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ABSTRACT
The rapid growth of large language models (LLMs) has raised urgent concerns about their energy footprint during
training and inference. Existing tools, such as MLPerf and CodeCarbon, provide only coarse estimates and lack
reproducible protocols for system-level evaluation of LLM efficiency.

We introduce EnergyLLM-Bench, an open-source framework that unifies in-loop power measurement, FLOPs-
based prediction, and standardized JSONL logging into a single reproducible benchmark. All measurements are
released through an extensible public leaderboard, enabling transparent comparison across models, hardware, and
software configurations.

Our evaluation spans dense and mixture-of-experts architectures, CPUs and GPUs, and multiple opti-
mizer/precision settings. Results reveal several key insights: (i) scaling GPT models raises per-token energy by
more than 3x; (ii) GPUs consistently deliver 4—-6x higher inference efficiency than CPUs; (iii) BF16 precision
reduces energy consumption by 10-15% relative to FP32; and (iv) despite lower FLOPs, mixture-of-experts
models can incur orders-of-magnitude higher realized costs due to routing overhead. FLOPs-based predictors,
especially gradient boosting, capture these efficiency trends with tighter error bounds than linear baselines.

By consolidating protocol, predictors, and an open leaderboard, EnergyLLLLM-Bench establishes the first repro-
ducible foundation for analyzing the energy—quality frontier of LLMs. We hope it serves as a principled tool for

ML and systems researchers working toward sustainable model design and deployment.

1 INTRODUCTION

Large language models (LLMs) deliver state-of-the-art per-
formance across natural language and multimodal tasks, but
at the cost of substantial energy consumption during both
training and inference. As deployment scales continue to
grow, the energy footprint of LLMs has become a pressing
concern for machine learning systems research. Addressing
this challenge requires not only hardware advances, but also
standardized methods for tracking efficiency across software
stacks, workloads, and model architectures.

Despite increasing attention, the ecosystem lacks a uni-
fied and reproducible benchmark for LLM energy profiling.
Existing carbon-accounting libraries (e.g., CodeCarbon)
provide only coarse estimates and overlook system-level
design choices such as optimizer, numerical precision, or
mixture-of-experts routing. Performance benchmarks such
as MLPerf emphasize accuracy and throughput, but largely
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ignore energy usage. Meanwhile, empirical studies have
measured specific cases—such as GPU inference for a single
model family—but remain fragmented, difficult to repro-
duce, and unsuitable for cross-comparison. Consequently,
there is no consistent baseline for evaluating the energy
efficiency of LLM systems.

We present EnergyLLLM-Bench, a reproducible benchmark
that unifies measurement, prediction, and open evaluation
under a single framework. Our design integrates in-loop
energy measurement (via GPU NVML and CPU RAPL),
a standardized JSONL logging schema, and FLOPs-based
predictors calibrated against real GPU traces. By releasing
scripts, logs, and an extensible leaderboard, EnergyLLM-
Bench enables reproducibility and community-driven exten-
sion.

Although the initial release is limited to single-node CPU
and GPU runs, it already yields actionable insights. Scaling
GPT models raises per-token energy cost by more than 3 x;
GPUs achieve 4-6 x higher inference efficiency than CPUs;
BF16 precision reduces energy consumption by 10-15%
relative to FP32; and mixture-of-experts models, despite
lower FLOPs, can incur orders of magnitude higher realized
costs due to routing overhead. These results illustrate how



software and architectural choices jointly determine the
energy—quality frontier of LLMs.

By framing sustainability as a first-class evaluation dimen-
sion, EnergyLLM-Bench establishes the first reproducible
baseline for studying the energy—quality tradeoff in LLMs.
Our goal is to lower the barrier for future work on energy-
efficient training and inference, while providing method-
ological tools—measurement, logging, and prediction—that
the community can adopt and extend.

Table 1 summarizes how our benchmark differs from prior
tools and benchmarks (Jouppi et al., 2021; Dongarra et al.,
1996; Dettmers et al., 2022; 2023).

