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Abstract. An increasing number of financial software system relies on
Machine learning models to support human decision-makers. Although
these models have shown satisfactory performance to support human
decision-makers in classifying financial transactions, the maintenance of
such ML systems remains a challenge. After deployment in production,
the performance of the models tends to degrade over time due to con-
cept drift. Methods have been proposed to detect concept drift and re-
train new models upon detection to mitigate the drop in performance.
However, little is known about the effectiveness of such methods in an
industrial context. In particular, their evaluation fails to consider the
delay between the detection of the drift and the deployment of a new
model. This delay is inherent to the strict quality assurance and man-
ual validation processes that financial (and other critical) institutions
impose on their software systems. To circumvent this limitation, we for-
malize the problem of retraining ML models against distribution drift
in the presence of delay and propose a novel protocol to evaluate drift
detectors. We report on an empirical study conducted on the transaction
system of our industrial partner, BGL BNP Paribas, and two publicly
available datasets: Lending Club Loan Data and Electricity. We release
our tool and benchmark on GitHub. 5 We demonstrate for the first time
how ignoring the delays in the evaluation of the drift detectors overesti-
mates their ability to mitigate performance drift, up to 39.86% for our
industrial application.

Keywords: ML, distribution-drift, real-world system, AI in finance

5 Code available at https://github.com/serval-uni-lu/drift-robustness.

https://github.com/serval-uni-lu/drift-robustness
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1 Introduction

Machine Learning (ML) is used in industry to leverage an increasingly large
amount of data and reduce operational costs, develop new disruptive products,
and deliver personalized services to their customers.

Our industrial partner is an important actor in the financial sector, and has
many operational benefits from automated services built using ML, including
scalability at low costs and the ability to process large amounts of data efficiently.

However, the wide dissemination of ML technologies within industrial soft-
ware systems is hindered by their high maintenance costs [1]. Our partner has
observed that the effectiveness (e.g. prediction accuracy) of their ML systems
declines over time due to changes in data distribution.

The usual solution to mitigate the effect of drifts on ML systems is to retrain
the ML model periodically (periodic retraining) or continuously (online learn-
ing). In our partner’s case, online learning is prohibited by stringent security
policies, which prevent feeding models with live data without manual checks.
Thus, our partner relies on periodic retraining. The critical questions they face
are how often and how they should retrain their model.

Alternatively, research has developed drift detectors as a better means to de-
cide when to trigger model retraining [14]. A drift detector is a statistics-based
method that takes as input a stream of samples. After each sample, it returns
whether the observed distribution has shifted or not compared to previous sam-
ples. Using drift detectors to trigger retraining at the most appropriate times
can reduce the cost of periodic retraining and increase its effectiveness.

Although the use of periodic retraining and drift detectors has been inten-
sively investigated in the literature [14,18,3], previous studies do not consider
the industrial constraints facing ML systems in production. In particular, two
types of delay inhibit the retraining process. First, labeling delay implies a tem-
poral distance between the time at which a new data reaches the system and
the time at which its ground truth label is retrieved. Second, deployment delay
is inherent to the strict quality assurance and manual validation processes that
financial institutions (and other critical institutions) impose on their software
systems. Hence, there is a significant time gap between when a system is fully
engineered (or updated) and when it is running in production. In the case of
BGL BNP Paribas, this delay is typically 10 days for labeling, and 28 days for
deployment.

In this paper, our objective is to uncover the capabilities of retraining strate-
gies to mitigate the effect of drifts in presence of labeling and deployment delays.
Therefore, we conduct an empirical study involving one real-world financial sys-
tem of our partner, and one publicly available dataset. We cover 16 retraining
scheduling methods (based on periodic retraining or drift detectors). We mea-
sure the capability of these strategies to retrain models efficiently (minimizing the
number of retraining) and effectively (maximizing performance over time). We
specifically investigate the impact that the aforementioned delay has on existing
retraining practices. To summarize, our study brings three novel contributions:
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– We formulate the problem of retraining against distribution drifts in presence
of labeling and deployment delays.

– We propose a novel step-by-step protocol for ML practitioners to diagnose
concept drifts with deployment delays and identify the best retraining strate-
gies that fit their case.

