity. Given our previous findings, the guiding principles
of our new metric are twofold: 1) it must consider how much the data distribution
has changed (by using an OOD detector) and 2) it should preserve the balance
between classes (by comparing the label balance between the selected data and the
whole data). Based on these two principles, we propose a distribution-aware test
selection metric named DAT.

8.5.1 OOD detector
Before looking into DAT, we introduce an OOD detection approach employed

in our metric. The outlier exposure (OE) detector [194] is currently the best OOD
detection method as assessed in a recent empirical study [47]. Given a distribution
Din, the detector aims at identifying if a sample is derived from Din or not. The
main idea is to separately train a DNN which additionally optimizes the loss of
OOD data. In real applications, the distribution Dout is unknown and difficult to
be inferred precisely. Therefore, in practice, the OOD data (OE dataset, following
DOE

out ) fed into the detector can be the same as or disjoint from the test OOD data.
Given a DNN f that learned the distribution Din and an OE dataset, the objective
of the OOD detector is to minimize:

E(x,y)∼Din

[
L (f (x) , y) + 0.5 ∗ Ex′∼DOE

out
[LOE (f (x′))]

]
(8.3)
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where L is the loss function of f . The OE loss function LOE is set as the cross-entropy
from f (x′) to the uniform distribution. Particularly, although learning from DOE

out , the
OOD detector has been proved [194, 47] to generalize well to Dout. Our experimental
results in Table 8.3 (Section8.3.4) also confirm this conclusion.

Concretely, given a pre-trained model f and its training set X in ∼ Din, first, we
prepare the ID data and OOD data to train the OOD detector. For image datasets,
we use all 8 considered image mutation operators to mutate the training set and
generate 8 mutated sets. Then, we evenly select |Xin|

8 data from each mutated set
and combine them as the OOD training set Xout ∼ DOE

out . For the text datasets, we
split the data from the OOD set as Xout directly. Note that, the OOD data we select
for training the OOD detector are not from the candidate set and test data. Next,
an OE model is trained using both X in and Xout according to Equation 8.3. This
model predicts an OE score (probability) of a test being OOD. Finally, we train a
regression classifier based on the OE scores of data in X in and Xout predicted by the
OE model. All the OOD detectors in this paper are available on our project site.1

Figure 8.5 shows the distribution of OE scores of three image candidate sets,
MNIST, Fashion-MNIST, and CIFAR-10. For the description of candidate sets, please
refer to Section 8.3. The blue and orange histograms represent the distributions of the
ID and OOD data, respectively. For MNIST and Fashion-MNIST the OOD detector
can recognize and separate the ID and OOD data clearly, and the performance on
CIFAR-10 is also acceptable. Besides, we calculate the AUC-ROC score of our OOD
detectors. The area under the curve of the receiver characteristic operator (AUC-
ROC) provides an overall evaluation of the ability of the OOD detector to distinguish
between OOD and ID data. A high AUC-ROC indicates good performance. For
MNIST, the AUC-ROC scores are 87.74% and 92.69% of LeNet-1 and LeNet-5,
respectively. For Fashion-MNIST, the scores are 88.62% and 90.81% of LeNet-1 and
LeNet-5, respectively. For CIFAR-10, the scores are 74.52 and 74.36 for ResNet-20
and NiN, respectively.
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Figure 8.5: Histograms of OE scores of image candidate sets.

8.5.2 DAT Algorithm
In Algorithm 4, we present our proposed DAT selection metric.
Basically, DAT includes five steps to select data:

1. Given a candidate set Xc, we first utilize the OOD detector, OODDetector, to
divide this dataset into ID and OOD sets, X id

c and Xout
c (line 1). If the OOD

score given by the OODDetector is greater than (less than or equal to) δ, we say
the input sample is OOD (ID) data. By default, we set δ to 0.5, however, the
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Algorithm 4: DAT: Distribution-Aware Test Selection
Input : OODDetector: out of distribution detector

f, Xt, Xc : DNN, test set, candidate set
uncertainSelect : uncertainty-based selection metric
δ: threshold to limit the size of selected ID data
n: size of labeling budget
ite: number of iterations

