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Abstract—AI workloads are rapidly emerging as an important
component of datacenter operations, with inference services in
particular consuming an ever-increasing share of computational
cycles. To keep pace with the growing demand for Al-driven
applications, datacenters have begun deploying advanced com-
pound servers that tightly integrate accelerators such as GPUs
with traditional CPUs. While these platforms enable high perfor-
mance, they also drive up the power requirements of datacenters,
creating new challenges for scaling the infrastructure.

To address these challenges, we conduct a comprehensive
characterization of power usage patterns in datacenters hosting
Al services. We find that power consumption fluctuates widely
across time, models, services, and server components. These
observations reveal the inefficiency of applying fixed, uniform
power limits across servers, which can result in either under-
provisioning and degraded performance, or overprovisioning and
wasted planned power. Motivated by these insights, we investigate
dynamic power control to optimize both power consumption and
performance. Through experiments on production workloads, we
demonstrate that controlled power sloshing can deliver benefits,
yielding up to 30% power savings. We further develop a scalable,
automated algorithm for server-level power management, which
could be deployed in fleet and reduce power by up to 11%
without degrading the quality of service. Finally, based on our
production experience, we offer practical guidelines for hardware
and software co-design in next-generation Al platforms.

I. INTRODUCTION

The rapid proliferation of Al workloads has transformed the
landscape of modern datacenter operations. Inference services
have emerged as a dominant consumer of computational
resources, powering a wide array of applications from person-
alized recommendations to real-time content moderation [9]
and, more recently, to large language models (LLMs) [6],
[32], [46]. As user demand for Al-driven services continues
to surge [22], datacenter operators need to deliver high per-
formance while maintaining efficiency and scalability.

To meet these demands, the industry has embraced advanced
compound servers that tightly couple accelerators, such as
GPUs, with CPUs optimized for Al workloads [31]. These
platforms offer high computational throughput, enabling the
deployment of larger and more sophisticated Al models while
serving more users. However, this leap in capability comes at
the cost of a rise in datacenter power requirements, straining
both infrastructure and budgets.

Power consumption is a first-order concern for datacenter
operators [12], [23], [40]-[42], [49]. In particular, provi-
sioning sufficient power and cooling capacity represents a
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challenge [43], with electricity adding to the overall problem.
Moreover, as datacenters approach the limits of their power
envelopes, scaling the Al services is increasingly constrained
by power availability rather than compute resources [11]. This
new reality has intensified focus on power management as an
enabler of sustainable Al growth.

Prior studies that have analyzed power patterns in datacen-
ters have primarily focused on traditional CPU workloads [12],
[23], [40], [49] or narrow classes of Al tasks [41], [42],
and typically address power management at the datacenter
level. Consequently, they overlook the fine-grained, per-server-
component variability and the full spectrum of heterogeneity
in modern Al inference-serving environments.

To better understand these challenges, we conduct a com-
prehensive characterization of power usage patterns in data-
centers hosting Al inference services. First, we observe that
compound Al Inference servers, comprising both CPU and
GPU components, are becoming an increasingly significant
portion of the fleet. Second, the fleet supports a highly diverse
set of Al inference services and models at the same time.
This diversity encompasses a wide range of model archi-
tectures, sizes, and usage patterns. Finally, we observe that
such heterogeneity leads to pronounced fluctuations in power
distribution across server components. Power usage varies not
only between CPUs and GPUs, but also among multiple GPUs
within the same server, as different workloads stress hardware
components in different ways.

Despite this variability in power usage, conventional Al
inference servers assign static, independent power limits to
different server components, regardless of the workload run-
ning on each server. However, different Al services exhibit
widely varying demands across server components. Some may
be GPU-intensive while others rely more on CPUs. Fixed
power allocations cannot adapt to these differences—thus,
some components end up power-constrained, throttling their
performance, while others end up underutilized. Our findings
highlight an opportunity: by dynamically adjusting power lim-
its across server components (e.g., CPU and GPU) in response
to each workload’s real-time needs, Al inference servers can
better match resource allocation to demand, enabling power
savings or improved performance.

To unveil power optimization opportunities, we conduct an
in-depth analysis of a few important production Al workloads
running on optimized inference platforms. Our investigation
reveals two findings. First, careful tuning of CPU and GPU



power limits for each AI model can yield power savings, up to
31%, without sacrificing performance. Second, the optimal fre-
quency across CPU and GPU modules, and thus performance-
per-watt setting of a given service, varies across different
models. Hence, an effective power management scheme needs
to take into account workload-specific properties.

While these initial results from fine-tuning are promising,
such an approach has a limitation: manual fine-tuning of
hardware settings for individual models is not scalable in
datacenter environments. With many models being deployed
and frequently updated, it is impractical to rely on per-model,
hand-crafted configurations. Instead, the power management
system needs to be generalized and automated. Furthermore,
any automated solution must operate with minimal overhead
at scale. Finally, the system should not require modifications
to application code or direct access to application-level per-
formance metrics. Instead, it should leverage readily available
application-agnostic signals.

Motivated by these requirements, we design a simple yet
effective module-level power sloshing algorithm that is scal-
able and easy to deploy. Rather than enforcing static, per-
component limits, our controller continuously monitors if there
is an opportunity to harvest slack power from underutilized
components and reallocate it to the components that are
currently power-limited, maximizing Performance/Watt under
a fixed aggregate server power envelope. We realize these
dynamic budget splits using existing production actuators—
GPU frequency scaling and CPU power capping—and a
lightweight, threshold-based policy that adapts online as the
workload mix changes, making the mechanism’s deployment
practical. Despite its simplicity, our system reduces the power
consumption of production-grade Al inference workloads by
11% over the state-of-the-practice baseline.

Finally, our experience prototyping these techniques in pro-
duction uncovers several practical considerations for hardware-
software co-design. For example, we identify opportunities to
improve the granularity and responsiveness of power man-
agement interfaces, as well as the need for better integration
between workload schedulers and hardware controllers. These
lessons inform our recommendations for the design of next-
generation Al platforms.

In summary, this paper makes the following contributions:

o Comprehensive analysis of power usage patterns across
a diverse set of Al inference workloads.

o Quantification of potential power savings through man-
ual, workload-specific tuning for production models.

o Scalable, automated approach for dynamic power man-
agement that achieves power savings on production mod-
els, without per-workload profiling or customization.

o Guidelines for hardware and software optimizations to
inform the design of next-generation Al platforms.

Paper outline: § II provides background on modern GPU
inference and highlights GPU power allocation and power
draw patterns in production that motivate dynamic power har-
vesting and reallocation mechanisms for efficiency improve-
ments. § III characterizes the power-performance tradeoff to
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Fig. 1: Normalized power usage of Al inference clusters in
GPU-equipped servers and CPU-only servers over five years.

reveal improved power management opportunities on produc-
tion Al systems and § IV analyzes the theoretically attainable
power reduction for our models via frequency modulation,
while abiding by their service-level objectives. Leveraging
insights from these analyses, § V presents the design of our
power management scheme, which is then evaluated with case
studies on production Al inference workloads and platforms
in § VL. Finally, § VII and § VIII discuss future directions and
related work, respectively, and § IX concludes.