– We report on an empirical study of the effectiveness and efficiency of re-
training strategies. We notably shed light on the impact of window size of
retraining, the importance of drift detectors tuning, and how the delay affects
the Pareto-optimal retraining strategies.

Through our study, we highlight the importance that labeling and deploy-
ment delays have on the predictive maintenance of machine learning-based sys-
tems, and the scale at which these delays impact the solutions to combat distri-
bution drifts in the real world. By providing a proper definition and evaluation
protocol of this industry-relevant problem overlooked by the literature, we hope
to inspire future research on designing effective and efficient solutions.

2 Background

2.1 Source of Performance Drift

In their survey [14], Lu et al. define concept drift (also defined as distribution
shift [22]) as follows:

Given a time period [0, t], the set of samples, denoted S0,t = {d0, . . . , dt},
where di = (xi, yi) is one observation (or a data instance), xi is the feature vector,
yi is the label and S0,t follows a certain distribution F0,t(X, y). Concept drift
occurs at timestamp t+ 1, if F0,t(X, y) ̸= Ft+1,∞(X, y), denoted ∃t : Pt(X, y) ̸=
Pt+1(X, y).

According to this definition, concept drift can be defined as the change in
the joint probability of X and y at time t. The joint probability Pt(X, y) can
be decomposed as Pt(X, y) = Pt(X)× Pt(y|X), therefore, the concept drift can
have three sources. We describe the three sources of concept drift and explain
how each source can influence the performance of the model.

– Pt(X) ̸= Pt+1(X) while Pt(y|X) = Pt+1(y|X), that is, only the input space
distribution Pt(X) changes and the relation Pt(y|X) remains unchanged.
This kind of drift does not affect the true decision boundary. Therefore, it
may or may not affect the performance of the model depending on the dif-
ference in the distributions and the generalization capability of the model. It
remains interesting to study drifts in the P (X) distribution as it is observ-
able at prediction time and is model-agnostic. As an example, the extension
of the ML system usage to a new type of client can cause this kind of drift.

– Pt(y|X) ̸= Pt+1(y|X) while Pt(X) = Pt+1(X), that is the distribution of
input Pt(X) remains unchanged, but the true decision boundary updates.
Therefore, the decision boundary learned by the model is outdated and this
causes a drop in accuracy in the region where the boundary has changed. For
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example, the changing economic context in which a financial system evolves
can cause this type of drift.

– Pt(X) ̸= Pt+1(X) and Pt(y|X) ̸= Pt+1(y|X), that is, both the input data
distribution and the decision boundary changes. In many real-world appli-
cations, this type of drift occurs, and we observe a drop in model accuracy.

2.2 Drift Detectors

A drift detector is a method that observes a stream of data over time and deter-
mines for every new data point if the current distribution of the data has changed
compared to a reference data set. We survey the literature for available drift de-
tectors and identify three types of detectors: data-based detectors [23,11,19],
error-based detectors [4,8,2,6,20,16], and predictive detectors [21,10]. We select
drift detectors that are scalable to handle our datasets, which contain more than
a million examples. Our second criterion is the availability of the implementa-
tion - or the implementation details - that allows us to reproduce the detectors
presented in their respective paper. We identified three data-based, seven error-
based, and two predictive-based detectors. The intuition behind each detector
and their tunable parameters are given in Appendix A.

2.3 Domain Generalization

The domain generalization (DG) problem was first formally introduced by Blan-
chard et al. [5]. Unlike other related learning problems such as domain adaptation
or transfer learning, DG considers the scenarios where target data is inaccessi-
ble during model learning. Hence, adaptation to distribution shift falls under
the umbrella of domain generalization. [24] introduced a categorization of tech-
niques commonly used to address the DG challenge, including domain alignment
training, synthetic data augmentation, and self-supervised learning. Our work
stems from the need of our industrial partner to improve the monitoring of the
deployed models and to effectively trigger their well-established retraining proce-
dures. While we believe that DG techniques could also improve the performance
of the models against distribution shift, all these approaches are orthogonal to
our investigations for an efficient retraining schedule under delay.

