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ABSTRACT
Power capping, which is an essential component of power over-
subscription, has been widely used in data centers to host more
servers than allowed by the capacity of their power infrastructures,
in order to avoid expensive power upgrade and reduce capital ex-
penses. Traditionally, power capping is performedmainly with CPU
frequency and voltage scaling, which cannot be directly applied
to the GPU servers that are commonly deployed in today’s data
centers, because GPUs can have much higher power consumption
than CPUs. Recently proposed GPU power capping solutions are
designed for a single GPU and so cannot be used on GPU servers
that have a host CPU and multiple GPUs to process machine learn-
ing (ML) workloads. Hence, a joint power capping solution must be
designed to coordinate the host CPU and all the GPUs in a server
for optimizing ML inference performance.

In this paper, we propose CapGPU, a power capping framework
for today’s GPU servers that run ML workloads on multiple GPUs
and a host CPU in each server. In sharp contrast to existing solu-
tions that try to control the server power consumption by throttling
either the CPU or one GPU, in a separate manner, CapGPU features
a multi-input multi-output (MIMO) power control methodology
and a novel weight assignment algorithm that dynamically adjusts
the weights assigned to each CPU/GPU based on their measured
throughput. Consequently, the overall ML inference performance
can be optimized. Our hardware testbed results demonstrate that
CapGPU outperforms several state-of-the-art power capping so-
lutions by having more precise power control, higher inference
throughput, and better inference latency guarantees.

CCS CONCEPTS
• Hardware → Enterprise level and data centers power is-
sues; • Computing methodologies → Computational control
theory; Machine learning.
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1 INTRODUCTION
Recent years have witnessed a significant boom in the construction
of new data centers [10], partially due to the fast AI development
that has driven tech companies to build new AI infrastructures.
It has been predicted by AFCOM (a leading association for data
center professionals) that data center construction would increase
sixfold in the next three years [12]. In addition to IT equipment,
a significant capital expense (CapEx) of a data center is its power

delivery infrastructure, which is a hierarchy of devices (e.g., power
substation, power distribution unit) that supply power to different
IT equipment in the data center. Of the $200B worldwide spending
on data center systems annually, tens of billions of dollars have
been spent on power infrastructures [24]. To reduce this CapEx,
many data centers (e.g., Google [24], Meta [23], Microsoft [13]) have
adopted power oversubscription, which aims to host more servers
than allowed by the capacity of the power infrastructure, so that ex-
pensive upgrades of the power infrastructures can be avoided when
more servers need to be added to the data center. Power oversub-
scription is based on the key observation that servers rarely have
peak power draw at exactly the same time. However, power over-
subscription indeed imposes a risk of power overload, which could
trip the circuit breakers on the power devices and cause undesired
server shutdowns and outages. Hence, power oversubscriptionmust
be used together with power capping, which monitors the server
power consumption in real time and caps their peak power draw to
enable safe power oversubscription by preventing power overload.

Power capping has been used in production data centers for
years (e.g, Google [24], Meta [23], Microsoft [13], IBM [16]). For
example, IBM servers have been equipped with the “power capping”
feature as part of the IBM Active Energy Manager product, which
has been deployed in many IBM System x and System p server
models since 2007 [14]. Power capping can be enforced on a server,
a server rack, or even on an entire data center. For example, Meta has
deployed Dynamo, a data center-wide power capping system since
2013, across all of Meta’s data centers [34]. Traditionally, power
capping is performed by conducting DVFS (Dynamic Voltage and
Frequency Scaling) on the CPUs in a server, because CPUs used to
be the biggest power consumers. The objective of power capping
is to achieve the best server performance by using as much power
as allowed by the desired power cap. Unnecessarily throttling the
CPU DVFS to keep server power consumption way below its cap
(or budget) is highly undesired, because doing so can slow down
the applications running on the servers.

Unfortunately, CPU-based power capping cannot be directly ap-
plied to the GPU servers that are commonly deployed in today’s
data centers to accelerate AI computation. GPUs can have much
higher power consumption than CPUs, due to their higher densities
of memory and computing units executing in parallel. For exam-
ple, the power consumption of a high-end GPU used for AI (e.g.,
Nvidia H100) can reach 700 Watts. In such GPU servers, adjusting
CPU DVFS has small or even negligible impacts on the high GPU
power consumption. As a result, the traditional CPU-based power
capping solutions have become much less effective for GPU servers,
because they cannot adapt the GPU-side power consumption. To
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that end, some recent studies have proposed GPU power capping
by scaling the GPU frequency [4] or adjusting the batch sizes of
machine learning (ML) tasks [20]. However, these solutions are de-
signed to cap the power consumption of a single GPU, while there
are commonly multiple GPUs equipped in a GPU server for ML
processing (referred to as Multi-GPU servers [5]). For example, a
server is usually equipped with one host CPU and up to eight GPUs
[22]. In addition, those solutions focus on one GPU only without
coordinating with the host CPU for better ML performance.

In today’s data centers, GPUs and the host CPU in a server are
commonly configured to carry out the same ML tasks together. For
example, the host CPU is often used to prepare ML data for the
GPUs and receive the inference results from the GPUs afterwards.
Thus, controlling CPU andGPU frequencies in isolation can degrade
the ML inference performance, resulting in lower throughput or
longer inference latency. For instance, throttling the host CPU may
delay the preprocessing tasks, which might stall the subsequent
ML inference processing on GPUs. On the other side, throttling a
GPU can increase its ML inference processing time, causing CPU
threads and other GPUs to idle while waiting for results. There-
fore, while the existing power capping solutions focus on either
CPU or GPU, a joint power capping solution must be designed to
coordinate the host CPU and GPUs in a server for optimizing ML
inference performance. Although some previous work tries to do
power capping for both CPU and GPU [2], it is not designed for ML
workloads that require CPU and GPUs to coordinate. So, it simply
divides the server power cap between one CPU and one GPU and
then controls them independently.

