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Abstract

As the adoption of Generative Al in real-world services grow explosively, energy
has emerged as a critical bottleneck resource. However, energy remains a metric
that is often overlooked, under-explored, or poorly understood in the context of
building ML systems. We present the ML.ENERGY Benchmark, a benchmark
suite and tool for measuring inference energy consumption under realistic service
environments, and the corresponding ML.ENERGY Leaderboard, which have
served as a valuable resource for those hoping to understand and optimize the
energy consumption of their generative Al services. In this paper, we explain four
key design principles for benchmarking ML energy we have acquired over time,
and then describe how they are implemented in the ML.ENERGY Benchmark. We
then highlight results from the early 2025 iteration of the benchmark, including
energy measurements of 40 widely used model architectures across 6 different
tasks, case studies of how ML design choices impact energy consumption, and
how automated optimization recommendations can lead to significant (sometimes
more than 40%) energy savings without changing what is being computed by the
model. The ML.ENERGY Benchmark is open-source and can be easily extended
to various customized models and application scenarios.

1 Introduction

Generative Al models have rapidly transitioned from research prototypes to real-world services such
as ChatGPT [56]], Character Al [6], Sora [57]], and Midjourney [50]. However, exponential growth
rarely continues without facing scaling bottlenecks; currently for generative Al, one of the most
crucial bottlenecks is the energy bottleneck [4,15-H17.38.48,49,51]]. That is, even with fleets of latest
GPUs and exploding demand for ML compute, getting access to the energy necessary to power these
systems is becoming increasingly costly, slow, and sometimes impossible. This particularly impacts
serving real-world services as ML inference reportedly accounts for 80-90% of the total compute
demand [12}321|58,60]. Left unaddressed, the energy bottleneck will not only hinder Al research and
development progress [31], but also lead to energy being squeezed out of existing electricity grids
and impacting availability and price [4].

However, despite its growing importance, energy remains a secondary consideration compared to
traditional optimization objectives like time and accuracy. How much energy does a model consume
during inference? What is the right way for energy measurement and accounting during execution,
let alone optimization? To bridge this gap, we launched the ML.ENERGY Leaderboard the first
inference energy leaderboard for modern generative Al models to the best of our knowledge. We have
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Figure 1: Overview of the benchmarking and optimization flow of the ML.ENERGY Benchmark.

been gradually expanding the Leaderboard in multiple dimensions to now include (1) 40 different
generative Al model architectures across a wide range of tasks — including Large Language Model
(LLM) chat and coding, Vision—-Language Model (VLM) visual chat, and text-to-image, text-to-video,
and image-to-video generation using Diffusion models — and (2) more up-to-date hardware and
software stacks following rapid advancements in each area.

In this paper, we share the design principles we have established over time (Section[2)) and present
the ML.ENERGY Benchmark that embodies them (Section [3). It provides two key functionalities:

» Extensible benchmark: It provides an easily extensible benchmark suite and a comprehensive
set of tools for measuring the inference energy consumption of generative Al models for various
tasks under realistic deployment environments.

* Automated optimization: Based on energy measurement results, it provides automated energy
optimization recommendations for generative AI model deployment.

Finally, we highlight notable results from the early 2025 iteration of the ML.ENERGY Leaderboard,
shedding light on (1) how energy consumption varies across different generative Al models and tasks,
(2) the complex trade-offs that involve energy, time, and model architecture design, and (3) the energy
savings opportunity unlocked by automated optimization (Section 4.

This paper describes the state of the ML.ENERGY Benchmark and Leaderboard as of early 2025.
The latest version of the ML.ENERGY Benchmark is open-source on GitHubE] and the ML.ENERGY
Leaderboard allows everyone to browse full results from the latest ML.ENERGY Benchmark.

2 Design Principles

The design of the ML.ENERGY Benchmark is guided by four core principles. Our overarching goal
is to create a benchmark that is representative of real-world generative Al service deployments, and
to produce energy measurement results that are accurate, reusable, and ultimately actionable.

2.1 Generalizability and Portability

Goal. Every computer system is configured with different hardware and software components, and
measurements from a particular system will never truly represent those from another system. For
instance, systems can be configured with different CPU and DRAM models, and running different
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Linux kernel versions with different daemons running in the background. Further, not all users have
physical access to the target system hardware, a common case for cloud-based environments. Still,
we wanted (1) the benchmark to run seamlessly on a wide variety of systems, and (2) measurement
results to provide generalizable insights and recommendations across a wide range of systems.

Our approach. We focus on software-based GPU energy measurement for the following reasons:

* GPUs are the dominant worker and energy consumer in a system running ML services, accounting
for 50-70% of the total provisioned power in the datacenter [52H54,/58]].

* Compared to other hardware components, GPU models are more standardized across different
systems [13]], making measurements useful across systems that use the same GPU.

* GPUs allow accurate software-based energy measurement [|1,[2,|11}[81]], allowing measurement
tools to be portable across systems without requiring physical hardware access or modification.

2.2 Representing Real-World Deployments

Goal. Benchmarking results often inform real-world deployment optimizations, are used to plan
future power capacity and energy usage, affect the design of new hardware and software systems, and
serve as base numbers for long term projections that affect policymaking. Therefore, it is crucial that
our measurements represent those from real-world deployments as closely as possible.

Our approach. To obtain realistic measurements, we adhere to the following principles:

* We adopt production-grade software and hardware (e.g., vVLLM [39] on NVIDIA H100 GPUs)
and run them with generation request workloads that are representative of real-world use cases.

