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1 Introduction
Large-scale deep learning models, particularly Large Lan-
guage Models (LLMs), have revolutionized artificial intelli-
gence, driving breakthroughs across natural language process-
ing, computer vision, and generative tasks. However, the sub-
stantial computational requirements for training these models
translate into enormous energy consumption. For example,
training state-of-the-art models like Llama 3.2 and DeepSeek
V3 often demands thousands of GPU-hours, resulting in sig-
nificant environmental and economic impacts [1, 15, 18, 21].
Hence, optimizing the energy efficiency of large model train-
ing has become a critical research priority.

Recent advances have demonstrated substantial energy
savings through software-driven scheduling of hardware re-
sources compared to relying solely on hardware improve-
ments [4, 10, 11, 25]. The effectiveness arises from the highly
predictable nature of LLM training workloads, allowing soft-
ware to dynamically adjust hardware settings based on work-
load characteristics. For instance, Perseus [11] reduces GPU
frequency for training pipeline stages whose latency does not
affect overall system performance, thus achieving meaning-
ful reductions in energy consumption without compromising
throughput.

However, the scope of current methodologies remains lim-
ited in several aspects. First, while Perseus identifies energy
inefficiencies resulting from latency imbalances, it treats each
pipeline stage and GPU hardware as black boxes. It neglects
the opportunities at finer compilation granularity when analyz-
ing the workload characteristics and GPU hardware specifica-
tions, such as intra-GPU resource usage imbalances. Second,
existing techniques assume static compilation methods (e.g.,
kernel fusion and code generation) across all GPU frequen-
cies, causing resource imbalance when hardware specifica-
tions change.

In this project, we seek to open this black box to further
push the envelope of optimization. First, we show that en-
ergy consumption can be optimized through compilation tech-
niques by eliminating imbalances in resource usage: specifi-
cally across computation, memory, and network. At the graph
level, transformer computations alternating with GPU com-
munications cause periodic resource idleness, which leads to
unnecessary power consumption. By strategically overlapping
computation and communication through a precise scheduling
of GPU resources—such as the number of Streaming Multi-
processors (SMs) and threads—we achieve balanced resource
utilization and energy savings. At the operator level, selecting

optimal tile sizes for CUDA kernels balances the compute-to-
memory ratio, further enhancing energy efficiency.

Second, we advocate dynamically co-optimizing compi-
lation with GPU frequency adjustments for optimal energy
efficiency. Although reducing GPU frequency can lower en-
ergy consumption, it alters the GPU’s computation throughput
(FLOPS) without changing its memory and network through-
put. This breaks the balance of resource utilization because
the balance was established assuming the GPU’s default fre-
quency. Therefore, dynamic adjustment of both compilation
schedules and GPU frequency is essential to maintaining op-
timal resource balance and energy savings.

Based on these insights, we propose a co-optimization
framework that integrates graph-level and operator-level com-
pilation strategies with dynamic frequency tuning, as illus-
trated in Figure 1. This co-optimization approach signifi-
cantly advances the energy-time Pareto frontier. In this report,
we separately perform microbenchmarks for graph-level and
operator-level compilation optimizer to validate the effective-
ness of our approach. Section 3 illustrates our reduction in
energy consumption of the training pipeline stage by 23%.

In Section 2, we briefly introduce relevant background
information, including large model training, deep learning
compilation techniques, and existing frameworks for energy-
efficient training. In Section 3, we explore graph-level compi-
lation opportunities for energy optimization. We demonstrate
that latency and energy consumption can be optimized by
dynamically allocating resources to overlap communication
and computation kernels. Furthermore, we highlight the ne-
cessity of adopting distinct configurations for different GPU
frequencies to recalibrate the balance between computation
and network resources. In Section 4, we investigate energy
optimization opportunities at the operator level. First, we
analyze the impact of different code generation (codegen)
schedules on time and energy, noting that some compilation-
generated operations provide negligible performance benefit
but increase GPU power consumption. Subsequently, we con-
clude, similar to the graph-level findings, that varying GPU
frequencies require different codegen strategies to optimally
rebalance computation and memory resources.

2 Background
2.1 Large Model Training
Large model training typically involves three parallelism
paradigms: data parallelism (DP), tensor parallelism (TP),
and pipeline parallelism (PP). Pipeline parallelism partitions
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Figure 1: The motivation and overview of our project.

model layers into groups executed across different GPU
groups. Tensor parallelism partitions individual layers across
GPUs, requiring communication (via AllReduce) to aggregate
intermediate results after computation of attention and MLP
layers in Transformer models. Data parallelism partitions
input data and replicates the entire pipeline.