Output : Xs: selected data
/* Step1: Check data distribution of Xc */
Xin

c , Xout
c = OE_Detector(Xc, δ)

/* Step2: Determine data distribution of Xs */

if |Xin
c |

|Xc| > δ then
nin = δ × n

else
nin = δ × |Xin

c |
|Xc|

end
nout = n− nin

/* Step3: Select ID data */
Xin = uncertainSelect

(
Xin

c , nin
)

/* Step4: Select OOD data */
Yt = f (Xt)
LDt = histogram (Yt) ; // Histogram of labels
dmin =∞
for i = 0→ ite do

Xout
∗ = randomSelect

(
Xout

c , nout
)

LDr = histogram (Yr)
if |LDt − LDr| < dmin then

Xout = Xout
∗

dmin = |LDt − LDr|
end

end
/* Step5: Output selected data */
Xs = Xid ∪Xout

return Xs
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appropriate value depends on the used detector (we discuss this in more detail
later).

2. From the results of CES, DSA, and random selection in Table 8.7 and Figure
8.4, we know that the selected set, Xs, from Xc should follow a similar data
distribution. Thus, we determine the labeling budgets, nid and nout, for the ID
and OOD data in Xs by the proportion of ID data in Xc (lines 2-7). Note that,
in practice, we select slightly more OOD data like all the selection metrics do
because OOD data are more informative for a pre-trained DNN. Here, we use
a predefined threshold δ to limit the amount of ID data used for retraining.

3. We first select the ID data. According to our study, we try to select more
uncertain data from the ID set. As the result shown in Table 8.7 suggests,
DeepGini is appropriate for this because it achieves the highest average top-1
performance among the uncertain-based metrics when the OOD data are below
70%. Thus, we apply DeepGini to select the most uncertain data, X id, from
X id

c (line 8).

4. To select the OOD data, we consider the class bias as suggested by RQ3. Using
the test data, Xt, as a reference, we select OOD data within several iterations.
In detail, first, we create the histogram, LDt, of the predicted labels, Yt, of Xt

by the pre-trained DNN model f (lines 9-10). In each iteration, a set of OOD
data, Xout

∗ , are randomly selected from Xout
c (line 13). Based on the distance

of histograms between the selected and test sets, Xout is updated to be more
balanced (lines 11-20).

5. Output the combination of the selected ID and OOD data (lines 21-22).

8.5.3 RQ4: Effectiveness of DAT on Synthetic Distribution Shift
To evaluate the effectiveness of DAT, we conduct a similar comparison as RQ2.

First, we consider the synthetic distribution shift. An important component in DAT
is the OOD detector which determines the threshold δ to control the size of selected
ID and OOD data. Generally, δ is set to 0.5, which means the data sample is OOD
(ID) if the detector score of this sample is greater (smaller) than 0.5. However, we
experimentally found out that it might be better to set a smaller δ in order to reduce
the number of selected ID data. This is because the OOD detector may not be
able to perfectly separate ID data from OOD data. In our experiments, we set δ as
0.01, 0.1, and 0.3 for MNIST, Fashion-MNIST, and CIFAR-10, respectively. Besides,
we set the iteration number as 1000 for all datasets. For the backbone uncertainty
metric that DAT uses to select ID data, we choose DeepGini as discussed before.

Table 8.9 lists the frequency of each selection metric achieving the top-1 and
top-3 accuracy improvement over 64 and 192 cases, respectively. On average, DAT
is the best metric regardless of the distribution shift and dataset. For example, in
the case of “Top-1”, DAT is 5 and 2 times better than the worst (Random) and the
second-best (MCP), respectively. In the case of “Top-3”, although the gap between
metrics becomes smaller, DAT still achieves nearly 24% better than the second-best
(MCP). Particularly, DAT always outperforms the others when there are more than
70% OOD data. In the other distribution ratios, there is no unique winner while
DAT remains generally competitive.
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Table 8.9: Effectiveness of DAT: Comparison of frequency of being the top-1 and top-
3 best of 7 selection metrics. The best result is highlighted in gray. “Distribution”
represents different distribution shifts of the candidate set.