* During our measurement, we directly run or closely mimic the state of a serving system during
long term deployment. This allows us to capture the steady state energy consumption of the
service while using a fixed-size benchmarking dataset.

2.3 Energy Measurement at the Right Granularity

Goal. Energy can be measured at different computation granularities. For instance, for LLM text
generation, energy can be reported for the end-to-end benchmarking run, for each generated response,
or for each token generated. Our goal is to measure and report energy consumption at a granularity
that is neither too coarse (as it only provides limited insight into the runtime behavior of the service)
nor too fine (as it may miss important higher-level insights relevant to the service).

Our approach.  Also aligned with our goal of representing real-world deployments (Section[2.2),
our approach is to mainly report energy consumption at the granularity of a single, whole generation
response to a request (e.g., entire chat response, image, video). This is because any work less than
the full response (e.g., per token) is not considered a complete request, and may ignore model- and
task-specific characteristics. For instance, for LLM text generation, different models exhibit different
verbosity (i.e., given the same prompt, different models respond with varying number of tokens), and
different tasks have vastly different output token length distributions (e.g., chat vs. code generation),
all of which we want to capture in our measurements.

2.4 Actionable Measurement Results

Goal. While energy measurements are useful in themselves, they are even more useful when they
lead to actionable insights and recommendations. For instance, how much is the potential energy
savings of your model without sacrificing accuracy or latency? If your service intends to guarantee a
specific generation latency deadline (e.g., 50 ms), what is the energy-optimal configuration, and how
much is the potential energy savings?

Our approach. The ML.ENERGY Benchmark allows users to provide computation latency con-
straints specific to their application scenario (e.g., LLM average Time Per Output Token), and will
automatically recommend (1) the energy-optimal configuration that meets the latency constraints,
and (2) the expected amount of energy savings. Due to the generalizability of our measurements
(Section [2.1)), these recommendations inform the optimization of a wide range of systems.



3000 requests
q LLM Inference Server [ Request

| — - [E—
| " | ...... Max
[ Il | batch size
[ IL IL ] e [ I |
A
3000 Runni
Waiting 4 Running
requests
requests

| | Time
| Steady state (stable server utilization) |

Figure 2: LLM inference server and per-request energy accounting. The steady state is defined as the
period when batch size is saturated at the server’s maximum configured batch size, and measurements
during the steady state represent that of a serving system during long-term deployment.

3 The ML.ENERGY Benchmark

The ML.ENERGY Benchmark is a comprehensive tool for measuring and optimizing the inference
energy consumption of generative AI models, built upon our core design principles (Section [2)).
Here, we describe the overall flow of the ML.ENERGY Benchmark (Section [3.1]), which includes
service-aware energy measurement and accounting (Section [3.2)) and automated optimization recom-
mendations (Section . Finally, we describe extension points of the ML.ENERGY Benchmark that
allows users to easily benchmark their customized application scenarios (Section [3.4).

3.1 Benchmark Flow

Figure [1| provides an overview of the usage flow of the ML.ENERGY Benchmark. @ First, the
generative model to benchmark and the request dataset (set of inputs) to use are selected, alongside
with the set of configurations to sweep (e.g., GPU model, parallelism configuration, maximum
batch size). @ Then the ML.ENERGY Benchmark runs configurations independently on designated
hardware, and measures the time and energy consumption of each configuration using Zeus [2],
a library that provides programmatic energy measurement (Section . © After benchmarking
is complete, users can specify a latency target based on their application requirements. @ Given
that, the ML.ENERGY Benchmark constructs the time—energy Pareto frontier, and recommends the
energy-optimal configuration while satisfying the latency target (Section [3.3).

3.2 Energy Measurement and Service-Aware Energy Accounting

Our goal is to provide per-request energy measurements (Section that are representative of
real-world deployments (Section [2.2). However, a realistic serving system batches together the
generation of multiple requests (e.g., iteration-level batching [|82] for LLM text generation), making
the energy consumption of a single request dependent on all other requests being processed at the
same time. Therefore, we implement measurement and energy accounting methods that capture the
batching behavior of different types of models.

Diffusion models. We begin with the relatively more straightforward case of diffusion models,
which are used for text-to-image, text-to-video, and image-to-video generation. Diffusion models are
typically batched as a whole, meaning that the energy consumption of a single request is:

Ener:
Energyrequest = % ey

where the batch consists of B image or video generation requests.

LLM text generation. Request-level energy accounting is less straightforward for LLM inference,
because iteration-level batching [[82] is an essential optimization in any realistic, production-grade
LLM serving system [39]. Figure2|shows how requests are served by a serving system implementing
iteration-level batching and how the ML.ENERGY Benchmark performs energy accounting. Because



the beginning and end of each request are often not aligned with each other, finding each request’s
individual energy consumption is non-trivial. For this, we first submit all requests in the request
dataset, and as the system runs, identify the steady state as the time period where the batch size is
saturated at the server’s maximum configured batch size. This steady state is designed to closely
approximate the state of a serving system when it is well-utilized during long-term deployment.
Particularly, when the system is ramping up initially with a full queue or ramping down at the end
with an empty queue, the server runs with a smaller batch size and does not exhibit the same energy
amortization benefits as the steady state. With this, we can derive the average per-request energy
consumption with:
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In essence, we compute the average energy consumption per token during the steady state and multiply
it by the average number of output tokens to derive the average per-request energy consumption.
Individual requests’ energy consumption can also be computed by multiplying the average energy per
token during the steady state by the number of output tokens for each request.