II. BACKGROUND AND MOTIVATION
A. The Rise of GPU Inference

As Al models have grown in scale and complexity, GPU
servers have become the backbone of modern datacenter in-
ference workloads. Unlike earlier generations of CPU-centric
infrastructure, today’s Al services, ranging from recommen-
dation systems to LLMs, demand the high throughput and
parallelism that only accelerators such as GPUs can provide.

This shift comes at a cost: GPU servers are power-hungry,
and their share of total datacenter power consumption is
rapidly increasing. Fig. 1 shows the power consumption of
Al inference clusters. The power is further broken down into
two components: power spent on CPU-only servers and power
spent on GPU-equipped servers. We observe two trends. First,
over this 5-year period, the total power demand of Al clusters
has tripled. Second, the fraction of total datacenter power
attributable to GPU servers increased from 8.5% to 40.9%.
Note that this analysis includes only Al inference servers.
It does not include servers used for Al training or general-
purpose compute.

As Al Inference servers become the dominant consumers of
power, optimizing their efficiency is becoming an imperative
for both cost control and sustainability [41], [42]. Even small
improvements in GPU inference efficiency can translate into
operational savings and reduced environmental impact at scale.
In this paper, we focus on power management at the Al Infer-
ence server level that can maximize power and performance
efficiency of Al inference workloads across our fleet.

B. Service and Model Heterogeneity

Al fleet is heterogeneous, supporting a diverse array of
services and models such as LLMs, recommendation engines,
and specialized models for search, translation, and content
generation. Fig. 2 breaks down power usage of fleet across
dominant use cases. For CPU inference capacity, approxi-
mately 10% goes into generative Al, represented by the two
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Fig. 2: Breakdown of power capacity for AI Inference for
compound servers (featuring CPUs and GPUs).

large language models. The rest of CPU inference capacity
is spent on various products, with recommendation system
1 (RS1) consuming about 60% of the CPU capacity. About
40% is spent on low complexity workloads, the rest on high
complexity products. Our primary metric to classify model
complexity is size, i.e., number of parameters and layers.
In GPU inference, about 20% of the capacity is spent on
generative Al, 70% on RS1, and 10% on other services. All
workloads running on GPUs are high complexity. Each of
these use cases comprises many different downstream services
and AI models. The deployed models differ greatly in size
and architecture. Some are compact and can be efficiently
served on a single CPU or GPU, while others, such as
emerging LLMs with many parameters, require multi-GPU
configurations for a single inference request.

This architectural diversity is further compounded by the
wide range of service use cases and load patterns. For example,
real-time recommendation systems often experience high and
unpredictable query rates, demanding low-latency responses
and sustained resource utilization. In contrast, batch analytics
or background workloads tend to have more predictable,
lower-intensity demands, and may leave resources underuti-
lized for extended periods.

Service-level objectives (SLOs) such as latency and
throughput further influence how resources are provisioned
and utilized. Services with stringent performance requirements
may be allocated more generous power budgets to ensure
responsiveness, while others can operate efficiently with less.

Taken together, factors such as model size, service load,
and performance requirements result in highly non-uniform
power consumption patterns across workloads in the fleet.
Fig. 3 shows the cumulative distribution function (CDF) of
power utilization across Al inference services. We observe
that the majority of services under-utilize their assigned power
budgets. For instance, 60% of services use less than 80% of
their maximum power limit. On the other hand, some services
need their full power budgets and could further improve their
performance if allocated more power.

This high degree of heterogeneity in large-scale Al fleets,
though underexplored in previous research, underscores the
need for power management schemes that can adapt to diverse
and evolving workload demands.
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Fig. 3: CDF of power utilization across services.

C. Variations in Power Usage Across Server Components

A typical compound AI Inference server is composed of
multiple GPUs and a CPU host [31]. Power limits (TDPs)
are statically assigned to each component. For example, a
platform with 8 GPUs and a CPU host assigns 1 kW per GPU
and 300 W for the CPU. Unfortunately, static partitioning is
often inefficient given the diversity of workloads and their
dynamic behavior. Throughout the paper, “TDP” refers to the
device’s (configurable) software-set power cap rather than the
manufacturer’s peak power rating.

The usage of CPU and GPU components within a server
varies across services. For instance, some Al services perform
extensive data pre-processing, such as feature extraction and
input normalization, as well as post-processing, like result
aggregation and formatting on the CPU. In these cases, the
CPU may reach its 300 W power limit, throttling the service,
while the GPUs remain underutilized and consume less than
their allocated power budget. In contrast, some other services,
such as long-context LLMs, use host CPUs only for request
scheduling; thus, they have low CPU utilization, while the
GPU usage is very high. Hence, setting fixed power limits
for CPUs and GPUs independently is often inefficient, as one
component may require more power to sustain performance
while the other remains underutilized.

Moreover, it is common to co-locate multiple services on
the same Al Inference server for better resource utilization.
For example, two services may each be assigned 4 GPUs on
an 8-GPU Al Inference server. If one service is GPU-bound
and fully utilizes its GPUs, its performance will be restricted
by the available assigned power limit. On the other hand, if the
other is lightly loaded or idle, its GPUs will consume far less
than their power cap, resulting in unused power headroom.

Fig. 4 shows the power draw of 8 GPUs within an Al
Inference server running multiple collocated production Al
services over a day. Power usage across GPUs fluctuates over
time, and, most of the time, GPUs differ in their respective
power draw. This example also shows that even within a single
service, workload intensity fluctuates over time due to diurnal
patterns, traffic spikes, or model updates, leading to periods
where some server components are underutilized.

Overall, these mismatches between static power allocation
and diverse and dynamic workload demands result in power
misallocation and missed performance opportunities.

D. Opportunity for Server-level Power Harvesting

To quantify the potential for more dynamic and efficient
power allocation across components in a compound Al Infer-
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Fig. 4: Power draw of 8 GPUs within an example server
running production workload over a day.
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Fig. 5: Normalized power draw across CPU and GPU compo-
nents across Al Inference servers.

ence server, we perform two analyses across fleet.

First, we analyze the diversity in power draw between CPUs
and GPUs across servers. Fig. 5 presents a scatter plot of CPU
versus GPU power draw for each server at the peak total server
power during a day. The plot reveals substantial diversity:
while some servers are clearly GPU-bound, operating near
their GPU power limits, others are CPU-bound, with the CPU
power being close to its cap, while GPUs are underutilized.
This diversity is a direct consequence of the heterogeneous
mix of services and models described above.

Second, we examine the power usage across GPUs within
the same server. For each server, we measure the maximum
power draw of each of its 8 GPUs at the time of peak server
power usage. We then assess whether GPUs operating below
their TDP limit could effectively lend unused power to other
GPUs, up to their physical maximum power cap.

Fig. 6 quantifies this aggregate power imbalance. On the
left, we show the CDF of power harvesting defined as the
amount of additional power that could be dynamically real-
located among GPUs to better match workload demands. On
the right, we show the CDF of normalized standard deviation
in power draw across same-server GPUs. Both values (power
harvesting and stdev) are normalized to the GPU TDP.

