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Abstract

Distributed LLM training dominates compute, power and
energy consumption in modern datacenters. Parallelization
strategies are tuned to to maximize training throughput un-
der memory constraints, while GPU frequency can be ad-
justed to reduce power. However, these knobs are usually
tuned in isolation, and their combined effect on energy effi-
ciency is poorly understood. We evaluate how different par-
allelization strategies interact with GPU frequency scaling,
measuring throughput, power draw, and total energy across
different transformer models. We find that faster configu-
rations generally reduce energy under fixed hardware set-
tings, but sensitivity to reduced GPU frequency varies widely
across parallelism strategies. As a result, achieving Pareto-
optimal performance-energy tradeoffs, requires joint opti-
mization of parallelization strategies and GPU frequency. We
provide guidelines for scheduling and modeling distributed
LLM training to balance performance, power, and energy
constraints.
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1 Introduction

The rapid scaling of large language models (LLMs) has made
distributed training one of the most compute and energy
intensive workloads in modern data centers. Training state-
of-the-art transformer models [3, 13, 16] requires multi-GPU
clusters and complex combinations of parallelism strategies
to meet scalability and memory demands [15, 19, 26, 27]. As
models scale and cluster sizes grow, energy consumption
and power draw become primary constraints, influencing
operational cost, provisioning, and system design [5, 11, 17].
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Distributed LLM training exposes several knobs that influ-
ence performance, resource utilization and power consump-
tion. Practitioners select parallelism strategies such as data,
tensor, pipeline, and expert parallelism to partition model
parameters and computation across devices [15, 19, 26, 27].
These choices determine the memory footprint and through-
put of training workloads. At the hardware level, modern
GPUs provide coarse-grained frequency control [31, 32], en-
abling operators to trade performance for reduced power
draw.

Although these knobs are routinely tuned in practice, their
interaction remain poorly understood. Parallelism is typi-
cally configured to maximize throughput under memory
constraints [21, 29, 35], while frequency scaling is either
automatically adjusted by firmware or carefully tuned to
reduce power when GPU utilization is low [4, 6, 31]. Thus,
performance and energy knobs are generally optimized in
isolation. It remains unclear how these mechanisms compare
as energy efficiency levers and how GPU frequency control
interacts with different parallelism strategies.

In this paper, we present a systematic characterization of
distributed LLM training across parallelism configurations
and GPU core frequency settings. We evaluate different par-
allelization strategies on NVIDIA GH200 and A100 GPUs and
measure throughput, power, and total energy for dense and
sparse models of varying sizes. We also analyze the interac-
tion between frequency scaling and parallelization strategies,
and characterize the power—performance trade-offs across
different scenarios.

Our study reveals three main findings. First, under fixed
cluster sizes and GPU frequencies, configurations that re-
duce runtime, also reduce total energy consumption. Sec-
ond, because parallelization strategies differ in communica-
tion/computation ratios and resource utilization, their sensi-
tivity to frequency scaling varies: some suffer significantly
under reduced GPU core frequencies, while others are more
robust. As a consequence, our third insight is that achieving
Pareto-optimal performance-energy trade-offs requires joint
optimization of parallelization strategy and GPU frequency.
In particular, the configuration that minimizes runtime is not
always the one that minimizes energy. For example, we show
that a slower pipeline-parallel configuration, when combined
with GPU core frequency down-scaling, can consume less
total energy than the fastest data-parallel configuration.
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Based on these findings, we provide a roadmap and guid-
ance for jointly modeling power consumption along with
throughput in distributed LLM training, and for making
scheduling decisions that optimize energy use and perfor-
mance under energy, power, and runtime constraints.

2 Background and Related Work
2.1 Distributed LLM Training

Parallelism strategies. Modern large language models are
predominantly based on transformer architectures composed
of stacked attention and feed-forward (FFN) layers. Training
these models at scale exceeds the memory and compute ca-
pacity of a single GPU, necessitating distributed parallelism
across multiple devices.

Data parallelism (DP) [19] replicates the full model on
each device and partitions the input batch, synchronizing
gradients across GPUs at every iteration. Tensor parallelism
(TP) [27, 35] partitions individual layers across devices, split-
ting matrix multiplications or attention heads so that each
GPU computes a portion of the layer and exchanges interme-
diate activations. Pipeline parallelism (PP) [9, 15] divides the
model into sequential stages that are assigned to different
devices, allowing microbatches to flow through the stages
to improve utilization. Expert parallelism [26, 36], used in
Mixture-of-Experts (MoE) models, distributes different feed
forward experts across GPUs and routes tokens dynamically
to the selected experts, introducing token level communi-
cation between devices. These parallelism strategies can be
combined in hybrid configurations to balance memory ca-
pacity, communication cost, and scalability. The resulting
execution consists of alternating compute and communica-
tion phases, whose duration and overlap determine iteration
time, device utilization, average power, and ultimately total
energy consumption.