2.4 Delays in time series evaluation

Masud et al. [15] study the problem of novel class detection while considering
the true label delay constraints. They show how delaying the classification of
incoming samples helps to detect new classes before the true label is available,
hence providing a more accurate prediction. Poenaru-Olaru et al. [18] investi-
gated recently the reliability of data and error-based drift detectors. However,
the experimental protocol used does not consider label and deployment in pro-
duction delays, which is the core of our study. In [17], Plasse et al. introduced a
taxonomy to describe the labeling delay mechanism. They showed how delayed
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labels can be used to pre-update classifiers in real-world applications. However,
the study didn’t tackle validation delays and their impact on the model’s de-
ployment or the drift monitoring process. Žliobaité [25] analyzed the factors
that allow concept drift detection before the label is available. However, no ex-
periments are conducted on the impact of the finding on the performance of ML
predictions, which is the aim of our novel protocol.

3 Problem

Without loss of generality, we consider a classification problem defined on a n
dimensional feature space X ⊆ Rn and a binary label space Y = {0, 1}. We
assume that the samples come as a time series S where each sample (xi, yi) ∈
X × Y is indexed by a discrete time parameter ti, such that ti represents the
time at which the input xi reached the system. The labeling delay of xi is the
time between ti and the moment xi receives its true label yi. For simplicity, we
assume that this delay δl is constant across the inputs.

Let htj : X → Y be the classification model trained at time tj . Then htj

can only be trained on inputs {xi} such that ti + δl ≤ tj . Furthermore, the
deployment delay of htj is the time needed to deploy it in production. As before,
we assume that this delay δd is constant. Thus, any model htj can only make
predictions on inputs that arrive in the system after it is deployed, that is, on
inputs {xk} such that tj + δd ≤ tk.

We define a retraining schedule as an ordered sequence sched = {t1 . . . tn}
that determines when a model should be re-trained. For example, periodic re-
training uses a sequence in which all elements are exactly separated by a constant
period p, that is, tj+1 = tj + p. By contrast, drift detectors decide the sched-
ule on the fly based on their statistical analysis of the data and the model. A
retraining schedule determines a sequence of models H = {ht1 . . . htj . . . htn}.
Then, any input example xi observed at time ti is predicted by the latest
available model: The predicted label for xi is given by ŷi = ht∗(xi) where
t∗ = max{tk ∈ sched s.t. tk + δprod ≤ ti}.

The evaluation of retraining schedule is two-folds: effectiveness and efficiency.
Effectiveness is measured as the negative of the prediction error made by the
sequence of models H calculated by an arbitrary scoring function score(Y, Ŷ ),
with Ŷ = {ŷi}. Efficiency measures the overall cost of model retraining. For
simplicity, in our study we assume this cost to be constant across models and
compute it as the number n = |H| of retraining. This assumption matches the
context of our partner, where the cost of deploying models in production largely
surpasses the computational cost to retrain the model and the data labeling cost.

4 Methodology

We propose a novel protocol to thoroughly evaluate retraining scheduling tech-
niques under realistic industrial constraints (labeling and deployment delays).
These constraints have been overlooked by previous studies. We do so, moreover,
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while carefully and empirically considering alternative design decisions that af-
fect model performance (incl. hyperparameter tuning and training window size).

Our protocol starts from an initial model m0 trained on an initial training set
Strain =]d0, dNtrain ], which contains the first Ntrain example of the time series
S. The protocol evaluates this model on the remaining samples of the time series
Stest = [dNtrain

, d|S|[ using an arbitrary score function, which takes as input the
prediction of the model and the true label.

4.1 Model Hyperparameter Tuning

The initial part of our protocol investigates whether hyperparameter tuning
can improve the baseline model and if repeating this tuning at each retraining
improves the model’s effectiveness.

We select the best hyperparameter tuning strategy across three strategies.
“No tuning” uses the hyperparameters provided by our industrial partner. “Initial
tuning” involves training the baseline model from scratch on the training set
Strain with hyperparameter tuning, then keeping these hyperparameters fixed
during evaluation. “Re-tuning” means tuning the hyperparameters each time the
model is retrained, based on the data available at that time.

Hyperparameter tuning is performed using K-fold validation with time series
splits and Bayesian search, aiming to maximize the average score function over
the folds. Time series splits are preferred over random or stratified K-fold splits
as they better evaluate the model’s generalization to future samples, which is
particularly useful for handling data drift and improving model robustness. We
identify the best tuning strategy and reuse it for the rest of our protocol.