Fig. 6(right) shows that power draw across same-server
GPUs has large variability and is highly imbalanced.
Fig. 6(left) reveals that inter-GPU TDP allocations in most Al
Inference servers leave significant power unused. For example,
in over 60% of the fleet’s servers, 20-40% of the TDP
allocated to some GPUs is unused. This substantial power
budget could be harvested and reallocated to other power-
constrained GPUs within the same server. Hence, our analysis
suggests there is substantial headroom for server-level power
harvesting. A mechanism that dynamically and flexibly reallo-
cates such harvested power budget between each Al Inference
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Fig. 6: CDFs of power harvesting opportunities across same-

server GPUs (left) and standard deviation in power usage

across same-server GPUs (right). Values are normalized to the
per-GPU TDP.
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Fig. 7: CPU vs GPU utilization for three different production
models running real-world traffic.

server’s CPUs and GPUs has the potential to substantially
improve fleet-wide efficiency and service performance.

In § V, we present a mechanism that leverages this opportu-
nity to maximize performance/Watt by dynamically harvesting
and redistributing unused power budget within each server.
Specifically, under a fixed module/server power cap, we divert
power budget from underutilized CPUs/GPUs to power-limited
components where additional power supply yields the highest
marginal performance, improving the overall server efficiency.

III. UNDERSTANDING THE POWER-PERFORMANCE
TRADEOFF ON PRODUCTION Al SYSTEMS

To quantify the potential benefits of a dynamic power
assignment scheme across server components, we characterize
the Al Inference servers running production-grade models. To
illustrate the model heterogeneity present in our fleet, we select
three representative models.

Model A is a single-task recommendation model optimized
for click-through rate (CTR) prediction in mobile feeds. It uses
a standard recommendation architecture (e.g., deep learning
recommendation model) with sparse feature handling and CPU
is used for preprocessing and feature extraction.

Model B is a multi-task ad ranking model that predicts sev-
eral metrics (e.g., CTR, ad quality, conversion rate) for a web-
service scenario. It features a more complex neural network
with shared layers and multiple output heads, and is GPU-
optimized to handle large-scale, multi-objective inference.

Model C is a multi-task content ranking model focused
primarily on CTR prediction for the content of web services.
While it shares the multi-task approach with Model B, it is
less complex in terms of the number of tasks, and is more
GPU-bound, tailored for content ranking.
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Fig. 8: Request rate (QPS), GPU utilization, GPU power draw, and service latency for models A, B, and C on CPU-GPU
hardware platforms for Al inference. Input load increases over time, and all values normalized from zero to one. QPS-util /
QPS-power R? correlation values across the three models are A: 0.73 / 0.84, B: 0.71 / 0.85, C: 0.79 / 0.94.

Fig. 7 shows the relationship between GPU and CPU
utilization for these three models while running production
traffic. While all models exhibit a linear correlation between
CPU and GPU utilization, the slope of this relationship, i.e.,
the ratio of CPU to GPU usage, varies significantly. Model
A is more CPU-intensive, Model C is more GPU-bound, and
Model B falls in between.

This heterogeneity in resource scaling motivates the need
for model-aware power management and resource allocation
schemes. A one-size-fits-all approach is insufficient; instead,
power management strategies must account for the diverse
compute profiles present in an inference fleet.

A. Load Testing on Representative Models

We perform inference load testing for the selected models
on Al Inference servers. For these experiments, we leverage
the load-testing infrastructure. In each test, we gradually
increase the query rate until the system fails to meet its SLO
for P99 tail latency. During the test, we continuously monitor
system metrics, including GPU utilization, GPU power draw,
and end-to-end inference latency.

Fig. 8 presents data for the three selected models. We
normalize all values to their maximum, hence the y-axes across
plots are in the 0—1 range. We observe a congruence in the
shape of the QPS, GPU utilization, and GPU power draw
curves, which is consistently observed across all load-tests.
QPS-utilization and QPS-power closely fit a linear regression
model, indicating a strong linear correlation among these
properties—R? values range between 0.71 and 0.94, and are
quoted in Fig. 8’s caption.

The correlation between QPS, utilization, and power usage
is intuitive. As load increases, GPU utilization and power
consumption grow. Our measurements empirically confirm
that the correlation between the fields is effectively linear,
allowing for simple power management schemes to be efficient
at production datacenters.

Fig. 8d quantifies P99 latency as a function of load, which
follows a typical shape: latency increases mostly linearly with

load, with inflection points at high load where latency spikes,
which indicate that server is unable to keep up with the arrival
rate and starts experiencing longer queuing delays.

Overall, this set of experiments shows that, within the
operational range before saturation, GPU utilization, which is
an application-agnostic signal, can serve as a practical proxy
for managing power consumption and understanding its impact
on performance (i.e., tail latency), in production environments.

B. A Closer Look at Single Al Inference Server

Next, we conduct a detailed study on an isolated Al Infer-
ence server, enabling fine-grained measurement and configura-
tion. We select two high-impact models, C; and C5, which are
different variants of Model C. The server is an Nvidia Grace
Hopper system [31], equipped with an integrated H100 GPU
and a Grace CPU.

For each model, we incrementally increase the input load
(QPS) while keeping all driver configurations at their default
settings. TDP limit control is one of mechanisms for power
management in these GPUs. Hence, we repeat the experiment
across a range of configurable TDP limits, from the maximum
hardware allowed value (T'DP;y) to lower settings.

Behavior at the maximum TDP is similar to those observed
in Fig. 8. We note that latency inflection and SLO violations
occur before the server reaches its power cap. Prior to the
saturation point, total server power draw increases linearly
with load. By instrumenting the server, we also measure the
power consumption of individual components: GPU, GPU
memory, CPU, and CPU memory. For model C1, the power
breakdown remains consistent across loads: GPU (65%), GPU
memory (10%), CPU (22%), and CPU memory (3%). Model
C5 exhibits a similar per-component power draw ratio, but the
absolute power draw differs considerably.

Fig. 9 presents results for model C; at a reduced TDP of
0.5 xT D Py, revealing a more nuanced behavior. This setting
is common in power-oversubscribed environments. Fig. 9a
shows the component-wise power usage as load increases. As
the server approaches its power limit, GPU power usage drops,



1.0 = 1.0
20.8 N GPU #z% GPU Mem éO.S —e— P99 Averag
206 0.6
§0.4 -0.4
c0.2 50.2
Z0.0 Z0.0 "

0.0 0.2 04 06 0.8 1.0 0.0 0.2 04 06 08 1.0
Normalized QPS Normalized QPS
(a) Power draw. (b) Average and P99 latency.

51.0 51.0
0.8 —‘—\\ 4§0.8
206 0.6
Qo4 20.4
£0.2 £0.2
20.0 S

=0.0
0.0 02 04 06 08 1.0
Normalized QPS Normalized QPS

(c) GPU frequency. (d) GPU Utilization.
Fig. 9: QPS sweep on production model Cy with 0.5%xT D Py;.