As we will see in Section ] batch size is a critical configuration that significantly affects both
generation time and energy consumption. By sweeping the batch size configuration, the ML.ENERGY
benchmark can capture varying levels of system utilization and collect various operation points with
different time and energy consumption.

3.3 Automated Optimization Recommendation

Our goal is to provide actionable insights beyond just energy measurements (Section [2.4) by rec-
ommending energy-optimal configurations for a given model and task. Central to the optimization
recommendation is the construction of the Pareto frontier of energy vs. time, which is a collection of
configurations where there are no other configurations that lead to both lower energy and lower time.
Then, the energy-optimal configuration is selected based on user-specified latency constraints.

Latency constraints inherently depend on the user’s or application’s needs. For example, for image
generation with Diffusion models, computation results are useful only when the full image is
generated, so latency constraints would be specified in terms of the time to generate the whole image.
On the other hand, for LLM text generation for chat, output tokens are streamed to users (either in
written text or synthesized speech) as they are generated. As such, for user-facing conversational
Al services, as long as the average time per output token is at least as fast as the users’ reading or
listening speed, user experience will not be affected [44]]. However, for LLM text generation for
coding, where code is likely only useful when it is fully generated, latency constraints would be
specified in terms of the time to generate the whole snippet, similar to the case of image generation.
Given the latency constraints, the time—energy Pareto frontier is used to suggest the minimum-energy
configuration that satisfies the latency constraint.

3.4 Extending the Benchmark

The ML.ENERGY Benchmark is designed to be easily extensible, allowing users to benchmark their
own models or customized application scenarios.

Model. The ML.ENERGY Benchmark already supports various popular architectures like
Llama [73]], LLaVA [43]], Stable Diffusion [25]], and Stable Video Diffusion [14]] (See Appendix@
for a full list). Models that are fine-tuned based on already-supported models work as is. Models
with different architectures should also work as is as long as they are supported by the underlying
runtime, like vLLM [39]], which supports arbitrary LLMs provided by Hugging Face Transformers.

Request dataset. For each task (e.g., LLM text generation for chat), the ML.ENERGY Benchmark
provides a default request dataset that contains a set of inputs representative of real-world usage (See
Appendix [A]for a full list). Users can also provide their own request dataset, which can be used to
invoke the runtime and measure energy consumption.

Configuration space. The ML.ENERGY Benchmark provides a default set of configurations
specific to tasks. For instance, for LLM text generation, it supports maximum batch sizes and



parallelism configuration (e.g., tensor and pipeline parallelism). For diffusion models, it supports not
only batch size, but also changing the number of denoising steps, as it has a non-trivial impact on time,
energy, and output quality. Users can customize the range of values swept for each configuration,
and also provide new configurations (e.g., GPU power limit [1,/81]) as long as they implement
the corresponding configuration interface in the top-level routine. More configuration dimensions
and finer grained sweeps will lead to longer benchmarking time, but will also push the Pareto
frontier towards the lower left corner of the time—energy space, leading to the discovery of more
energy-efficient configurations.

Hardware. As long as the runtime used by the ML.ENERGY Benchmark (e.g., vLLM) is capable
of running on the target hardware and Zeus [2]] can measure energy consumption on the target
hardware (e.g., NVIDIA/AMD GPUs, Intel/AMD CPUs, Apple Silicon, NVIDIA Jetson platforms),
the ML.ENERGY Benchmark can run on the target hardware as is.

Metrics. Energy is a fundamental physical quantity that can be used to derive other useful metrics,
though these derived metrics are not automatically computed by default as they require context-
specific information. Below, we describe how these metrics might be computed based on the
benchmark’s outputs.

* Average power draw (Watts): Average power draw over the steady state can be calculated by
dividing total energy consumption during the steady state by the duration of the steady state.

* Throughput per Watt: Work throughput, e.g., request or token generation throughput, divided
by average power draw can describe how much service capacity can be extracted from the system
given a power budget, which is a critical quantity for datacenter power planning [38].

* Monetary cost ($): The electricity cost of compute can be calculated by integrating over time the
multiplication of energy consumption and the electricity price in the region and time instance. If
there is a specific region and time frame the service is expected to run, choosing that electricity
price can simulate the operational electricity cost of deployment. Electricity prices can be obtained
from sources like OpenEIE] Calculating the electricity cost from energy is supported by Zeus [2]],
the measurement library of choice for the benchmark.

* Operational carbon emissions (gCO-e): This quantity estimates the greenhouse gas emissions
associated with the electricity consumed. It can be calculated by multiplying energy consumption
by the carbon intensity (gCO2.e/kWh) of the particular region and time frame in which the
benchmark was run. Carbon intensity data can be obtained from sources like ElectricityMapsE]
This is also supported by Zeus [2]], the energy measurement library employed by the benchmark.

4 Results Highlight

In this section, we highlight notable results from the ML.ENERGY Benchmark; the full set of
results is available on the ML.ENERGY LeaderboardE] The early 2025 iteration of the benchmark
and leaderboard presents energy measurements across 40 models and 6 tasks (See Appendix [A]
for a full list). We ran the benchmark on NVIDIA A100 (40 GB) and H100 (80 GB) GPUs,
each using AWS p4d.24xlarge and p5.48xlarge instances, respectively, and used vLLM [39] and
Diffusers [77] as the inference runtime. In the following, we first present energy measurement results
and discuss implications (Section[d.T)), and then provide deeper understanding by showing how model
architecture choices affect their energy consumption (Section [#.2). Then, we present the energy
savings opportunities from our automated optimization recommendations (Section .3).