Feature Dimension EnergyLLM-Bench CodeCarbon (?) MLPerf (Mattson et al., Green Algo-

(Ours) 2020) rithms (Lannelongue
etal., 2021)

Primary Focus LLM  energy/carbon  Carbon tracking library  System perf. benchmark-  Carbon footprint calcula-
benchmarking + predic- ing
tion
std. No std. (li- Rigorous perf. bench- No std. benchmarks
for trainfinfer;  effi- brary only) marks (web tool)
ciency-quality curves

Energy Measurement GPU NVML + (opt) Systemest./GPUAPIs  Not measured Estimation via runtime &
CPU RAPL in-loop TDP

Carbon Estimation Measured energy x grid Energy x grid intensity ~ N/A Runtime X grid model
intensity & PUE

Prediction Model Analytic FLOPs + cali- None None None

bration (intervals)

Dense/MoE, ~ quant,, Generic ML (not LLM- Includes LLM perf
optimizers, parallelism, ~specific)

RLHF/DPO

JSONL logs (energy, con- Total COze (granularity ~ Acc/throughput/
figs, quality) varies)

Eirain, B Total COze Train time, throughput, Total COze
Jitoken, CO5e¢, FLOPS/J, ace.

Quality/kWh, EQR

LLM-Specific Generic computing

Data Output Task COze

Key Metrics

Table 1: Comparison with related tools/benchmarks.

2 BACKGROUND AND RELATED WORK

Current approaches to assessing and reducing the energy
consumption of machine learning systems remain largely
disconnected. Existing literature can be classified into three
main strands: (i) tools for general energy and carbon ac-
counting, (ii) machine learning performance benchmarks,
and (iii) empirical analyses of large language model effi-
ciency. This taxonomy helps identify the strengths and gaps
in current methodologies, underscoring the necessity for an
integrated evaluation framework.

2.1 Energy and Carbon Accounting Tools

A number of tools have been developed to approximate the
carbon emissions associated with machine learning compu-
tations. The mlco2 calculator (Lacoste et al., 2019) pro-
vides a web-based estimation tool that relies on runtime
and hardware parameters. Similarly, CodeCarbon (Code-
Carbon contributors, 2021) is a Python package that tracks
CPU and GPU usage to infer emissions, and Green Algo-
rithms (Lannelongue et al., 2021) extends carbon accounting
methodologies to broader scientific computing applications.
Additional tools such as CarbonTracker (Anthony et al.,
2020) and reporting frameworks (Henderson et al., 2020)
promote reproducibility and openness. Despite their acces-
sibility, these tools offer only approximate estimates: they

predominantly address training phases, overlook inference,
and lack consistent, repeatable measurement criteria.

2.2 Benchmarks in ML Systems

Benchmarking has long played a fundamental role in
machine learning systems research. Initiatives such as
MLPerf (Mattson et al., 2020) establish rigorous stan-
dards for model throughput and accuracy across hard-
ware platforms, while evaluation suites like HELM (Liang
et al., 2022) and the LM Evaluation Harness (Bider-
man et al., 2024) perform multidimensional assessments
of LLM capabilities, including reasoning, robustness,
and fairness. Within high-performance computing, the
TOP500/Green500 benchmarks (Dongarra et al., 1996) track
computational efficiency, and studies of specialized hard-
ware such as TPUv4 (Jouppi et al., 2021) demonstrate how
accelerator architecture influences sustainable computing.
These benchmarks, however, prioritize accuracy and com-
putational speed, paying little attention to energy use or car-
bon output. Consequently, system developers may enhance
model performance without considering environmental im-
pact.

2.3 Empirical Studies of LLM Efficiency

A rapidly expanding line of empirical research investigates
the energy characteristics of large language models. Stud-
ies such as From Words to Watts (Samsi et al., 2023) have
measured the energy use of LLaMA inference on GPU plat-
forms; How Hungry is AI? (Jegham et al., 2025) evaluated
carbon emissions from commercial LLM deployments at
the data center level; Towards Sustainable NLP (Poddar
et al., 2025) explored how batch size and quantization influ-
ence energy consumption; and Engine Energy Benchmark-
ing (Niu et al., 2025) offered detailed power measurements
of inference engines across GPU, CPU, and memory sub-
systems. Broader analyses have also estimated the emis-
sions generated during large-scale training (Patterson et al.,
2021). Although valuable, these efforts are often restricted
in scope—focusing on specific model families, workloads,
or hardware configurations—and do not deliver uniform
evaluation procedures or reusable datasets. Furthermore,
while optimization techniques like quantization, pruning,
knowledge distillation, low-precision optimizers (Dettmers
et al., 2022), and parameter-efficient fine-tuning (Dettmers
et al., 2023) are recognized for reducing computational and
memory overhead, their concrete effects on energy efficiency
and carbon emissions remain poorly quantified.