00 02 04 06 08 10

while the other components continue to rise. This is due to a
reduction in GPU frequency (fg), which can fall to 55% of
its maximum (fgas), as shown in Fig. 9c. This behavior is
attributed to voltage and frequency scaling (DVFS) [26], [45],
employed by the system to enforce the power cap.

As the power limit is reached and GPU frequency decreases,
GPU utilization increases more steeply, diverging from the lin-
ear trend. This is because, at lower frequencies, the GPU takes
longer to process the same load, increasing both utilization and
request latency. As a result, requests queue and SLO violations
occur at lower loads, as shown in Fig. 9b, with power now
acting as the primary bottleneck. In these plots, we omit other
models for brevity, as they exhibit qualitatively similar trends.

From these sweep tests and available documentation, we
infer that the baseline server-level power control scheme relies
on DVFES, but only modulates the GPU frequency when power
usage approaches the TDP limit. The driver exclusively adjusts
the GPU frequency, while the CPU frequency remains fixed
at its maximum value (fcoar). As a result, both the GPU and
CPU operate at their respective maximum frequencies (faas
and fo ) at all other times, regardless of the actual workload,
until the GPU frequency is capped.

Notably, when no models are loaded and the server is idle,
the GPU frequency drops to a semi-idle state (20% of faar).
However, as soon as a model is loaded, even if there are no
queries, the frequency immediately returns to fg s, leading to
unnecessary power consumption during idle periods.

These findings expose opportunities for improved power
management. The current scheme only reacts to power lim-
its and does not proactively optimize for power efficiency
under varying loads, leaving power savings untapped. For
the remainder of this paper, we experiment with frequency
limits directly, rather than power limits, to isolate potential
interferences and conflicting settings, given the presence of a
built-in power management mechanism from the vendor.
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Fig. 10: Heatmap of power usage in minimum power con-
figuration relative to power usage of baseline for production
models C and Cs with varying QPS and SLO.

IV. UNDERSTANDING POWER SAVING OPPORTUNITY

In this section, we explore the theoretical power savings
achievable by fine-tuning server parameters for each applica-
tion, given its input load and SLO. The goal is to reduce CPU
and GPU power draw while meeting the service’s SLO. We
perform this characterization with the same inference models
and hardware used in production.

To empirically determine the minimum power settings that
meet the SLO, we sweep over GPU and CPU frequencies for
each input QPS and SLO. We set GPU frequency from 53%
to 100% of faas (in discrete steps defined by the driver), and
CPU frequency from 71% to 100% of foas.

Although both GPU and CPU frequencies can be further
reduced, we did not observe any additional power savings
due to the limitations imposed by static leakage power and
voltage scaling. Since the workloads examined are relatively
insensitive to changes in CPU frequency we choose to make
the CPU frequency sweep less granular.

Fig. 10 presents the ratio between the power usage under
frequency control (i.e., the optimal setting) and the baseline,
across different QPS and SLO configurations for models
C7 and C5. The findings suggest that more lenient SLOs
allow more power savings: lowering frequency reduces power
consumption at the cost of higher latency, and relaxed latency
constraints provide more opportunities for power reduction.

For instance, in model C5 with a fixed load of maximum
QPS (1.0), we find that an SLO of 0.5 X SLO,,4, cannot
be met by any CPU/GPU frequency setting. However, when
the SLO is set to SLO,,4:, the optimized frequency setting
achieves a 30% reduction in power consumption compared to
a system operating at maximum frequencies.

Similarly, lower QPS enable greater power savings, as the
server can operate at lower frequencies when handling fewer
requests. At higher loads, the server must operate at higher
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Fig. 11: Theoretical power draw with per-epoch optimal CPU
and GPU frequencies for C, compared against the baseline.

frequencies to keep up with demand, leaving less opportunity
for power reduction. This effect is compounded by the fact that
latency also increases with QPS, further limiting the potential
for power savings at high loads.

While overarching patterns are consistent across the two
models, the optimal frequency, power settings, and the mea-
sured latencies, exhibit substantial discrepancies. For instance,
we note that model C5 is more compute intensive; hence, it
cannot meet the tight SLO deadlines at higher QPS loads even
with the highest CPU/GPU frequency. Consequently, it also
shows lower power savings with optimal frequency settings
compared to model C5. This observation further highlights
the need for model-specific tuning.

To further evaluate the theoretical power savings in a
dynamic, production-like scenario, we generate a load pattern
that fluctuates over time. Specifically, we conduct an hour-long
experiment with model C, during which we induce varying
QPS values at each epoch (lasting ~4 minutes,) to mimic the
observed load patterns from production driving QPS from zero
up to the maximum sustainable value.

We measure the baseline power consumption throughout
this load trace. To determine the theoretical minimum power,
based on the earlier frequency sweep results, we ensured that
the server can operate at the minimum power to meet the SLO
for the given load at each discrete sampled point. Specifically,
we set the P99 latency limit to be the highest sustainable load
achieved when the server operates at is maximum frequency.

Fig. 11 presents the computed theoretical minimum power
consumption across the evaluated load profile, alongside the
measured baseline power draw. On average, the theoretical
minimum achieves a 30% reduction in power consumption
compared to the baseline under this workload. Power savings
are most pronounced at lower load levels, where increased
latency slack relative to the SLO enables more aggressive
frequency scaling and, consequently, greater power efficiency.

Due to space constraints, we omit results for C5. We note
that the C; model achieves a similar power reduction of 31%,
although with different frequency scaling configurations.

Alternative Potential Power Saving Opportunity: An inter-
esting observation suggests a tangential direction to investigate
for power saving. At lower QPS, the server can have its
frequencies further reduced, resulting in sub-linear power
scaling. In other words, serving half of the maximum load
can consume less than half of the total server power. For

example, if the power required to handle the maximum QPS
while meeting 0.75 X SLO,q, is Parg, then handling half
the QPS at the same SLO requires only 0.37 x Ppsq. This
implies that, in theory, distributing the same total QPS across
two GPUs, each operating at lower load, could achieve the
same throughput and SLO using only 74% of the power.

This non-linear power saving is not observed when simply
varying QPS at a fixed frequency. Instead, it is enabled by
actively controlling the operating GPU and CPU frequencies.
While it is not practical to double the number of servers
for the same workload given current hardware costs, this
insight shows the potential for further power savings through
smarter workload distribution and frequency scaling. Further
investigation into the underlying causes, such as serialization,
batching, or architectural bottlenecks, could reveal additional
opportunities to improve future server designs.

V. MODULE-LEVEL POWER BUDGETING FOR
PRODUCTION AI INFERENCE

To achieve practical and scalable power management in
production datacenters, we introduce a real-time module-
level power budgeting mechanism that maximizes perfor-
mance/Watt under the module’s power envelope. Instead of
assigning static, per-component limits, our controller con-
tinuously redistributes the available power budget across
the CPU and GPUs based on instantaneous demand, giving
power to components that are currently performance-limited
and reclaiming power from components with slack. We use
CPU/GPU frequency scaling as the actuation mechanism to
enforce these dynamic budget splits using existing production
interfaces, enabling deployability without application changes.