In this paper, we propose CapGPU, a power capping framework
for today’s GPU servers that run ML workloads on multiple GPUs
and the host CPU in each server. In sharp contrast to existing solu-
tions that try to control the server power consumption by throttling
either the CPU or one GPU, in a separate manner, CapGPU features
a multi-input multi-output (MIMO) power control methodology
that coordinates the CPU DVFS and the frequency level scaling of
each individual GPU for optimizing the ML inference performance.
Specifically, we propose a novel weight assignment algorithm that
monitors the inference throughput of each GPU and the CPU in real
time and gives higher weights to CPU/GPU with higher through-
put, so that they can run at higher frequencies. Consequently, the
overall ML inference performance can be optimized.

Specifically, this paper makes several major contributions.
• While the existing power capping solutions focus on either
the CPU or one GPU, in a separate manner, we observe
that ML inference workloads demand for coordinated power
capping. To that end, we propose the first power capping
solution that is specifically designed for today’s GPU servers
that have one CPU and multiple GPUs to run ML workloads.

• We propose a MIMO power control methodology that co-
ordinates the CPU DVFS and the frequency level scaling of
each individual GPU for optimizing the ML inference perfor-
mance. Our controller is designed based on MIMO control
theory for guaranteed system stability and control accuracy.
A novel weight assignment algorithm is designed for ML
inference optimization.

• We evaluate CapGPU on a hardware testbed with three
Nvidia V100 GPUs and various ML inference workloads.

Our results demonstrate that CapGPU outperforms several
state-of-the-art power capping solutions, including CPU-
only, GPU-only, and separate GPU and CPU capping with
simple power cap division, by having more precise power
control, higher inference throughput, and better inference
latency guarantees.

2 RELATEDWORK
We divide the related work into two main categories: (1) Power
capping and (2) inference power optimization.

PowerCapping. Power capping has been used inmany data cen-
ters (e.g, Google [24], Meta [23], Microsoft [13], IBM [16]). Power
capping can be enforced on a server [14], a server rack [28], or even
on an entire data center [29, 34]. For example, Meta has deployed
Dynamo, a data center-wide power capping system since 2013,
across all of Meta’s data centers [34]. In addition to server power
capping, Thunderbolt [15] discusses power capping techniques for
cloud CPUs, while [19] address power capping in chip multiproces-
sors. Ma et al. [18] propose a holistic solution for energy efficiency
in GPU-CPU heterogeneous architectures. OptimML [4] employs
DVFS and latency control to meet power budgets but focuses on
a single GPU. These solutions are mainly designed for best-effort
workloads and do not offer explicit SLO guarantees for multiple
CPUs and GPUs.

Inference Power Optimization. Several works use algorithmic
approaches to reduce power consumption in inference workloads.
Dynamic batching [11, 20] leverages the batch size of a workload
as a control knob to lower energy usage. EnergyNet [31] proposes
a CNN-based energy-aware dynamic routing approach, provid-
ing adaptive-complexity inference based on input characteristics.
Zhang et al. [35] propose a power control method for edge ML
inference with hypernetwork meta-parameters. For CPUs, pruning
[6] has been extensively studied to improve energy efficiency in
DNN applications. Quantizing DNN parameters to lower numerical
precision (e.g., 16-bit floating point or 8-bit integer) is also proposed
to reduce energy consumption [6]. However, these studies focus on
energy efficiency without capping server power consumption.

3 OVERVIEW OF CAPGPU
This section presents a high-level overview of CapGPU, which adap-
tively manages server power consumption within specified power
limits. It achieves this by applying Dynamic Frequency Scaling to
both CPUs and GPUs within the server. We later show a motivation
example that illustrates performance optimization using CapGPU.

3.1 System Overview
In this work, we adopt CPU and GPU frequency scaling as our ac-
tuation knobs for two main reasons. First, modern GPUs and CPUs
typically provide well-defined interfaces for frequency adjustment,
such as nvidia-smi, AMD ROCm, and cpupower [1, 21]. Second, CPUs
and GPUs usually account for the majority of a server’s total power
consumption [22]. This is especially true in modern AI-driven data
centers, where GPUs dominate energy use. Consequently, the power
difference between their highest and lowest performance states is
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Table 1: End-to-end performance under different frequency controls.

Config CPU Frequency GPU Frequency Preprocessing Latency (s/img) GPU Latency (s/batch) Queue (s/img) Throughput (img/s) Power (W)
CPU-only 1.1 GHz 810 MHz 0.1 1.3 3.2 5.3 406.4
GPU-only 2.1 GHz 495 MHz 0.2 2.0 2.7 5.9 421.3
CapGPU 1.6 GHz 660 MHz 0.1 1.6 2.5 6.4 415.1
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Figure 1: System design of CapGPU

significant enough to compensate for fluctuations in other compo-
nents, making them effective for enforcing power budgets during
supply constraints or failures.

As illustrated in Figure 1, the power control loop consists of
several key components: a centralized controller, a power monitor
at the server level, CPU and GPU throughput monitors, and actua-
tors capable of adjusting CPU and GPU frequencies. The feedback
control loop executes at the end of each control period and operates
as follows:

(1) The server’s power monitor (e.g., a power meter) measures
the average power consumed during the previous control
period and transmits this value to the controller through a
feedback path. This total power consumption serves as the
controlled variable in the loop.

(2) Each GPU’s throughput monitor reports its average infer-
ence throughput, measured by the number of inference tasks
completed per second. The CPU throughput monitor reports
the number of feature subsets evaluated per second. The nor-
malized throughput of each device is computed by dividing
its throughput by the maximum throughput of respective
device. These normalized throughput metrics help the con-
troller make informed decisions about weight allocation in
the upcoming control period.

(3) The controller receives the power and throughput data, calcu-
lates the appropriate CPU and GPU frequency levels for each
device, and sends them to the respective frequency modula-
tors. The CPU and GPU frequency levels are the manipulated
variables in the control loop.

(4) The frequency modulators on each CPU/GPU apply the new
CPU and GPU frequency.

Note that though modern GPUs and CPUs commonly have in-
terfaces, such as nvidia-smi and RAPL, which allow users to set
desired power limits, these mechanisms cannot 1) cap the power
consumption of an entire GPU server with a host CPU and multiple
GPUs, 2) optimize the performance of ML inference processing. In
the following section, we will focus first on system modeling along
with the design and analysis of CapGPU. Details on the implemen-
tation of other components can be found in Section 5.

