
PEACE: Power and Performance Aware Colocation for Efficient
GPU Spatial Partitioning

Bing-Shiun Han
Stony Brook University

Stony Brook, USA
bihhan@cs.stonybrook.edu

Chaitanya Subhedar
Stony Brook University

Stony Brook, USA
csubhedar@cs.stonybrook.edu

Kunaal Parekh
Stony Brook University

Stony Brook, USA
kuparekh@cs.stonybrook.edu

Wan-Chu Lin
Stony Brook University

Stony Brook, USA
wallin@cs.stonybrook.edu

Zhenhua Liu
Stony Brook University

Stony Brook, USA
zhenhua.liu@stonybrook.edu

Anshul Gandhi
Stony Brook University

Stony Brook, USA
anshul.gandhi@stonybrook.edu

Abstract
Power and performance efficiency are critical for data centers, es-
pecially with GPU-equipped clusters. While established techniques
such as power capping and spatial GPU sharing can independently
address these issues, combining them to optimize performance un-
der practical power constraints remains an unresolved challenge.
We remedy this gap with PEACE, a lightweight and workload-
agnostic prediction framework that identifies the optimal GPU
spatial partition for colocated workloads under given power con-
straints. Experimental results across diverse GPU workloads and
multiple baselines show that PEACE outperforms existing strategies
by 20–94% and is within 3–7% of the (offline) optimal performance.

CCS Concepts
• Computer systems organization → Cloud computing; •
Hardware → Power estimation and optimization.
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1 Introduction
The growing demand for power-hungry GPUs has significantly
increased electricity consumption in data centers [11, 18, 24]. With
newer and larger AI models requiring even more GPU resources,
regulating the GPU power draw without sacrificing performance has
become a priority for sustainable data center operations. A common
strategy to improve GPU efficiency in data centers is to improve
their utilization through workload colocation [15, 23, 32, 40, 42].
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Although colocation introduces resource contention and perfor-
mance interference, these challenges can be mitigated through re-
source partitioning. For example, NVIDIA’s Multi-Process Service
(MPS) [26] is widely employed for GPU partitioning by assigning
workloads to distinct Streaming Multiprocessors (SM).

However, GPU colocation does not directly regulate its power
consumption; in fact, colocation can increase a GPU’s power draw.
A popular approach in practice to regulate the power draw of GPUs
is frequency scaling, such as the widely employed Dynamic Voltage
and Frequency Scaling (DVFS) technique [12]. Owing to its minimal
overhead and agility, cluster managers often employ frequency
scaling to cap power consumption for reducing provisioning
costs [31], preventing power outages [10], or to meet demand-
response requirements [45]. The NVIDIAV100 GPU that we employ,
for example, supports power caps from 40W to 300W by scaling
GPU frequency between 135–1530MHz.

While both GPU colocation and power capping are well estab-
lished approaches, there is very little prior work on how to effec-
tively colocate workloads on the GPU in the presence of GPU power
capping. As we show in our results (Section 4.2), existing GPUwork-
load colocation techniques perform poorly under power capping,
obtaining only ∼75% of the achievable performance. As such, de-
termining the right GPU spatial partition that maximizes
workload performance under GPU power capping remains a
challenging problem, especially due to the following reasons.
• The optimal spatial partition is frequency dependent. The parti-
tioning of GPU resources (such as SMs) among workloads can
significantly impact throughput, as shown in Figure 1 for a pair
of colocated deep learning workloads. Importantly, the relation-
ship between SM allocation and throughput depends on the GPU
frequency; for example, the optimal SM partition (shown as a
dot) in Figure 1 shifts from 10%-90% to 90%-10% as frequency
increases from 300MHz (red line) to 1500MHz (brown line).

• Power capping dynamically changes GPU frequency. Under power
capping, the GPU frequency is no longer static—it is dynamically
adjusted by frequency scaling techniques like DVFS over the
workload runtime. Although the frequency typically converges
within a stable range, the exact frequency is hard to predict and
depends on the SM allocation of the workloads.