4.2 Training Window Size

We next need to use an appropriate window size is, i.e. how many of the most
recent data model retraining should use. Training with the maximum amount of
data does not always produce the best model, according to the dilemma between
model plasticity (learning new information) and stability (retaining previous
knowledge) [13,7].

We thus compare the effectiveness achieved by different window sizes that
ranges from a fraction of the data up to all the available data. We select the
best window size with periodic retraining schedule with different period ranging
from a period as short as the label delay up to a period corresponding to a single
retraining across the entire time series. We consider scenarios without and with
delays. An evaluation without delays measures maximal potential performance
improvements of alternative window sizes, whereas an evaluation with delays
measures the improvement in a realistic context. Thanks to this step, we select
the best window size and use it to evaluate retraining schedules.

4.3 Drift Detector Evaluation

We evaluate drift detectors and their parameters in a realistic scenario. We start
from an initial model m0 trained on the training set Strain with the best tuning
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strategy and window size (as explained before). Once a new sample di = xi, ti, yi
arrives in the system, we use the initial model m0 to predict a label ŷi for xi. We
feed our drift detectors with the feature xi, the time ti, the label yi and/or the
prediction ŷi, depending on the detector type. If the detector does not detect a
drift, we do nothing and wait for the next samples to arrive and be processed.

If we detect a drift, we retrain a model with the latest data ]di−window, di].
In practice, we use a pre-trained model for evaluation such that di is rounded
up. The newly trained model will become available for prediction after a delay
δ = δl + δd with regard to t′i. Between the detection of drift in ti and the model
being available in time ti + δ, we continue to predict the samples with m0.

Whether we continue to detect drift or not depends on the type of drift detec-
tor. If the drift detector is data-based, we continue to detect drift. Indeed, these
detectors do not rely on the model and can continue to trigger model retraining
during this time window. On the other hand, error-based and predictive-based
detectors observe model properties (e.g. error rate, uncertainty). Therefore, after
detecting a drift, we wait for the new model and distribution to be available.

After the first drift has occurred, for the remainder of the sample dj , j > i
we use the latest available model to make the prediction and follow the same
process as in m0. A model mi is available at time tmi

if and only if it has been
trained with data older than tm − δl − δd.

With these steps, we can evaluate the drift detectors effectiveness (accord-
ing to the score function) and efficiency (number of retraining).

4.4 Comparing Drift Detectors and Periodic Retraining

To evaluate the periodic retraining strategy, we use the same protocol as for the
drift detectors and instantiate a drift detector that is equivalent to periodic re-
training. Note that this detector behaves like a data drift detector and can detect
drift before the latest available model is used. To compare the efficiency (num-
ber of models) and effectiveness (ML metric) of periodic retraining schedules,
we vary the retraining intervals to identify the optimal Pareto front.

For each detector, we tune its parameters using Bayesian search to minimize
the number of models used and maximize the ML effectiveness on the test set. To
avoid information leakage, we split the Strain set into K-fold of (strain, sval) using
the time series split. For each fold, we evaluate the effectiveness and efficiency of
the drift detector parameters using the protocol of Section 4.3. For each detector,
we select the parameters on the Pareto front of efficiency and effectiveness.

We evaluate the effectiveness and efficiency of the kept parameters of all
drift detectors on the complete dataset. We build the Pareto front of all the
detectors’ efficiency and effectiveness and compare them with the effectiveness
and efficiencies we obtain with periodic retraining schedules.

These steps lead to the best drift detector and its best parameters.

5 Experiments

Below, we outline our empirical study protocol and evaluate each step’s impact.
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5.1 Dataset, Model and Metrics

We apply our empirical study to the transaction system of BGL BNP Paribas.
The objective of the ML model is to classify a transaction as accepted or re-
fused based on the recent transaction of a particular client. The dataset contains
1,093,587 labeled inputs from transactions that occurred over a 5.6-year period.
The timestamps associated with inputs are precise for a single day.

