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Abstract—The deployment of Large Language Models (LLMs)
in cloud environments underscores the imperative for optimal
hardware configurations to enhance efficiency and reduce en-
vironmental impact. Prior research on performance prediction
models predominantly focuses on computer vision, leaving a
void for models adept at the unique demands of LLMs. This
study bridges that gap, evaluating the potential of Tree-based
models, particularly XGBoost, against traditional Graph Neural
Networks (GNNs) in predicting the performance of LLMs. Our
analysis shows that XGBoost achieves significant improvements
in predicting throughput, memory usage, and energy consump-
tion showcasing relative enhancements of MAPE approximately
68.81%, 80.85%, and 88.21%, respectively, compared to the GNN
baseline, with a remarkable speed enhancement of approximately
26761.39% over GNN. These findings underscore XGBoost’s
effectiveness in accurately forecasting LLM performance metrics,
offering a promising avenue for hardware configuration optimiza-
tion in LLM deployment.

Index Terms—Performance Model, Large Language Model,
Graph Neural Network

I. INTRODUCTION

The rapid evolution of Large Language Models (LLMs)
has been a cornerstone of recent advancements in natural
language processing, enabling unprecedented capabilities in
text generation, comprehension, and translation. Models such
as BERT, GPT, and their variants have demonstrated the pro-
found impact of deep learning in understanding and generating
human language. However, the deployment of these sophis-
ticated models poses significant challenges, chiefly due to
their substantial computational demands and the environmental
impact of their operation. As LLMs become increasingly
central to a wide range of applications, the imperative to
optimize their deployment on various hardware configurations
becomes evident, not only to enhance computational efficiency
but also to mitigate costs and reduce carbon emissions.

LLM performance across different hardware platforms is
influenced by a myriad of factors, including throughput (7),
peak memory usage (Mpeax), energy consumption per sample
(E) as shown in Figure 1. These metrics are critical for
selecting the optimal hardware configuration that balances
performance with energy efficiency and environmental sus-
tainability. Yet, accurately predicting these metrics presents a
complex challenge, compounded by the intricate architecture
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Fig. 1: Performance analysis of running DeBERTa V3 Large
model with batch size 512 and sequence length 64 on Nvidia
H100, A100, and V100 GPUs, comparing throughput (sam-
ples/sec) and energy per sample (J).

of LLMs and the dynamic nature of hardware utilization. Con-
sidering the importance of hardware selection in optimizing
performance and reducing environmental impact, it is essential
to thoroughly analyze these metrics when deploying LLMs.

Historically, the prediction of deep learning model perfor-
mance has relied on Graph Neural Networks (GNNs), which,
while effective in general contexts, face challenges when
applied to LLMs. LLMs are characterized by their extensive
node and edge counts, as demonstrated in Table I, and a
repetitive layer structure that complicates traditional perfor-
mance prediction methods. To illustrate, Figure 2 displays the
frequency of operations within the BERT model, revealing a
repetitive stacking of encoder layers. Each layer comprises
distinct multi-head attention and feed-forward networks. This
repetitive structure is not just a superficial characteristic but a
crucial factor influencing performance across diverse hardware
configurations.

Acknowledging these hurdles, our study advocates for a
departure from graph-based representations to tabular formats
when predicting LLM performance. We posit that this tran-



TABLE I: Total Nodes and Edges of LLMs

Model Nodes Edges
bert-large-uncased [4] 2896 6621
xIlm-roberta-base [3] 1495 3417
roberta-large [16] 2923 6681
microsoft-deberta-v3-small [12] 2450 5379
roberta-base [16] 1495 3417
bert-base-uncased [4] 1468 3357
distilbert-base-uncased [19] 685 1579
microsoft-deberta-v3-large [12] 9398 20643
microsoft-deberta-v3-base [12] 4766 10467

sition could potentially improve both accuracy and predic-
tion speed owing to the hierarchical and repetitive nature
inherent in LLM architectures. To investigate this hypothesis,
we curated a unique dataset comprising nine distinct LLMs
by varying batch and sequence lengths and captured metrics
across three NVIDIA GPUs: H100, A100, and V100. This
dataset is augmented with comprehensive model and hard-
ware features, enabling an exhaustive assessment of XGBoost
against conventional GNN methodologies.
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Fig. 2: Frequencies of different operations (ops) in the BERT
base model. The figure illustrates the repetitive nature of
certain operations within the model’s architecture, highlighting
the prevalence of operations like ‘Constant’, ‘Identity‘, and
‘Add°.