2.4 Positioning of Our Work

EnergyLLM-Bench addresses these gaps by introducing
the first system-level benchmark unifying measurement, pre-
diction, and reproducible evaluation of LLM energy and



carbon footprint. Unlike coarse-grained accounting tools or
isolated case studies, our framework provides: (1) a stan-
dardized JSONL-based logging protocol for reproducible
measurement; (2) systematic coverage of training, infer-
ence, optimizers, quantization, and MoE architectures; (3)
a FLOPs-based predictor calibrated with real GPU data;
and (4) an open dataset and leaderboard for transparent and
extensible comparison.

In doing so, we move beyond fragmented analyses and
establish the first systematic foundation for studying the
energy—quality tradeoff in LLMs, reframing sustainability
as a first-class concern in ML systems research.

3 DESIGN OF ENERGYLLM-BENCH

The goal of EnergyLLM-Bench is to provide a system-
level benchmark that unifies measurement, prediction, and
reproducible evaluation of LLM energy consumption and
carbon footprint. Our design follows a modular pipeline
(Figure 1), which ensures extensibility and reproducibility.

3.1 Overall Pipeline

The benchmark pipeline takes as input the specification of a
run—including model, optimizer, precision, hardware, and
task—and produces both raw measurements and derived
metrics. The execution is divided into three layers:

1. Measurement layer: Collects energy and runtime in-
formation through in-loop GPU NVML counters (and
optionally CPU RAPL), together with FLOPs, latency,
and quality metrics.

2. Logging layer: Stores results in standardized JSONL
format with complete metadata (model, device, opti-
mizer, precision, runs), enabling reproducibility across
different software/hardware stacks.

3. Prediction layer: Provides a FLOPs-based analytic
model calibrated with real GPU measurements, allow-
ing lightweight energy estimation beyond direct profil-
ing.

The outputs are consolidated into an open dataset and a
public leaderboard, which supports transparent comparison
and continuous community contributions.

3.2 Standardized Logging Protocol

A key design feature is the JSONL-based logging protocol.
Each run produces a structured record:

* metadata: model, optimizer, precision, device, runs

e compute: FLOPs, runtime, batch size

* energy: GPU power, CPU power, energy per token,
total kWh

e quality: task-specific metrics; in our initial release
this is primarily perplexity, with other metrics to
be added in future tasks

This format makes results portable, machine-readable, and
easy to aggregate.

3.3 Reproducibility Considerations

EnergyLLM-Bench enforces strict reproducibility practices:
fixed software environment (Python 3.10, pinned library
versions), controlled seeds, and automatic logging of hard-
ware identifiers (GPU type, memory, power limits). This
allows researchers to replicate results across heterogeneous
infrastructures.

Design of EnergyLLM-Bench
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Figure 1: Overall design of EnergyLLM-Bench. The
pipeline integrates measurement, standardized logging,
FLOPs-based prediction, and an extensible leaderboard.

3.4 Extensible Leaderboard

All measurements are published in an open leaderboard. The
initial release contains a modest but diverse set of entries,
spanning dense vs. MoE models, multiple GPUs, optimizers,
and precisions. The leaderboard is designed for continuous
extension—new models, tasks, and devices can be added
without breaking compatibility.

To illustrate the logging granularity, Table 2 presents a sub-
set of representative entries. Each row corresponds to an
individual run, including model, task, FLOPs, accuracy (if
available), and measured energy consumption. For readabil-
ity we only show a few runs here; the complete leaderboard



Table 3: Summary of benchmark results across models, parameters, and devices.