The classifier previously developed by our partner is a random forest. To
comply with the regulation, our partner must have the capacity to interpret the
automated decision made by the model; and tree-based models are interpretable
by design and, therefore, we use a random forest architecture like our partner.
Due to the sensitivity of the system, we did not work with the real model in
production but have created a baseline model with the support of our partner’s
instructions. Therefore, we built a random forest classifier with 100 estimators up
to 8-level deep. We trained the baseline model with 400,000 samples, following
our partner’s recommendations. The minimum period for periodic retraining
corresponds to the average label delay, which is 5,293. For simplicity, we round
it down to 5,000 in our experiments.

We use Matthew’s correlation coefficient (MCC) to score the prediction of
our models which is well suited for unbalanced datasets. It is important to note
that, in our partner’s case, even small differences in MCC correspond to a sig-
nificant business impact. For example, during our experiments, we noticed that
a difference in 0.01 MCC corresponds to 3,000 transactions on average.

400 500 600 700 800 900 1000

Evaluation batch (starting index x1,000)

0.52

0.54

0.56

0.58

0.60

0.62

M
C

C

Current strategy

Proposed strategy

Fig. 1: Evolution of ML effective-
ness (MCC) with time (in batches
of 20,000 inputs).

Figure 1 (blue curve) shows the per-
formance of the baseline model over time,
without retraining. This reveals that the
model performance is not stable over time
and tends to degrade after a certain point
due to distribution drifts. On the first
20,000 samples, our model has an MCC
of 0.5595. Later, the MCC score ranges
between 0.5169 and 0.6099, which is a sig-
nificant difference business-wise and alerts
our partner. We observe a peak perfor-
mance on the batch [740, 760[. After this
peak, performance tends to degrade until
an MCC of 0.5443 for the last batch of our
evaluation. The orange curve shows the performance of the best model in our
study; this shows the potential benefits that appropriate retraining can produce.

Additionally, we evaluate the LCLD dataset [12]. The task of the ML model
is to classify loan requests as accepted or refused based on information provided
by the client (e.g. purpose of the loan), publicly available data (e.g. credit score),
and computed features (e.g. installment). The dataset contains 1,124,606 labeled
inputs from transactions that occurred over a 5-year period.6

6 Code available at https://github.com/serval-uni-lu/drift-robustness.

https://github.com/serval-uni-lu/drift-robustness
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5.2 Results

Tuning the hyperparameters of the initial model has a positive impact
We first investigate the benefits of re-tuning the model hyper-parameters over
time. We consider three different scenarios: 1) the baseline model of our partner
is used throughout (“no tuning”); 2) we tune the model based on a time split7
(“initial tuning”); and 3) the model is re-tuned each time it is re-trained (“re-
tuning”). Since we want to assess the potential of model tuning to get better
models over time, we ignore labeling and deployment delays at this stage.

Table 1: Impact of training strategy on ML effectiveness.
Dataset Model

hyperparameters
Retraining period

20,000 50,000 100,000 200,000 400,000

BGL
No tuning 0.5678 0.5656 0.5648 0.5627 0.5616
Initial tuning 0.5887 0.5877 0.5864 0.5855 0.5842
Re-tuning 0.5882 0.5867 0.5862 0.5848 0.5837

LCLD
No tuning 0.2691 0.2688 0.2681 0.2678 0.2669
Initial tuning 0.2742 0.2737 0.2725 0.2723 0.2709
Re-tuning 0.2751 0.2744 0.2734 0.2711 0.2685

Table 1 shows that initial model tuning yields significant improvements but
that re-tuning at each retraining is not necessary. For our partner model, initial
tuning always has a higher MCC than no-tuning and re-tuning regardless of the
retraining period. For LCLD, initial tuning is more effective for large retraining
periods while re-tuning is more effective with frequent retraining. However, the
MCC gains are always under 0.001 between initial and re-tuning. For our study,
this means that we may proceed with a careful initial tuning and skip re-
tuning the model each time we retrain it.

Training with all available data is counterproductive. We evaluate the
impact of the retraining window on the ML effectiveness when using the simple
periodic retraining strategy. As before, we study this impact in the ideal scenario
without delay to measure the maximum potential gains and in a realistic scenario
with our partner delays.