Furthermore, we have developed an intuitive user interface
that simplifies the performance prediction process. Users can
input the Hugging Face model ID, batch size, sequence
length, and the number of forward passes, alongside their
hardware choice, to receive predictions on throughput, peak
memory, energy consumption, and carbon emissions within a
few seconds. This tool is designed to empower users to make

informed decisions about hardware configurations without the
need for extensive computational resources.
Contributions:

« Intuitive Tree-based Model: Introducing XGBoost as a
solution, we effectively address the complex hierarchical
structures of LLMs, demonstrating superior performance
in prediction tasks.

o Comprehensive Feature Selection Strategy: By meticu-
lously selecting features that encapsulate the architecture
of LLMs and the specifications of hardware, we facilitate
nuanced predictions of model performance across various
platforms.

e Creation of a Unique Dataset: This first-of-its-kind
dataset, detailing LLM performance on NVIDIA’s H100,
A100, and V100 GPUs, serves as a vital resource for
benchmarking and further research into hardware opti-
mization for Al deployment.

o Through these contributions, our research not only tackles
the practical challenges of LLM deployment but also
fosters discussions on sustainable Al practices, paving
the way for the development of more efficient and envi-
ronmentally friendly Al systems.

TABLE II: Comparison with Recent Work on Performance
Prediction. Our model is the first to predict the throughput
(T"), carbon emissions (C'), and peak memory usage (M peax)
for LLMs.

Previous Work LLM C T (Mpeak)
[15] NNLQP (2022) X x Vv X
[20] DIPPM (2023) X v v v
[22] NarformerV2 (2023) X X v X
[17] TraPPM (2023) X v v v
[6] LLM Carbon (2024) v v X X
[11] CDMPP (2024) (limited) x Vv X
Ours v v v v

II. RELATED WORK

The field of performance prediction for deep learning (DL)
models, especially in the context of hardware optimization,
has witnessed growing interest in recent years. Early work by
Qi et al. [18] proposed an analytical model to estimate DL
model training times, but its accuracy was limited due to the
neglect of concurrent operations. Subsequent studies like that
of Gao et al. [8] extended these methods to predict memory
consumption, utilizing analytical models to estimate resource
utilization during training.

To improve prediction accuracy, researchers have explored
machine learning approaches. Bouhali et al. [2] used an MLP-
based regressor with features like trainable parameter counts,
but it was constrained by a shallow understanding of DL
layers’ dynamics. Others, such as Justus et al. [13] and Gianti
et al. [9], adopted a layer-by-layer technique, incorporating
parameters like FLOPs to predict execution times and power
consumption, showcasing progress towards more nuanced
models.



In contrast, some researchers opted for a GNN over an
MLP in a layerwise approach for DL model performance
prediction [14], [S]. However, this layerwise strategy failed
to capture the network structure of DL models [15]. To
address this limitation, Gao et al. [7] and other researchers
[15], [1], [20], [17], [22] utilized graph learning techniques
to generate embeddings that encapsulate the model network
topology. These embeddings were then combined with overall
DL features to predict training and inference characteristics
accurately.