• The optimal partition is also workload-dependent. In Figure 1,
under higher frequencies, we see that allocating more SMs to
the ALBERT training workload typically results in higher total
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Figure 1: Normalized total throughput as a function of SM
partition across GPU frequencies (300–1500MHz) for the
ALBERTtrain + MobileNetinf colocation. The dot on each fre-
quency line indicates the throughput-maximizing partition.

throughput as this workload is compute-intensive and benefits
more from additional SMs. However, for other workload coloca-
tions, we find that allocating more SMs to the inference workload
can result in higher total throughput as the inference workload
is often more sensitive to SM provisioning.

• Profiling overhead. A natural approach to finding the optimal
partition is exhaustive search. Given a workload pair, one could
evaluate all SM partitions in increments of, say, 10% (90%-10%,
80%-20%, ..., 10%-90%) across all supported frequencies (300–1500
MHz) in steps of, say, 100MHz. This approach is significantly
expensive in terms of time and effort, and will have to be re-
peated for each workload pair encountered. Worse, the overhead
increases exponentially with the number of colocated workloads.

Prior works on GPU power management have explored techniques
such as DVFS. However, these works often either do not consider
workload colocation or do not consider spatial partitioning. On the
other hand, prior works that explore spatial sharing often do not
consider its impact on power consumption; see Section 5.

In this work, we present the design and evaluation of PEACE,
a framework for Power and pErformance Aware Colocation for
Efficient GPU spatial partitioning. To our knowledge, PEACE is the
first lightweight, application-level solution that determines
the optimal SM partition under arbitrary power caps. The key
insight that guides our design is that within a narrow frequency
range, the optimal SM partition does not change much for a given
workload pair. Taking a closer look at Figure 1, we see that the
optimal SM partition for lower frequencies is around (10%,90%), for
intermediate frequencies is in the neighborhood of (70%,30%), and
for higher frequencies is around (80%,20%). PEACE leverages this
observation to predict the colocated throughput and power draw at
a handful of representative GPU frequencies. At runtime, it filters
feasible partitions and frequencies based on the power cap and finds
the SM partition that provides the highest predicted throughput.

To accurately predict throughput and power under colocation,
which in turn determine the optimal SM partition, PEACE employs
ML-based modeling. We use offline profiling of GPU metrics to
represent each workload’s compute and memory behavior down
to SM level, allowing PEACE to infer the performance impact of
colocation without extensive profiling. To capture workload sen-
sitivity, we empirically estimate the throughput vs. SM allocation
curve for each (standalone) workload. By relying on system-level
performance metrics, rather than requiring workload semantics,

Figure 2: System design of PEACE illustrating key compo-
nents: (1) Offline Partition Profiler, (2) Offline Colocation
Modeler, (3) Online Partition Predictor, (4) Online Partition
Selector, (5) Online Frequency Controller for power capping.

PEACE remains applicable to general GPU workloads, in contrast to
workload-specific approaches tailored for LLMs [7, 23].

We implement PEACE in Python and evaluate it on various deep
learning (DL) and scientific CUDAworkloads, under different power
caps and comparison baselines. Our experimental results show that
PEACE achieves throughput within 3–7% of the Oracle (offline-
optimal) and outperforms existing baselines by 20–94%. The code
is available at https://github.com/PACELab/PEACE-artifact.git.

2 Background
GPU spatial partitioning enables concurrent workloads on one
GPU via compute or memory isolation, avoiding full-device con-
text switches. NVIDIA MIG [25] partitions a GPU into predefined
instances with isolated SMs and memory paths. However, MIG re-
configuration or checkpoint-restart can take minutes [22], and MIG
is limited to a few high-end GPUs. NVIDIA MPS (Multi-Process
Service) [26] enables concurrent kernel execution across processes
by merging colocated CUDA contexts, reducing context storage and
switches while improving utilization. MPS supports custom parti-
tioning via CUDA_MPS_ACTIVE_THREAD_PERCENTAGE, which limits
each workload’s share of available threads; for example, two colo-
cated workloads can each receive 50% of SMs. SinceMPS is available
on most NVIDIA GPUs, PEACE uses MPS for spatial partitioning.
Power capping is an established technique for improving pro-
visioning efficiency and preventing power-related failures under
overload [10]. It has been used at the server and processor levels
for decades [21]. In GPUs, power capping reduces provisioning
costs [31], mitigates overheating [36], and improves energy effi-
ciency [44]. Its implementation often relies on frequency scaling,
such as Dynamic Voltage and Frequency Scaling (DVFS), which
adjusts voltage and/or frequency with minimal response time [30].
PEACE employs frequency scaling for GPU power capping.