3.2 Motivation
In this section, we explain the importance of coordinated control
for adjusting both CPU and GPU frequencies simultaneously. Throt-
tling either the CPU frequency alone (referred to as CPU-only) or
the GPU frequency alone (referred to as GPU-only) can negatively
impact overall inference performance. To illustrate this, we conduct
the following experiment.

We emulate a cloud server that processes ten parallel requests,
each classifying twenty wildlife images using the GoogLeNet model
trained on the Oregon Wildlife dataset [7]. Each request runs in
a dedicated CPU process pinned to a distinct physical core. The
CPU performs full preprocessing (resize, normalization, and tensor
conversion via torchvision transforms) and pushes the resulting
tensors into a shared queue. A single GPU-bound consumer then
assembles batches and runs inference on an NVIDIA RTX 3090.

We evaluate three frequency-control modes: (1) CPU-only, where
the CPU is set to its lowest frequency (1.1 GHz) and the GPU runs
at a high frequency (810 MHz); (2) GPU-only, where the GPU is
set to its lowest frequency (495 MHz) and the CPU runs at its
highest frequency (2.1 GHz); and (3) CapGPU, where both the CPU
(1.6 GHz) and the GPU (660 MHz) are set to approximately the
midpoint of their respective high and low frequencies. We measure
CPU preprocessing delay (seconds per image), queue delay (seconds
per image), GPU latency (seconds per batch), throughput (images
per second), and average power draw (W).

Table 1 summarizes the results across all performance metrics.
CapGPU outperforms both CPU-only and GPU-only by using coor-
dinated control such that neither resource remains idle for extended
periods. In the CPU-only mode (CPU at 1.1 GHz, GPU at 810 MHz),
the CPU preprocessing time is 0.14 seconds per image, but the GPU,
running at a higher clock, often starves for data, driving queue de-
lays up to 3.2 seconds per image and yielding a throughput of only
5.3 images per second. In the GPU-only mode (CPU at 2.1 GHz, GPU
at 495 MHz), the CPU preprocessing time is 0.15 seconds per image,
but the GPU becomes the bottleneck, with GPU latency increasing
to 2.0 seconds per batch and queue delays reaching 2.7 seconds per
image, resulting in a throughput of 5.9 images per second. With
CapGPU (CPU at 1.6 GHz, GPU at 660 MHz), the CPU preprocess-
ing time is 0.15 seconds per image, the queue delay reduces to 2.5
seconds per image, GPU latency improves to 1.6 seconds per batch,
and throughput increases to 6.4 images per second.

4 DESIGN
In this section, we introduce the details of the proposed CapGPU
design. Our control objective is the following. Whenever the GPU
server’s power consumption deviates from its respective set point,
we dynamically adjust the frequencies of each GPU and the CPU
(i.e., the manipulated variables) in each control period, so that total
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server power converges back to its set points within a finite settling
time.

4.1 Problem Formulation
The control of system power can be formulated as a dynamic opti-
mization problem. We first introduce the following notation:

• 𝑇 : control period.
• 𝑓𝑔 (𝑘): GPU frequency level at the 𝑘𝑡ℎ control period.
• 𝑓𝑐 (𝑘): CPU frequency level at the 𝑘𝑡ℎ control period.
• 𝑁𝑐 , 𝑁𝑔 : Total number of CPUs and GPUs in the system.
• 𝑝 (𝑘): total power consumption of the server at the 𝑘𝑡ℎ pe-
riod.

• 𝑃𝑠 : desired power set point of the system.
• 𝑓𝑐,min, 𝑓𝑐,max: minimum and maximum allowable CPU fre-
quencies.

• 𝑓𝑔,min, 𝑓𝑔,max: minimum and maximum allowable GPU fre-
quencies.

• 𝑒𝑖 (𝑘): Inference latency of the 𝑖th inference task at time 𝑘 .
• 𝑒min,𝑖 : Minimum inference latency of task 𝑡𝑖 when 𝑓𝑔 =

𝑓𝑔,max.
• 𝛾 : Empirical factor modeling non-linear frequency-latency
scaling.

• 𝑑 (𝑘): Increment in frequency command applied at time 𝑘 .
• A: Matrix of identified coefficients relating CPU/GPU fre-
quencies to total power.

• F(𝑘): Vector of CPU/GPU frequencies at time 𝑘 .
The optimization problem is formulated to control system power

by adjusting CPU andGPU frequencies. The objective is tominimize
the squared difference between the desired power set point and the
actual system power consumption. The formulation is:

min
𝑢 (𝑘 )

𝑓
(
𝑢 (𝑘)

)
, where 𝑓

(
𝑢 (𝑘)

)
=
(
𝑃𝑠 − 𝑝 (𝑘)

)2
, 𝑢 (𝑘) =

[
𝑓𝑐 (𝑘)
𝑓𝑔 (𝑘)

]
.

(1)
subject to frequency constraints:

𝑓𝑐,min ≤ 𝑓𝑐 (𝑘) ≤ 𝑓𝑐,max, 𝑓𝑔,min ≤ 𝑓𝑔 (𝑘) ≤ 𝑓𝑔,max . (2)

The goal is to minimize the difference between the power set
point 𝑃𝑠 and measured power 𝑝 (𝑘) by adjusting CPU and GPU
frequencies within their specified limits.

We adopt a control-theoretic methodology to design the central-
ized power controller, because control theory provides standardized
methods for selecting control parameters, eliminating the need for
exhaustive manual tuning and testing. This methodological advan-
tage significantly reduces the time required for model calibration
and enhances robustness.