2.2 GPU Frequency Control

Modern GPUs support dynamic voltage and frequency scal-
ing (DVFS) [1, 2, 10], allowing operators to adjust the fre-
quency of the streaming multiprocessors (SMs) within a
supported range (e.g., an NVIDIA A100 GPU supports 81
discrete core frequency levels). Changing frequency affects
both power and execution speed: higher frequency generally
increases throughput but raises power consumption, while
lower frequency reduces power at the potential cost of longer
runtime.

The impact of frequency scaling on energy is workload
dependent, since energy is determined by both power and
execution time. Prior work suggests that compute-intensive
workloads tend to be more sensitive to GPU core frequency
changes [31]. In distributed LLM training, different paral-
lelization strategies introduce varying computation and com-
munication ratios, and GPU utilization patterns, suggesting
that their response to frequency scaling may also differ.
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2.3 Related Work

Energy-efficient LLM training and power management.
Recent work explores reducing the energy consumption of
large-scale ML training through hardware and system level
power management. EnvPipe [4] leverages pipeline bubbles
to safely down-scale GPU core frequency during non-critical
computations, while Perseus [6] analyzes pipeline imbal-
ance and reconstructs time-energy trade-off frontiers for
pipeline-parallel training. Zeus [33] formulates energy op-
timization as an online exploration problem, dynamically
tuning batch size and GPU power limits. At larger scales,
prior work studies datacenter-level power control, includ-
ing QoS and hardware aware power capping [18, 22]. These
approaches primarily optimize device-level power or fre-
quency under fixed training configurations, either within a
single node or under a user-specified parallelization strategy.
In contrast, distributed LLM training introduces multiple
parallelization choices that fundamentally affect device uti-
lization and communication behavior. Our work shows that
the effectiveness of GPU core frequency scaling depends
strongly on the chosen parallelism structure, requiring joint
consideration of both dimensions.

Characterization of distributed training systems. An-
other line of work focuses on understanding the performance,
power, and energy consumption of large-scale training work-
loads. Measurements from production Al clusters reveal sub-
stantial power variability induced by the computation and
communication phases of distributed training workloads [5].
Complementary efforts focus on carbon and sustainability
analysis of Al systems. WattsOnAlI [14] enables framework-
integrated tracking of energy and carbon metrics, while
recent studies evaluate the environmental impact of large
language models across hardware platforms [20, 28]. How-
ever, existing characterization studies largely analyze perfor-
mance, power, or optimization techniques in isolation. In con-
trast, our work provides a systematic characterization across
parallelism configurations and GPU core frequency settings,
examining how their interaction shapes performance, power,
and energy consumption.

3 Energy efficiency analysis for distributed
LLM training

In this section, we analyze the impact of parallelization strate-
gies and GPU core frequency scaling in runtime, energy and
power consumption of distributed LLM training. We aim to
answer the following questions:

1. Under fixed cluster sizes and GPU frequencies, how
do parallelization strategies affect energy and power
consumption for dense and sparse models?

2. How does GPU core frequency scaling affect energy
and power consumption across different paralleliza-
tion strategies?
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Figure 1. Energy and performance across parallelism and micro-batch configurations for the OPT-350M model.

200

. Energy (1 ep)

2000 B Energy (2 ep)

= BN Energy (4 ep) —
5 —— Iteration Time [1504
‘21500 g
€ £
3 =
@ 100 =
© 1000 'S
‘; o
o 9]
@ 500 50 £
C

w

0 0

LI A A A T T '1"1/’1/9‘9"1«'1«’1/
X o > X o N N
SRV N N RV L R N N

Config (dp-pp-tp)

(a) Total energy and iteration time

6001 ----- Idle Power
Power (1 ep)
500, ™M Power (2 ep)
I Power (4 ep)
400] ™ GPU Utilization

[an
o
o

O
o
Average GPU Utilization (%)

o]
o

Average Power Draw (W)
S
o

MIPA AT

bfbb‘%b"b’b’bb‘b"b’b’b

ISR AR N

X

N AT I Y NI Y

~ ~ K
Config (dp-pp-tp)

(b) Average power and average GPU utilization

Figure 2. Energy and performance across parallelism configurations for the OLMoE-1B-7B model (mbs=1).