3 System Design and Implementation
The core of our PEACE framework, illustrated in Figure 2, is a light-
weight modeling component that predicts the performance and
GPU power consumption of colocated workloads at representative
frequencies, which in practice serve as effective proxies for neigh-
boring frequencies. In the offline phase, PEACE profiles workload
performance using the ❶ Partition Profiler (see Figure 2), and then
trains the ❷ Colocation Modeler across a few frequency levels. In

https://github.com/PACELab/PEACE-artifact.git
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the online phase, the trained model serves as the ❸ Partition Pre-
dictor, estimating throughput and power for each partition. Finally,
the ❹ Partition Selector filters feasible partitions under the given
power cap and executes the selected partition on the GPU, with ❺

Frequency Scaling enabled. We next detail these components.

Partition Profiler and feature extraction (offline phase). The Parti-
tion Profiler profiles workloads and extracts feature vectors. PEACE
profiles GPU and throughput metrics offline for workload execution
across 10% SM partition increments (10%, 20%, ..., 90%), though it
can seamlessly extend to finer-grained partitions.

PEACE makes two design choices to reduce profiling overhead
whilemaintaining accuracy. First, it profiles only individual, rather
than colocated, workload executions under different SM partitions,
avoiding combinatorial profiling of all colocated pairs. Second, we
find that three representative GPU frequencies—low (300MHz),
medium (900MHz), and high (1530MHz)—are sufficient to predict
optimal SM partitions across power caps. Since the V100 supports
135–1530MHz, these frequencies provide broad coverage.

We leverage nvidia-smi [29] and nvidia-DCGM [28] to collect
per-second resourcemetrics [8]. Prior works use fine-grained kernel
profiling [16, 37], but this can take hours, especially for scientific
workloads. In contrast, PEACE uses one offline profiling run per
workload, collecting nvidia-smi and DCGM metrics simultaneously.
Each DL workload runs for 100 steps, taking about 1 minute, while
scientific CUDA workloads are profiled for their full runtime. All
profiling completes offline in a few minutes.

GPU metrics suffice for power modeling, but throughput mod-
eling requires performance metrics. We thus profile each individ-
ual (non-colocated) workload’s throughput and also compute its
throughput sensitivity score, defined as the slope of a linear
fit between individual throughput and SM allocation While lin-
ear, this score closely matches observed behavior (consistent with
prior observations that piecewise-linear models can capture non-
linearities [3]) and preserves simplicity, and helps PEACE identify
workloads that better exploit additional SMs.

To construct the final training features, we sum up raw metrics
(e.g., PCIe bytes) and average percentage metrics (e.g., SM activ-
ity rate) across colocated workloads, then apply min-max scaling.
Based on correlation analysis, our final feature set includes SM
warp activity rate, SM occupancy rate, FP32 activity rate, memory
bandwidth usage, memory busy rate, PCIe transmission bytes, PCIe
receiving bytes, individual throughput across SM allocations, and
individual workload throughput sensitivity.

Colocation Modeler (offline phase). To collect ground truth data
for training (and testing) the throughput and power models, we
run selected workload combinations under specific SM allocations,
treating each allocation as one data point. We evaluate active GPU
execution intervals to capture interference.