Table 2 reveals that using 400k (respectively 200k) for our partner use case
(respectively, LCLD) is the best retraining strategy on average. Breaking down
the results for each period on our partner use case reveals that using the 400k
most recent samples to retrain is always among the 2 best solutions without delay
and the best solution with delays, independently of the retraining period. We also
observe that using all the available data is only the third best solution – for all
periods except 50k – and is therefore not the optimal solution. Consequently, we
7 The baseline model of our partner is tuned on non-time-sensitive k-fold validation.
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Table 2: Impact of window size on ML effectiveness. Average over periodic re-
training with periods p = {5, 10, 20, 50, 100, 200, 400} × 103.

BGL LCLD
Delay No Yes No Yes
Window size

50k 0.5737 0.5723 0.2726 0.2721
100k 0.5819 0.5804 0.2735 0.2729
200k 0.5867 0.5849 0.2741 0.2732
400k 0.5875 0.5857 0.2732 0.2726
All 0.5860 0.5841 0.2733 0.2730

empirically set the retraining window used in our experiments at 400k examples
for our partner and 200k for LCLD.

Periodic retraining and error-based detectors together offer a flex-
ible compromise between effectiveness and efficiency. We investigate
the effectiveness and efficiency of drift detectors and periodic retraining sched-
ules in scenarios with delays of BGL BNP Paribas, comparing their efficiency
(number of retrainings) and effectiveness (MCC) in Figure 2 and Table 4 In Fig-
ure 2, each data point is a particular method setting, i.e. a scheduling method
(periodic retraining or drift detector) with given parameter values. All schedul-
ing methods (periodic and detectors) appear on the Pareto front, including the
no-retraining strategy due to its inherent efficiency. We excluded drift detector
schedules equivalent to "no retraining" or "always retraining". Figure 2a indi-
cates that for a retraining budget above 22, error-based detectors are as effective
as periodic retraining with fewer retrainings. For instance, the HDDM-W detec-
tor performs better with 32 retrainings compared to the most effective periodic
strategy requiring 136 retrainings. Periodic retraining is most effective for up to
seven retrainings, with no clear advantage for either method between seven and
22 retrainings. Similarly, for LCLD, data-drift detectors and periodic retrain-
ing are most effective for fewer retrainings, and error-based detectors for higher
numbers.

In the second column of Table 4, for each method, the right number shows the
number of parameter settings that are Pareto-optimal within this method (i.e.,
the best settings of this particular method); the left number shows the number
of these settings that are Pareto-optimal across all methods. The statistical test
and PCA-CD detectors fail to reach the Pareto front for Partner, while the
divergence detector succeeds. Error-based detectors DDM, EDDM, and Page-
Hinkley (PE) also fail for both datasets, but predictive-based detectors reach
the Pareto front.



On the Impact of Industrial Delays when Mitigating Distribution Drifts 11

0 20 40 60 80 100 120 140

# Train

0.578

0.580

0.582

0.584

0.586

0.588

0.590

M
C

C

Baseline

Data

Error

Predictive

(a) BGL - δl = 10 days, δd = 4 weeks

0 20 40 60 80 100 120 140

# Train

0.578

0.580

0.582

0.584

0.586

0.588

0.590

M
C

C

Baseline

Data

Error

Predictive

(b) BGL - Without delays

0 10 20 30 40 50 60 70

# Train

0.269

0.270

0.271

0.272

0.273

0.274

0.275

0.276

M
C

C

Baseline

Data

Error

Predictive
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Fig. 2: Pareto front of drift detectors, no retraining VS periodic retraining.
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Fig. 3: Pareto front of retraining schedule with different deployment delays.

5.3 Generalization Study

Not considering delay overestimates the effectiveness/efficiency trade-
off of retraining schedules. To emphasize the importance of considering the
delay in the evaluation of retraining schedules, we compare the drift detector
and periodic retraining schedules with and without delay. We find that not con-
sidering delay overestimates the effectiveness/efficiency trade-off of retraining
schedules. Indeed, comparing Figure 2a (respectively 2c) with Figure 2b (re-
spectively 2d), we observe that the Pareto front lies higher when there is no
delay. For example, on our partner’s case the most effective strategy without de-
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Table 3: For each schedule, the number of parameter settings (A) / (B). (A) are
the settings on the efficiency/effectiveness Pareto front across all methods. (B)
are the settings on the Pareto front local to the method. For varying delays, we
report the number of Parameters on the Pareto front with delay δd that remains
on the Pareto front for delays δd/2 and 2δd. δl = 10 days, δd = 4 weeks.