2.2 Deep Learning Compilation
Given a model definition provided by a training frame-
work, compilation translates the model into executable code.
Whether utilizing a deep learning compiler like PyTorch
[5, 19] or manually optimized kernel libraries such as Trans-
former Engine [2], compilation decision-making involves two
levels of optimization. Graph-level optimization determines
the execution order and combination of operators, such as
fusing attention operations into a single kernel like FlashAt-
tention [12, 13] and overlapping communication with compu-
tation operations [16, 24]. Operator-level optimization spec-
ifies the code generation schedule for fused graphs or indi-
vidual operators, such as selecting data processing tile sizes
for matrix multiplication kernels and FlashAttention kernels.
Although deep learning compilation has been extensively
studied for performance optimization, research on improving
its energy efficiency [17], particularly in conjunction with
GPU frequency tuning, remains limited.

2.3 Energy-Efficient Training
Researchers have increasingly focused on developing energy-
efficient training techniques. Perseus [11], a state-of-the-art
energy optimization framework for large model training, iden-
tifies intrinsic and extrinsic energy inefficiencies arising from
latency imbalances among pipeline stages and data copies
of pipelines. Perseus dynamically reduces GPU frequency
to balance the latency among pipeline stages, achieving en-
ergy savings without compromising overall training perfor-
mance, as shown on the left in Figure 1. It simply adjusts
GPU frequencies to explore the energy-time trade-off frontier,
ignoring the optimization opportunities to uncover detailed
hardware utilization patterns.

3 Graph-level Optimizer
3.1 Balance of Computation and Network
GPU wastes idle power when computations are not occur-
ring, presenting a significant opportunity for optimizing GPU
energy consumption. Besides pipeline stage latency imbal-
ances [11], a closer examination of each pipeline stage reveals
additional idle power waste due to GPU communication with
other GPUs. Tensor parallelism introduces substantial com-
munication overhead, and with the dramatically increased
computational throughput of the latest GPU generations, com-
munication can occupy up to 40% of GPU time [23]. While
GPUs wait for network bandwidth, SMs become idle without
computational tasks. Therefore, balancing computation and
network latencies is crucial for optimizing both latency and
energy.
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Figure 2: The insights of graph-level optimizer.

Limitations of existing work. Several studies have opti-
mized large-model training latency by overlapping computa-
tion with communication [6, 16, 20, 22, 24]. However, these
approaches primarily focus on hiding communication latency
through simplistic scheduling, neglecting the balance between
computation and network latencies. First, they overlook the
influence of different overlap scopes on resource balance. Ex-
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isting methods immediately launch communication kernels
once dependencies are ready (Figure 2 (1)), causing idle SMs
if communication completes prematurely. Additionally, some
works fuse only one communication kernel with a single com-
putation kernel [16, 20, 24], missing opportunities for broader
overlaps and causing imbalance when communication kernels
are lengthy.

Second, prior methods disregard how varying resource al-
location affects latency balance, typically using fixed configu-
rations for SMs and threads in communication kernels. Such
inflexibility leads to suboptimal resource usage. As illustrated
in Figure 2 (2), strategically adjusting communication ker-
nel scheduling and resource allocation can precisely balance
computation and communication and reduce GPU idle power.
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Figure 3: The overlap strategy of our approach.

Our approach. Inspired by Domino [22], our work divides
inputs into two micro-batches without data dependency for
each pipeline stage employing tensor parallelism. Then, we
overlap the communication kernel (Allreduce) of one micro-
batch with the attention and MLP computation kernels of
another micro-batch, as shown in Figure 3. Each pipeline
stage comprises numerous consecutive Transformer layers,
enabling all communication kernels to overlap effectively
with computation. This strategy also provides flexible control
over overlap scopes within attention and MLP layers.

We adopt NanoFlow’s [28] communication kernel design
and develop customized GPU communication kernels using
MSCCL++ [9], allowing flexible control over the number of
SMs and threads. By strategically adjusting the overlap scope
and SM resource allocation, our approach achieves balanced
computation and network latency, significantly reducing en-
ergy consumption. Experimental results at the graph-level are
presented in Section 3.2.

GPU frequency reshapes the balance. Reducing GPU SM
frequency is an effective method to decrease energy consump-
tion. However, simply lowering GPU frequency disrupts the
carefully established balance. This imbalance arises because
reducing GPU frequency affects computational throughput
but does not alter network and memory throughput. As illus-
trated in Figure 2 (3), computation kernel execution times
increase significantly, whereas allreduce kernel durations re-
main nearly constant, causing SMs dedicated to communica-
tion to become idle prematurely. Intuitively, using a smaller
overlap scope and adjusting SM resources can rebalance com-
putation and communication, as demonstrated in Figure 2 (4).
Thus, we propose dynamically adjusting communication over-
lap scopes and SM resources under varying GPU frequencies,
further enhancing energy efficiency.

