
ET: Bridging the Gap on Energy Telemetry for
Multi-GPU Communication Collectives

Brandon Tran∗, Matthias Maiterth†, Woong Shin‡, Matthew D. Sinclair∗, Shivaram Venkataraman∗
∗Computer Sciences Dept., University of Wisconsin-Madison, Email: bqtran2@wisc.edu, {sinclair, shivaram}@cs.wisc.edu

†NVIDIA, Email: mmaiterth@nvidia.com ‡Oak Ridge National Laboratory, Email: shinw@ornl.gov

Abstract—To meet growing high performance computing
(HPC) demands, applications increasingly concurrently leverage
many Graphics Processing Units (GPUs). As a result, HPC
systems are now power-limited, requiring a more precise un-
derstanding of their energy consumption. One source of power
consumption comes from communication over the interconnect
used to coordinate data across multiple GPUs. The energy
spent transferring data between GPUs has become increasingly
important and is growing. However, to date, there is no way to
accurately measure it. In the absence of counters to measure
network energy consumption, users rely on models to estimate
it. Unfortunately, precise models that accurately attribute energy
to collective communication have yet to be developed.

Accordingly, we explore using component-level measurements
and network profiling to develop an energy-per-byte metric for
estimating energy consumption for GPU collective communica-
tion. Our case studies explore the use of this metric across
different GPU architectures and message sizes. Based on our
observations, we propose a new approach, ET, that enables
us to understand collective communication energy consumption
and optimize application energy consumption, thereby improving
system efficiency.

I. INTRODUCTION

As machine learning (ML) and high-performance comput-
ing (HPC) applications continue to evolve, the use of multiple
GPUs has become the norm to meet computational demand.
This is necessary due to the increasing sizes of models and
datasets, which require more GPUs to effectively parallelize
the work. However, parallelizing the work across multiple
GPUs requires additional communication to coordinate data
across the devices. To perform this coordination, developers
use libraries such as NCCL that provide collective communi-
cation among GPUs [16].

While many tools have been developed to understand the
power consumption of a single GPU [2], [4], [9], [10], [22],
little attention has been paid to the power consumption of
inter-GPU communication. However, understanding the energy
cost of data movement is vital as high-speed, power-hungry
communication links become prevalent [1], [7]. In Figure 1,
we ran the AllReduce NCCL collective across three gen-
erations of NVIDIA GPUs and sampled the power while the
collective was running. We find that running collectives on the
newer GH200 GPU can draw up to 370W, corresponding to
approximately 41% of the GPU’s TDP. Moreover, the power
consumed by the network is increasing with each generation,
as prior work predicted [18].

Thus, understanding the significant power draw of collec-
tive communication is important. Accordingly, we devised a
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Fig. 1: Idle power and dynamic power when running the
AllReduce NCCL collective across three generations of
NVIDIA GPUs.

methodology to compute the energy per byte for each collec-
tive, and investigated how this metric varies across architec-
tures and message sizes. We also examined whether bandwidth
can serve as a simple proxy for energy consumption. We
find that different collective communications can differ by
up to 3.8× in energy per byte, with significant differences
across topology and message sizes that are not captured
by simple bandwidth-driven proxies. Therefore, we propose
ET, which models energy at a finer-grained level, enabling
users to understand the energy consumption of their collective
communication and supporting more energy-efficiency-aware
optimizations.

II. DESIGN

To derive an energy-per-byte metric for different collective
communications, we sample GPUs to obtain power traces
(discussed further in Section III). We integrate these power
traces over time to obtain the total GPU energy consumed
during collective communication.Next, to determine the dy-
namic component of the collective communication, we break
the total energy into an idle1 and a dynamic component.

Etotal = Eidle + Edynamic (1)

Idle energy is the product of the idle power and the appli-
cation’s execution time. This allows us to subtract the idle
energy from the total energy, leaving us with the dynamic
energy when the GPU is executing a collective.

Edynamic = Etotal − (Pidle × texec) (2)

1We assume static power is included in idle power.



TABLE I: Summary of studied GPUs and HPC clusters.

Cluster GPU # GPUs per Node NVLinks
Cloudlab [5] V100 4 2
Leconte [17] V100 6 2
Delta [12] A100 4 4
Delta AI [13] GH200 4 7

From there, we can derive the dynamic energy per byte by
dividing by the total number of bytes that were sent during
the experiment.

Energy per Byte =
Etotal − (Pidle × texec)

total bytes
(3)

The total number of bytes can be computed as the product of
the number of iterations and the collective message size.

Energy per Byte =
Etotal − (Pidle × texec)

Niterations × Sizebytes
(4)

Overall, this approach allows us to isolate the energy spent
communicating between GPUs.