Entropy DeepGini MCP CES DSA Random DAT Entropy DeepGini MCP CES DSA Random DATDistribution
ID + OOD Top-1 Top-3
0% + 100% 1 0 0 15 3 22 23 2 1 15 48 11 55 60
10% + 90% 0 0 2 6 1 20 35 2 5 10 46 15 56 58
20% + 80% 0 2 6 10 3 9 34 2 9 17 39 16 46 63
30% + 70% 3 4 10 5 0 10 32 9 12 30 39 11 36 55
40% + 60% 3 4 18 10 5 12 12 16 28 33 33 17 34 31
50% + 50% 3 6 26 7 2 8 12 20 31 44 25 11 26 35
60% + 40% 6 8 20 3 5 7 15 28 40 43 18 10 20 33
70% + 30% 6 12 20 3 4 2 17 50 50 46 7 8 6 25
80% + 20% 18 12 11 0 1 3 19 55 51 50 3 4 8 21
90% + 10% 25 16 5 0 2 1 15 56 49 50 0 7 7 23
100% + 0% 13 7 10 7 3 5 19 30 28 29 26 26 25 28

MNIST

Average 7.09 6.45 11.64 6.00 2.64 9.00 21.18 24.55 27.64 33.36 25.82 12.36 29.00 39.27
0% + 100% 0 1 3 10 8 16 26 1 3 7 45 30 52 54
10% + 90% 1 0 4 8 8 15 28 1 0 11 40 31 50 59
20% + 80% 0 0 3 6 8 15 32 1 2 11 35 33 52 58
30% + 70% 0 2 4 7 8 12 31 4 2 20 38 28 46 54
40% + 60% 0 0 10 11 6 14 23 3 5 29 40 33 31 51
50% + 50% 0 2 10 4 5 10 33 5 9 31 40 25 31 51
60% + 40% 5 7 18 2 1 7 24 14 25 38 20 18 31 46
70% + 30% 6 12 20 1 1 5 19 26 34 47 17 11 21 36
80% + 20% 13 15 16 2 0 1 17 40 37 45 12 11 19 28
90% + 10% 21 14 16 1 1 2 9 49 53 52 6 7 12 13
100% + 0% 4 7 4 3 2 5 39 31 32 29 18 23 13 46

Fashion-
MNIST

Average 4.55 5.45 9.82 7.45 4.27 6.91 25.55 15.91 18.36 29.09 32.09 26.00 25.45 45.09
0% + 100% 5 11 4 9 5 13 17 26 29 21 30 19 29 38
10% + 90% 6 15 3 8 7 6 19 22 34 12 35 19 30 40
20% + 80% 15 14 0 7 4 4 20 33 35 10 30 18 26 40
30% + 70% 15 15 1 3 4 10 16 35 37 10 22 15 32 41
40% + 60% 11 13 4 7 6 7 16 36 40 15 32 20 21 28
50% + 50% 16 16 1 4 10 4 13 37 44 21 19 19 26 26
60% + 40% 15 17 4 5 7 4 12 40 38 22 23 21 22 26
70% + 30% 22 9 6 5 4 4 14 38 45 30 17 15 20 27
80% + 20% 24 16 5 2 2 5 10 44 47 40 12 12 16 21
90% + 10% 17 18 5 3 3 4 14 45 48 40 14 10 10 25
100% + 0% 9 9 18 6 7 4 11 32 32 45 26 17 15 25

CIFAR-10

Average 14.09 13.91 4.64 5.36 5.36 5.91 14.73 35.27 39.00 24.18 23.64 16.82 22.45 30.64
0% + 100% 6 12 7 51 34 16 66 29 33 43 136 123 60 152
10% + 90% 7 15 9 41 22 16 82 25 39 33 136 121 65 157
20% + 80% 15 16 9 28 23 15 86 36 46 38 124 104 67 161
30% + 70% 18 21 15 32 15 12 79 48 51 60 114 99 54 150
40% + 60% 14 17 32 30 23 25 51 55 73 77 95 98 68 110
50% + 50% 19 24 37 16 16 22 58 62 84 96 92 69 61 112
60% + 40% 26 32 42 13 9 19 51 82 103 103 62 59 62 105
70% + 30% 34 33 46 7 9 13 50 114 129 123 43 35 44 88
80% + 20% 55 43 32 10 2 4 46 139 135 135 36 26 35 70
90% + 10% 63 48 26 6 4 7 38 150 150 142 23 21 29 61
100% + 0% 26 23 32 12 15 15 69 93 92 103 58 75 56 99