3.2 Experimental Results
In this subsection, we demonstrate the advantages of our
approach through two microbenchmarks, each overlapping the
Allreduce kernel with attention and MLP layers, respectively.

Experimental setup. We conduct experiments on the for-
ward pass of Llama3.1-8b model [14]. We fix the tensor paral-
lel degree to 2, batch size to 4 and sequence length to 4096 and
evaluate all combinations of overlap scope, SMs number and
threads number of Allreduce kernel. The experimental plat-
form includes two NVIDIA A40 GPU and an AMD EPYC
7513 32-Core processors, using PyTorch 2.5.0 and CUDA
12.6. We use ZeusMonitor [25] to measure GPU energy con-
sumption and execution time.

(a) Attention

(b) MLP

Figure 4: Energy consumption and time under different GPU
frequencies.

Figure 4 shows the energy consumption and execution time
resulting from overlapping communication and computation
(attention and MLP layers) under various overlap configu-
rations and GPU frequencies. The numbers near each data
point indicate GPU frequencies. Blue points represent our
baseline, Perseus, which does not use overlap techniques. Or-
ange points correspond to naive overlap configurations using
default kernel settings (Figure 2(1)). Green and red points
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denote optimal energy and time configurations, respectively,
identified within the explored parameter space for each fre-
quency. Since results for the MLP layer are similar from 1700
MHz to 1400 MHz, only results at 1700 MHz are shown.

We draw the following conclusions. First, dynamically ad-
justing compilation parameters significantly reduces energy
consumption within the same time constraint compared to the
baseline. For instance, in the attention layer, given a time limit
of 0.026 s, Perseus sets the GPU frequency to 1600 MHz, re-
sulting in an energy consumption of 14.46 J. In contrast, our
optimized configuration at 1400 MHz achieves 11.14 J, repre-
senting a 23% energy saving. Second, optimal configurations
for energy differ from those for execution time, indicating
an inherent tradeoff between energy and performance. This
enriches our resulting energy-time Pareto frontier.

4 Operator-level Optimizer
4.1 Balance of Computation and Memory
The operator-level compiler, or tensor compiler, generates the
codegen schedules for operators [7, 8, 26, 27]. Tile size in-
fluences the computational load and memory access within
the SM, as well as computational throughput. For example,
in matrix multiplication (Matmul) kernels, increasing the tile
size improves data reuse, thus reducing memory access. How-
ever, larger tile sizes require more shared memory to store
tiles, decreasing the number of thread-blocks that an SM can
simultaneously launch and consequently lowering GPU uti-
lization and computational throughput. Since the computing
units within GPU SMs dominate power consumption, GPU
power consumption is always positively correlated with com-
putational throughput. Therefore, tile size comprehensively
affects both latency and energy consumption.

Current tensor compilers typically aim at optimizing la-
tency, such as minimizing compute latency for compute-
bound operators or memory latency for memory-bound op-
erators [27]. However, these approaches often overlook con-
siderations of energy and power consumption. We observe
that imbalanced compute and memory latencies also increase
energy consumption, meaning that the compiler’s latency-
optimal solution may not always be energy-optimal. We use
an automatic tensor compiler to generate hundreds of codegen
schedules for different DNN operators. By examining the im-
pact of different codegen schedules on energy and execution
time, we illustrate our insights.

4.2 Different Codegen Schedules
Experimental Setup. The experimental setup in this sec-
tion includes a Tesla V100-SXM2-16GB GPU and an Intel
Xeon E5-2667 v4 CPU, with CUDA version 12.2. The tested
DNN operators include the compute-intensive Matmul and
the memory-intensive ReduceMin and elementwise exponen-
tial (Exp) operators. The Matmul operation has a shape of
[1024, 4096, 4096], while ReduceMin and Exp have a shape

of [524288, 1024], which are commonly found in the Llama
model. We use Microsoft Antares [3] v0.3.x to automatically
generate operator code, as it is faster and more user-friendly
compared to Ansor [26]. For measuring kernel energy con-
sumption, we leverage interfaces from the NVML library.
To better understand the kernel behaviors, we use NVIDIA
Nsight Compute CLI (NCU) to profile the kernels.