BGL LCLD

Type Schedule No δl
δd

δl
δd/2

δl
2δd

No δl
δd

δl
δd/2

δl
2δd

Baseline No detection 1 / 1 1 / 1 1 1 1 / 1 1 / 1 1 1
Periodic 4 / 7 4 / 7 4 3 5 / 7 1 / 7 0 1

Data-based
detector

Statistical test 0 / 25 0 / 25 0 0 0 / 9 0 / 9 0 0
Divergence 1 / 4 2 / 6 2 2 1 / 4 1 / 5 2 1
PCA-CD 0 / 3 0 / 4 0 0 1 / 2 1 / 2 1 1

Error-based
detector

ADWIN (CE) 3 / 9 1 / 4 0 0 1 / 3 3 / 6 2 1
ADWIN (PE) 1 / 9 1 / 3 0 0 0 / 5 0 / 5 0 0
DDM 0 / 4 0 / 3 0 0 0 / 5 0 / 2 0 0
EDDM 0 / 3 0 / 4 0 0 0 / 6 0 / 6 0 0
HDDM-A 5 / 6 10 / 12 0 10 0 / 19 0 / 4 1 1
HDDM-W 2 / 2 17 / 17 1 16 0 / 1 0 / 17 0 0
KSWIN (CE) 1 / 8 0 / 7 0 0 0 / 7 2 / 5 3 0
KSWIN (PE) 1 / 3 1 / 3 0 0 0 / 4 2 / 4 0 0
Page-Hinkley (CE) 2 / 8 1 / 3 0 0 0 / 1 0 / 2 0 0
Page-Hinkley (PE) 0 / 3 0 / 2 0 0 0 / 1 0 / 1 0 1

Predictive-based
detector

Uncertainty 1 / 14 1 / 11 1 0 0 / 3 0 / 5 0 0
Aries ADWIN 0 / 4 1 / 4 0 0 1 / 5 1 / 3 0 1

lays has an MCC of 0.5909 for Page-Hinkley (CE), while with delays, the most
effective strategy has an MCC of 0.5871 for HDDM-W.

The relative ranking between the methods also changes. Table 4 com-
pares the number of method settings (for each method) that are on the Pareto
front, in the cases without delays (left column) and with delays (right column).
We see that the scheduling method settings on the Pareto front are different
in the two cases. For instance, for our partner use case, KSWIN (CE) had one
setting on the Pareto front without delay, but this setting disappears from the
front when there is a delay. Hence, the optimal drift detection method settings
without delay do not remain optimal if delays occur.

Change in deployment delay has an opposite effect on the effective-
ness/efficiency Pareto front. We study the impact of varying delays on the
effectiveness and efficiency of retraining scheduling methods by simulating sce-
narios where the deployment delay is increased or decreased after the methods
are tuned and running. We tune the detectors based on the previously used delays
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δl and δd and then evaluate them when δd is halved or doubled. Figure 3 com-
pares the Pareto fronts in the cases where δd is halves, unchanged and doubled.
We observe that the δd/2 front dominates the δd front, which itself dominates the
2δd one. This indicates that a reduction in deployment delay (compared to the
delay considered when tuning the drift detectors) yields improvement, whereas
an augmented delay incurs a loss in the effectiveness/efficiency trade-off.

Changes in deployment delays disrupt the relative ranking of the
retraining scheduling methods. Table 4 shows the number of schedules
(method settings) that are on the Pareto front for the original delay δd (sec-
ond column (A)) and how many of these exact schedules remain on the front for
delays δ/2 (third column) and 2δ (fourth column). A retraining schedule gen-
eralizes if it remains on the Pareto front in spite of the delay change. For our
partner use case, we observe that only three methods generalize to the halved and
doubled delays: periodic retraining, HDDM-W, and divergence. The uncertainty
detector only generalizes to a reduction of the delays. All other methods do not
generalize. For HDDM-W, the parameters that generalize when augmenting the
delay are different than the ones when reducing the delay. On the LCLD dataset,
only Divergence and ADWIN generalize to the halved and doubled delays.