Consider an experimentwith frequency 𝑓 ∈ {300, 900, 1530}MHz
where workload set𝑊 = {𝑤1,𝑤2, ...,𝑤𝑘 } is colocated with SM allo-
cation vector 𝑃 = {𝑝1, 𝑝2, .., 𝑝𝑘 } such that a percentage 𝑝𝑖 of SMs
is assigned to workload 𝑤𝑖 ; also,

∑𝑘
𝑖=1 𝑝𝑖 = 100. The modeling

tasks are: (i) Power𝑓 (𝑊, 𝑃) = 𝑔𝑓 (metrics), and (ii) Xput𝑓 (𝑊, 𝑃) =
ℎ𝑓

(
metrics,

∑
𝑤∈𝑊 xput𝑤 , {sens𝑤}𝑤∈𝑊

)
, where “metrics” denotes

Workloads ComMem
FWTcuda Reductioncuda Transposecuda Sortingcuda Hi Hi
Gemmcuda ViTtrain Bertinf Berttrain Whisperinf Wav2Vec2inf ALBerttrain Hi Lo
ViTinf ResNet50train ResNet50inf MobileNettrain MobileNetinf Lo Lo

Table 1: Workloads employed, categorized based on their
GPU compute/memory usage under peak frequency.

the GPUmetrics as features, xput𝑤 is the profiled exclusive through-
put of workload𝑤 with SM allocation 𝑝𝑤 , and sens𝑤 is its allocation-
independent throughput sensitivity. Here, 𝑔𝑓 () and ℎ𝑓 () are the
learned total power and throughput functions for frequency 𝑓 . Since
we use three frequencies, there are six models to be trained.

Partition Predictor and Selector (online phase). At runtime, for
a given set of colocated workloads, PEACE leverages the trained
throughput and power models to predict throughput sum and total
GPU power across SM allocation and frequency configurations. It
filters configurations whose predicted power exceeds the cap, allow-
ing a 10% tolerance for prediction uncertainty. This tolerance is safe
because runtime frequency scaling enforces the power cap. Among
the remaining configurations, PEACE selects the SM allocation
with the highest predicted throughput sum across representative
frequencies. Workloads execute with the selected SM allocations
using MPS’s CUDA_MPS_ACTIVE_THREAD_PERCENTAGE parameter.

Power capping with Frequency Scaling. To enforce the power
cap, we adopt a frequency controller from prior work [21, 33]. The
controller maintains the highest feasible GPU frequency without
exceeding the cap. When measured power is below 90% of the cap,
it gradually increases frequency. When power is within 10% below
the cap, it makes no adjustment to avoid overshooting. If power
exceeds the cap by Δ𝑃 , it immediately decreases frequency with a
step size proportional to Δ𝑃 . To avoid oscillations, each adjustment
is based on the average of three consecutive nvidia-smi power
readings, sampled every 500ms.

4 Evaluation
Evaluation setup.We conduct our evaluation on a server in the
Chameleon Cloud [19] equipped with Intel Xeon 6230 CPUs, 128GB
RAM, and a 32GB NVIDIA V100 GPU with SXM2. We also evaluate
on a 48GB NVIDIA RTX A6000 GPU to test hardware generalizabil-
ity. We use PyTorch 1.13 and CUDA 12.3 for our experiments.
Workloads. We employ 16 workloads, consisting of 11 deep learn-
ing training and inferencemodels and 5 (compute-intensive) NVIDIA
CUDA Samples [27] representing common scientific workloads [48].
Workload characteristics are provided in Table 1. PEACE profiles
each workload’s peak memory (Section 3) to filter out colocations
predicted to cause OOM, following prior works [1, 16, 34].
Evaluation metric. We use throughput sum as our primary per-
formance metric, inspired by recent colocation studies [35, 37, 39].
This is obtained by summing the observed throughput of each colo-
cated workload in the experiment. When reporting our results, we
normalize the throughput sum by that achieved under the offline-
optimal Oracle policy, described below. We also report latency
results to confirm that throughput gains lead to lower latency. For
power consumption, since power capping is enforced by the fre-
quency controller, we do not observe significant violations. Across
all experiments, over a commonly-employed observation window
of 4s [2], the controller violates the power cap less than 0.5% of
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(a) Throughput sum prediction (b) GPU power prediction
Figure 3: MAPE and training time for colocated throughput
sum prediction (left) and total GPU power prediction (right)
for PEACE under different prediction models.

the time, and each violation exceeds the cap by no more than 1%,
which is within the safe limits for data centers [10].
Comparison baselines.We compare PEACE against various prior
works and also static SM partitioning strategies.
• Oracle is an impractical, offline-optimal policy that considers all
SM partitions for a given colocated workload scenario (under
the power capping frequency controller) and selects the partition
that maximizes throughput sum.