Matmul. Figure 5 (a) illustrates the impact of different
codegen schedules on the energy consumption and execu-
tion time of the Matmul operator. As Matmul is a compute-
intensive operator, most kernels are bottlenecked by computa-
tion. This results in high GPU SM activity and consequently
high power consumption, often nearing the power limit. Under
similar power conditions, the energy consumption of Matmul
is approximately linearly related to execution time.

Additionally, we observe that the energy-optimal candidate
is not the same as the time-optimal candidate. This difference
arises because the energy-optimal configuration employs a
larger tile size, resulting in lower GPU utilization and reduced
power consumption. Consequently, appropriately increasing
the tile size can lead to energy savings.

Reduce and Exp. Figure 5 (b) and (c) show the energy-
time distribution for the Reduce and Exp operators. Unlike
Matmul, memory-intensive operators exhibit relatively lower
average power levels, and their energy consumption is not
linearly related to execution time. Notably, for the Reduce
operator, there are codegen schedules with similar execution
times but significantly different energy consumption levels.

The NCU profiling results reveal that kernels with higher
energy consumption use more shared memory to cache inputs
and intermediate results, whereas the kernels with the lowest
energy consumption avoid shared memory usage. However,
as the performance of this operator is bound by global mem-
ory reads, the use of shared memory does not significantly
contribute to throughput. Consequently, kernels with similar
execution times but higher shared memory accesses consume
more energy.

Take away. Our experimental observations indicate that
solely optimizing computation latency for compute-bound
operators leads to very high GPU power, thereby increas-
ing overall energy usage. Similarly, solely focusing on re-
ducing memory latency for memory-bound operators often
introduces additional operations, which also increases GPU
dynamic power consumption. Balance between computation
and memory latency at the operator-level optimizer is impor-
tant for energy optimization.

4.3 GPU Frequency Reshapes the Balance
Similar to the graph-level optimizer, reducing GPU frequency
decreases computational throughput but minimally impacts
memory throughput. Consequently, the tile size that achieves
balance between computation and memory latency at default
frequencies becomes suboptimal at lower frequencies due to
increased computational latency.
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(a) Matmul (b) Reduce (c) Exp

Figure 5: Energy consumption and time of different codegen schedules for DNN operators.

Experimental observation. We experimentally explored
the performance of different codegen schedules across vary-
ing GPU frequencies. In real-world training frameworks,
memory-intensive operators often execute in combination
with compute-intensive operators like Matmul or multiple
memory-intensive operators, such as fused FlashAttention
and RMSNorm kernels. In this section, we adopt workloads
involving Matmul, RMSNorm, and FlashAttention from real
training frameworks, using the same experimental setup as
described in Section 4.

(a) FlashAttention

(b) RMSNorm

Figure 6: Energy consumption and time under different GPU
frequencies.

Matmul. Our observations are as follows. First, for the
Matmul operator, the optimal tile size configuration at the
default frequency remains optimal at lower frequencies. Due
to consistent results and space limitations, these findings are
not shown graphically. This consistency occurs because tile
sizes typically scale in powers of two, while frequency reduc-
tions are less impactful. Thus, tile size changes significantly
overshadow frequency effects for individual operator kernels.
However, for complex kernels combining various operators
such as RMSNorm and FlashAttention, tile size impacts are
more intricate, leading to frequency-dependent optimal con-
figurations.

RMSNorm and FlashAttention. Figure 6 shows energy
and time outcomes for RMSNorm and FlashAttention kernels
with different tile sizes at various frequencies. First, FlashAt-
tention kernels trade increased computation for reduced mem-
ory access, where tile sizes yield higher compute-to-memory
ratios. However, due to lower computational throughput at
reduced GPU frequencies, smaller tile sizes become necessary
to maintain the compute-memory balance. Second, for the
RMSNorm kernel, the default tile size causes a noticeable
drop in compute throughput as GPU frequency decreases,
making the kernel compute-bound and leading to slower ex-
ecution. However, by adjusting the tile size, we can keep
the kernel memory-bound, making its performance largely
insensitive to frequency reductions.

Take away. Overall, adjusting tile sizes to balance compu-
tation and memory latency for kernels with complex operators
like FlashAttention and RMSNorm achieves improved energy
savings at different GPU frequencies.

5 Conclusion and Future Work

This project shows that jointly optimizing GPU frequency
and compilation-level decisions significantly improves energy
efficiency in large model training. For future work, we first
plan to design a search algorithm to automatically explore
the extensive configuration space to find an optimal energy-
time frontier. Second, we intend to implement the energy
optimizer atop Perseus and integrate it into existing training
frameworks.
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