4.1 Energy Measurements

Significant variation in energy consumption. The solid bars in Figure 3| (A100 GPUs in Figure[3a]
and H100 in Figure [3b) show the per-request energy consumption of various generative AI models
across different tasks. First, energy consumption varies widely across models. In particular, Diffusion
models generally consume energy that is on par with larger LLMs (e.g., Mistral Large (123B)). This

*https://openei.org/wiki/Utility_Rate_Database
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Figure 3: Per-request energy consumption across various generative Al models. Black and orange
represents text and vision modalities, respectively. Solid bars are energy measurements, whereas
dimmed bars behind each solid bar are estimations based on the GPU’s TDP, with numbers showing
the ratio of overestimation. Note the log scale Y-axis.

Max batch size
4 8 16 32 64

DeepSeek distilled Qwen 3 8B 1 9713.7  6010.1 43149  3340.8 2770.8
Phi 4 reasoning plus 15B 1 19974.4  12389.6 9347.3 7634.9 7595.4
Qwen 3 32B 2 26419.7 151683 9140.5 6165.5  4520.6
Qwen 3 235B-A22B thinking 8 122523.1 864915 567204 40275.5 33096.4

Model TP

Table 1: Energy per generation of reasoning models on GPQA and NVIDIA H100 GPUs. TP is
the tensor parallelism degree, which is also equal to the number of GPUs used.

is mainly because Diffusion models (1) draw higher power in general (more in Section[d.2)) and (2)
cannot perform as many concurrent generations compared to LLMs due to their long latency in real
services, preventing them from amortizing energy consumption across many generations.

Importance of measuring. The dimmed bars behind each solid bar in Figure 3| show the estimated
energy consumption based on the GPU’s Thermal Design Power (TDP) instead of measuring the
real GPU power consumption, which is a common practice [8}9,28,/40,47./74]. Estimations using
TDP are nearly always an overestimation since it is rare for a GPU — or any computing device —
to draw its maximum power at every moment in time. In fact, such an estimation can lead to a
worst-case overestimation of energy consumption by a factor of 4.1 (CodeGemma 2B on H100 GPUs).
Inaccuracies may be overlooked when they influence downstream decisions and projections, leading
to misleading conclusions. Accurate measurements that reflect production environments are crucial.

4.2 Energy Implications of ML Design Decisions

ML decisions reflected in model architectures and trained models impact energy consumption. For
the interest of space, we defer systems implications on energy consumption to Appendix [B]

LLM response verbosity and energy. In Figure[3] we can see that energy consumption varies even
among LLMs of similar sizes. This is because different LLMs generate responses of different length
even when given the same prompt. Such differences in verbosity can be non-trivial; for instance,
Mistral Large’s responses were on average 36% longer than that of Mixtral 8 x7B. As the number of
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800
,,,,,,,,, 8 x A100 TDP (max power draw) |
~3%004 < 6001
z 4 x H100 TDP (thax power draw) 2
=
© -
é 2000 g 400 +eo—e A100/TDP (max power draw)
2 2
& 1000 4 .0;37""" - @ e 8 2004
—o— 8xA100 —®— 4xH100 —o— A100 —®— H100
0 . . . . T 0 T . T T T T
0 200 400 600 800 1000 0 5 10 15 20 25 30
Batch size Batch size
(a) Llama 3.1 70B [73]] (b) Stable Diffusion 3 Medium [25|

Figure 5: Power consumption of Llama 3.1 70B and Stable Diffusion 3 Medium models.

output tokens equals the number of forward passes through the model, longer responses leads to a
proportional increase in energy consumption. As humans are known to prefer longer responses [85]],
this potentially introduces a trade-off between energy consumption and user satisfaction.

This is even more pronounced for reasoning models, which produce significantly more output tokens.
Table[T| shows energy measurements for reasoning models on the GPQA dataset. Reasoning models
produce one to two orders of magnitude more output tokens per request compared to standard chat
models, significantly increasing energy consumption per generation. Additionally, due to their long
output lengths, servers cannot run as large a batch size, preventing them from amortizing energy across
more requests. This leads to higher energy per token as well, further increasing energy consumption.
As long horizon reasoning and task decomposition become more common in real-world LLM-based
applications, we expect this trend to continue.

Memory consumption of operations and energy amortization. Generally, models with more
parameters consume more energy, but this is not always the case. Figure ] highlights the case of
Phi-3 Mini (3.8B) and Small (7B) [26]. Even though Small has nearly twice the parameters, the
left plot shows that the larger Small model can consume less energy than Mini as batch size grows.
This happens because Mini uses Multi-Head Attention (MHA) [[76[], whereas Small uses Grouped
Query Attention (GQA) [[10]. Due to this, Mini’s KV cache uses 3x more memory than Small,
which prevents it from scaling to larger batch sizes and amortizing energy consumption across more
generations.

Compute-intensity of operations and power draw. Figure[5]shows the power consumption of
Llama 3.1 70B [73]] and Stable Diffusion 3 Medium [25]] on A100 and H100 GPUs. It can be
seen that the LLM’s power consumption is much lower than what the GPUs can draw at maximum,
whereas the Diffusion model’s power consumption is close to the maximum. This is because LLM
decoding is characterized by low compute-intensity, meaning that the number of arithmetic operations
(e.g., multiplication and addition) per byte of memory loaded is low [37,/58]]. This leads to the
GPU’s computation throughput being bottlenecked by VRAM bandwidth and results in the GPU’s
computation units being underutilized, leading to low power draw. Appendix [C]dives deeper into
power consumption with measurements for all models and GPU power breakdowns over time.
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Figure 7: Time—energy Pareto frontiers constructed by the ML.ENERGY Benchmark.