model params device flops emissions efficiency runs
EleutherAl/pythia-1b 1.0B GPU 1.30e+13  1.88e-04  3.10e-15 5
bigscience/bloom-1bl 1.1B GPU 6.91le+12  2.92e-04  3.98e-15 5
distilgpt2 82M CPU 4.60e+12  1.47e-03  3.15e-14 16
facebook/opt-1.3b 1.3B GPU 1.70e+13  2.55e-04  2.03e-15 5
google/gemma-7b 7B GPU 9.60e+11 1.81e-04  1.22e-15 4
gpt2 124M  CPU 6.99¢+12  2.29e-03  3.99¢-14 16
gpt2-large 774M  CPU 1.00e+13  2.37e-04  6.26e-15 5
gpt2-medium 355M  CPU 2.58e+12  2.95e-04  3.53e-14 9
gpt2-xl1 1.5B CPU 2.02e+13  4.10e-04  4.31e-15 5
mistralai/Mistral-7B-v0.1 7B GPU 8.15e+11 1.79e-04  1.40e-15 4
tiiuae/falcon-7b B GPU 7.58e+11 1.93e-04  2.36e-15 8

is released as supplementary material and hosted in our
public repository.

Table 2: Sample entries from the initial EnergyLLM-Bench
leaderboard (individual runs). A subset of records is shown
here; full results are available in the supplementary material.

model task flops accuracy energy_kWh
distilgpt2  inference-short 1638251520 nan 0.000231
distilgpt2  inference-long 58157928960 nan 0.000227
gpt2 inference-short 2488796160 nan 0.000492
gpt2 inference-long 88352263680 nan 0.000458
gpt2-xl inference-long 176704527360 nan 0.000873

Beyond individual runs, we also provide aggregated statis-
tics that summarize the performance of different models,
parameter scales, and hardware devices. This shows how
the leaderboard can be used for higher-level comparisons
across the LLM ecosystem. Table 3 highlights several rep-
resentative models and devices, reporting FLOPs, carbon
emissions, energy efficiency, and number of runs included
in the dataset.

4 MEASUREMENT AND PREDICTION
PROTOCOL

To ensure reproducibility and transparency, EnergyLLM-
Bench defines a standardized protocol for both direct energy
measurement and FLOPs-based prediction. This section
details the hardware setup, data collection, logging schema,
and predictive modeling.

4.1 Hardware Environment

All measurements were conducted on servers equipped with:

e GPU: NVIDIA A100 (40GB), power limits fixed at
default settings.

* CPU: Intel Core Ultra 7, with optional RAPL power
counters enabled.

e Software: Python 3.10, PyTorch (pinned version),
HuggingFace Transformers, NVML via pynvm1l, and
standardized CUDA/cuDNN drivers.

For each run, system identifiers such as GPU type, mem-
ory size, CUDA driver, and CPU model are automatically
logged to facilitate replication.

4.2 Measurement Interfaces

Energy and runtime signals are collected in-loop during
execution:

* GPU power: sampled at 1s resolution using NVIDIA
NVML.

* CPU power: optionally measured via Intel RAPL
counters.

* Compute metrics: FLOPs per run, runtime, batch size,
and token latency.

* Quality metrics: task-specific accuracy, perplexity, or
BLEU.



Raw energy traces are integrated over time to yield total
Joules (J), then converted to kWh. Carbon emissions are de-
rived by multiplying energy by region-specific grid intensity
and data-center PUE.

4.3 Logging Schema

Each run produces a structured . jsonl record with the
following fields:

* metadata: {model, optimizer, precision, device,
seed}

» compute: {FLOPs, runtime, batch size}

* energy: {GPU power trace, CPU power, energy per
token, total kWh}

* quality: {perplexity}

This lightweight JSONL schema makes results machine-
readable and easily aggregated into leaderboards (cf. Ta-
ble 3).

4.4 Reproducibility Controls

To mitigate noise, each experiment is repeated (n = 5 runs
by default) with fixed random seeds. Library versions are
pinned, hardware power limits remain constant, and system
identifiers are logged automatically. We report mean values
along with variance across repeated runs.

4.5 Predictor Implementation and Results

To complement direct measurement, ENERGYLLM-
BENCH includes a FLOPs-based predictor that estimates
energy consumption from model-level metadata and com-
pute statistics. We implemented two regression baselines
using scikit—-learn: (i) a linear regression model, and
(ii) a gradient boosting decision tree (GBDT) model. Both
were trained on the JSONL logs introduced earlier, using
FLOPs and runtime features as inputs and measured emis-
sions as labels.