Total

Average 25.73 25.82 26.09 22.36 15.64 14.91 61.45 75.73 85.00 86.64 83.55 75.45 54.64 115.00
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Besides, to check whether it is important and useful to consider the data distribu-
tion in DAT, we conduct an ablation study. Elaborately, we remove the distribution
detection steps (steps 1-3) in Algorithm 4 and only use the fourth step to select
all the candidate data. In this way, DAT ignores the data distribution. Table 8.10
provides the results of our ablation study. Compared with taking into consideration
the data distribution (Table 8.9), the performance drops a lot (presented by the
numbers in brackets). On average, the frequencies of being the best top-1 and top-3
have reduced by 12.09 and 11, respectively. This ablation study demonstrates that
considering data distribution is critical for DAT.
Answer to RQ4: On the synthetic distribution shift, when there are more
OOD data in the new coming set (OOD data > % 70), DAT outperforms other
compared metrics in all our considered datasets. In lower ratios of OOD, DAT
is not always the best metric but it remains competitive overall. Besides, our
ablation study demonstrates the importance of taking into account the data
distribution when selecting data.

8.5.4 RQ5: Effectiveness on Natural Distribution Shift
In addition to testing on synthetic distribution shifts, we further evaluate DAT on

natural distribution shifts. In our study, we consider 3 datasets, iWildCam, IMDb,
and Newsgroups.

Datasets iWildCam is from a recently released benchmark with real-world
distribution shifts, WILDs[188]. The shift of iWildCam comes from camera traps.
Concretely, researchers collect data using specific camera traps, and then use these
data to train an ML model for animal recognition. However, when users deploy this
model in the wild, the change of camera traps may cause distribution shifts and
harm the performance of the model. In total, iWildCam contains 129809 training
data (ID), 14961 OOD validation data, 7314 ID validation data, and 42791 OOD
test data. The data are divided into 182 different categories. Please refer to 8.3.2 for
details of IMDb and Newsgroups.

Setup For iWildCam, we use all the training data to train a ResNet-50 model as
our pre-trained model. We chose ResNet-50 because it is the recommended model
architecture by the WILDs benchmark. Then, we randomly split the test data (all
of which are OOD) into three parts, one (20000 data) for training the OOD detector
with the ID training data, one (10000 data) as the candidate set for selection, and
the rest (12791 data) as the test data. Besides, we follow a similar setup in [197],
which reduces the number of training data to check the performance of each metric
on the model that has a bad performance, to train models with a small number of
training data. In this way, we can check the effectiveness of each metric on both
the well-trained model and the model trained by limited labeled data. Thus, we
train the other two models using randomly selected 1000 and 2000 training data
for our evaluation. For IMDb and Newsgroups, we follow the same procedure as
iWildCam to split the OOD data into the training data for the OOD detector, the
candidate set for selection, and the test set for evaluation, respectively. After the
preparation, we employ different selection metrics to select the candidate data and
retrain the pre-trained models. Finally, we record the test accuracy improvement
on the test data before and after retraining. This setting is the same as the (0% +
100%) distribution combination in the previous RQs. The AUC-ROC scores of the
OOD detectors we trained for this RQ are 79.77%, 68.87%, 70.44%, 82.09%, and

119



Chapter 8. An Empirical Study on Data Distribution-Aware Test
Selection for Deep Learning Enhancemen

Table 8.10: Ablation study of DAT which shows the importance of considering
the data distribution. “Distribution” represents different distribution shifts of the
candidate set. “Improvement drop” presents the drop of accuracy (%) improvement
of DAT without the OOD detector compared with using the OOD detector when
selecting data. Baseline: Please refer to Table 8.4 for the accuracy of pre-trained
DNNs.