4.2 System Modeling
For effective controller design, it is essential to accurately model
the dynamics of the system being controlled. This involves under-
standing the relationship between the manipulated variables, such
as GPU frequencies and CPU frequency, and the controlled variable,
which in this case is the server’s power consumption. In order to
have an effective controller design, it is crucial to model the dy-
namics of the controlled system, namely the relationship between
the manipulated variables (GPU frequencies and CPU frequency)
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Figure 2: (a) System identification results for a system with
one CPU and one GPU. (b) Variation between measured and
predicted inference latency.

and the controlled variables (i.e., the server power consumption).
Since there is no well-established physical equation directly relat-
ing these variables, we employ a standard method called system
identification [9][28]. Because the power consumption of both a
CPU and a GPU varies linearly with its frequency [14][4], we model
the relationship as a linear system. For a system with 𝑁𝑐 CPUs and
𝑁𝑔 GPUs, we write the server power as in Equation (3):

𝑝 =

𝑁𝑐∑︁
𝑗=1

𝐴 𝑗 × 𝑓𝑐 𝑗 +
𝑁𝑔∑︁
𝑖=1

𝐵𝑖 × 𝑓𝑔𝑖 + 𝐶, (3)

where 𝐴 𝑗 and 𝐵𝑖 are coefficients (gains) for CPU and GPU frequen-
cies, respectively, and 𝐶 is a constant offset.

Equation (3) can be represented in matrix form as

𝑝 = A × F +𝐶, (4)

where F =
[
𝑓𝑐1 𝑓𝑐2 . . . 𝑓𝑐𝑁𝑐

𝑓𝑔1 𝑓𝑔2 . . . 𝑓𝑔𝑁𝑔

]𝑇 and
A =

[
𝐴1 𝐴2 . . . 𝐴𝑁𝑐

𝐵1 𝐵2 . . . 𝐵𝑁𝑔

]
.

The model in Equation (4) can be represented in the time domain
as:

𝑝 (𝑘) = A × F(k − 1) +𝐶, (5)
In system identification, we systematically vary one frequency

input (e.g., GPU frequency) while holding the other fixed (e.g., CPU
frequency) and record the resulting power consumption; then we
reverse the process. We collect these measurements into a set of
linear equations and solve for A via least square regression. We
keep 𝐶 as a constant offset, and any noise or unmodeled dynamics
are captured in the measurement error.

Difference Equation. The first step in controller design is to
derive the difference equation from the linear power model in
Equation (5). We have:

𝑝 (𝑘 − 1) = A × F(𝑘 − 2) +𝐶, (6)

where F⊤ (𝑘−2) =
[
𝑓𝑐1 (𝑘 − 2) 𝑓𝑐2 (𝑘 − 2) · · · 𝑓𝑐𝑁𝑐

(𝑘 − 2)
𝑓𝑔1 (𝑘 − 2) 𝑓𝑔2 (𝑘 − 2) · · · 𝑓𝑔𝑁𝑔

(𝑘 − 2)

]
𝑝 (𝑘 − 1) is the power consumption at control period 𝑘 − 1, A is
the matrix of coefficients obtained via system identification, and
𝐶 is a constant offset. To predict the power consumption at the
next control period, we write 𝑝 (𝑘) = A × F(𝑘 − 1) +𝐶. Taking the
difference 𝑝 (𝑘) − 𝑝 (𝑘 − 1) leads to the final model:

𝑝 (𝑘) = 𝑝 (𝑘 − 1) + A × ΔF(𝑘 − 1) . (7)

Example. The workload we use for system identification is de-
scribed in detail in Section 6. To perform system identification, we
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vary the GPU frequency between 495MHz and 1350MHz, and the
CPU frequency between 1GHz and 2.1GHz. We assume a single
CPU and a single GPU. First, we increase the GPU frequency from
435MHz to 1350MHz while keeping the CPU frequency at 1.4 GHz.
Next, we fix the GPU frequency at 495 MHz and vary the CPU
frequency between 1GHz and 2.1 GHz. We record the power con-
sumption and use least squares to compute the predicted power.
The variation in the predicted and measured power is shown in Fig-
ure 2(a). The resulting model achieves an 𝑅2 of 0.96. This modeling
process can be automatically performed for another GPU server
with different GPU/CPU hardware, which only results in different
model coefficients.

Impact of Frequency Scaling on Inference Latency: Infer-
ence tasks in modern data centers often have strict Service-level
Objective (SLO), usually in terms of inference latency, which require
that their latency remain below a specified threshold. However, re-
ducing the frequency of the GPU 𝑓𝑔 can significantly increase the
latency of these tasks [4]. Let 𝑓𝑔,max be the maximum allowed GPU
frequency, and suppose that a task 𝑡𝑖 reaches its minimum inference
latency 𝑒min,𝑖 when operating at 𝑓𝑔,max. As the frequency drops, the
GPU processes tasks more slowly, leading to longer latencies and
potential SLO violations if the frequency is not carefully managed.
To capture the effect of frequency scaling, we model the inference
latency 𝑒𝑖 of task 𝑡𝑖 at GPU frequency 𝑓𝑔 as:

𝑒𝑖 = 𝑒min,𝑖 ·
(
𝑓𝑔,max

𝑓𝑔

)
· 𝛾, (8)

where 𝛾 is an empirically determined parameter accounting for
non-linear frequency scaling. In our experiments, we set 𝛾 = 0.91,
achieving a high modeling accuracy (𝑅2 ≈ 0.91). Although our
controller adjusts the CPU frequency 𝑓𝑐 for data cleaning tasks,
these tasks do not have SLO requirements. Consequently, the strict
latency bound applies primarily to GPU-based workloads. Thus,
the controller must carefully regulate 𝑓𝑔 to balance power efficiency
and ensure latency-sensitive GPU tasks stay within SLO thresholds.

4.3 CapGPU Controller Design
A model predictive controller (MPC) optimizes a cost function de-
fined over a future time interval. The controller uses a systemmodel
to predict control behavior over 𝑃 sampling periods, known as the
prediction horizon. Its goal is to determine an input trajectory that
minimizes the cost function while adhering to system constraints.
This input trajectory consists of the control inputs for the next𝑀
sampling periods: 𝑑 (𝑘), 𝑑 (𝑘 + 1 | 𝑘), . . . , 𝑑 (𝑘 +𝑀 − 1 | 𝑘), where𝑀
is the control horizon. The notation 𝑥 (𝑘 + 𝑖 | 𝑘) indicates that the
value of 𝑥 at time (𝑘 + 𝑖)𝑇 depends on the state at time 𝑘𝑇 .