• Mudi-Latency [3] configures MPS partitions to maximize training
throughput while meeting inference latency SLOs. It predicts
the “cutoff knee” SM partition point (beyond which further SM
allocation yields only minor performance improvement) and
allocates the remaining SMs to the other workload. Since our
evaluation focuses on throughput, we consider an additional
Mudi-Xput baseline that fits the throughput curve instead to
identify the knee point. To strengthen these baselines, we use the
ground-truth knee point under colocation rather than predicting
it. We omit Mudi’s batch-tuning component since batch size is
user-defined and is not a configurable parameter in our study.

• Muxflow [47] assigns SMs to the primary inference workload
based on its measured SM activity (percentage of time warps are
active on SMs) to minimize contention. The remaining SMs are
allocated to the other workload. When no inference workload is
present, we alternatively treat each colocated workload as the
primary and select the throughput-maximizing SM partition.

• GSlice [6] dynamically allocates SMs based on runtime feedback
of colocated latency and throughput. We adapt it by targeting
throughput as the objective. The algorithm shifts more SMs to a
workload if its measured throughput significantly deviates from
the target (in our case, the exclusive non-colocated throughput).
Also, each workload’s maximum SM allocation is limited to its
throughput knee point, obtained via curve fitting.

• MPS baselines serve as DVFS baselines that employ the DVFS-
based power cap controller inspired by Lefurgy et al. (Section 3).
We include Equal Partition, which represents a “fair” baseline
that evenly splits SMs across workloads (e.g., 50%-50% for two
colocated workloads), and No Partition, where SMs are shared
among workloads without partitioning (e.g., 100%-100% for two
colocated workloads).

4.1 Evaluating prediction accuracy for PEACE
We start by evaluating PEACE’s GPU power and throughput sum
models. For this evaluation, we focus on colocations of workload
pairs. We evaluate the models across all SM partitions we experi-
ment with (10%-90%, ..., 90%-10%) for all valid (121) workload pairs

Figure 4: Normalized throughput sum achieved by all policies
under various power caps.

that fit in GPU memory across 3 frequencies, for a total of 3,267
configurations. We consider three ML prediction models: (i) Au-
toML [13]; (ii) Random Forest (RF ); and (iii) Extra Trees (ET ). Au-
toML is an ML framework that selects the best model from a set
that includes Distributed RF, Gradient Boosting, Deep Learning,
and ensemble models within a time budget (3 mins, in our setting).

Figure 3(a) shows the Mean Absolute Percentage Error (MAPE)
of throughput sum prediction (top) and the corresponding training
times (bottom) across different dataset sizes. We see that all mod-
els predict with reasonable accuracy. However, among the three
techniques, Extra Trees (ET) typically achieves the lowest MAPE,
especially for larger training sizes, while AutoML performs worst.
ET outperforms RF due to reduced overfitting, as it selects split
points randomly rather than optimizing them, making it more ro-
bust with limited training data. In contrast, both RF and AutoML
are more prone to overfitting due to their complexity. ET also has
the smallest training time, since it avoids exhaustive optimization
of split points. Figure 3(b) shows our GPU power prediction results.
All models achieve high accuracy as GPU power is well correlated
with the metrics we profile; ET achieves the lowest MAPE. In terms
of training time, ET remains the fastest; AutoML is the slowest due
to model selection and tuning, and RF incurs grid search overhead.

Based on our results, we find that Extra Trees (ET) offers the
best trade-off between accuracy and training efficiency, outper-
forming more complex models like AutoML, which are constrained
by the limited training dataset size. Moreover, the runtime overhead
from the Extra Trees prediction is ∼0.08 seconds on average for the
entire pipeline, which is significantly smaller than that of AutoML.
We thus employ ET in PEACE.