3.1 Evaluation Setup

Cluster Configuration: Experiments are conducted on two
GPU clusters. Our detailed characterization of parallelism
strategies is performed on an on-premise cluster compris-
ing 8 nodes, each equipped with 4 NVIDIA GH200. GPU
frequency scaling is evaluated on a Google Cloud Platform
(GCP) cluster with 2 nodes, each equipped with 4 NVIDIA
A100-40GB GPUs [7]. On this platform, we have administra-
tive access to configure the GPU core frequency, enabling
controlled DVFS experiments.

Workloads: We evaluate a dense transformer, OPT-350M
[34], with 350M parameters, and a mixture of experts (MoE)
model, OLMoE-1B-7B [23], with 1B active parameters and
7B total parameters. Unless otherwise specified, we use a
global batch size of 1024 and sequence lengths of 2048 and
4096, respectively.

Measurement Methodology: We use Megatron-DeepSpeed,

which supports data (DP), tensor (TP), pipeline (PP), and ex-
pert parallelism (EP) [8]. For MoE models, tensor parallelism
is applied to attention layers, while expert parallelism is ap-
plied to feed forward layers. We vary the degrees of DP, TP,

PP, and EP subject to hardware constraints, ensuring that all
configurations fit within GPU memory limits.

We use the NVIDIA Management Library (NVML) to con-
figure GPU core frequency' and to measure per GPU power
and total energy per training iteration, and use NVIDIA
Data Center GPU Manager (DCGM) to measure GPU utiliza-
tion [24, 25]. All reported results are averaged over multi-
ple steady state iterations after excluding initialization and
warm up phases. Variance is small and omitted for clarity,
unless otherwise noted. This methodology enables a direct
comparison of parallelism scaling and frequency scaling as
system-level knobs affecting both performance and energy.

3.2 Observations and Analysis

3.2.1 Energy and Performance Analysis Across Paral-
lelization Strategies. We first analyze energy, power, and it-
eration time across parallelism configurations, without GPU
frequency scaling, for both a dense model (OPT-350M) and a

'We do not vary GPU memory clocks in this work: in our setup, A100-
40GB GPUs expose only one usable memory-frequency setting, while
GH200 GPUs support two settings, but changing them required NVIDIA
driver reloading, introducing seconds-level disruption and making memory-
frequency tuning unsuitable during application execution.
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mixture-of-experts model (OLMoE-1B-7B) on our 32-GH200
cluster.

Dense Model: Figure 1a shows total cluster energy per
iteration and iteration time across parallelism configurations
for OPT-350M. We vary the micro-batch size (mbs) from 1
to 4. Across all configurations, total energy closely follows
iteration time: configurations with shorter iteration time
consistently consume less energy.

Figure 1b reports per-device average power alongside av-
erage GPU utilization. The idle power of a GH200 GPU with
no workload is about 96W, which provides an approximate
lower bound on power consumption; average GPU utiliza-
tion serves as a rough proxy for the dynamic power induced
by the workload.

Comparing Figures 1b and 1a, average power varies less
than iteration time across parallelism configurations and
exhibits an inverse relationship with iteration time. Configu-
rations that achieve higher throughput, typically those with
larger micro-batch sizes and higher data parallel degrees
(e.g., dp=8, pp=4, tp=1 with mbs=4), draw more power due
to higher GPU utilization. However, the reduction in itera-
tion time outweighs the increase in power, leading to lower
total energy.

In contrast, configurations with higher tensor or pipeline
parallel degrees reduce per-device memory footprint but
introduce additional communication or pipeline overhead.
These configurations exhibit longer iteration times and cor-
respondingly higher total energy, even when their average
power is slightly lower. Overall, differences in energy across
parallelism strategies are driven primarily by differences in
runtime rather than differences in average power.

MoE Model: For OLMoE-1B-7B, which has 7B total pa-
rameters, we fix the micro-batch size at 1 due to memory
constraints and vary the expert parallel degree from 1 to 4.
Figures 2a and 2b show total energy and per-device average
power, respectively.

As in the dense model, increasing the expert parallel de-
gree slightly increases per-device power (due to higher GPU
utilization) but reduces iteration time, resulting in lower to-
tal energy. In our hybrid configuration, expert parallelism
is applied only to feed forward experts and does not reduce
the degree of other parallel dimensions. As a result, expert
parallelism provides an additional scaling dimension that
improves throughput and saves energy while maintaining
feasible memory usage within a node.