After computing the input trajectory, the controller applies only
the first control input, 𝑑 (𝑘). At the end of the next sampling period,
the prediction horizon shifts forward by one step, and the input tra-
jectory is recalculated using updated feedback 𝑝 (𝑘) from the power
monitor. This feedback is essential for dealing with uncertainties
and inaccuracies in the model.

In this way, CapGPU integrates performance prediction, real-
time optimization, constraint handling, and feedback control into a
unified framework. The controller comprises a least squares solver,
a cost function, a reference trajectory, and a system model. At the

end of each sampling period, it computes the control input 𝑑 (𝑘)
that minimizes the following cost function:

𝑉 (𝑘 ) =
𝑃∑︁
𝑖=1

∥ 𝑝 (𝑘+𝑖 | 𝑘 )−𝑃𝑠 ∥2
𝑄 (𝑖 ) +

𝑀−1∑︁
𝑖=0

∥ 𝑑 (𝑘+𝑖 | 𝑘 )+𝑓 (𝑘+𝑖 | 𝑘 )−𝑓min ∥2
𝑅 (𝑖 ) ,

(9)
where 𝑃 is the prediction horizon and𝑀 is the control horizon,𝑄 (𝑖)
is the weight of the tracking error, 𝑅(𝑖) is the vector of weights for
the control penalty, and 𝑝 (𝑘 + 𝑖 | 𝑘) is the predicted power from
the system model. The second term in (9) represents the control
penalty and balances system performance by comparing the newly
adjusted frequency 𝑑 (𝑘 + 𝑖 | 𝑘) + 𝑓 (𝑘 + 𝑖 | 𝑘) against a reference
frequency such as 𝑓min; to handle varying workloads, the controller
can assign larger weights to busier components by normalizing
and inverting their throughput. This control problem is subject to
three constraints, shown in (10): the first ensures each component’s
frequency remains within allowable limits, the second enforces the
latency model for inference tasks based on GPU frequency scaling,
and the third ensures that latency does not exceed the SLO of each
inference job. Formally,

𝑓min, 𝑗 ≤ 𝑑 𝑗 (𝑘) + 𝑓𝑗 (𝑘) ≤ 𝑓max, 𝑗 , (1 ≤ 𝑗 ≤ 𝑁 ), (10a)

𝑒𝑖 (𝑘) = 𝑒min,𝑖

(
𝑓𝑔,max

𝑓𝑔 (𝑘)

)𝛾
, (1 ≤ 𝑖 ≤ 𝑁 ), (10b)

𝑒𝑖 (𝑘) ≤ SLO𝑖 , (1 ≤ 𝑖 ≤ 𝑁 ). (10c)

where 𝑓𝑔,max is the maximum GPU frequency, 𝛾 is an empirically
determined parameter, and 𝑒min,𝑖 is the minimum latency for task
𝑡𝑖 at 𝑓𝑔,max. Based on this formulation, server-level power manage-
ment becomes a constrained MPC optimal control problem; we
implement the solver with SLSQP in Python, which has polynomial
complexity in both the number of controlled components and in
the control/prediction horizons.

The MPC controller has small overhead and can complete its
computation in just a few milliseconds when a server has about
4 to 8 GPUs [30]. In addition, the computational complexity and
runtime overhead of the MPC controller can be further reduced by
using a multi-parametric approach that 1) divides the MPC control
problem into an offline part and an online part, and 2) solves the
online part incrementally as a piecewise linear function [32].

4.4 Stability Analysis
Akey advantage of our control-theoretic approach is that it provides
theoretical assurance of system stability, even when the estimated
model parameters (i.e., entries of A) change due to different work-
loads.We say the system is stable if its total power 𝑝 (𝑘) converges to
the desired set point 𝑃𝑠 ; formally, lim𝑘→∞ 𝑝 (𝑘) = 𝑃𝑠 . Our CapGPU
controller solves a finite-horizon optimal tracking problem, and,
based on standard results in optimal control theory [9], its control
decisions become linear functions of the current power 𝑝 (𝑘), the
power set point 𝑃𝑠 , and the previous CPU/GPU frequency decisions.

We now outline the general process for analyzing the stability of
a server when the actual system model differs from the estimated
one (i.e., the true parameters A′ deviate from A):

(1) NominalControl Inputs:Given the estimatedmodel 𝑝 (𝑘) =
AF(𝑘 − 1) + 𝐶, we derive the sequence of control inputs
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{𝑑 (𝑘), 𝑑 (𝑘 + 1 | 𝑘), . . . } that minimize the cost function in
(9). These inputs correspond to the controller’s decision un-
der the assumed parameters A.

(2) Actual System Model: Suppose the true parameters are A′,
where each entry of A′ is 𝑔𝑖 𝐴𝑖 . Here, 𝑔𝑖 is an unknown gain
factor that differs from the nominal assumption. The actual
system evolves according to 𝑝 (𝑘) = A′ F(𝑘−1)+𝐶.We form a
composite system by combining the actual system dynamics
with the controller inputs computed from the nominal model.

(3) Closed-Loop System:We substitute the nominal controller
inputs (obtained in Step 1) into the actual system model,
yielding the closed-loop dynamics. These equations reflect
how the real system responds to the controller’s actions.

(4) Pole Analysis: We then analyze the poles (eigenvalues) of
the resulting closed-loop system. According to linear con-
trol theory, if all poles lie strictly inside the unit circle in
the complex plane, the power 𝑝 (𝑘) converges to 𝑃𝑠 . We also
examine the DC gain from the control inputs to the system
state; if it equals the identity matrix (or satisfies the neces-
sary conditions in a multivariate setting), the closed-loop
state approaches the desired set point. By tracking how the
poles shift as 𝑔𝑖 changes, we identify the range of parameter
variations for which stability remains guaranteed.