III. METHODOLOGY

Evaluated Systems: Table I provides details on the four GPU
clusters we evaluate this design across, each containing V100,
A100, and GH200 GPUs. V100, we include two topologies:
one with 4 GPUs, similar to the A100 and GH200 studied,
and another with 6 GPUs. In particular, we focus on measur-
ing GPU power within a single node, as monitoring energy
consumption across nodes is not readily available.
Evaluated Applications: For our experiments, we use
NVIDIA’s NCCL collectives’ test suite [15], which in-
cludes AllGather, AllReduce, AlltoAll, Reduce,
and ReduceScatter. For our initial experiment, we fix the
message size to 1GB. We choose 1GB because it is near the
peak usage in ML training [23]. To obtain the energy of the
entire collective, we sum the energy contributions from all
participating GPUs. In our experiments, the variance [3], [6],
[19], [20] among GPUs participating in collective communi-
cation is approximately 1%, except for Reduce, where rank
0 consumes 8-13% more energy than the other GPUs.

To mitigate noise, we run experiments with different num-
bers of iterations. This allows us to construct a least-squares
line of best fit for energy as a function of the number of
iterations, yielding the energy per iteration. Since all of our
experiments have a fixed message size, we can amortize the
energy per iteration to determine energy per byte.
Power Measurements: To profile power, we use NVIDIA
Management Library (NVML), which runs concurrently in the
background as GPUs execute each collective [14]. As NVML
measures the power of the GPU and associated circuitry, it also
captures all dynamic power used in intra-node collectives. This
limits our current methodology to the intra-node level until
additional profiling tools are incorporated. Moreover, since
NVML samples the GPU every 1-2 ms granularity [24], for
very short-running kernels, the energy value we compute may
not reflect the kernel’s actual power consumption. Thus, we
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Fig. 2: Energy per byte of five collectives across different
architectures normalized to the energy of the most energy
efficient collective of that cluster.

tune the number of iterations so that each run is at least 30
seconds, ensuring sufficient steady-state power samples for
integration.

IV. MOTIVATING CASE STUDIES

To understand the impact of our energy-per-byte metric, we
examine its variation across architectures, topologies, and mes-
sage sizes. We find that the collective communication energy
can vary across these factors. Thus, linearly scaling energy
per byte is unlikely to accurately model the network’s energy
consumption. Furthermore, we show that other metrics, such as
bandwidth, are poor proxies for energy-per-byte. Overall, these
results demonstrate that a more complex approach (Section V)
is needed to effectively measure network power consumption
in multi-GPU systems.

A. Energy per Byte Across Architectures and Topology

Figure 1 showed that dynamic power increases with newer
GPU generations. Thus, we examine how the energy-per-byte
metric changes across generations. Figure 2 shows the energy
per byte between the different collectives normalized against
the most energy efficient collective for that architecture. We
find that collectives can vary in energy consumption across
architectures. For example, on the V100 and GH200, the
Reduce collective only consumes ≈8% more energy than
the most energy efficient collective. However, on the A100,
Reduce consumes 18% more energy than the most energy-
efficient collective, indicating that the relative cost of commu-
nication collectives can vary with architecture.

The number of GPUs participating in the collective can
also play a major role in the energy per byte. For example,
AlltoAll is roughly 3.8× more energy-intensive than the
most energy-efficient collective for the V100 6GPU node, but
on other nodes, it is at most only 1.2× more energy-intensive
than the most energy-efficient collective. Thus, a collective that
is expensive on one hardware system may become cheaper on
another, thereby presenting additional opportunities to reduce
energy consumption.



1K 16
K

12
8K 1M 16

M

Message Size

104

105

106

107

En
er

gy
 p

er
 B

yt
e 

(p
J/B

yt
e)

AllGather
AllReduce
AlltoAll
Reduce
ReduceScatter

Fig. 3: Calculated energy per byte for various NCCL collec-
tives at different message sizes from 1KB to 16MB on the
GH200 node. The y-axis is on a log scale.
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Fig. 4: Calculated energy per byte compared with measured
in-place bus bandwidth on the GH200 node.

B. Energy per Byte with Varying Message Sizes

Next, we explore whether changing the message size also
changes the energy per byte. To do this, we vary the message
size from 1KB to 16MB. Figure 3 shows the results of this
experiment on the GH200 node, with the values presented in
log scale. Overall, varying message sizes significantly affect
energy per byte. More importantly, this difference is not
consistent across collectives. For example, the AlltoAll
collective is the most expensive at 1KB, but as we increase the
message size to 16MB, it becomes one of the most energy-
efficient. This suggests that optimizing energy for a specific
message size may not be the most efficient choice for other
message sizes. It also highlights how determining the energy
consumption of collectives requires more information than
simply linearly scaling energy per byte.