DAT with the OOD detector DAT without the OOD detector Improvement dropDistribution
ID + OOD Top-1 Top-3 Top-1 Top-3 Top-1 Top-3
0% + 100% 23 60 19 57 4 3
10% + 90% 35 58 24 56 11 2
20% + 80% 34 63 25 57 9 6
30% + 70% 32 55 25 50 7 5
40% + 60% 12 31 8 28 4 3
50% + 50% 12 35 10 33 2 2
60% + 40% 15 33 14 30 1 3
70% + 30% 17 25 14 25 3 0
80% + 20% 19 21 17 20 2 1
90% + 10% 15 23 14 22 1 1
100% + 0% 19 28 16 26 3 2

MNIST

Average 21.18 39.27 16.91 36.73 4.27 2.55
0% + 100% 26 54 20 51 6 3
10% + 90% 28 59 22 55 6 4
20% + 80% 32 58 30 53 2 5
30% + 70% 31 54 31 54 0 0
40% + 60% 23 51 17 49 6 2
50% + 50% 33 51 25 47 8 4
60% + 40% 24 46 20 45 4 1
70% + 30% 19 36 18 30 1 6
80% + 20% 17 28 13 25 4 3
90% + 10% 9 13 7 10 2 3
100% + 0% 39 46 26 38 13 8

Fashion-
MNIST

Average 25.55 45.09 20.82 41.55 4.73 3.55
0% + 100% 17 38 16 30 1 8
10% + 90% 19 40 12 33 7 7
20% + 80% 20 40 16 33 4 7
30% + 70% 16 41 11 31 5 10
40% + 60% 16 28 11 24 5 4
50% + 50% 13 26 9 21 4 5
60% + 40% 12 26 10 22 2 4
70% + 30% 14 27 12 24 2 3
80% + 20% 10 21 10 20 0 1
90% + 10% 14 25 12 23 2 2
100% + 0% 11 25 9 22 2 3

CIFAR-10

Average 14.73 30.64 11.64 25.73 3.09 4.91
0% + 100% 66 152 55 138 11 14
10% + 90% 82 157 58 144 24 13
20% + 80% 86 161 71 143 15 18
30% + 70% 79 150 67 135 12 15
40% + 60% 51 110 36 101 15 9
50% + 50% 58 112 44 101 14 11
60% + 40% 51 105 44 97 7 8
70% + 30% 50 88 44 79 6 9
80% + 20% 46 70 40 65 6 5
90% + 10% 38 61 33 55 5 6
100% + 0% 69 99 51 86 18 13

Total

Average 61.45 115.00 49.36 104.00 12.09 11.00
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77.37% for iWildCam-ResNet50, IMDb-LSTM, IMDb-GRU, Newsgroups-NN, and
Newsgroups-NN2, respectively. We set the δ in Algorithm 4 for iWildCam, IMDb,
and Newsgroups as 0.5, 0.5, and 0.1, respectively.

Results Figure 8.6 depicts the accuracy improvement on the test data by using
each metric to select (3%, 5%, and 10%) of candidate data for model retraining.
Mention that, since both DSA and CES cause out-of-memory problems, we can
not run these two metrics on the iWildCam dataset. In the figure, Model-fully,
Model-1000, and Model-2000 represent the model that is pre-trained by all training
data, 1000 training data, and 2000 training data, respectively. The test accuracy
of each model on the test data before retraining is 70.85%, 32.94%, and 35.53%
respectively. From the results, we can see that, DAT outperforms the other metrics
in all cases. Specifically, on average, DAT can improve test accuracy by 9.25%,
8.60%, 8.65%, and 1.61% more than Entropy, DeepGini, MCP, and Random. When
the model is well-trained (using all the training data), in addition to DAT, DeepGini
is also a promising metric. However, when the model is trained by limited training
data, DeepGini, Entropy, and MCP perform much worse than random selection and
DAT. Compared with the random selection, in addition to the higher test accuracy
improvement, DAT is also more stable, and the standard deviation of DAT (0.83) is
47% lower than the Random selection (1.56).
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(a) training data: entire; label-
ing budget: 3%
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(b) training data: entire; label-
ing budget: 5%
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(c) training data: entire; label-
ing budget: 10%
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(d) training data: 1000; label-
ing budget: 3%
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(e) training data: 1000; label-
ing budget: 5%
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(f) training data: 1000; label-
ing budget: 10%
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(g) training data: 2000; label-
ing budget: 3%
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(h) training data: 2000; label-
ing budget: 5%
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(i) training data: 2000; label-
ing budget: 10%

Figure 8.6: Box plot of the accuracy improvement of different selection metrics on
the dataset iWildCam, DNN ResNet-50. The pre-trained models are learned by
using the entire training set (first row), 1000 data (second row), and 2000 data (third
row), respectively. The budgets for retraining are 3% (first column), 5% (second
column), and 10% (third column), respectively.