Inference-time parameters and energy. Figure [6]shows the energy consumption of Stable Diffu-
sion XL (SDXL) [61]] and SDXL Turbo [7]]. On the left, while SDXL and SDXL Turbo have identical
model sizes and architectures, their energy consumption is significantly different. This is because
SDXL Turbo is tuned to generate smaller resolution images (512x512) than SDXL (1024 x1024),
which leads to different latent sizes and amounts of computation. On the right, it can be seen that the
number of denoising steps linearly increases energy consumption, as one denoising step requires one
forward pass through the model. While simple in isolation, these inference-time parameters lead to
non-trivial design tradeoffs at the application-level. For instance, increasing the number of denoising
steps may improve final image quality, but beyond some point, it may be virtually indistinguishable
to human users. Also, generating images in lower resolution and then upscaling them with a separate
super-resolution model (e.g., DAT [19]) may consume less energy end-to-end.

4.3 Automated Energy Optimization Recommendation

Figure[/|shows the time—energy Pareto frontier constructed by the ML.ENERGY Benchmark mea-
surement results for Llama 3.1 8B and Stable Diffusion 2.1. In general, the Pareto frontier is convex,
meaning that by sacrificing some latency, one can achieve significant energy savings.

Conversational Al services like LLM-based chatbots achieve interactivity by streaming tokens to users
either in written text or synthesized speech, making Time Per Output Token (TPOT) an important
performance metric that impacts user experience [44]]. In this context, a chatbot provider can target
an average TPOT of 100 ms (equivalent to 10 tokens per second or about 7.5 words per second [53])),
which is sufficient for most reading or listening speeds. This will land on the Pareto frontier at the
point where average TPOT is 77 ms, reducing energy consumption per generation by 44% compared
to the configuration that simply minimizes latency.

Here, we note that for Llama 3.1 8B [[73]], the Pareto frontier is a mixture of configurations from both
A100 and H100 GPUs. This is because LLM decoding does not fully exert the GPU’s compute units
and are rather bound by memory, so going from A100 to H100 GPUs neither provides significantly
higher performance nor significantly increases power draw (See Appendix [C|for details). These two —
power and time — multiplied, energy consumption is comparable across the two GPUs.



On the other hand, for Stable Diffusion 2.1 [65], the Pareto frontier is dominated by configurations
on the H100 GPU. Diffusion models consume power close to the GPU’s TDP (See Appendix [C]
for details), which increases power draw significantly when going from A100 to H100. However,
since computation latency was reduced even more, configurations on H100 Pareto-dominate those on
A100. If an application has a generation latency target of, for instance, 5 seconds, the energy-optimal
configuration will lie on the Pareto frontier where latency is 3.63 seconds, which is 21% less energy
than the configuration that minimizes latency.

5 Related Work

ML energy measurement. The Hugging Face LLM-Perf leaderboard [33] is specific to LLMs
and reports the per-token energy consumption of LLM text generation, which fails to capture the
verbosity and task-specific output token length distribution difference of LLMs (Section[2.3). MLPerf
Power [75] provides measurements for ML training and inference, but crucially, requires direct access
to the system under test to physically install the power analyzer, which significantly limits who can
run the benchmarks (Section @D Furthermore, it benchmarks at most a few model architectures for
each task (sometimes only one), failing to provide insights on how ML design choices impact energy
consumption. The Hugging Face Al Energy Score leaderboard [27]] provides measurement data for
broader Al tasks. However, it fixes the inference batch size to 1 for all models, failing to reflect how
services are deployed in the real world and thus their energy consumption (Section[2.2). Google
disclosed the median energy consumption of their Al service [24]. It provides a comprehensive
scope of measurement, even including the energy consumption of idle machines provisioned for
stable service operation. However, measurements and reports are based on internal Google systems,
workloads, hardware (TPUs), and model (Gemini) that are not publicly available, limiting the
generalizability and reproducibility of the results (Section[2.1). The ML.ENERGY Benchmark is the
first inference energy benchmark for modern generative Al models, and empowers users to not only
measure but also optimize the energy consumption of their models. See Appendix [D]for more details.

ML energy optimization. The ML.ENERGY Benchmark provides automated energy optimization
recommendations based on energy measurements (Section[3.3). There are several other efforts that
also provided automated energy optimizations — while preserving mathematical equivalence and/or
model quality — for ML training and inference. Zeus [81]], EnvPipe [20]], and Perseus [21]] optimizes
the energy consumption of ML training by adjusting GPU-level and training job-level configurations,
either statically after profiling or dynamically during training. u-Serve [63]] and DynamoLLM [68]]
are also similar, but optimize energy consumption for ML inference clusters. Optimization recom-
mendations by the ML.ENERGY Benchmark are complementary to the techniques proposed by these
works. Further, our results support the need for automated cross-layer energy optimizations that span
all model, software, and hardware layers [22], as opposed to efforts siloed within a single layer.