Insight 1. Configurations that increase training through-
put generally also minimize total energy, as energy variations
across parallelism strategies closely track iteration time.

3.2.2 Sensitivity of Parallelism Strategies to Frequency
Scaling. Next, we explore how GPU core frequency affects
power and energy consumption across different paralleliza-
tion strategies. We profile OPT-350M training on NVIDIA
A100 GPUs in Google Cloud.
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Figure 3. Energy vs. GPU core frequency for OPT-350M
training on an NVIDIA A100 GPU.
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Figure 4. Power and iteration time vs. GPU core frequency
for OPT-350M training on an NVIDIA A100 GPU.

We start by analyzing a single GPU configuration, with a
global batch size of 256 and a micro-batch size of 1, under
varying GPU frequencies. Figure 3 shows the total energy
per iteration across the supported GPU core frequency range
of 240-1410 MHz. Figure 4 shows the corresponding average
power draw and iteration time. As GPU core frequency de-
creases, average power draw decreases monotonically, while
iteration time increases monotonically due to reduced com-
pute throughput. As a result, total energy exhibits a non-
monotonic relationship with frequency: lowering the fre-
quency initially reduces total energy because the reduction
in power dominates, but beyond a certain point, the increase
in iteration time outweighs the power savings, causing total
energy to rise. This trend aligns with prior empirical studies
of GPU DVFS for deep learning workloads, indicating that
careful frequency scaling can achieve energy savings with
minimal performance loss [4, 6, 31].

Having a clear understanding of the valley-like relation-
ship between GPU core frequency and energy consumption,
we now examine how different parallelism strategies respond
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Figure 5. Energy-iteration time trade-offs under frequency
scaling for different parallelism configurations. Each point
corresponds to a different GPU core frequency setting. The
separation between the blue/green and red/black curves
is mainly driven by iteration-time differences across par-
allelism settings.

to GPU core frequency down-scaling. Parallelism configu-
rations exhibit different computation and communication
characteristics that lead to varying performance sensitivity
under reduced GPU core frequencies.

Figure 5 shows the energy-iteration time trade-offs of
several representative parallelism configurations evaluated
across multiple frequency settings for OPT-350M training
on our A100-40GB cluster (2 nodes with 4 GPUs per node).
Each point corresponds to a different GPU core frequency
setting, where pipeline stages may operate at different fre-
quencies. All configurations start at the maximum frequency
(points A-D), after which frequency is gradually reduced.
For pipeline-parallel configurations, we first reduce the fre-
quency of stages with lower GPU utilization (more pipeline
bubbles) before applying uniform down-scaling across all
stages.

Frequency sensitivity differs significantly across paral-
lelism strategies. Data-parallel dominant configurations ex-
hibit substantial performance degradation as frequency de-
creases, leading to rapidly increasing iteration time (e.g.,
dp4-pp1-tp2-mbs1 and dp2-pp2-tp2-mbs1). These configu-
rations maintain high device utilization and are therefore
more sensitive to reductions in compute throughput.

In contrast, pipeline-parallel configurations are more ro-
bust to moderate frequency reduction (e.g., dp2-pp2-tp2-
mbs2 and dp1-pp4-tp2-mbs4). Pipeline parallel execution
introduces idle intervals between stages, commonly referred
to as pipeline bubbles. Reducing the frequency of stages
with such bubbles allows part of the additional latency to be
absorbed within these idle intervals, resulting in a smaller
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increase in end-to-end iteration time (e.g., from point B to E
for dp2-pp2-tp2-mbs2).2

Therefore, the achievable energy savings and performance
degradation under frequency scaling depend on the underly-
ing parallelism strategy. Some configurations incur signifi-
cant runtime penalties under GPU frequency reduction and
achieve limited energy savings, while others maintain com-
parable performance while benefiting from reduced power
consumption.

Insight 2. Sensitivity to GPU core frequency scaling de-
pends on the parallelism structure of distributed training.
Configurations with pipeline bubbles or communication-
induced slack tolerate frequency reduction more effectively,
whereas highly compute-saturated configurations experi-
ence larger performance degradation.

While optimizing parallelism alone improves both through-
put and energy efficiency (§3.2.1), this relationship does not
necessarily hold once frequency scaling is introduced. As
shown in Figure 5, the throughput-optimal data-parallel con-
figuration (dp4-pp1-tp2-mbsl) achieves the lowest runtime
and energy at maximum frequency, but becomes less energy-
efficient than the pipeline-parallel configuration (dp2-pp2-
tp2-mbs2) at reduced frequencies beyond point E. This crossover
highlights the importance of jointly considering parallelism
and GPU frequency when optimizing energy efficiency.