4.2 Performance evaluation of PEACE
Comparing PEACE with Baselines. Figure 4 shows the normal-

ized throughput sum achieved by PEACE and other baselines; the
normalization is with respect to Oracle. For PEACE, we use the
ET regressor model trained on ∼30% of the dataset. The remaining
dataset is used for evaluation and reporting of results; the results
did not qualitatively change with larger training dataset sizes.

We see thatPEACE consistently outperforms all baselines un-
der all power caps. The benefits of PEACE are more pronounced at
lower power caps, with PEACE affording 35%, 22%, and 12% higher
throughput compared to the next-best policy under 60W, 100W, and
200W power caps, respectively. Under low power caps, workloads
are more sensitive to SM allocation due to constrained resource
availability; even small misallocations lead to noticeable drops in
throughput. At higher caps, lighter workloads typically require
few SMs to saturate performance, reducing their sensitivity. The
static No Partition baseline typically performs the worst, achieving
only 64–85% of Oracle’s throughput. Without compute isolation, it
suffers from heavy contention. The Equal Partition baseline (which
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allocates 50% SMs to each colocated workload) does better, reach-
ing 72–84% of Oracle’s throughput, and is actually the second-best
performing policy (after PEACE) under the 60W cap. Nonetheless,
this static policy is unable to adapt to diverse workload demands,
with PEACE providing 25% better throughput across power caps.

GSlice achieves 70–87% of Oracle’s throughput. Although it at-
tempts to optimize throughput via feedback-based SM allocation
tuning, it enforces an allocation limit per workload, preventing
it from discovering skewed partitions (ex. 90%-10%) that favor
throughput-sensitive workloads. Similarly, MuxFlow achieves 69–
86% of Oracle’s throughput by allocating SMs based on SM activ-
ity. However, SM activity primarily captures compute intensity,
not throughput sensitivity. For example, a compute-heavy train-
ing workload may have high SM activity but lower throughput
compared to inference tasks. Consequently, PEACE provides ∼26%
higher throughput compared to both GSlice and MuxFlow.

The Mudi-Xput baseline reaches 72–85% of Oracle’s throughput.
By selecting the SM percentage corresponding to the throughput
knee point, it ensures good performance. However, similar to GSlice,
it does not allocate resources beyond the knee point, limiting its
effectiveness for throughput-sensitive tasks. Mudi-Latency allo-
cates SMs based on the latency knee point, so fails to optimize
for throughput. Consequently, it performs the worst, achieving
only 65–74% of Oracle. Compared to Mudi-Xput and Mudi-Latency,
PEACE provides ∼25% and ∼41% higher throughput, respectively.

In summary, PEACE outperforms all other baselines, delivering
23% higher throughput on average compared to the next-best policy
(i.e., Equal Partition for 60W, Mudi-Xput for 100W, and GSlice for
200W). Importantly, PEACE achieves ∼97% of the throughput of
Oracle, across all power caps, suggesting that PEACE will remain
competitive even as improved baselines emerge.

Evaluation with Unseen Workload. We now consider the more
challenging scenario where one of the colocated workloads is un-
seen and was not part of the training set. This situation can occur in
practice either when a new workload is encountered at runtime or
when the training set is limited in size. To evaluate this setting, we
conduct experiments in which each of the 16 workloads is treated
as unseen, in turn. For each case, we form test pairs that include
the unseen workload and report the average throughput sum.

We again find that PEACE consistently outperforms all base-
lines, providing 34%, 22%, and 12% higher throughput compared
to the next-best policy under 60W, 100W, and 200W power caps,
respectively. In general, the performance of PEACE in the unseen
setting is similar to that in the previous setting (Figure 4). The base-
lines we implemented do not rely on predictions and so retain the
same performance. Across power caps, PEACE achieves throughput
within 96.5–98.4% of Oracle. By capturing throughput and resource
characteristics, PEACE’s Extra Trees predictor accurately estimates
performance, even for unseen workloads under colocation.