6 Conclusion

In this work, we described the ML.ENERGY Benchmark, a comprehensive energy benchmark for
generative Al models that not only provides realistic energy measurements, but also automatically
suggests energy-optimal configurations based on user- and app-specific performance constraints.
Measurement results show that energy consumption is a metric that is impacted by design choices
across the whole Al stack, including application, model, software, and hardware, demonstrating the
importance of automated cross-layer energy optimizations instead of siloed optimizations within
a single layer. We are confident that the ML.ENERGY Benchmark will democratize the art of
measuring, understanding, and optimizing ML energy consumption for the community.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: The abstract and introduction reflect the paper’s contributions and scope.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Limitations are discussed in Appendix [E]
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: This paper does not include theoretical results.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The benchmark code and the result data that supply the leaderboard are avail-
able open-source and documented at https://github.com/ml-energy/leaderboard.
The full result data can be browsed at the ML.ENERGY Leaderboard at https://ml,
energy/leaderboard.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The benchmark code and the result data that supply the leaderboard are avail-
able open-source and documented at https://github.com/ml-energy/leaderboard.
The full result data can be browsed at the ML.ENERGY Leaderboard at https://ml,
energy/leaderboard.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We mention important details in the main paper and provide more details in
the Appendix. Full details are available in the code repository.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We were not able to run the benchmark multiple times due to the high monetary
cost of even a single run.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We mention compute resources in the beginning of Section 4}
Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: We confirm that we reviewed the NeurIPS Code of Ethics and that our research
conforms to it.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discuss this in Appendix [F]
Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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11.

12.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We do not believe safeguards are necessary for our work.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We extensively use models and datasets created by others in our benchmark.
We credit the authors through citation. Appendix [A] contains a comprehensive table. The

benchmark has default request datasets that we recommend, but does not come packaged
with any specific model or dataset.

Guidelines:
* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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13.

14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The benchmark code is available open-source and documented at https:
//github.com/ml-energy/leaderboard under the Apache-2.0 license.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: We have used LLMs to assist in editing the paper, generating figures, and writ-
ing code snippets, and its use does not impact the core methodology, scientific rigorousness,
or originality of the research.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

22


https://neurips.cc/Conferences/2025/LLM

Table 2: Model type, task, and default request dataset used in the ML.ENERGY Benchmark.

Model architecture Task Request dataset
Chat ShareGPT [72]]

Large Language Model Code EvalPlus [45]

Vision Language Model  Visual chat LLaVA instruction dataset [43]]
Text-to-image PartiPrompts [|83]]

Diffusion Model Text-to-video Captions in ShareGPT4Video [18]

Image-to-video  Captions and first frames in ShareGPT4Video [ 18]

Table 3: Model architectures supported by the ML.ENERGY Benchmark for each task.
Task Model Architectures

Chat Gemma 2 2B/9B/27B [71]], Llama 3.1 8B/70B/405B [73],
Phi 3 Mini/Small/Medium [26], Mistral 7B/Nemo/Large [34],
Mixtral 8x7B/8x22B [35]]

Code CodeLlama 7B/13B/34B/70B [66], StarCoder 2 3B/7B/15B [[46],
CodeGemma 2B/7B [70]
Visual chat LLaVA 1.5 7B/13B [41], LLaVA NeXT 8B [42]], Phi 3 Vision [26],

Chameleon 7B/30B [69]
Text-to-image Stable Diffusion 2.1/XL/XL Turbo/3 Medium [7,125,(61,/65]],
OpenJourney 4 [62], SSD 1B [30]
Text-to-video ModelScope T2V [78]], AnimateDiff [29]
Image-to-video 12VGen XL [84], Stable Video Diffusion and Stable Video Diffusion XT [|14]]

A Tasks, Model Architectures, and Default Request Datasets

Tables[2)and[3]list the model architectures and tasks supported by current iteration of the ML.ENERGY
Benchmark, along with the default request datasets for each task. We note that models that were

fine-tuned based on the supported models are also supported as is, and the benchmark is designed to
be extensible (Section[3.4).

The ML.ENERGY Benchmark cannot avoid being outdated given the rapid pace of development
in the generative Al field. As such, we have been updating the benchmark (and the accompanying
Leaderboard) with new tasks, models, datasets, hardware, runtimes, and more, and we intend to
continue doing so as long as resources allow.

B Energy Implication of System Parameters

This section discusses the energy implication of different system-level configurations. System-level
configurations are those that do not change what is computed but rather how it is computed by the
underlying software system.

B.1 Request Preemption Mechanism

Even with the model and inference parameters fixed, the software system used to serve inference
requests, which determines how model computations are executed on a given hardware, significantly
impacts energy consumption. As a concrete example, we will examine the effect of “preemption
mechanism,” a configuration parameter for LLM inference servers. When a server is overloaded with
more requests than its capacity, it needs to temporarily remove (or, preempt) some requests from the
system and then later bring them back (or, restore). For LLM inference, there are two widely-used
mechanisms for preemption: Recomputation and Swapping [39]. Recomputation simply drops all
temporary request data or state on preemption and recomputes everything from scratch on restoration.
On the other hand, Swapping moves the request state to the CPU’s memory, and then returns it to
the GPU on restoration. The best preemption mechanism depends on the computing hardware and
software configuration and the LLM being served.
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Figure 8: Energy consumption per generation while varying the maximum batch size for Mistral
Nemo (12B). The LLM inference server’s preemption mechanism is compared.
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Figure 9: Energy consumption per generation while varying batch size for Llama 3.1 8B. The number
of NVIDIA A100 GPUs used to run the same model is scaled up.