Insight 3. Achieving Pareto-optimal energy-performance
trade-offs requires jointly selecting the parallelism config-
uration and GPU core frequency. In particular, a slower
pipeline-parallel configuration combined with frequency
down-scaling can consume less total energy than a throughput-
optimal data-parallel configuration.

4 Roadmap

Our characterization suggests that improving energy effi-
ciency in distributed LLM training requires jointly reasoning
about two system knobs: parallelism configuration and GPU
operating frequency, as their interaction leads to different
performance—energy trade-offs. We outline two directions
toward this goal: jointly modeling throughput and energy
during configuration planning, and enabling energy-aware
scheduling that jointly optimizes parallelism configurations
and GPU frequencies.

4.1 Joint Modeling of Throughput and Energy

A promising direction is to develop joint models that cap-
ture how parallelism configuration and GPU frequency to-
gether influence iteration time, device utilization, and power
consumption. Such models can enable systems to predict

2We note that the drop from point B to the immediately following point is
accompanied by a slight runtime decrease; this isolated effect is likely due
to measurement variability.
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performance—energy trade-offs before deployment and se-
lect configurations according to performance targets, energy
budgets, or operational constraints.

However, accurately modeling throughput and energy in
distributed training remains challenging. First, GPU energy
consumption depends not only on computation but also on
communication. Training iterations alternate between com-
pute and communication phases, resulting in varying device
utilization and power behavior that are difficult to capture.
Second, different parallelism strategies exhibit distinct per-
formance and energy sensitivity to GPU frequency scaling,
requiring models to capture workload-dependent responses
to frequency changes. Finally, temperature variation can fur-
ther influence power behavior during long-running training
jobs, as higher temperatures increase leakage current and
consequently raise power consumption [12, 30, 32].

Together, these challenges suggest that accurate predic-
tion of throughput and energy requires holistic analysis of
computation—-communication energy attribution, workload-
dependent sensitivity to GPU frequency scaling, and tem-
perature effects.

4.2 Toward Energy-Aware Training Scheduling

Our analysis further suggests opportunities for joint, energy-
aware scheduling of parallelism configurations and GPU
operating frequencies. Existing systems such as Perseus [6]
and EnvPipe [4] leverage pipeline bubbles to safely down-
scale GPU core frequency for energy savings, but they typi-
cally operate under a user-specified parallelization strategy.
However, optimizing GPU frequency on a suboptimal paral-
lelization configuration, or a configuration that maximizes
throughput without energy-constraint awareness, may yield
suboptimal results.

For example, in Figure 5, if a user specifies the dp2-pp2-
tp2-mbs1 plan (point C), reducing its frequency yields limited
energy savings and may miss more energy-efficient operat-
ing points available under alternative parallelism configura-
tions. As shown in Figure 5, the Pareto-optimal frontier is
achieved by combining dp4-pp1-tp2-mbs1 and dp2-pp2-tp2-
mbs2 under different frequency settings.

A scheduler that jointly considers performance and energy
objectives could instead explore both parallelism configu-
rations and GPU operating frequencies to identify Pareto-
optimal operating points. Such a scheduler naturally solves
constrained optimization problems: depending on system
objectives, it may maximize throughput under an energy
budget, or minimize total energy subject to throughput or
runtime constraints.

For instance, when the objective is to maximize through-
put, data-parallel dominant configurations operating at maxi-
mum GPU frequency typically provide the best performance.
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In contrast, when moderate performance degradation is ac-
ceptable or energy budgets are tight, pipeline-parallel config-
urations combined with frequency down-scaling can signifi-
cantly reduce total energy consumption and operating cost.
Designing schedulers that jointly select parallelization strate-
gies and GPU frequencies therefore represents an important
direction for future distributed training systems.

5 Conclusion

We presented a comprehensive study of energy efficiency
in distributed LLM training, examining how parallelization
strategies, GPU frequency scaling, and their interaction shape
throughput, power, and total energy consumption. Our re-
sults show that parallelization strategies differ substantially
in their sensitivity to frequency scaling, resulting in distinct
performance—energy trade-offs across configurations. These
findings highlight the need for coordinated optimization of
parallelism and GPU frequency to achieve Pareto-optimal
performance and energy efficiency. We further outline a
roadmap for energy-aware modeling and scheduling of dis-
tributed LLM training. As LLM training continues to scale
under tightening power constraints, such cross-layer co-
optimization will be essential for building sustainable dis-
tributed training systems.
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