Figure 2 summarizes the results. Panels A and B compare
predicted versus actual emissions for the two models, with
the dashed diagonal indicating perfect prediction. Panels C
and D present the corresponding error distributions. While
neither baseline achieves high accuracy, GBDT produces a
tighter error distribution than the linear baseline, suggesting
that non-linear effects (e.g., device heterogeneity, mem-
ory overheads) are important to capture. These findings
highlight both the potential and the current limitations of
lightweight FLOPs-based predictors.

For completeness, detailed implementation and numerical
results are reported in Appendix B, where we further dis-

Table 4: Dense vs. MoE models: measured energy efficiency
in J/token (batch size 256). While MoE reduces FLOPs,
routing overhead can lead to higher net energy cost.

Model Params  Energy (J/token)
GPT-2 (Dense) 124M 0.80
Mistral-7B (Dense) 7B 4.59

Mixtral-8x7B (MoE) 8% 7B (2 active) 271.44

cuss error magnitudes and future directions for improving
predictor accuracy.

4.6 Open Repository

All measurement scripts, JSONL logs, and predictors are
released in an anonymized repository for review: [link re-
moved for double-blind review].

This enables the community to reproduce, extend, and con-
tribute new results under the same standardized protocol.

5 EXPERIMENTAL EVALUATION

This section evaluates EnergyLLLM-Bench across multiple
dimensions: hardware platforms (CPU vs. GPU), model
architectures (Dense vs. MoE), optimizer and precision
choices, predictor performance, and energy—quality trade-
offs. Our goal is to quantify the impact of both system-level
and software-level design decisions on energy efficiency.

5.1 Dense vs. MoE Models

Table 4 shows that while MoE architectures dramatically re-
duce FLOPs per forward pass by activating only a subset of
experts, their realized energy efficiency can be worse than
dense counterparts. In our measurements, Mixtral-8x7B
consumed more than two orders of magnitude higher energy
per token (271 J/token) compared to GPT-2 (0.8 J/token)
and Mistral-7B (4.6 J/token). This discrepancy arises from
routing overhead, communication cost, and expert load im-
balance, which dominate actual runtime energy.

Discussion. MoE models reduce FLOPs substantially, but
routing overhead, expert imbalance, and additional commu-
nication cost erode the theoretical energy advantage. This
suggests MoE scaling requires careful system-level opti-
mization to fully realize energy benefits.

5.2 Impact of Optimizer and Precision

Table 5 reports the measured energy consumption of GPT-2
under different optimizer and precision settings.

Findings. Reducing precision from FP32 to BF16 low-
ers both training and inference energy. Optimizer choice
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Figure 2: Prediction performance of different models. Panels A and B show actual vs. predicted emissions for linear
regression and GBDT, while Panels C and D show error distributions.

Table 5: Comparison of optimizer (Adam vs. Adafactor)
and numerical precision (FP32 vs. BF16) on GPT-2 training
and inference energy consumption.

Model Optimizer Precision Train Energy (J) Infer Energy (J) J/token
GPT-2 Adam BF16 158.7 2956  0.591
GPT-2 Adam FP32 1779 3264  0.653
GPT-2  Adafactor FP32 341.2 3059  0.612
GPT-2 Adafactor BF16 359.4 287.1 0.574

shows a tradeoff: Adam is more efficient in training, while
Adafactor with BF16 is best for inference. This highlights
the importance of software-level factors for reproducible
benchmarking.

5.3 Predictor Performance

To complement direct measurement, EnergyLLM-Bench in-
cludes a predictor module that estimates energy from FLOPs
and runtime metadata. We evaluated two baselines: linear
regression and gradient boosting decision tree (GBDT).

Figure 2 summarizes the results. Panels A and B plot actual

vs. predicted emissions, while Panels C and D show error
distributions. GBDT achieves tighter error concentration,
indicating FLOPs-based predictors, once calibrated, can
provide lightweight and reliable estimations of LLM energy
usage.

5.4 CPU vs. GPU Energy Efficiency

To evaluate hardware- and software-level efficiency jointly,
we report results in Figure 3. The figure integrates optimizer
choice, numerical precision, scaling trends, and hardware
comparison into a single view.

Panel A shows inference energy per token under different
optimizers and precisions. We observe that BF16 consis-
tently achieves lower energy cost than FP32, and across
both settings, Adam and Adafactor differ only slightly at
inference scale.