Figure 8.7 shows the results of IMDb and Newsgroups. In most cases (10 out of
12), DAT outperforms the other metrics. On average, for IMDb, DAT can improve
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(a) IMDb-LSTM; labeling bud-
get: 3%
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(b) IMDb-LSTM; labeling bud-
get: 5%
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(c) IMDb-LSTM; labeling bud-
get: 10%
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(d) IMDb-GRU; labeling bud-
get: 3%
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(e) IMDb-GRU; labeling bud-
get: 5%
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(f) IMDb-GRU; labeling bud-
get: 10%
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(g) Newsgroups-NN; labeling
budget: 3%
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(h) Newsgroups-NN; labeling
budget: 5%
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(i) Newsgroups-NN; labeling
budget: 10%
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(j) Newsgroups-NN2; labeling
budget: 3%
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(k) Newsgroups-NN2; labeling
budget: 5%
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(l) Newsgroups-NN2; labeling
budget: 10%

Figure 8.7: Box plot of the accuracy improvement of different selection metrics on
the dataset IMDb and Newsgroups.

the test accuracy by 0.42%, 0.55%, 0.51%, 1.07%, 2.66%, and 0.44% more than
Entropy, DeepGini, MCP, Random, CES, and DSA, respectively. The test accuracy
improvement seems to be insignificant. We checked the models retrained using all the
new data, and the test accuracy improvement is less than 3%. One possible reason is
that the natural OOD data for IMDb is similar to the ID data. For Newsgroup, DAT
improves the test accuracy by 9.85%, 11.12%, 9.46%, 4.75%, 30.10%, and 8.77% more
than Entropy, DeepGini, MCP, Random, CES, and DSA, respectively. Additionally,
in this dataset, the Random selection defeats the other metrics except for DAT,
which is consistent with our conclusion in RQ2.

Answer to RQ5: In the three datasets with real-world distribution shift, DAT
outperforms existing selection metrics by up to 30.10% test accuracy improvement
after retraining.

8.6 Discussion
Based on our study, we first highlight our novel findings and research guidance,

then discuss the threats to the validity of our work.
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8.6.1 Novel Findings and Research Guidance
1. Retraining process. Both retraining strategies for model enhancement, 1)

only using the selected new data and 2) merging the new data with training
data to process retraining, are commonly used in the literature. According
to our comprehensive comparison (RQ1), the second process works better.
Indeed, only using the new data can improve the accuracy of the new test data,
however, the accuracy of the original test set is greatly sacrificed, especially
when the new data include more OOD than ID data. By contrast, combining
the original training data and new data to retrain a DNN can enhance the
performance of the new data, meanwhile, maintaining the high accuracy of the
original test set.

Research Guidance: Based on our experimental results, retraining DNNs
by adding new data to the original training set is a better option. There is
still room for improving this process. For example, how much original training
data is really necessary? Can we reduce the size of the original data to achieve
better efficiency? Instead of only selecting new data, proposing a metric to
carefully select both the original training data and new data for retraining
might be a promising research direction.

2. Test selection under different data distributions. Our experiments have
demonstrated that none of the existing selection metrics (Entropy, DeepGini,
MCP, CES, DSA, and Random) can outperform others under different data
distributions. Most of them, Entropy, DeepGini, and MCP, can select useful
data for model retraining when the new data contains mostly the ID data.
However, for the contrary case where OOD data occupy more of the new data,
they fail to win against the random selection. To deal with this specific case,
we propose the distribution-aware metric, DAT, and it has been proven to be
effective.