Previous work in performance prediction has predominantly
focused on computer vision tasks rather than LLMs. While
GNNs have shown effectiveness in computer vision tasks, their
performance can be hindered when applied to LLMs due to
the larger number of nodes and edges in the graphs repre-
senting LLM architectures. GNNs typically involve message
passing and node aggregation, which can lead to significant
computational overhead and information loss when processing
such large and complex graphs. Notably, extensive studies
or datasets are scarce for LLMs, with most existing models
tailored for computer vision tasks as shown in Table II. For
instance, the CDMPP [11] works have created performance
models for computer vision tasks, with only slight utilization
of the BERT-base model [4]. This scarcity underscores the
need for dedicated performance models specifically tailored
for LLMs, prompting our novel approach leveraging Tree-
based models, particularly XGBoost, to accurately predict
LLM performance across diverse hardware configurations.

In our research, we establish a thorough dataset encom-
passing performance metrics for nine LLMs, systematically
varying batch size and sequence length across three NVIDIA
GPU architectures, as illustrated in Table I, and Table IV,
respectively. Our work represents a groundbreaking initiative
in the field, marking the inaugural development of a predic-
tive performance model tailored specifically for LLM. This
pioneering endeavor constitutes the first comprehensive study
in LLM performance prediction.

III. METHODOLOGY

This section outlines our methodology for predicting key
performance metrics of LLMs, focusing on T, Mpeux, E,
and carbon emissions. We begin by discussing the impact of
parameters on LLM performance, followed by our approach
to feature selection based on thorough analysis and data
collection. Finally, we describe the evaluation metrics used
to assess the performance of our predictive models.

T': Measured in samples per second, throughput is a critical
metric for evaluating the processing speed and efficiency of
LLMs. High throughput indicates a model’s ability to quickly
process data, enhancing user experience and operational pro-
ductivity.

T Number of Samples Processed

(D

Time Taken (seconds)

Mpeak: Represented in megabytes (MB), peak memory
usage determines the maximum amount of memory required

during model execution. This metric is vital for assessing
whether a model can be deployed on specific hardware con-
figurations without out-of-memory error.

E: Expressed in joules per sample, this metric provides
insights into the energy efficiency of running LLMs, directly
correlating with operational costs and environmental footprint.
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Fig. 3: Comparison of Theoretical and Actual Memory Usage
for BERT-base-uncased with batch size 256 on the H100
device. Theoretical memory calculations were obtained using
the ONNX tool.

A. Empirical Analysis of Memory Usage

We address the discrepancies between theoretical and actual
memory requirements through empirical analysis, as shown
in Figure 3. Theoretical estimates often overlook runtime
overheads and dynamic memory allocation strategies em-
ployed by deep learning frameworks, leading to inaccurate
hardware selection. This necessitates an empirical approach
to performance prediction.

B. Carbon Emission Calculation

Carbon emissions (C) result from the energy consumed
per sample (£) multiplied by the carbon intensity of the
electricity source (CI), with the total carbon emissions given
by C'= E xC1I. This calculation is essential for evaluating the
environmental impact of deploying LLMs and is influenced by
factors such as the number of samples processed.

C. Influence of Batch Size and Sequence Length

Our investigation, depicted in Figures 4 and 5, illuminates
the impact of sequence length and batch size on LLM perfor-
mance metrics (T, Mpea, E) across diverse Nvidia hardware
configurations (H100, A100, and V100). Notably, we observe
a substantial decrease in 7' as sequence length increases,
reflecting the computational complexity inherent in processing
longer sequences. However, this trend is offset by an increase
in T" with larger batch sizes, showcasing the intricate relation-
ship between batch processing and computational efficiency.
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Fig. 4: Comparative analysis of throughput, peak memory, and energy per sample for varying sequence lengths of Roberta
XLM model with a fixed batch size of 256.
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Fig. 5: Comparative analysis of throughput, peak memory, and energy per sample for varying batch sizes of Roberta XLM
model with a fixed sequence length of 512.