Figure[8] we compare the energy consumption per generation of the two preemption mechanisms with
the Mistral Nemo (12B) model by intentionally overloading the server with a high maximum batch size
configuration and causing preemption. It can be seen that when the server is overloaded, Swapping
consistently consumes less energy. This is because Recomputation performs extra computation
when restoring requests whereas Swapping copies data without running computation, and the energy
consumption of computation is larger than memory operations (this will be further examined in
the next section). Furthermore, as the server gets more and more overloaded, energy consumption
generally increases. This is because with higher overload, more preemptions — and thus more
recomputation or data movement — occur. Since preemptions do not directly contribute to the
completion of the request, the extra energy consumption from preemptions increases the average
energy consumption of completing each request.

B.2 Tensor Parallelism Scaling

We investigate the impact of communication overhead to energy consumption. This is important as
modern large models frequently do not fit within the memory capacity of a single GPU. This requires
multiple GPUs to execute inference for a single model, and GPUs must constantly communicate with
each other to do so [67].

In order to ablate the effect of communication, we employ the same Llama 3.1 8B model and vary
the number of GPUs used (Figure [9). Because the amount of computation executed is the same
regardless of the number of GPUs, energy consumption should ideally be constant. Indeed, energy
consumption barely changes when scaling from one GPU (no communication) to two, but when
scaling further, energy consumption significantly increases. This is because, while the amount of
computation decreases for each GPU, additional communication time between the GPUs offsets the
reduction in computation time. Since communication time increases with the number of GPUs, using
too many GPUs can lead to slowdowns in executing the same amount of computation and increase
energy consumption.
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Model and deployment Request dataset

Input mean 512 Input mean 512 Input mean 4096
Output mean 512 Output mean 4096  Output mean 512

Llama 3.1 8B (TP=1, 1P3D) 37.71,77.2% 665.77, 98.7% 208.34, 67.2%
Llama 3.1 8B (TP=1, 2P2D) 36.22,76.7% 706.27, 98.8% 151.75, 55.2%
Llama 3.1 8B (TP=1, 3P1D) 37.26, 77.0% 748.45, 98.9% 158.85, 56.0%
Llama 3.1 70B (TP=4, 1P1D) 276.93, 64.8% 907.60, 89.2% 1492.59, 50.0%

Table 4: Energy per generation (Joules) and the percentage of decode energy consumption with
PD disaggregation. Following recent trace analysis [79]], we sampled input lengths from a Pareto
distribution with alpha 2.5, and output lengths from an Exponential distribution, each with mean
specified in the table. TP means tensor parallelism degree, and xPyD means it was deployed with x
prefill instances and y decode instances, each with TP-many GPUs.

Max batch size Max batched tokens
(sequences) 32 64 128 256 512 1024 2048 4096 8192
32 559.66 374.63 269.29 205.54 188.80 191.61 195.59 191.88 194.52
64 362.49 26698 20043 168.27 16552 170.17 168.78 169.58
128 264.18 19459 164.75 154.64 15559 156.54 156.93
256 19439 161.87 15397 155.11 157.13 159.25
512 159.57 151.50 154.52 156.77 154.95
1024 152.67 156.26 157.98 163.08

Table 5: Energy per generation (Joules) of Llama 3.1 8B on a synthetic long context request dataset
running on H100 GPUs. Following recent trace analysis [79], we sampled input lengths from a Pareto
distribution with mean 4,096 and alpha 2.5, and output lengths from an Exponential distribution with
mean 512. Note that vLLM does not allow the max number of batched tokens to be smaller than the
max batch size, which is why the lower left triangle of the table is empty.

From this scaling experiment, we can observe that the energy impact of communication overhead can
be large. This impact will be even more pronounced in hardware environments without sufficient or
state-of-the-art networking infrastructure, which is common in real world settings due to its cost [36].

B.3 Prefill-Decode Disaggregation

Prefill-decode (PD) disaggregation is a rising production deployment setting where prefill and decode
phases are run on separate GPUs [59,/86]. This allows for independent scaling and optimization of
prefill and decode phases based on workload characteristics, and leads to better latency deadline
attainment. Table [] shows energy measurements for different PD disaggregation configurations,
where “xPyD” denotes x prefill instances and y decode instances.

Overall, decode consumes the majority of energy, with some amount shifting to prefill when input
length is long. In our setup, PD disaggregation configurations did not have a large impact on absolute
energy consumption or the energy split as long as the throughput of prefill and decode instances are
reasonably balanced.

B.4 Chunked Prefill

Chunked prefill is a technique where long input prompts are split into chunks and processed alongside
decode iterations, improving GPU utilization and reducing the interference between long prefills and
decode iterations [5]]. For chunked prefill, the max number of batched tokens is a key parameter that
controls the chunk size. Table[5]shows the impact of this parameter on energy consumption.

Table 5] shows that the more sequences or tokens you batch, the better the energy amortization you
get and energy per generation decreases, and after a certain point, returns diminish.
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Figure 10: Power consumption of various models on A100 and H100 GPUs.

C Power Consumption Analysis

Figure [T0] shows the power consumption of various models on A100 and H100 GPUs. Figure|[T]]
further shows the ratio of a model’s power consumption to the maximum GPU power draw across all
models. Generally, LLMs and VLMs consume significantly less power than the GPU’s TDP because
LLM decoding, the dominant operation for LLM serving, is memory-intensive and does not fully
utilize the GPU’s compute resources. VLMs show slightly higher power consumption than LLMs
due to its additional modality encoder, which is compute-intensive. Diffusion models, on the other
hand, consume nearly the maximum power of the GPU when batch size is not small. This is because
Diffusion models are significantly more compute-intensive compared to LLM decoding.