C. Bandwidth

Alternatively, to measure GPU energy during collective
communication, users may consider whether bandwidth can
serve as a simple proxy for energy. However, Figure 4 shows
there is no clear correlation between bandwidth and energy
per collective. Although Reduce and ReduceScatter
consume similar energy, ReduceScatter’s calculated band-
width is 9% lower than Reduce’s. Although higher bandwidth
may finish the collective faster, it comes at the cost of higher
dynamic power, which may partially counteract the energy

savings from faster completion. Thus, bandwidth is not a
useful proxy for energy.

V. PROPOSAL

Overall, Section IV demonstrates significant promise, as our
energy-per-byte metric shows that collective communication
can vary across architectures and message sizes in ways
that require supplemental information to explain. Moreover,
using bandwidth-driven metrics as a proxy for energy is also
insufficient. Thus, a new modeling framework is required that
is robust to hardware and collective nuances. To this end, we
propose ET for measuring energy at finer granularity, sup-
ported by additional network parameters, which is applicable
across a wider range of use cases.

A. Collective Primitives

Sections IV-A and IV-B showed that energy per byte is
sensitive to different collective and message sizes. Thus,
we propose finer-grained energy attribution. Prior work has
shown that collectives can be broken down into primitives
such as send and recv [8]. However, these primitives omit
differences that may arise from the implementation of these
collectives. For example, NCCL provides three protocols:
Simple, LL, and LL128, that perform the same collective
algorithmically, but make several changes to trade off latency
and bandwidth that are not inherently captured at the primitive
level. To address this, we consider further decomposing the
primitives (ET). In particular, we propose to extend our
Wattchmen GPU energy model [21] to provide instruction-
level collective communication energy attribution. In turn, this
allows us to ensure ET is more robust to changes in algorithm,
implementation, and message sizes. Furthermore, by modeling
at the instruction level, we can account for additional, future
collective communication patterns (e.g., from new collectives).

B. Supporting Network Parameters

As noted in Section IV-A, differing topologies can play
a major role in the energy of collective communication.
Thus, ET must also consider a range of parameters, such
as message size and system topology, to accurately capture
the nuances we identified. For collective communication that
includes computations, such as Reduce, we will also consider
which mathematical operation(s) are performed. Furthermore,
while bandwidth itself may not serve as a proxy for energy,
prior work [11] has shown that bandwidth can vary across
interconnect links. Thus, this information could improve the
accuracy of ET. However, only by cross-validating the impact
of specific parameters for a given technology can we assess
the need to include them.

C. Use Cases

We propose using our robust framework to explore in-
teresting use cases, including providing profiling support,
comparing energy efficiency across different communication
libraries, and guiding portability across different hardware
platforms.



1) Application Profiling: By profiling and detecting collec-
tive communication, our framework can also ascribe energy
consumption in more complex applications. For example,
LLM training often overlaps with computation and commu-
nication. Profilers, such as NVML, sample power across the
entire GPU and its associated circuitry. This means that they
cannot separately attribute power to concurrently running com-
pute and communication kernels. However, since ET models
fine-grained per-instruction energy, we can attribute the energy
to compute and communication. Thus, this approach yields a
richer energy profile that helps users optimize workloads.

2) Collective Libraries: We can also use ET to evaluate the
energy consumption of various communication libraries. While
our experiments focused on the most commonly used NCCL
library, there are other communication libraries [25]. These
libraries often significantly reduce communication latency
and/or increase throughput compared to NCCL, prompting
consideration of energy-performance trade-offs when selecting
a library implementation.

3) Portability: As new systems become available, code
must often be ported to them. However, in Section IV-A
we showed that collective communication varies across ar-
chitectures. ET can easily identify the most energy-efficient
collectives for a given system. This can help explain changes
in energy consumption, which often occur when running appli-
cations on different systems. Overall, our proposed approach
provides a guided path to tune an application for energy
efficiency when porting across systems.

VI. CONCLUSION

Overall, there is an increasing need for a detailed under-
standing of data movement energy consumption. Our experi-
ments with an energy-per-byte metric perform a preliminary
study across collectives, topologies, message sizes, and ar-
chitectures. Thus, we propose developing a framework, ET,
to model energy at finer-grained primitives, thereby properly
accounting for these differences. While we currently focus
on single-node collective communication, ET can serve as a
foundation for understanding multi-node interconnect energy
consumption. Moreover, ET can also help developers under-
stand and optimize their workload’s energy consumption.
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