Furthermore, our analysis unveils the influence of sequence
length and batch size on Mpex, £. As sequence length in-
creases, Mpeak €scalates due to the greater memory demands of
processing longer input sequences, a trend consistent across all
hardware configurations. Conversely, the impact of batch size
on M, is akin to that of varying sequence length because
increasing batching allocates more High Bandwidth Memory
(HBM), facilitating efficient memory utilization. However,
increasing batch size results in a reduction in energy consump-
tion per sample, as the hardware can effectively handle larger
batch sizes, optimizing energy efficiency during processing.
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D. Quantization Effects on LLM Performance

Quantization strategies, such as FP32 (Single Precision
Floating Point), FP16 (Half Precision Floating Point), and
BNB 4bit (BitsAndBytes'), significantly impact the perfor-
mance metrics of LLMs. Our analysis of the LLaMA 7B
model [21] on the A100 device reveals distinct outcomes for
each quantization strategy. Transitioning from FP32 to FP16 Fig. 6: Comparison of Quantization Strategies (FP32, FP16,
quantization results in a substantial reduction in Mpey, as —and BNB 4bit) for the LLaMA 7B model on the A100 device.
shown in Figure 6. This reduction indicates that FP16 rep- The figure illustrates the impact of quantization on peak
resentation requires less memory for model storage and com- memory usage and throughput.

FP16 BNB 4bit
Precision Mode

Thttps://github.com/TimDettmers/bitsandbytes



putation. Consequently, the throughput increases significantly
from FP32 to FP16. Adopting BNB 4bit quantization further
reduces memory usage to 4848.55 MB while maintaining a
high throughput. The E decreases from 2.6 x 107° J (FP32)
to 1.6 x 10~° J (FP16) and then increases slightly to 1.8 x 107>
J for BNB 4bit quantization, showcasing the trade-off between
Mpeqx usage and E.

TABLE III: Model and Hardware Features

Feature (Abbreviation) Description
Model Features (MF)

BS Batch Size
SL Sequence Length
QT Quantization Type
TN Total Nodes
TE Total Edges
™ Total MACs
TP Total Parameters
TMmem Total Memory
MPE Max Position Embeddings
NHL Num Hidden Layers
NAH Num Attention Heads
HS Hidden Size
VS Vocab Size
TVS Type Vocab Size

Hardware Features (HF)
PF32 Peak FP32 GFLOPS
PBusm Peak Bandwidth HBM
CM Compute Major

Cm Compute Minor

MTPB Max Threads Per Block

MTPM Max Threads Per Multiprocessor
RPB Regs Per Block

RPM Regs Per Multiprocessor

WS Warp Size

SMPB Shared Mem Per Block

SMMP Shared Mem Per Multiprocessor
SMS Num Streaming Multiprocessors
SMPBO Shared Mem Per Block Opt-In
CcC CPU Clock

RAM System RAM

LCl L1 Cache

LC2 L2 Cache

LC3 L3 Cache

NC Num Cores

CA CPU Architecture

E. Feature Selection for Performance Prediction

To predict LLM performance metrics (1'), (Mpeax), and (£),
we’ve compiled a comprehensive set of model and hardware
features in the Table III.

We measured the computational capabilities and memory
bandwidth of Nvidia GPUs using two methods. We ran a
CUDA? kernel for intensive floating-point calculations for
(PF32). Another CUDA kernel measured the data transfer rate
for memory bandwidth, yielding peak bandwidth (PB_HBM)
in GB/s. The other hardware features are directly extracted
from CUDA APIs.

Model features were extracted by converting the LLMs
to the ONNX format, facilitating the use of ONNX tool?
for calculating (T'Myem), (I'M), and (T'P). Additionally, we

Zhttps://developer.nvidia.com/cuda-toolkit
3https://github.com/ThanatosShinji/onnx-tool

traversed the ONNX graph to calculate the (I'N) and (TE),
providing a comprehensive understanding of the model’s com-
putational graph. The other model metrics like (H.S), (NHL),
(NAH), (VS), and (T'VS) were directly extracted from the
Hugging Face library* using the model ID.