Figure [I2]shows the GPU power draw breakdown over time on one NVIDIA H100 GPU. The GPU’s
power is measured (1) in whole and (2) only for the VRAM while the ML.ENERGY Benchmark
is running. First, for Llama 3.1 8B, the timeline shows the effect of the two phases in LLM text
generation: Prefill and Decode. Prefill happens once at the beginning of a request to digest the input
prompt, which is then followed by hundreds to thousands of Decode phases, each of which generates
one output token. Importantly, Prefill has high compute-intensity (and also high power draw) because
it needs to digest the whole input prompt, whereas Decode has low compute-intensity (and low power
draw) as it does not entail very much computation. With this, we can first understand the initial spike
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Figure 11: Ratio of power consumption to maximum GPU power draw across various models.
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Figure 12: GPU power draw breakdown over time on one NVIDIA H100 GPU. “Entire GPU”
and “Only VRAM” (memory) were measured, and the two were subtracted to derive “Entire GPU
excluding VRAM.”

in power draw — when the benchmark begins, the server begins admitting new requests, creating a
short period where numerous Prefills are executed back-to-back, leading to high power draw. After
the initial spike, power draw repeats a periodic fluctuation. This is because, before each Prefill or
Decode, the server must make numerous control decisions, including determining which requests are
now finished and which ones should run next. Since these decisions are executed by the CPU, this
creates a periodic time gap where the GPU is not running any computation. This GPU idle time leads
to the periodic drop in GPU power draw.

On the other hand, Stable Video Diffusion XT shows a different power draw pattern. Diffusion
models generally have three phases: Encode, Denoise, and Decode. The Encode phase digests the
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input prompt and passes it to the Denoise phase, which iteratively removes noise from a random
vector. Finally, the Decode phase transforms the denoised vector into the final image or video.

From the timeline, especially Denoise and Decode can be clearly distinguished. Denoise is the most
compute-intensive and consumes power close to the GPU’s TDP. For each batch, there are 25 local
peaks that hit the GPU’s TDP, each of which corresponds to one denoising step in Denoise. During
Decode, power draw generally decreases, with each local power peak corresponding to the two large
layers in the decoding module. On the other hand, VRAM power draw increases during Decode
because it allocates a large chunk of memory and performs writes in order to generate the final video.
Finally, as the final generated video is copied from the GPU’s memory to the CPU’s, the GPU does
not run any computation, resulting in a steep drop in power draw.

From the power breakdown, we can observe that memory operations indeed draw significantly less
power compared to computation, and thus computations with low compute-intensity should indeed
draw less power. Furthermore, we can observe that the power draw and energy consumption of a
specific hardware (GPU in this case) is not a function of just itself and the computations that it runs.
Rather, software and hardware components that are integrated in the same system stack impacts how
computations are executed on each other, affecting their power draw and energy consumption.

D The ML.ENERGY Leaderboard and Benchmark

On July 2023, we launched the ML.ENERGY Leaderboard and Benchmark, the first inference energy
leaderboard for modern generative Al modelsE] Our goal was to measure and understand the energy
consumption of generative Al models, and we provided a web-based leaderboard to allow everyone
to browse the results. The leaderboard started with only LLM chat with tens of different LLMs, but
gradually expanded to include more tasks, models, and datasets. Our benchmarking suite to supply
data to the leaderboard is what we dub the ML.ENERGY Benchmark. This paper shares our design
philosophy and principles we have acquired over time by gradually maintaining and upgrading the
ML.ENERGY Benchmark and the Leaderboard, and highlights notable results we have obtained
from the early 2025 iteration of the benchmark. Importantly, we plan to continuously update the
benchmark and the leaderboard as long as resources allow, and what is presented in this paper is only
a snapshot of the current state of the benchmark at the time of writing. We encourage readers to visit
the leaderboard website and benchmark repository for the latest results and updates.

E Limitations

The ML.ENERGY Benchmark is not without limitations. First, we note that the benchmark is not
exhaustive and does not cover all possible tasks, models, and datasets. This is particularly true as
time passes and new models and tasks are developed. We are aware of newer open-weight models
and worthy tasks that were released after the early 2025 iteration of the benchmark was finalized.
However, we cannot add each model or task one by one incrementally as they are released, due to the
prohibitive monetary cost of running the benchmark on representative hardware; rather, we collect
new advances in a window of time and then mass-update the whole benchmark, accompanied by
upgrades in hardware, software, and datasets. Second, the benchmark is not exhaustive in terms
of hardware. We currently mainly support flagship NVIDIA GPUs, which arguably dominates the
market especially when it comes to real-world generative Al services. Furthermore, we do not have
access to all possible hardware configurations, nor do they always provide a way for us to measure
energy consumption from software. Regardless, we are working to expand the benchmark to support
more hardware configurations.

F Broader Impacts

By allowing everyone to accurate measure, understand, and optimize the energy consumption of
generative Al models, we believe the ML.ENERGY Benchmark can enhance the understanding of
energy consumption of generative Al in the research community and the industry, and ultimately fuel
works that optimize energy consumption. Furthermore, energy is essentially throughput per watt,

Shttps://github.com/ml-energy/leaderboard/releases/tag/2023-07-06
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which is one factor that determines the cost of running generative Al services at the infrastructure
level. By optimizing energy consumption, we can reduce the cost of running generative Al services,
which can help democratize access to generative Al
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