5.4 Generalization Beyond Financial Domain

Electricity dataset Electricity [9] is a widely used dataset in the distribution
shift on tabular data literature as shown in [14]. The classification task is to
determine at any point in time whether the electricity price is going up or down.
The six features include the day of the week, the current price, the electricity
demand, as well as the price, demand, and transfer of the adjacent geographical
region. This dataset is smaller than the financial datasets, spans over a shorter
period, and is drawn from another domain. Electricity contains 45,312 labeled
inputs that occur over 943 days with exactly one input recorded every 30 minutes.
The dataset is precise to 30 minutes. Hence, the labeling and deployment delays
may differ in a real-world system. The minimum period of retraining corresponds
to the average label delay, which is 480 samples. We trained the baseline model
with one year of data. We round up to the next multiple of 480 to facilitate
model reuse during the experiments and obtain 17760 inputs.

Results We started with the same delays as for financial datasets (δl = 10 days,
δd = 4 weeks). With these settings, we observe in Figure 4a that none of the
schedules, including retraining every 10 days, can outperform the baseline. Not
retraining and keeping the original model is the most effective strategy for such
delays. This confirms the importance of considering the delay in the evaluation
of retraining schedules. We also consider a scenario with shorter delays. We use
a total delay of 10 days corresponding to our previous label delay. We assume
that at any given time the electricity price of the previous day is available.
Hence, we split this total delay into 1 day for labeling and 9 days for production.
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Table 4: For each schedule, the number of parameter settings (A) / (B). (A) are
the settings on the efficiency/effectiveness Pareto front across all methods. (B)
are the settings on the Pareto front local to the method. For varying delays, we
report the number of Parameters on the Pareto front with delay δd that remains
on the Pareto front for delays δd/2 and 2δd. δl = 1 day, δd = 10 days.

Delay

Type Detector No δl = 1 day
δd = 9 days δd/2 2δd

Baseline No detection 1 / 1 1 / 1 1 1
Periodic 1 / 7 1 / 7 2 1

Data-based
detector

Statistical test 2 / 9 6 / 7 4 7
Divergence 1 / 4 0 / 5 1 0
PCA-CD 0 / 0 0 / 0 0 0

Error-based
detector

ADWIN (CE) 0 / 10 3 / 4 0 2
ADWIN (PE) 0 / 4 3 / 4 0 0
DDM 1 / 3 0 / 3 0 0
EDDM 0 / 4 0 / 4 0 0
HDDM-A 0 / 23 7 / 7 1 0
HDDM-W 1 / 2 0 / 2 1 2
KSWIN (CE) 0 / 5 3 / 5 0 0
KSWIN (PE) 0 / 9 1 / 2 1 0
Page-Hinkley (CE) 0 / 2 0 / 2 2 0
Page-Hinkley (PE) 1 / 1 0 / 1 1 1

Predictive-based
detector

Uncertainty 1 / 4 4 / 4 3 4
Aries ADWIN 1 / 4 1 / 3 0 0

With these settings, we observe that error-based detectors are the best trade-off
between accuracy and efficiency for 12 or more retrains. Below 12 retrains, not
retraining remains the best strategy.

When comparing the occurrences on the Pareto front of each schedule strat-
egy between the scenario with and without delays on Table 4 for Electricity,
we confirm that the optimal schedule varies. KSWIN, HDDM-A, and ADWIN
become relevant for Electricity. Similarly, changing the delay has an impact on
which schedule strategy remains optimal. ADWIN and KSWIN (CE) are no
longer on the Pareto front when halving the delay for Electricity and HDDM-A
is no longer on the front when we double the delay.

Similarly to finance use cases, doubling or halving the delay has a significant
impact on the Pareto-front of drift detectors. In Figure 5, the MCC decreases
by more than 5% between scenarios δd/2 and 2δd.
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Fig. 4: Pareto front of drift detectors, no retraining and periodic retraining sched-
ules on Electricity dataset.
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Fig. 5: Pareto front of retraining schedule with same parameters and different
deployment delays.

6 Conclusion

In this paper, we studied the performance of ML models with drift detector
triggered retrain in the presence of delays. We considered industrial use cases
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where the label arrives ten days after the prediction and the model goes through
a four-week validation phase before deployment. We evaluated 15 detectors in
two use cases and different delay scenarios. Our results show that drift detectors
and scheduling strategies are particularly affected by realistic delays.
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