Algorithm 1 LLM Performance Metrics Collection
Require: B = {b1,bs,...,b,}, S = {s1,82,...,8m}, M =
{ml,mg,...,mk}, H, W, T
Ensure: Dataset D
1: for p € P do

2 Initialize model m, tokenizer 7

3 for b € B do

4 for s € S do

5: if config (m, b, s) not in D then

6 CooLDOWNGPU

7 Initialize trackers

8 Warm up M for W iterations using 7
9: Record metrics for T iterations

10: Calculate T', Mpeax, Fsample, and C
11: D« DU{(m,b,s,T, Mpear, E,C)}
12: end if

13: end for

14: end for

15: end for

16: function COOLDOWNGPU

17: Clear CUDA cache and collect garbage
18: Sleep for cooldown period

19: end function

IV. DATASET COLLECTION

Our dataset collection methodology enables a compre-
hensive analysis of LLMs across diverse computational
paradigms, focusing on tree-based models and GNN baselines.
To gather data, we conducted forward passes across various
LLMs and hardware configurations to empirically measure
T, Mpea, and E. This process involved initializing models
and tokenizers, configuring CUDA settings, and systematically
iterating over batch sizes B and sequence lengths S. Utilizing
PyTorch for model operations and specialized trackers for
latency, memory, and energy metrics, we ensured accurate
measurements with a cooldown phase between iterations. We
employed 100 warmup iterations W and 300 total iterations
T for data collection.

The collected metrics were then compiled into a dataset D,
divided into tabular and graph formats for distinct analytical
approaches. Algorithm 1, outlines the process for collecting
LLM performance metrics, taking inputs such as batch sizes
B, sequence lengths S, LLM models P, hardware configura-
tion H, warmup steps W, and total steps 7', and producing
the dataset D containing the measured metrics.

“https://huggingface.co/



TABLE IV: Hardware Specifications of Data Collection Devices

Specification ~ Juwels Booster Jueraca

CPU 2x Intel Xeon Gold 6148 2x AMD EPYC Rome 7402 2x Intel Xeon Platinum 8452Y
Cores 2x 20 cores, 2.4 GHz 2x 24 cores, 2.8 GHz 2% 36 cores, SMT-2

Memory 192 GB DDR4, 2666MHz 512 GB DDR4, 3200 MHz 512 GiB DDR5-4800 RAM
GPU NVIDIA V100, 16 GB HBM  NVIDIA A100, 40 GB HBM2e NVIDIA H100, 80 GB HBM
Network 2x InfiniBand EDR 4x InfiniBand HDR 1x BlueField-2 ConnectX-6

A. Tabular and Graph Dataset Construction

For tree-based models, we organize performance metrics
and extracted features into tabular format, saved as CSV files.
This dataset directly aids algorithms like XGBoost, facilitating
efficient performance prediction of LLMs across hardware
setups.

To exploit relational information for GNN baseline com-
parison, we convert LLMs (in ONNX® format) into graphs
compatible with PyTorch Geometric (PyG®). Each DL model,
denoted as M with operations O, transforms into a graph
G = (X, A), where X and A represent node feature and ad-
jacency matrices. Nodes in G correspond to operations in M,
capturing computational characteristics and information flow.
This transformation encodes operation types, input/output
shapes, MACs, parameters, and memory requirements into
node attribute vectors, enhancing graph representation fidelity.
We utilized the same methodologies as previously published
work for constructing graphs [17].

B. Evaluation Metrics

We assess model performance using three key metrics: Root
Mean Square Error (RMSE), Mean Absolute Percentage Error
(MAPE), and Kendall’s Tau (7). RMSE measures the average
deviation between predicted and actual values, while MAPE
quantifies the percentage error. Kendall’s Tau evaluates the
correlation between predicted and actual rankings.

V. EXPERIMENTS AND RESULTS
A. Enviroment setup

We utilized three distinct hardware configurations for data
collection, outlined in Table IV. Our experiments were specif-
ically conducted on systems featuring NVIDIA A100 GPU.
Additionally, we employed PyTorch 2.2.1, torch-geometric
2.5.0, ONNX 1.13.1, CUDA 12.1, and XGBoost 2.0.3 for the
experimental setup.