Our analysis results show that the controlled GPU server re-
mains stable as long as each 𝐴𝑖 stays within a derived bound. The
detailed proof is omitted due to space limitations. We assume that
the constrained optimization problem is feasible, meaning there
exists at least one combination of CPU and GPU frequency levels
(within the ranges defined in Section 4.2) that achieves 𝑝 (𝑘) = 𝑃𝑠 .
If no such combination exists, then no single control algorithm can
strictly enforce the set point through frequency adaptation alone. In
such cases, additional system mechanisms (e.g., memory throttling)
must be integrated. Exploring such multi-layer adaptations is part
of our future work.

5 SYSTEM IMPLEMENTATION
Hardware Testbed. We conduct our experiments on a server that
hosts three Nvidia Tesla V100 16GB GPUs. The server runs Ubuntu
20.04.6 with kernel 5.15.0. It is equipped with an Intel Xeon Gold
5215 @ 2.20GHz processor (40 cores) and 128GB of RAM. We
use PyTorch 1.12.1 as our ML framework. Prior studies have high-
lighted that the fan is a significant contributor to system power
consumption in modern ML servers [22]. To isolate the effect of
workload-driven power variations, we fix the fan speed to a con-
stant value throughout our experiments. Each inference workload
running on a GPU is assigned one dedicated CPU core for its data
preparation. An additional CPU core is allocated to the controller.
The remaining CPU cores are used for the CPU-based workload.

Power Monitor.We measure server-level power consumption
using the power_meter-acpi-0 interface exposed by the Linux lm-
sensors framework. This interface represents an ACPI-compliant
power meter device, as defined in the ACPI Specification v6.4 [27].
The power meter reports real-time power consumption in watts,
typically sampled at one-second intervals. It provides a system file
that writes the power data to the user space. The power meter
continuously samples power and appends new readings to the

system file, which is updated periodically. The controller reads this
data from the file and performs control computations based on the
latest power measurements. We also used Nvidia-smi to monitor the
power consumption of GPUs for baseline power capping solutions.

Controller. The controller runs as a multi-threaded process.
The main thread uses a timer to periodically invoke the control
algorithm described in Section 4, while a child thread uses the
select function to collect CPU and GPU utilization data. Each
time the periodic timer fires, the controller retrieves the average of
power reading and the current CPU and GPU utilizations during
the latest control period, and then invokes the control algorithm.
Based on the algorithm’s output, new CPU and GPU frequency
levels are computed and sent to the frequency modulator on each
server to be enforced during the next control period.

Frequency Modulators. We configure the CPU frequency gov-
ernor by cpupower tool, with the command of sudo cpupower
frequency-set -f {CPU_freq}GHz, where {CPU_freq} is the de-
sired frequency value. The CPU supports iscrete frequency levels
ranging from 1.1 GHz to 2.4 GHz. To configure GPU frequency, we
use the Nvidia System Management Interface running nvidia-smi
-ac 877,435-1350, where the memory clock is fixed at 877 MHz
and the GPU core clock range is set from 435 MHz to 1350 MHz.
Since the new CPU and GPU frequency levels received from the
controller are floating-point (fractional) values, the modulator code
locally resolves them into a sequence of discrete frequency levels
to approximate the target value. To approximate a frequency of
2.4 GHz, we use a first-order delta-sigma modulator that switches
between the two nearest discrete steps, which are 2 GHz and 3
GHz. For example, by toggling between the values 2, 2, 2, and 3, the
time-averaged frequency converges to the desired value [14].

6 RESULTS
In this section, we present the experimental results. We first in-
troduce the baselines and the workloads in Section 6.1. We then
compare CapGPU with the baselines in Section 6.2. In Section 6.3,
we evaluate CapGPU’s control accuracy for different set points.
Finally, in Section 6.4, we examine the adaptability of CapGPU.

6.1 Baselines and Workloads
Baselines.We compare our proposed CapGPU controller against
four baseline approaches: 1) Fixed-step, 2) GPU-Only, 3) CPU-Only,
and 4) CPU+GPU. These methods represent heuristic-based and
control-theoretic strategies for power capping in ML servers and
are adapted from recent work in the field. Additionally, they target
different CPU and GPU throttling.

1) Fixed-step: Fixed-step is a simple heuristic controller inspired
by the power control scheme described in [20]. It represents a prac-
tical, industry-style solution that does not rely on any systemmodel.
All CPUs and GPUs initially operate at their lowest frequency levels.
In each control period, if the total system power consumption is
below the target set point, the controller selects a CPU or GPU
with the highest normalized utilization and increases its frequency
level by one fixed step size. If the power exceeds the set point, it
selects the component with the lowest utilization and decreases its
frequency by one step size. When all components have identical
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utilization values, the controller chooses among them in a round-
robin fashion to ensure fairness. To improve convergence speed, the
controller uses coarse-grained frequency steps (e.g., 150 MHz for
GPUs and 1000 MHz for CPUs). While Fixed-step is lightweight and
simple to implement, it does not account for workload dynamics or
CPU-GPU interaction, which can lead to oscillations in power and
suboptimal application performance.

2) GPU-Only: The GPU-Only uses a proportional controller to
control power consumption throughout the system by adjusting
GPU frequency using a linear model [4]. During each control period,
the GPU-Only controller measures the total power consumption
and modifies the frequencies of all the GPUs in the server based
on the difference between the measured power and the desired
target set point. The gain for this controller is determined by pole
placement and choosing the one that minimizes oscillations. In
GPU-Only, a single frequency is applied to all GPUs.

3) CPU-Only: The CPU-Only controller represents the traditional
power capping solutions that mainly adapt the CPU DVFS to con-
trol the server power. CPU-Only retains the proportional control
logic of GPU-Only but actuates only the CPU DVFS knobs: At the
beginning of each control period, it samples the total power draw
of the servers, compares it with the target cap to compute the error,
and then adjusts the CPU frequency by a gain selected through
pole placement, following the steps introduced in a power capping
solution from IBM [14]. The CPU-Only applies a single frequency
to all the CPU cores of the server.

4) CPU+GPU: CPU+GPU utilizes two separate power control
loops to independently control the CPU and GPU power by respec-
tively adapting their frequencies, which is similar to the solution
presented in [2]. Given a total power budget for the GPU server,
CPU+GPU simply divides the budget using fixed values, so that the
two control loops can individually control CPU/GPU power to their
caps, making the total server power consumption converge to the
desired cap. However, it is commonly difficult to find the best way
of dividing the power cap between CPU and GPU, so CPU+GPU
may not have the best ML inference performance due to the lack of
coordination between the two control loops.