Server-level Power Budgeting Abstraction. We treat each
server as a power-constrained module with a configurable
power cap P,s. At each control interval, the goal is to
choose per-component budgets (Pc, Pg,, ..., Pg, ) such that
Po + Zi Pg, < Py while maximizing Performance/Watt
and preserving SLO headroom. For GPUs, as production
platforms expose frequency controls but limited direct power-
capping primitives, we realize budget reallocation implicitly by
adjusting component frequencies, which modulate component
power. We directly set the power budget for CPUs.

Proxy-Based Load Monitoring: A challenge in datacenter-
scale power management is the lack of direct, real-time visibil-
ity into workload intensity at the individual server level, such
as per-server QPS. While QPS is available at the service level
through orchestration systems, it is not readily available across
the fleet. Thus, a host is, by design, unaware of which service
it is running, its SLO targets, or QPS. Furthermore, inference
workloads are often multiplexed and rapidly changing, and
orchestration layers typically abstract away application-level
metrics. As a result, it is difficult to obtain timely and accurate
load information needed for effective power control, without
resorting to intrusive instrumentation or complex integration
with application logic.

To overcome this limitation, we rely on GPU utilization
(ug) as a proxy metric. It is universally available, strongly



correlated with actual server load (as established in § III),
and aligns with the overarching deployment design of keeping
hosts service-agnostic. In addition, u¢ has a direct relationship
to the volume of inference work being processed, and it is
tightly coupled with GPU frequency (fg), which is the primary
control lever for our power management.

Empirical analysis from Fig. 8 shows that a server’s query
throughput is closely linked to both the GPU frequency and
its utilization. Specifically, for a fixed workload, increasing
the GPU frequency accelerates query processing, which in
turn reduces the observed utilization. Conversely, lowering the
frequency increases utilization for the same workload. This
inverse relationship means that the product of GPU frequency
(fe) and utilization (u¢) remains approximately constant for a
given query rate, i.e., fo*ug =~ @, Where @J,, is the number
of queries served. Hence, ug serves as a robust, low-latency
indicator of system load.

We also use ug as an indicator of whether the GPU is

currently power-limited: persistently high ug suggests the
GPU would convert additional power (higher frequency) into
performance gains, while low u¢ indicates slack where power
can be harvested. This allows the controller to move the
server’s fixed power budget toward components with higher
marginal performance benefit per additional watt.
Power Sloshing Control Loop: A design principle of our
mechanism is to maintain GPU utilization within a target
range that reflects the operational envelope validated by service
owners. In practice, models are provisioned and tuned to
operate reliably at specific utilization levels, ensuring that
SLOs are met even during periods of bursty or peak demand.
Operationally, the target range defines how much headroom
we reserve; any slack below the range is harvested as power
budget and reallocated, while deviations above the range
trigger immediate budget return to the GPU.

Running consistently below this range leads to unnecessary
power consumption, while operating too close to saturation
leaves insufficient headroom for transient load spikes, increas-
ing the risk of SLO violations. By keeping utilization within
a carefully selected range, we ensure that power management
decisions are both efficient and aligned with the reliability
expectations of production services.

Building on this principle, our mechanism operates as a
closed-loop controller, periodically sampling u and adjusting
fc and, by extension, fo for the CPU, to maintain ug within
a target range. Our controller currently explicitly controls the
frequency of CPUs and GPUs, but not of their memories; we
observe that memory power consumption is meager relative to
the processing units (Fig. 9a). However, explicit memory fre-
quency control remains an interesting extension. The control
flow is described in Alg. 1, and it executes according to the
following principles.

At each step, the controller compares the current GPU
utilization (ug) to a predefined target range, [Umin,Umaz)-
If ug < Upmin, the controller harvests unused GPU power
budget by throttling fo (line 5), freeing module power that
can be reassigned to other components (CPU or peer GPU).

Algorithm 1 Module-Level Power Sloshing Control.

1: Inputs: Module power cap P,;; GPU utilization targets
Umin < Umaz; GPU frequency levels F¢ with max fans
GPU power model Ps(fc,uc); CPU-GPU frequency

mapping F'(-)

2: while system is running do
3:  Read current GPU utilization ug
4: if ug < Upm;n then
5: Decrease GPU budget: fo + LOWER(Fg, fa)
6: else if ug > Uy, then
7: Increase GPU budget: fo < fam
8: end if
9:  if power-constrained then
> Budget reallocation mode
10: Estimate GPU power: Po « Pg (fo,ug)
11: Compute CPU budget: P < max{0, Py; — Pg}
12: Apply CPU power cap: SETCPUPOWERLIMIT(P¢)
13:  else
> Energy optimization mode
14: Coordinated CPU scaling: fc + F(fq)
15: Apply CPU frequency: SETCPUFREQ( f¢)
16:  end if

17: end while=0

If ug > Umaqz, the controller immediately reassigns budget
to the GPU by setting fo = fga (line 7) to protect latency
during bursts.

Depending on the operational regime, the algorithm either
optimizes for performance under the fixed aggregate server
power budget, or modulates frequency for power savings. In
the power-constrained regime (lines 9-12), the selected GPU
frequency dictates the respective GPU power budget, and the
remaining budget is allocated to the CPU. Because GPU power
does not instantaneously track frequency changes and direct
per-interval GPU power availability is not explicitly exposed,
we estimate the GPU’s steady-state power under the chosen
fc using the power model derived from our characterization.
We then compute the residual CPU budget as Po = Py —
>, Po,(fa,uc) and apply this cap using the CPU power-
limit interface. This ensures the module is within P,; while
harvesting and reusing otherwise stranded power.

When the server is not power-constrained—e.g., during
periods of low demand—the algorithm instead operates in
energy optimization mode (lines 13—16). The CPU frequency
is derived from the previously determined GPU frequency
(lines 4-8) via a linear mapping fc < F(fq), leveraging
the observed correlation between CPU and GPU utilization
at power-optimal points and avoids separate CPU monitoring
overhead. This simple mapping aligns well with empirical
behavior across our workloads; non-linear regions primarily
appear only at very high load, but are practically bounded
by load balancing and further mitigated by our fast ramp-
up policy (immediately setting fo = fgas upon a utilization
spike). We use module-level budgeting as the default and de-
ploy coordinated DVFS when global power headroom makes



budget reallocation unnecessary.

Per-Model Target Utilization Selection. The feedback loop
in our power management scheme steers GPU utilization (ug)
toward a target range, which must be carefully chosen to
balance power efficiency and SLO compliance. If the target
utilization thresholds (umin, Umax) are set too high, the system
may lack sufficient headroom to absorb sudden load spikes,
increasing the risk of SLO violations. Conversely, thresholds
that are too low can miss out on power-saving opportunities.

To address the diversity of models and workloads in large-
scale datacenters, we select these thresholds on a per-model
basis. Specifically, for each model, we analyze historical
CPU and GPU utilization traces collected while running at
maximum frequency under production workloads. We then
set the target utilization range based on a chosen percentile
of observed utilization, ensuring that the system maintains
enough slack to handle typical workload bursts while still
reducing power during periods of lower demand.