Panel B plots training energy trajectories across opti-
mizer—precision pairs. Adam requires substantially less
training energy overall, whereas Adafactor is more expen-
sive to train but can be advantageous during inference, espe-
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Figure 3: Comparison of optimizer choice, precision, scaling laws, and hardware-level energy efficiency. Panel A shows
inference energy per token under different optimizers and precisions. Panel B reports training energy consumption
trajectories. Panel C presents scaling laws of parameters vs. energy consumption. Panel D compares CPU and GPU energy

efficiency across models.

cially with BF16.

Panel C illustrates task-level scaling laws, mapping model
parameter count to energy consumption across both infer-
ence and training. A clear sublinear trend emerges: dou-
bling parameters increases energy by less than 2, but still
imposes a significant efficiency cost.

Finally, Panel D directly contrasts CPU and GPU efficiency
across representative models. GPU execution consistently
outperforms CPU-only runs in terms of energy-per-task,
underscoring the necessity of accelerator hardware for sus-
tainable deployment.

5.5 Energy—Quality Tradeoff

Beyond raw efficiency, the practical deployment of LLMs re-
quires balancing energy consumption against model quality.
Figure 4 illustrates this relationship by plotting energy per
token (J) against an accuracy proxy defined as 1/Perplexity.

Our results reveal a clear Pareto-like frontier. Within the
GPT family (DistilGPT2 — GPT2 — GPT2-XL), larger
models achieve progressively lower perplexity, but these
gains are accompanied by steep increases in energy cost
(from 831 J/token for DistilGPT2 to 3143 J/token for GPT2-
XL). In contrast, more recent architectures such as Mistral-
7B and Mixtral-8 x 7B achieve substantially lower perplexity
while consuming markedly less energy (4.59 J/token and
271.44 J/token, respectively). For these larger models, per-
plexity values are adopted from publicly reported results
(Baseten, float16 inference), as reproducing full evaluations
locally was not feasible. Although not obtained strictly on
WikiText-2, these values serve as a reasonable proxy to
enable a broader comparison across model families.

These findings suggest that architectural innovations—for
instance, dense versus MoE routing—can yield more favor-
able energy—quality tradeoffs than simply scaling up legacy
dense GPT models. They also underscore the importance of
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Figure 4: Energy—Quality tradeoff across representative
LLMs. We plot energy per token (J) versus quality (1/Per-
plexity). GPT2 variants improve quality with scale, but incur
steep energy costs (831 J — 3143 J per token). Mistral-7B
and Mixtral-8x7B (perplexity values from public bench-
marks) deliver much better quality at far lower energy, un-
derscoring the efficiency advantages of modern architec-
tures.

reporting both energy and quality metrics: accuracy alone
obscures wide disparities in efficiency, while energy-only
reporting risks undervaluing strong models. Energy—quality
Pareto analysis thus provides a principled lens for assessing
tradeoffs and guiding sustainable model deployment.

Implication. Energy—quality Pareto frontiers are crucial
for guiding responsible deployment. Models should be
selected not only by accuracy, but also by efficiency relative
to alternatives.

5.6 Artifact Availability

An anonymized repository with code and logs is provided
for review.

6 DISCUSSION AND FUTURE DIRECTIONS

EnergyLLM-Bench demonstrates that it is possible to mea-
sure and compare the energy use of large language models
in a reproducible way. The current study, however, is shaped
by the experimental conditions we had access to, which nat-
urally limits its coverage and explains why some dimensions
are still missing.

Scope of experiments. In this release we focused on a hand-
ful of representative models (dense and MoE) and single-
node CPU/GPU runs. We did not include multi-node train-
ing or specialized accelerators such as TPUs and NPUs,
simply because these resources were not available. Extend-
ing to these settings will likely require collaborative efforts
and access to larger-scale infrastructure.

Predictor generalization. The FLOPs-based predictor was
fitted using measurements from NVIDIA A100 GPUs, the

hardware we could run on. This does not mean the approach
is tied to one device, but it does mean that performance
on other platforms has yet to be validated. Testing and re-
calibrating on additional hardware will be an important next
step once more devices become accessible.