Workloads. We use three deep learning models, Swin Trans-
former [17], ResNet50 [3], and VGG16[26], denoted as 𝑡1 − 𝑡3, to
perform image classification with a batch size of 20. All models are
initialized with pretrained weights from torchvision, trained on
the ImageNet dataset. Among them, only Swin is transformer-based,
while ResNet and VGG are purely convolutional. For the CPU work-
load, we implement an exhaustive feature selection algorithm [8] on
the Alibaba PAI dataset [33], a real-world ML trace frequently used
in data center resource management research. We perform feature
selection to fit and test a model using every possible feature subset,
and choose the feature subset yielding the lowest cross-validation
(CV) Mean Squared Error (MSE).

Controller configuration. The CapGPU controller in all exper-
iments uses a prediction horizon of 8 and a control horizon of 2.
The power meter has a minimum sampling interval of 1 second, so
the control period T is set to 4 seconds. This helps avoid errors from
momentary power reading fluctuations. While a 4-second control
period might appear long for managing power budget violations,
the control algorithm responds more quickly in high-performance

servers that have precise power monitors with shorter sampling
intervals [28].

6.2 Comparison with Baselines
For this set of experiments, we chose three workloads: 𝑡1 (ResNet50),
𝑡2 (Swin Transformer), and 𝑡3 (VGG16). For the CPU, we select the
feature selection workload as described in Section 6.1. We assign
each inference task to a separate GPU, so that 𝑡1 is scheduled to
GPU 0, 𝑡2 is scheduled to GPU 1, and 𝑡3 is scheduled to GPU 2. For
this experiment, we chose the set point as 900 W.

We first test the CPU-Only controller described in Section 6.1.
Figure 3 shows that the control range of CPU-Only is very minimal
since it only adjusts the CPU frequency. Moreover, since today’s
servers can host multiple GPUs [22], this solution becomes infeasi-
ble. Next, we test theGPU-Only, where we control the system power
by adjusting the GPU’s frequency. Figure 3 illustrates the varia-
tion in power control using the GPU-Only controller. The system
power under the GPU-Only configuration can converge precisely
to the set point with minimal oscillation, clearly demonstrating
the advantages of control-theoretic designs as shown in Figure
3. The performance of the GPU-Only controller surpasses that of
the fixed-step controller. However, there are two limitations to the
GPU-Only controller. While it effectively manages the power to
the set point, it negatively impacts application performance. The
GPU-Only controller can increase inference latency for workloads
and often violates Service Level Objectives (SLOs) for tasks, which
will be discussed in detail in a later section. Additionally, since
GPU-Only will not change the CPU frequency, the CPU frequency
must be set to the maximum level throughout the process, which
may result in a lower power budget for the GPU’s ML inference
workload.
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Figure 3: Power control using State-of-The-Art Baselines and
CapGPU.

It is evident that both CPU-Only and GPU-Only approaches have
their limitations: CPU-Only control is constrained by the small ad-
justable power range of CPUs, making it insufficient to manage
power on today’s GPU servers, while GPU-Only control, though ef-
fective in meeting power targets, cannot adjust the CPU frequency
and may affect GPU performance or cause SLO violations. To ad-
dress these issues, we next explore three combined CPU and GPU
control approaches, namely GPU+CPU, Fixed-step, and CapGPU.

We first test the GPU+CPU mentioned in Section 6.1. For this
experiment, we select two ratios to test the power control perfor-
mance. Here, we test two configurations: one where we assign 50%
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power to both the CPU and GPU, and another where we assign 60%
power to the GPU and 40% power to the CPU. Figure 3 illustrates
that different power assignment ratios may lead to different power
control performance. However, since the GPU component and the
CPU component have different power ranges, it is hard to find the
perfect ratio for overall power control with this approach.
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Figure 4: Fixed-Step con-
troller for different step-
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Figure 5: Safe Fixed-Step
controller for different step
sizes.

Next, we evaluate Fixed-Step where we use two separate CPU
and GPU controllers as described in Section 6.1. The Fixed-Step
controller increases or decreases the GPU or CPU frequency by
one level, depending on whether the measured power is lower
or higher than the set point. Figure 4 shows the power control
behavior of the Fixed-Step controller. As mentioned before, for the
Fixed-Step controller, if the total power consumption is lower than
the set point, we increase the frequency level of the component
(CPU or GPU) with the highest utilization by one step. If the power
consumption exceeds the set point, we decrease the frequency level
of the component with the lowest utilization by one step. If either
the CPU or GPU frequency reaches its upper or lower bound, we
alternate adjustments between the two components.

We define the CPU and GPU frequency step sizes as 100MHz and
90 MHz, respectively. For this experiment, we chose two step sizes:
stepsize 1 and stepsize 5 to illustrate their adaptation to different
step size. For a step size of 1, the CPU and GPU frequency steps
are 100 MHz and 90 MHz, respectively. For stepsize 5, they are
500 MHz and 450 MHz. We do not use the same step size for both
CPU and GPU because the available frequency levels are hardware-
dependent. For example, Nvidia GPUs offer frequencies in specific
multiples, such as 135MHz and 225MHz. From Figure 5, we observe
that with a small step size like stepsize 1, it takes a long time to
reach the vicinity of the set point, and once it does, the system
oscillates. For the larger step sizes, such as stepsize 5, the system
still oscillates around the set point. One limitation of the Fixed-Step
controller is that it requires precise and exhaustive tuning to select
appropriate frequency levels that allow it to settle near its target.
Any changes in workload can cause significant fluctuations.