We implement two variants of this approach: in a more
aggressive Power-Optimized configuration, we set the target
to the 90th percentile of historical utilization (P90, e.g., 60%—
70% utilization in C}), maximizing power savings. In a
more conservative SLO-Optimized configuration, we use the
75th percentile (P75, e.g., 40%-50%), providing additional
headroom to further reduce the risk of SLO violations. By
adapting target utilization thresholds to each model’s unique
resource profile and workload variability, our approach pro-
vides robust SLO compliance and maximizes power savings
across heterogeneous deployment scenarios.

Responsiveness and Stability. The proposed dynamic power
management scheme must ensure that the control loop can
react quickly enough to sudden changes in workload, while
avoiding instability or oscillations in frequency settings.

In our system, the main source of control latency is the in-
terval at which GPU utilization (u¢) is sampled and reported.
We set the interval to 100 ms to balance responsiveness and
stability: it is short enough to capture rapid spikes from traffic
bursts or batch arrivals, but long enough to filter out transient
noise and prevent unnecessary frequency changes. This time
granularity also aligns well with the responsiveness needed for
production Al inference workloads, with typical p99 SLOs in
the tens to hundreds of ms range.

Frequency scaling is highly efficient, with hardware-level
transitions typically completing within 100 us to a few mil-
liseconds. As a result, the end-to-end response time of the
control loop is dominated by the utilization sampling interval.

To further improve responsiveness to load surges, we imple-
ment an explicit fast-response mechanism. When ug exceeds
the upper threshold %42, the controller immediately increases
the GPU frequency to its maximum value (fgas) in a single
step, rather than ramping up gradually (Alg. 1, lines 6-
7). This ensures that the system can promptly accommodate
sudden increases in query volume, minimizing the risk of SLO
violations during bursts. In contrast, when reducing frequency
in response to lower utilization, the controller steps down one

frequency level at a time (Alg. 1, lines 4-5). The conservative
approach prevents over-correction and oscillatory behavior,
which could otherwise degrade both performance and power
efficiency. This asymmetric adjustment policy: rapid upscaling
and gradual downscaling, provides robust stability across a
wide range of production workloads.

Implementation Simplicity and Generality. The proposed
mechanism is intentionally simple, requiring only access to
standard GPU utilization counters and frequency control in-
terfaces (e.g., via NVIDIA’s NVML or similar APIs). It does
not depend on application-specific instrumentation, detailed
workload characterization, or offline profiling. These charac-
teristics make it practical, broadly applicable across diverse
server types and workloads, and easy to deploy at scale.

By prioritizing GPU control and deriving CPU power bud-
get accordingly, we further reduce monitoring overhead and
complexity. This design decision is justified by the observation
that, in Al inference servers, the GPU is the primary power
consumer and performance bottleneck, while the CPU’s role
is secondary and closely coupled to GPU activity.

Summary. In summary, our mechanism provides a practical,
low-overhead template for real-time server power management
in datacenters. By leveraging GPU utilization as a proxy
for load and employing a simple, robust control loop, it
achieves power savings with minimal risk to performance or
SLOs. We treat DVFES as an actuation mechanism for dynamic
server-level power budgeting: under a fixed module power
cap, we continuously harvest slack power from underutilized
components and reassign it to the currently performance-
critical components. This approach establishes a new baseline
for server-level power management, upon which more sophis-
ticated or workload-specific strategies can be built.

VI. CASE STUDIES

In this section, we first evaluate the effectiveness of our
module-level power sloshing algorithm (Alg. 1) across a
range of module power limits and workload characteristics, to
quantify how well it reallocates power between CPU and GPU
under different power-constrained scenarios. Then, we run the
system at the maximum module power limit and evaluate
power savings and SLO impact. Our goal is to demonstrate that
even a simple, utilization-driven scheme can yield immediate
power savings with minimal implementation effort, while also
establishing a new baseline for future, more advanced power
management strategies.

Experimental Setup. For a consistent comparison, we use
the same server hardware (NVIDIA Grace Hopper system [31]
with an H100 GPU and a Grace CPU). In terms of workloads,
in addition to AI models characterized in § III-B (A, B,
C1, C5), we test another high-impact inference model, D1,
in order to showcase how the simple schemes perform in
different loads, and to gauge workload-specific optimization
opportunities. The input load trace is the one illustrated in
Fig. 11. This trace is designed to exercise the system across
a broad spectrum of operating conditions, including periods



of low, moderate, and high load, as well as abrupt transitions
between these states.

Stress Testing. To assess the robustness of our approach,
we intentionally include stress scenarios that push the system
beyond its typical operating envelope. We posit that evaluating
under such conditions, where the baseline itself may experi-
ence SLO violations, provides deeper insight into the true per-
formance boundaries and resilience of the power management
scheme. The load trace includes multiple transitions, ranging
from idle (zero load) to loads approaching or exceeding the
maximum sustainable QPS. Inclusion of extreme load spikes
ensures our design meets quality of service (QoS) targets in
all expected live query traces.

Metrics. We evaluate each configuration by measuring two
metrics: (1) average power consumption, and (2) the fraction
of queries violating the SLO. The SLO is defined as the 99th
percentile latency observed at the highest sustainable load with
the server operating at maximum frequency, consistent with
the Baseline configuration, allowing for a direct comparison
of power savings and QoS across all schemes.

Evaluated Schemes. We implement and evaluate two vari-
ants of our utilization-based power management algorithm as
described in per-model target utilization selection in § V: SLO-
Optimized scheme and Power-Optimized. Both variants follow
the same control mechanism described in § V, differing only in
their target utilization thresholds. Contrasting results of the two
variants serves as a sensitivity analysis that provides insights
into the tradeoff of QoS and power savings.

We compare both variants against two schemes. Baseline is
the default configuration with static, maximum frequency and
no dynamic power management. Theoretical Minimum is the
idealized lower bound on power draw (§ IV) where frequency
is optimally tuned at each load without overheads.

A. Evaluation Results

Server Power Budgeting. We first evaluate the server-level
power budgeting algorithm (Alg. 1) on production hardware
and two production models. Server power limit refers to the
maximum combined power of all components, i.e., CPU, GPU,
and other (such as memory). We perform a sweep on the server
power limit and compare an out-of-the-box baseline against
our workload-aware policy that dynamically apportions power
between CPU and GPU. Fig. 12 shows the Performance/Watt
improvement of our proposed solution over the Baseline across
different server power limits. We define performance as the
highest load (QPS) the system can support without violating
SLO. Then, Performance/Watt is scaled by the total server
power. Across models and server power limits, our system
outperforms the Baseline by up to 1.83 x. The gains are higher
under tighter power caps, where misallocation is less forgiving.

To explain these gains, Fig. 13 reports the component-
level power distribution (CPU vs GPU). Due to space con-
straints, we present results only for Model-A, while Model-B
follows similar trends. Compared to the Baseline, our policy
consistently shifts budget away from the less power-sensitive
component toward the bottlenecked component (from CPU
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Fig. 12: Performance/Watt of our proposed policy for two
production models normalized to that of Baseline.
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Fig. 13: Power split across components with different server
power limits for Model-A, with Baseline and with our policy.

to GPU in this case). Thus, the system avoids wasted power
headroom and improves throughput per watt.