Research Guidance: For model retraining, in the case of more ID data
existing in the new data, uncertain-based metrics are better options, while
when OOD data are more than ID, our metric DAT can alleviate the influence
of distribution shifts and outperform other metrics. Before choosing a metric,
the distribution of ID and OOD data should be first checked by some methods,
e.g., the OOD detector. However, it is still challenging to develop an almighty
metric that can deal with all the data distributions. A promising solution could
be considering multiple existing metrics strategically in the retraining process
based on the distribution of new data.

3. Data distribution and bias of selected data. In terms of data distribution,
since OOD data are more likely than ID data to be unlearned by pre-trained
DNNs, the uncertain-based selection metrics, Entropy, DeepGini, and MCP,
choose more OOD data for retraining under all the different distributions.
While CES, DSA, and random selection can follow almost the same data
distribution of the candidate data to pick data. On the other hand, concerning
the class bias of the selected data, CES and random selection seem to make a
good balance among different classes. However, there is no clear clue to show
that using more OOD or balanced data is more helpful in model enhancement.
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Research Guidance: Concerning the importance of data distribution and
class bias, it could be promising to further improve the effectiveness of uncertainty-
based metrics (Entropy, DeepGini, and MCP) by considering these two factors.
Besides, we observe that most selected data by the uncertainty-based metrics
are misclassified by pre-trained DNNs. Thus, the prediction accuracy of the
selected data might be another factor that impacts the retraining performance.

8.6.2 Threats to Validity
The external threat to validity mainly comes from the DNN models and datasets

used in our study. Regarding the datasets, we consider 6 commonly used and public
datasets in the literature. To reduce the threat from the DNN models we employ
two well-known architectures for each dataset (except iWildCam, in which we use
the state-of-the-art model recommended by WILDs benchmark) to limit the impact
of model dependency to some extent. Our datasets include both image and text
data, and our models cover both FNN and RNN.

The internal threat could be caused by the implementation of DAT and the
selection metrics in comparison. To counter this issue, we borrow the available
implementations of the compared methods from released codes by their authors, and
carefully check our code.

The construct threat lies in the OOD detector in DAT, the hyperparameter
setting, and the randomness in the training process. Following the guidance of a
comprehensive empirical study [47], we incorporate the current-best OOD detector
into our new metric. Besides, we utilize their implementation and recommend settings
to train our OOD detectors. We believe that with a better OOD detector, our method
will achieve better results as well. For the hyperparameter, δ is important since it
determines how to consider data as ID or OOD. It also limits the ratio of ID data
selected for retraining. By default, we set δ to 0.5, that is, up to 50% of the selected
data can come from the original distribution. This default ratio worked well for
real-world datasets (WILDS and IMDB). For the other datasets, we experimentally
found out that setting a lower δ increases the effectiveness of retraining with DAT.
Ultimately, at the cost of additional labeling, we can improve the effectiveness of
DAT through the setting of a better δ value. In practical applications, this opens
the perspective to determine better δ values from past distribution shifts. Regarding
the randomness, we repeated each experiment 5 times and we retrained more than
71280 models.

8.7 Conclusion
In this work, we first conducted a systemically empirical study to explore how

different retraining processes and data distributions impact the test selection for
model enhancement. In total, based on 6 selection metrics in comparison, we retrained
71280 models over 5 popular datasets and 10 DNN models for our empirical study.
In terms of enhancing the performance on new data under various distributions and
meanwhile maintaining the high accuracy on the original test set, our experimental
results reveal that using the combination of training and selected data is better
than only using the selected data. Besides, none of the existing selection metrics
can always outperform the others across all data distributions. Interestingly, when
the new set contains more (≥70%) OOD data, the simple but effective random
manner defeats the others, which gives us an insight that this special case has not
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been uncovered in existing metrics. Thus, based on the findings, we propose a
novel and effective distribution-aware metric, DAT, to deal with this case. In the
experiments, we compared DAT with our studied test selection metrics. The results
demonstrate that DAT outperforms other metrics by up to five times better for
model enhancement when dealing with the synthetic distribution shift. Besides, the
results on the datasets with natural distribution shifts also prove that DAT can
achieve better model enhancement than the other metrics when facing the in-the-wild
scenario. Moreover, based on our findings from the 5 research questions, we open
research directions for further improving the performance of existing metrics as well
as proposing new selection metrics.
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9 Conclusion and Future Work

In this chapter, we conclude this dissertation and present promising future research
directions.
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Chapter 9. Conclusion and Future Work

9.1 Conclusion
The dissertation made the first step to label-efficient deep learning engineering.

More specifically, it is structured into four parts: 1) label-free model selection; 2)
sample-based model training; 3) label-free model evaluation; and 4) label-efficient
model enhancement. We now detail them as below.