B. GNN Baseline Model

Our GNN baseline model architecture takes an in-
put graph G = (X, A), where X captures node
features and A represents the adjacency matrix. Two
GraphSAGE [10] (GS) layers transform the node fea-

tures: X’ = ReLU(Dropout(GS(X, A;61)),p = 0.05)
and X” = ReLU(Dropout(GS(X’, A4;65)),p = 0.05).
These layers extract meaningful representations from the
input features. Static features S contains static =

Shttps://onnx.ai/
Shttps://www.pyg.org/

[TM, TP, TMuem, BS,SL, HF] undergo linear transforma-
tion to align their dimensionality with the output of the G.S
layers: S’ = ReLU(Dropout(FCs_; g, (S)),p = 0.05). The
processed static features S’ are concatenated with X" to create
a unified feature representation. The concatenated features are
fed into fully connected layers, resulting in the final prediction
y: y = FCp, 1 (F"), where Hy, = 512.

The model minimizes Lygsg using Adam (Ir=0.001) over
mini-batches of size 16. The choice of the GNN architecture
is motivated by its widespread use in previous literature [15],
although previous implementations often lacked hardware-
related properties in their static features. We incorporated these
hardware-related properties into the static features to ensure
a fair comparison with the XGBoost model. This integration
enables the Baseline model to effectively capture complex
relationships among input graphs, hardware configurations,
and model features, facilitating a more robust comparison with
the XGBoost model.

C. Our Model: XGBoost

Our approach to predicting LLM performance metrics uti-
lizes the XGBoost algorithm, renowned for its efficiency with
structured data. XGBoost optimizes an objective function Obj,
composed of a loss function L and a regularization term (2,
defined as:

Obj = > Llyi i) + Y _ Qfx) )
i k

where y; represents true metric values, ¢; denotes predic-
tions, and fj are decision trees. The loss function L measures
prediction discrepancy, while {2 penalizes model complexity
to prevent overfitting.

Hyperparameter tuning involves a grid search over parame-
ters such as the number of estimators: [100, 500, 1000, 2000],
learning rate: [1 x 1071, 1 x 1072, 1 x 10~3], maximum tree
depth: [3, 5, 8, 10, 30], and subsample ratios: [0.5, 0.75, 1].
The optimal set of hyperparameters includes a learning rate
of 1 x 10~1, a maximum depth of 8, 2000 estimators, and a
subsample ratio of 1.

VI. EXPERIMENTAL EVALUATION

In our experimental evaluation, we aimed to assess the
predictive capabilities of GNN and XGBoost models regarding
T, Mpeax, and E for LLMs. This assessment was conducted
within the framework of stratified 5-fold cross-validation to
ensure thorough and unbiased evaluation.

Each model, denoted by M € {GNN,XGBoost}, was
trained on the training set and evaluated on the test set across



TABLE V: Comparison of GNN and XGBoost Models Across Different Metrics

Tareet GNN XGBoost
arge MAPE (%) ] RMSEJ] T MAPE (%) RMSEJ] 77
Throughput 17.60 481.82 0.852 5.49 109.73 0.96
Memory 9.45 265745  0.874 1.81 1209.22  0.98
Energy 53.18 1.94 0.41 6.27 0.20 0.96

5 folds. The predictions for T, Mpex, and E for each fold

are then averaged to quantify the overall performance of the

model.

. . XGBoost - 16,560.05 samples/sec
A. Baseline Comparison
The comparison between GNN and XGBoost models re-

veals stark differences in predictive accuracy, as shown in

Table V. XGBoost’s superior performance may stem from its

adeptness at handling structured data and leveraging ensemble

learning techniques. In contrast, GNNs may struggle to capture

complex relationships in LLM data due to inherent limitations

GNN {861.65 samples/sec

in modeling graph structures effectively.

The observed disparities may also be attributed to the
algorithmic complexity of each model. XGBoost optimizes
for predictive accuracy through iterative improvement, while
GNNs rely on message-passing mechanisms, potentially hin-
dering their ability to capture nuanced patterns in LLM data.