Finally, Fig. 14 shows GPU utilization for Model-A under

the Baseline and our policy across server power limits. Under
tight power budgets, the Baseline often assigns an insufficient
share of the server budget to the GPU, leaving it power-
throttled and underutilized, despite being needed for high
throughput. In contrast, our workload-aware policy consis-
tently allocates enough power for the GPU to run near its
efficiency-optimal operating point, sustaining high utilization
(around ~75%) and thereby translating the available budget
into higher throughput. As the server power limit increases, the
gap narrows: once the system is no longer power-constrained,
both the baseline and our policy converge to similar GPU
utilization levels and comparable behavior.
Power Consumption. Next, we evaluate power savings when
the module is not power constrained. Fig. 15 shows the power
consumption profiles of all evaluated schemes over the course
of the dynamic load trace for Cy. The Theoretical scheme,
which represents an idealized lower bound with perfect, in-
stantaneous frequency tuning, consistently achieves the lowest
power usage, illustrating the opportunity for power savings
relative to the Baseline configuration.
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Fig. 14: GPU utilization under baseline and under our policy
with different server power limits.
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Fig. 15: Server power draw for C over time in schemes: Baseline, SLO-Optimized, Power-Optimized, and Theoretical.
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Fig. 16: P99 latency over time for the evaluated schemes in . Latency is normalized to its SLO value.

Both the Power-Optimized and SLO-Optimized schemes,
which implement our practical utilization-based control, main-
tain power consumption well below the baseline throughout
the experiment. Notably, their power profiles closely track the
theoretical minimum, particularly during moderate and low
load. Averaged over the one-hour run, the Power-Optimized
scheme reduces total power consumption by 24%, while the
more conservative SLO-Optimized variant achieves an 11%
reduction. These results demonstrate that efficiency gains are
possible even with simple, deployable mechanisms.

At high load levels, as the system approaches the max-
imum sustainable QPS, both practical schemes converge to
the Baseline, as they must operate at maximum frequency to
avoid SLO violations. Under these conditions, the aggressive
Power-Optimized scheme offers little to no additional benefit
compared to the SLO-Optimized scheme, since any further
frequency reduction would compromise latency guarantees.

In contrast, the theoretical minimum continues to realize
modest power savings even near peak load, as it can exploit the
non-linear relationship between frequency and power, where
small reductions in frequency yield power savings due to
the superlinear scaling of dynamic power with frequency.
However, in practice, the aggressive scheme cannot reliably
detect or respond to such fine-grained load variations in real
time, and thus defaults to peak frequency as soon as the load
nears the system’s capacity limit.

SLO Attainment. We next evaluate the impact of power man-
agement schemes on QoS, as measured by SLO compliance.
Our primary metric is the fraction of intervals in which the
P99 latency exceeds the SLO threshold. This metric reflects
the proportion of time intervals where at least 1% of requests
failed to meet the latency target. By the experiment’s design,
query arrival rate is constant per load level. Since query
count per interval is about the same, the fraction of SLO-
violating intervals is a stricter a metric than the fraction of
SLO-violating queries.

Fig. 16 shows the P99 latency over time for the evaluated
schemes for C;. Under the stress-test workload, Baseline

exhibits SLO violations in 4% of sampled intervals, confirming
the challenging nature of the load trace. The conservative
(SLO-Optimized) scheme closely tracks the Baseline, with
SLO violations in 5% of intervals which is only a marginal
increase. These results demonstrate that power savings can be
achieved with minimal impact on QoS.

In contrast, the aggressive (Power-Optimized) scheme shows
an increase in SLO violations, with 14% of intervals exceeding
the latency limit. Violations occur more frequently, and the
magnitude of latency spikes is higher. These results indicate
that while the aggressive configuration maximizes power sav-
ings, it does so at the expense of SLO robustness, making it
less suitable for latency-sensitive or highly variable workloads.

As expected, the majority of SLO violations and latency
spikes are concentrated around periods of abrupt load in-
creases, when the system must scale up resources to maintain
performance. While the overall trends are consistent, we
observe occasional non-deterministic behavior. For example,
around the 43-minute mark, the Baseline configuration exhibits
a higher P99 latency than the conservative scheme, despite
always operating at equal or higher frequency. Such anomalies
likely arise from transient effects in workload scheduling or
queuing. For instance, brief imbalances in request distribution
can lead to temporary queue build-up on certain servers,
amplifying tail latency. Additionally, contention for shared
resources, such as memory bandwidth or I/O, can momentarily
degrade performance, even when CPU or GPU frequencies are
not the limiting factor.

Average Latency. Fig. 17 shows the average latency over time.
Across all evaluated schemes, the average latency remains
well below the SLO threshold throughout the experiment, even
during periods of high load or frequent transitions.

Resource Utilization. Fig. 18 shows the GPU utilization
profile for the evaluated schemes. Both the conservative and
aggressive power management schemes maintain higher and
more stable GPU utilization compared to the Baseline, except
during periods of zero load. This reflects the effectiveness of
the control loop in keeping the GPU operating closer to its
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schemes, normalized to its SLO value.

<100 - — —
o —— Baseline SLO-Optimized —— Power-Optimized
c 80
o
= 60
= 40
-]
3 20
o
o O
0 10 20 30 40 50 60
Time (min)

Fig. 18: GPU utilization for C} int the evaluated schemes.

target utilization range, thereby improving power efficiency.
CPU utilization also increases slightly under the power man-
agement schemes, but the effect is less pronounced.

Results for Additional Models. Fig. 19 shows the normal-
ized average power usage across different models with each
scheme. We observe similar trends to C; in both Cy and D1,
with slightly reduced gains. Both models achieve 8% and 19%
reduction in power consumption in SLO-Optimized and Power-
Optimized respectively. We speculate that workload-specific
characteristics, such as ratio of CPU power consumption,
affect variance in power saving.

For C5, SLO-Optimized maintains the QoS with SLO vio-
lations increasing from 9% in the Baseline to only 10%. With
Power-Optimized, SLO violations rise to 12%.

In contrast to the C' models, D; shows no SLO violations
across the Baseline, SLO-Optimized, and Power-Optimized
schemes: service latency for D, is lower than other workloads,
which helps sustain shallower query queues in sudden load
bursts. D1 maintains perfect QoS, and could potentially benefit
further from a more aggressive power-saving scheme.

Power Overhead of the Algorithm. To evaluate the efficiency
of our practical scheme, we assessed its impact on both system
power and performance. We validate that our implementation
is lightweight and introduces negligible overhead with an
experiment measuring power consumption and latency under
two conditions: zero load and maximum load, with and without
the algorithm enabled. For the Baseline comparison, we man-
ually matched operating frequencies to those observed when
the algorithm was active. The results indicate no measurable
difference in power consumption between the two scenarios.
Additionally, at maximum load, we did not observe any
difference in system latency.