Beyond runtime energy. Our evaluation centers on the
energy consumed during training and inference. We could
not incorporate embodied costs, such as chip production
or cooling overhead, since these figures require data from
vendors or operators that we did not have. Future work
could combine operational and lifecycle measurements to
give a fuller picture.

Software factors. We compared optimizers and preci-
sions, which were feasible to run consistently in our setup.
Other methods—pruning, distillation, mixed quantization,
compiler-level optimizations—remain outside the current
scope. Their inclusion is left for follow-up studies or com-
munity contributions.

Wider impact. Even with these limits, the benchmark
lowers the bar for studying energy efficiency. Researchers
can reuse it as a baseline, and practitioners can consult the
leaderboard to see clear tradeoffs between model accuracy
and energy use. Going forward, three practical issues stand
out: how to expand coverage across hardware and tasks, how
to keep results comparable across different environments,
and how to ensure the benchmark remains open and updated.
Tackling these points will decide its long-term value.

In short, what we report here reflects what could be done un-
der the resources at hand. By making code, data, and results
public, we hope the benchmark can be steadily extended
into a richer tool for sustainable ML research.

7 CONCLUSION

This work introduced ENERGYLLM-BENCH, a repro-
ducible benchmark for evaluating the energy use and carbon
footprint of large language models. The framework inte-
grates in-loop measurement, a FLOPs-based predictor, and
an open leaderboard with standardized JSONL logs, en-
abling consistent and transparent evaluation across models,
hardware, and software stacks.

Our experiments reveal that both software configurations
(optimizers and numerical precision) and architectural
choices (dense versus MoE) substantially affect efficiency.
Scaling GPT models improves perplexity but also raises
energy cost steeply, from 831 J/token for DistilGPT2 to
3143 J/token for GPT2-XL. In contrast, Mistral-7B and
Mixtral-8 x 7B deliver lower perplexity at far lower energy
per token (4.59 J and 271.44 J). For these larger models,
perplexity values were adopted from public benchmark re-
ports (Baseten, float16 inference) due to hardware limits,



underscoring the importance of shared evaluation resources.

We also observe strong hardware effects: GPUs consis-
tently achieve higher throughput per joule than CPUs, with
about 4-6x better efficiency for inference and over 10x
for training. These findings emphasize that sustainable de-
ployment cannot be assessed by accuracy or energy metrics
alone. Joint analysis of energy and quality provides a prin-
cipled framework for responsible comparison, and we hope
ENERGYLLM-BENCH serves as a foundation for future
community-driven research in energy-aware ML systems.
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APPENDIX A: DATASET PACKAGING

The initial dataset is released as part of an open leaderboard
repository. Each entry is stored in JSONL format and in-
cludes metadata describing the hardware, software environ-
ment, and task configuration. The current dataset contains
roughly one hundred JSONL entries, each corresponding to
a separate benchmark run. Future releases will expand this
number substantially as additional models and hardware are
incorporated. This structure is chosen to make the records
portable and easy to aggregate. Alongside the logs, we
provide a short reproducibility note describing Python ver-
sion, library dependencies, and hardware identifiers. Future
releases are planned to expand coverage across additional
model families, hardware types, and training settings.

APPENDIX B: PREDICTOR
IMPLEMENTATION

The FLOPs-based predictor is implemented as a lightweight
Python module. It treats measured energy £ as a regression
target and uses both analytical features (FLOPs, runtime)
and categorical descriptors (model, task, device, optimizer).
The basic formulation assumes:

E=oa-FLOPs+ 3 -T + 7, (1

where « captures the marginal cost per FLOP, T is the
runtime (in seconds) reflecting memory and I/O overhead,
and ~y is a device-dependent constant. For reporting across
models, we normalize to energy per token:

E
)
]Vtokens

@

Etoken =

with Nykens denoting the processed token count.

Implementation. We use scikit-learn for model
training. FLOPs are kept as continuous inputs, while cate-
gorical features are one-hot encoded. Two regression base-

Table 6: Performance of FLOPs-based predictors on our
dataset.

Predictor MAE (J) MAPE (%) R?

Linear Regression  0.002049 1043.32 -30.54

GBDT 0.000350 92.19 -1.68
Discussion. Although the results are not yet competitive

(negative RR? indicates underfitting), they serve as an initial
demonstration of how FLOPs-based regression can be in-
tegrated into ENERGYLLM-BENCH. We release the code
as part of the benchmark to encourage community contribu-
tions towards more accurate and generalizable predictors.