Latency Evaluation. The near-optimal throughput gains afforded
by PEACE also translate to latency improvements. To verify this
claim, we measure the latency for each colocated workload experi-
ment from the above unseen evaluation scenario under the 60W
power cap. We find that PEACE achieves average latency within
15% of the Oracle’s latency. By contrast, Equal Partition, Mudi-Xput,
GSlice, Mudi-Latency, NoPartition, and Muxflow incur 65%, 73%,

78%, 120%, 145%, and 178% higher latency than Oracle, showing that
effective MPS partitioning benefits both latency and throughput.

Workload-Level Performance Analysis. To better understand the
performance of PEACE on individual test workloads, we analyze
the normalized throughput sum achieved by PEACE, Mudi-Xput
(next-best baseline), and Muxflow across all 16 test set workload
colocations (under the unseen setting). We omit GSlice as it behaves
and performs similarly to Mudi-Xput. We also omit Mudi-Latency
due to its consistently poor performance. We start with the low-
power, 60W power cap setting in Figure 5, where the GPU typically
operates at low frequencies. The ‘-train’/‘-inf’/‘-cuda’ in the fig-
ure refers to the workload type (training, inference, and scientific
CUDA, respectively). Each bar group shows the results averaged
over all test set pairs of the form (𝑤, ∗), where 𝑤 is the unseen
workload excluded from the training set. Pairs are sorted (left to
right) in descending order of the unseen workload’s SM activity.

We see that PEACE outperforms Mudi-Xput by 40% on average and
by as much as 70%. The benefits are typically more pronounced for
high-compute workloads (left in Figure 5) because such workloads
benefit from more skewed SM allocations (e.g., 90%). Mudi-Xput
often fails to identify these optimal allocations as its knee-point
based strategy prefers more balanced SM allocations. Comparing
with MuxFlow, PEACE outperforms Muxflow by 46% on average and
by as much as 150%. Because MuxFlow allocates SMs based on the
primary workload’s SM activity, it selects skewed allocations for
compute-light workload pairs (right of the figure), whereas their
optimal allocation is more balanced. Further, MuxFlow prioritizes
inference workloads, often over-allocating SMs to heavy inference
tasks that are not always throughput-sensitive. This bias leads to
suboptimal performance, particularly for pairs with high-compute
inference workloads, such as Whisper_inf and BERT_inf.

In the more relaxed, 200W power cap case (figure omitted), the
GPU often operates at higher frequencies. Here, PEACE outper-
forms Mudi-Xput by 20% on average and by as much as 56%; and
outperforms MuxFlow by 18% on average and by as much as 78%.
For low-compute workloads, the performance improvement af-
forded by PEACE relative to Mudi-Xput and MuxFlow is smaller
compared to high-compute workloads. This is likely because, at
high frequencies, resource-light workloads can achieve their peak
throughput with fewer SMs. Consequently, the performance is less
sensitive to the exact SM allocation. However, the performance
sensitivity of the baselines to the SM allocation is frequency- and
power-cap-dependent. By contrast, PEACE outperforms the base-
lines consistently by robustly capturing workload behavior across
power caps using GPUmetrics and throughput sensitivity, rather than
relying solely on one of these aspects, as the baselines do.

To better understand the impact of workload resource demand
on colocation performance under power capping, we separately cat-
egorize colocation results based on their resource requirements (see
Table 1). We find that PEACE’s performance differs significantly
across categories, with a substantial improvement of 56.2–68.8%
comparedwithMudi-Xput andMuxflow for resource-intensive colo-
cations (where both workloads have high compute and memory
demand) and a negligible 1.8–6.3% improvement for pairs that are
less resource-intensive. Resource-intensive colocations primarily
include high-throughput CUDA workloads, for which the optimal
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Figure 5: Normalized throughput sum of PEACE, Mudi-Xput, and MuxFlow under 60W power cap, for different workload
colocations, sorted by SM activity % of the unseen workload.

Figure 6: Normalized throughput sum under various power
caps for three colocated workloads.

SM allocation is skewed (90% SMs) toward the CUDAworkloads. As
discussed before, Mudi (and GSlice) fails to select such skewed allo-
cations due to its knee-point strategy. For less resource-intensive
colocations, the lower requirements of the workloads translate
to balanced SM allocations typically being optimal, which aligns
well with Mudi’s strategy. MuxFlow continues to favor skewed
allocations, which penalizes its performance for these colocations.