Multi-GPU Server Implications. Modern GPU servers house
4-8 GPUs operating under a shared server-level power budget.
Accordingly, our approach monitors utilization and power of
each GPU (and CPU) and redistributes the available budget
across them, from relaxed GPUs to power-limited GPUs,
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Fig. 19: Server Power Usage for the evaluated benchmarks at
each configuration, normalized to the baseline.

rather than treating each GPU in isolation. The control logic
operates per GPU with ~ 100 us CPU overhead per 100ms
interval. This cost is mostly parallelizable and remains negli-
gible even for 8 GPUs. A firmware-level implementation can
further reduce overhead and enable tighter control intervals.
A multi-GPU server can either be operating on several
independent colocated models, or on a single model in a
tensor-parallel setup. In the former case, independent GPU
control naturally aligns with the deployment’s nature. Fig. 6’s
results are derived from an 8-GPU server with colocated
services, demonstrating intra-server power variability that per-
GPU control handles seamlessly. In the latter case, because
GPUs synchronize at layer boundaries (e.g., all-reduce op-
erations), coordinated frequency scaling is desired to pre-
vent creating GPU stragglers. Practically, uniform utilization
within parallel groups ensures that all GPUs receive consistent
frequency scaling, mitigating the concern. Nonetheless, an
explicit coordinated policy that enforces a uniform frequency
across all GPUs in a parallel group would be a reasonable
minimal-overhead safeguard that is easy to add.

VII. FUTURE DIRECTIONS

Based on our experience, we outline guidelines and oppor-
tunities for the design of next-generation Al infrastructure.
Early and Richer Signals. The effectiveness of power man-
agement can be further improved by integrating earlier and
richer signals into the control loop. The current design reacts
to observed utilization, which lags behind actual changes in
the load. By wiring upstream information, such as load fore-
casts from the load balancer or application-level intent, into
the controller, the system can anticipate demand surges and
adjust power states proactively. This reduces the risk of SLO
violations during load bursts and enables operation at lower
baseline frequencies, further improving power efficiency.
Co-Optimizing Load Balancing and Power Management.
Traditional load balancers are agnostic to server power states,
focusing on performance and fairness. By making load place-
ment decisions to account for the current or projected power
state of each server, the system can consolidate workloads onto
fewer, more efficiently utilized machines, allowing others to
enter deeper power-saving modes. Such rack- or cluster-level
coordination can yield additional power savings beyond what
is possible with localized server-level control alone.
Predictive and Learning-Based Approaches. Predictive
techniques, including machine learning, offer further opportu-
nities for proactive power management. By analyzing histori-
cal load traces, the system can learn to recognize patterns that
precede demand spikes and preemptively adjust power states.



TABLE I: Comparison of different power management approaches.

Aspect Profile-based [5], [25], [36], [52]

Learned (RL/ML) [54], [57]

Our approach

Per-model setup Profiling per model
App-level (QPS, latency)

Re-profiling needed

Input signals

New model adaptability
Scalability Centralized profile DB
Deployment overhead Moderate

Potential savings Potentially higher per-workload

Training per model/class

Multiple, app-specific

Potentially higher with data

None

Generic HW counters (utilization)

Re-training needed Immediate
Model serving infra Per-GPU, independent
High Minimal

Good (11% in production)

While this introduces additional complexity and the risk of
misprediction, it can complement reactive control, especially
in environments with highly regular or forecastable workloads.
Hardware-Based Power Management. By embedding power
control mechanisms directly into CPUs, GPUs, and accelera-
tors, future systems can respond to workload changes with
minimal latency and overhead, independent of software stack
complexity. Such hardware-level intelligence enables fine-
grained, real-time adaptation to dynamic workloads, reducing
reliance on software orchestration and unlocking new levels
of efficiency for Al inference at scale.

Software-Level Opportunities. Software-level optimizations
can complement hardware-based power management. Applica-
tion developers can expose workload characteristics, deadlines,
or SLO requirements to the underlying system, enabling
more informed and aggressive power control. Compiler and
runtime techniques can further optimize code paths for energy
efficiency, while new APIs can facilitate tighter integration
between application logic and power management policies.

VIII. RELATED WORK

Cluster Resource Management. A large body of research
addresses resource efficiency in large-scale clusters under
SLO constraints. Prior work explored resource sharing [3],
[30], [34], dynamic allocation [50], [55], and hardware re-
configuration [20] for traditional workloads. Other efforts
focused on safe power management and oversubscription [12],
[23], [41], leveraging workload characteristics [21], [53] and
system state [40] to make decisions. Several works explore
interference- and heterogeneity-aware scheduling based on
workload and server profiling to improve power efficiency in
both traditional datacenters [5], [25] and Al servers [36], [52].
These approaches often require detailed workload profiling,
application-specific instrumentation, or complex orchestration.
In contrast, our work uses a lightweight, generalizable mecha-
nism that operates transparently across diverse Al inference
workloads, requiring only standard hardware counters and
minimal configuration, facilitating practical deployment.

Datacenter Power Management. Recent systems have fo-
cused on improving datacenter-wide power utilization. Piga et
al. [35] describe safe DVFS boosting to expand capacity, while
Flex [53] and SmartOClock [40] oversubscribe power budgets
using workload-aware techniques. SmoothOperator [12] re-
duces peak draw by spreading synchronous services. Statistical
multiplexing across servers [2], [8], [12], [19], [21], [23],

[37], [38], [49] enables safe oversubscription and cost savings,
with such policies adopted in practice [1], [7], [27]. Patel
et al. [33] propose a threshold-based safe oversubscription
scheme with recommendations for the thresholds based on
their Al workload analysis. Proposals for traditional [16], [24]
and ML servers [36], [52] use clock scaling based on measured
input QPS, current request queue size, and/or measured or
profiled service time. Others [4], [54], [57] further leverage
neural networks to predict request service time and modulate
frequency accordingly. These systems typically require cluster-
level coordination and stack integration. In contrast, our ap-
proach targets minimally intrusive power management for Al
inference, contained at the server level.

Energy-Efficient Workloads. Energy efficiency for CPU-
based workloads has been addressed by various frame-
works [10], [13], [24] which dynamically adjust power and
resources to meet SLOs. Recent work extends to GPU work-
loads [39], [45], [52], including DNN inference and train-
ing [47], [48], [51], using techniques like frequency scal-
ing [15], [18], [28], [29], [44], [56], [58], autoscaling [17],
and resource partitioning [14], [44]. Many solutions rely on de-
tailed workload characterization or application modifications.

Summary. Our contribution is a workload-agnostic, low-
overhead power-management scheme designed for broad,
datacenter-wide deployability. In contrast, much of the
prior work achieves strong results with higher-complexity,
workload- and platform-specific tuning and/or cluster-level
coordination, which is often practical only for a small set of
flagship models. Table I summarizes these differences.

IX. CONCLUSION

We presented an analysis of power usage in datacenters
serving Al inference. We find temporal and cross-model vari-
ability, limiting the effectiveness of static power management.
Motivated by our findings, we show that judicious dynamic
CPU and GPU power budget reallocation and frequency tuning
can improve performance under a fixed aggregate server power
budget, or reduce power consumption while largely preserving
QoS. We develop and deploy a practical, scalable, automated
algorithm that adapts power provisioning in real time, re-
quiring no application changes. Our experience underscores
the value of automation, workload diversity, and hardware-
software co-design for sustainable, high-performance Al in-
frastructure.
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