APPENDIX C: ENVIRONMENT AND
HARDWARE DETAILS

To ensure that the reported measurements can be reproduced,
we include here the hardware and software environment
used in the initial release of EnergyLLM-Bench.

Hardware Configuration

* GPU Server: NVIDIA A100 40GB (default power
limit, single node), with 256 GB system RAM and 2
TB NVMe SSD.

¢ Local CPU Testbed: Intel Core Ultra 7 (RAPL coun-
ters enabled), with 8 GB system RAM and 1 TB SSD.

Software Environment

¢ Operating System: Ubuntu 22.04 LTS.

e Python: 3.10.13 (conda environment).

* PyTorch: 2.1.0 with CUDA 12.2 and cuDNN 8.9.
* Transformers: HuggingFace v4.36.2.

e Additional libraries: pynvml for GPU power
traces, scikit-learn for regression baselines,
numpy/pandas for log processing.



APPENDIX D: EXAMPLE LOG ENTRY

Each run in EnergyLLM-Bench is stored in JSONL format.
Below we provide a representative example entry, which
records metadata, compute signals, energy traces, and task
quality metrics in a structured way:

"metadata": {
"model": "gpt2",
"task": "inference-short",
"optimizer": "Adam",
"precision": "BF16",
"device": "NVIDIA Al00",
"seed": 42

}I

"compute": {
"flops": 2.49e9,
"runtime_s": 12.3,
"batch_size": 128,
"latency_ms": 25.6

s
"energy": {

¢ CPU: Intel Core Ultra 7 (RAPL counters enabled)
¢ OS: Ubuntu 22.04 LTS

e Software: Python 3.10.13, PyTorch 2.1.0 + CUDA
12.2, HuggingFace Transformers v4.36.2, NVML via
pynvml, scikit-learn for regression

All library versions are pinned and recorded in the released
environment file.

(c) Experimental Protocols. Each run logs metadata
(model, optimizer, precision, device, seed), compute statis-
tics (FLOPs, runtime, batch size), energy (GPU/CPU traces,
Joules, kWh), and quality metrics (perplexity). Results are
stored in standardized JSONL format. Each configuration is
repeated (n=5) with fixed random seeds to mitigate variance.

(d) Limitations. Our experiments are limited to single-node
CPU/GPU runs; we could not include multi-node training
or specialized accelerators (TPUs/NPUs). Predictors were
calibrated only on A100 traces, so cross-device generaliza-
tion remains to be validated. Embodied carbon costs (chip
manufacturing, cooling) are not included due to unavailable

"gpu_power_W": [185, 192, 188, 190, 1g¢ata.

"cpu_power_W": [35, 37, 36, 36,
"energy_per_token_J": 0.592,
"total_kWh": 0.00049

}I

"quality": {
"perplexity": 22.3

}

357,

This structure makes the logs both human-readable and
machine-parsable. All entries follow the same schema,
which ensures consistency across different models, hard-
ware setups, and tasks.

REPRODUCIBILITY STATEMENT

We have taken the following steps to ensure reproducibility
of our results:

(a) Dataset and Code Availability. All measurement
scripts, JSONL logs, and predictor implementations are
made available in an anonymized repository for review. The
repository includes raw logs, preprocessing scripts, and
the pipeline for generating aggregated results and figures.
Upon acceptance, the permanent repository will be hosted
on GitHub under a permissive license.

(b) Hardware and Software Environment. Experiments
were conducted on:

* GPU: NVIDIA A100 40GB (default power limit)

(e) Extensibility. The leaderboard and pipeline are designed
for continuous community extension. New results can be
added without breaking compatibility, ensuring long-term
reproducibility beyond this submission.

ETHICS STATEMENT

This work studies the energy footprint of large language
models with the goal of raising awareness about sustainabil-
ity in machine learning. Our dataset contains only system-
level measurements (e.g., FLOPs, runtime, power traces)
and does not involve personal or sensitive data. We do
not see risks of privacy leakage or harmful misuse. The
study focuses on operational energy and does not account
for hardware manufacturing or lifecycle costs, which remain
important directions for future work.