Extension to Multi-Workload Colocation. To evaluate this multi-
workload scenario, we conducted experiments where one unseen
workload is colocated with two additional workloads from the
training set. We tested 165 distinct combinations of three workloads.
The profiling methodology for PEACE does not change with the
number of colocated workloads as we rely on GPU metrics and
throughput logs from non-colocated workload runs.

Figure 6 presents our experimental results for three-workload
colocation. MuxFlow is excluded from this evaluation as it supports
only two-workload colocation. We find that PEACE consistently
outperforms the baselines, providing 20% higher average through-
put compared to the next-best policy. Importantly, PEACE achieves
throughput within 2.5% of that under Oracle across all power caps.
Compared to the two-workload unseen colocation results, we find
that PEACE provides higher throughput gain for each power cap,
averaged over all baselines. In terms of the baselines, GSlice and
No Partition perform worse under three-workload colocation com-
pared to two-workload colocation, while other baselines typically
show minor improvements. These results suggest that PEACE ex-
tends to multi-workload colocations without any major redesign.

Generalizability Across Hardware and Custom Kernels. To eval-
uate PEACE’s hardware generalizability, we deploy it on an RTX
A6000 GPU server, profiling at 300, 1200, and 2100 MHz under a
100W power cap. Across DL colocation pairs, PEACE achieves 93%
of the Oracle throughput, compared to 69–77% for the baselines.

We also add three DL workloads with custom Triton kernels to
the original 16 workloads for V100 evaluation, yielding 175 colo-
cation pairs. Under a 60W power cap, PEACE achieves 95% of the
Oracle throughput, improving over the next-best baseline by 28%.
These two evaluations show that PEACE generalizes well across
different GPU hardware and customized kernel implementations.

5 Related Work
Energy-Aware Spatial Partitioning. 𝜇-Serve [33] optimizes DL model
placement and uses frequency scaling to reduce power while meet-
ing latency SLO, unlike PEACE, whichmaximizes throughput under
a power cap. PEACE can complement 𝜇-Serve by determining SM
allocation. Weaver et al. [39] select energy-efficient HPC coloca-
tions under MPS, but do not determine SM partitions. Espenshade
et al. [9] study training energy efficiency under NVIDIA MIG and
power caps, but do not provide a mechanism for unseen workloads.
KRISP [5] reduces per-inference energy by dynamically resizing
spatial partitions at the kernel level, but relies on AMD-specific CU
masking implement partitioning. Vamja et al. [38] model power
consumption of LLM and scientific kernels on MIG partitions using
kernel- and system-level profiling. EaCO [14] saves energy via con-
text switching, but lacks spatial partitioning. The final three works
do not incorporate frequency scaling or power capping.
Performance-Aware Spatial Partitioning. Gpulets [4] uses dynamic
MPS partitioning and context switching to improve inference per-
formance, while PEACE maximizes throughput for general GPU
workloads under a power cap. MuxServe [7] reduces LLM inference
latency by decoupling prefill and decoding, but targets autoregres-
sive workloads. KACE [16] predicts low-interference MPS coloca-
tions, but does not optimize SM allocation or power. MIG-based
works [20, 22, 35, 43] reduce repartitioning overhead and improve
GPU usage, but MIG is limited to select high-end GPUs and fixed
partition sizes, lacking MPS’s fine-grained control.
Performance-Aware Kernel Sharing. Kernel-level sharing works im-
prove GPU usage, but rely on DL training characteristics [41, 42],
kernel/compiler dependencies [37, 46], or specific GPUs for pre-
emption [17]. PEACE instead requires no code or kernel changes
and supports training, inference, and scientific workloads.

6 Conclusion
We present PEACE, the first framework that leverages MPS-based
SM allocation to achieve near-optimal colocated performance under
power capping. Using representative frequencies and key perfor-
mance metrics, PEACE’s lightweight ML model accurately tracks
colocated performance across diverse GPU workloads under arbi-
trary power caps, achieving 93–97% of the optimal throughput,
establishing it as a robust solution against future baselines.
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