Regarding the first part, we introduced LAF, a labeling-free technique that targets
the task of measuring the performance of multiple DNNs at the same time without
labeling effort. LaF bypasses the requirement for domain expertise and simplifies
the process of DL engineering. The main idea of this methodology revolves around
the construction of a Bayesian model, predicated upon the predicted labels of data,
thereby circumventing manual labeling efforts and mitigating the intricacies arising
from random sampling. Our evaluation showed that LaF performs well on label-free
model evaluation and achieved better results than our considered baselines.

The second part involved a comprehensive empirical exploration of the inherent
limitations of active learning. The study reveals that, when employing active learning
for model training, the choice of data selection metrics profoundly influences the
resultant model quality in terms of both clean accuracy and adversarial robustness.
Notably, for image classification tasks, models trained using active learning exhibited
competitive test accuracy but suffered from perceptible vulnerabilities in terms of ro-
bustness and susceptibility to compression. Furthermore, our contributions extended
to pioneering the domain of active code learning, marked by the establishment of a
novel benchmark and empirical analysis. Additionally, we proposed to use evaluation
metrics as distance calculation methods to enhance active code learning.

For the third part, we proposed Aries to estimate the performance of DNN
models on the datasets without label information. We found that models exhibit
similar prediction accuracy for data points situated at similar distances from decision
boundaries. The finding led Aries to approximate the distances between data points
and decision boundaries and learn this information from the existing labeled data
to predict the accuracy of new, unlabeled data. Empirical evaluations affirmed the
precision and efficacy of Aries, surpassing SOTA baseline methods.

As a final part, we first can in-depth examination of diverse retraining processes
and data distribution impacts on sampling-based retraining for model enhancement.
Our findings underscored the advantage of combining the training data and selected
data to retrain models, outperforming strategies reliant solely on selected data.
Notably, when the new set contains ≥ 70% OOD data, random selection defeats all
the well-designed methods. Drawing from these insights, we introduced an innovative
and more effective metric, DAT, designed to address the challenges posed by data
distribution shifts in the context of model enhancement.

9.2 Future Work
We now discuss some promising future directions based on this dissertation.
• Enhancing LaF and using LaF for other tasks. A promising direction

involves combining existing methods that need to label a part of data and LaF
to further improve the effectiveness of model ranking. Recognizing scenarios
where LaF might exhibit limitations, such as instances with models of low
quality or diversity, introduces the possibility of incorporating a β assessment
to gauge model quality. We can use β to check the quality of models first, and
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then use sampling-based methods to rank models for these cases. Additionally,
the other direction of LaF is to Utilize LaF to build better model ensembles.
Since existing works [83] show diversity is a good factor in building ensemble
models, it is good to use the β value in LaF to compute the model diversity to
help build ensembles.

• Label-efficient training with multiple objectives. Our investigation
reveals that none of the presently available data selection metrics can perform
well on all the considered objectives. This observation opens an intriguing
avenue for further research, with a compelling focus on the development of
data selection metrics capable of concurrently optimizing multiple multiple
model properties such as accuracy, robustness, accuracy after compression, and
fairness.

• Label-efficient testing for LLMs. Generative models such as large language
models (LLMs) have been hot trending recently. How to efficiently estimate
the performance of LLMs is an important problem. Consider the scenario of
employing ChatGPT for a bug detection task within a substantial project. How
can we expediently pinpoint misclassified programs or swiftly gauge ChatGPT’s
overall project performance to optimize resource allocation? In summary, there
are many research and practical opportunities in studying test optimization
in DNN in regression and generative tasks. A potential initial step could be
adapting existing methods to LLMs and checking their effectiveness.
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