B. Ablation Study

We conduct an ablation study to assess the impact of feature
inclusion and hardware specifics on the XGBoost model as
shown in Table VI. The study examines different feature sets:
MAC operations T'M, combined MACs with parameters and
memory T'M +T P+T Mem, and all available model features
MF, across three key metrics: T, Mpeax, and E.

Initially, T'M features provide baseline accuracy, with
notable enhancements observed when incorporating model
parameters and memory usage TM + TP + T Myen. Inte-
grating hardware details, including FLOPS and bandwidth,
significantly boosts predictive performance. Utilizing the full
model feature set alongside hardware features yields the most
substantial improvements, emphasizing the pivotal role of
hardware in computational performance.

C. Efficiency Analysis of Predictive Models

Our evaluation rigorously compares the computational effi-
ciency of the Baseline GNN and XGBoost models, focusing on
throughput as a crucial performance metric. The experiments
were conducted on Booster CPUs specified in Table IV. As
depicted in Figure 7, XGBoost exhibits markedly superior
efficiency in predicting performance for LLMs. This efficiency
advantage is attributed to XGBoost’s optimized algorithms,
specifically tailored for handling structured data and large
datasets. In contrast, GNNs, encounter challenges due to the
intricate graph structures inherent in LLMs.

D. Usability

We developed a user-friendly interface developed with Gra-
dio’, streamlining the prediction of performance metrics (7)),

Thttps://www.gradio.app/
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Fig. 7: Comparison of model throughput on CPU between
GNN and XGBoost models, illustrating the significant effi-
ciency advantage of the XGBoost model in processing samples
per second.

Mpear), and carbon emissions (C') for LLMs. This interface
allows users to input a model ID from the Hugging Face
repository, batch size, sequence length, and device selection
(H100, A100, V100), or directly input hardware features.
Behind this interface lies a backend that transforms user
inputs into a feature set as mentioned in Table III, then
features are passed to pre-trained XGBoost models to predict
performance metrics accurately. This seamless integration of
a user-friendly interface with powerful predictive capabilities
signifies a significant advancement in optimizing LLM deploy-
ments, fostering more efficient and environmentally conscious
Al applications.

VII. CONCLUSION

Our study demonstrates the superiority of XGBoost over
Baseline GNN in predicting Large Language Model (LLM)
performance across diverse hardware configurations. XGBoost
achieves substantial improvements in throughput, memory us-
age, and energy consumption prediction accuracy, with relative
enhancements of MAPE approximately 68.81%, 80.85%, and
88.21% compared to the GNN baseline, respectively. Re-
markably, XGBoost achieves a remarkable 26761.39% relative
increase in throughput speed over GNNs.

These findings highlight XGBoost’s efficiency in rapid
prediction processing, providing a strong basis for optimizing
hardware selection strategies. By enhancing computational
efficiency and advocating for sustainable LLM deployment,



TABLE VI: Ablation Study on the Effect of Model (M F') and Hardware Features (H F) on Prediction Metrics (Throughput
(T'), Peak Memory Usage (Mpeak), and Energy Consumption (F))

Metrics  Features Without HE' With HE
MAPE (%) ] RMSE] +F  MAPE(%)] RMSEJ] 77

TM 39.36 632.13 0.782  17.89 40654 0.889

T TM + TP + TMpem 4325 695.95 0.764  6.16 116.17  0.959
MF 43.19 69579  0.764 549 109.73 0.962

TM 2421 174264 0.607 11.68 1785.61  0.804

Mpesk  TM +TP +TMpem  25.57 1660.02  0.608 1.94 148439 0.980
MF 25.44 1468.69  0.608  1.81 120922 0.980

TM 31.08 0.77 0833 14.82 0.42 0.912

E TM + TP + TMpem 3221 0.87 0.822 628 0.21 0.959
MF 32.11 0.87 0.822 627 0.20 0.959

our research makes a significant contribution to the Al com-
munity, facilitating informed decision-making and promoting
environmental consciousness in LLM deployment.
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