To prevent power violations, we can introduce a safety margin
to Fixed-Step, ensuring that the maximum power consumption re-
mains just below the constraint for a specific workload. Figure 5
illustrates the power control using Fixed-Step for all three step sizes.
Typically, Safe Fixed-Step operates at or below the set point. How-
ever, it does violate the power constraint once. This occurrence is
attributed to the fact that the safety margin is calculated based on
steady-state errors, which are averaged values. It is important to
note that Safe Fixed-Step is generally infeasible in practice because
obtaining accurate knowledge of the safety margin beforehand re-
quires significant time spent measuring this margin. Nevertheless,

we use Safe Fixed-Step as a baseline, as it achieves the best possible
performance while still complying with the power constraint.

To overcome the limitations of the baselines mentioned above,
we propose CapGPU, a MIMO power control methodology that
coordinates CPU DVFS and the frequency level scaling of each GPU
to optimize ML inference performance. For CapGPU, we utilize the
delta-sigmamodulation discussed in Section 5.We conduct the same
experiments using the previously mentioned workloads. Figure 3
illustrates that our proposed solution can effectively converge to
the set point without any violations. Furthermore, the proposed
solution demonstrates better control capabilities and ensures that
power can be maintained at its designated set point.
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Figure 6: Power control comparison between GPU+CPU,
Fixed-Step, and CapGPU across multiple power set points.

6.3 Comparison for Different set points
In this experiment, we evaluate our proposed solution alongside
the baseline methods at various power set points to assess their
control accuracy. To minimize the effects of any transient states
that may occur at the beginning of each run, as discussed in the
previous subsection, we calculate the average power and latency,
after the system has reached a steady state. Specifically, we focus on
the last 80 control periods out of a total of 100 periods for each run.
We first test different power set points, ranging from 900 W to 1200
W, with a 50 W interval. Fixed-Step is excluded from comparison
due to potential power violations, as previously discussed, so we
opt for Safe Fixed-Step instead. Since the CPU-Only and GPU+CPU
methods cannot reliably ensure system power convergence to the
designated set point, these configurations are also excluded from
further analysis.

Figure 6 illustrates power control between various set points for
all solutions. The figure indicates that Safe Fixed-Step Power exhibits
the worst control accuracy. This is primarily because it maintains a
safety margin, ensuring that its highest power value remains below
the set point by switching between two adjacent GPU frequency
levels. Additionally, Safe Fixed-Step Power demonstrates the most
significant oscillation and deviation.

Both GPU+CPU configurations (40% power on GPU and 60%
power on GPU) failed to achieve convergence of system power
to the set point, and the observed standard deviations indicate
that this approach exhibits notable fluctuations. While GPU-Only
shows relatively better performance than other baselines in power
control, its control accuracy remains slightly lower than that of
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Figure 7: Comparison across control methods for: (a) GPU inference throughput, (b) CPU throughput, (c) GPU inference latency,
and (d) CPU latency. In (a) and (c), CapGPU delivers the highest GPU inference throughput and the lowest latency.

CapGPU. Additionally, the standard deviation indicates that GPU-
only continues to exhibit fluctuations after converging to power set
points. CapGPU outperforms all other baselines in both the stability
and accuracy of power control.
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Figure 8: Illustration of inference latency and SLO require-
ments for each GPU: (a) Safe Fixed-Step, (b) GPU-Only. Nei-
ther method provides the capability to allocate computing
resources according to SLO requirements.
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Figure 9: Illustration of inference latency under CapGPU
alongside the SLO requirements for each GPU. CapGPU is
capable of satisfying the SLOs for all tasks across the GPUs.

Next, we compare the performance of all the solutions. Figures
7(a) and 7(c) illustrate that the CapGPU has the lowest inference
latency and highest throughput compared to GPU-only and Safe
Fixed-Step. This advantage is due to the CapGPU ’s ability to ad-
just the frequency based on the weight assignments discussed in
Section 4. In addition, since the SLOs for the inference task are
closely linked to the GPU’s frequency, the controller effectively
ensures that the SLOs are met. We also evaluate CPU latency for

the preprocessing functions running in the cloud. The variation in
CPU latency for all three techniques is shown in Figure 7(b) and
Figure 7(d). The CPU latency is measured for each control period,
with the inference time for every feature subset computed during
the feature selection phase by recording the wall-clock time taken
to perform cross-validation. Given that cloud platforms allow users
to run additional CPU-bound tasks, as mentioned in Section 5, we
specifically regulate the frequency of the cores dedicated to CPU
tasks without adjusting the frequency for cores responsible for
data copying for ML inference. It is also notable that in Figure 7(d),
the latency for CapGPU is slightly higher than that for GPU-Only;
however, this difference is acceptable since the preprocessing tasks
do not operate under strict SLO agreements.
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Figure 10: Online adaptation for changing power set points
using 3 techniques.

6.4 Online Adaptability
In this section, we will test the online adaptability of CapGPU with
changing power set points and changing SLOs. Firstly, we will test
the adaptability for changing power set points.For this experiment,
the system power is initially controlled to a fixed set point of 800W.
During the 40th control period of the run, we simulate a scenario
where there is a sudden surge in GPU inference requests. Since
larger batches of images need to be processed, the power consump-
tion of the servers slightly increases due to the greater computa-
tional demands placed on the GPUs. To ensure safe operation, the
power budget of the data center is raised accordingly to 900W. At
control period 80, when the burst is over, we change and reduce the
power budget to 800W. Figure 10 shows that, while all the baselines
can adapt to the changing set points, the CapGPU holds the least
level of fluctuation while GPU-only has a long settling time.

Additionally, we show that CapGPU can adapt to changing SLOs
through its SLO constraint mechanism. In many cloud-based ML
inference services, SLO requirements often become more stringent
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during periods of high demand. For instance, during the recent
Ghibli art event on ChatGPT [25], thousands of users submitted
prompts simultaneously, expecting quick image generation. In such
situations, cloud providers may impose stricter latency constraints
to ensure responsiveness, especially during bursty real-time work-
loads such as image generation.

In this experiment, we demonstrate how the CapGPU controller
meets SLOs and conduct a comparative study using GPU-Only, Safe
Fixed-step, and CapGPU controllers. For this experiment, we chose
three latency levels: 30% tail latency, 50% tail latency, and 80% tail
latency. First, we calculate the 30%, 50%, and 80% tail latencies for
three workloads and their corresponding GPU frequencies using
Equation (8). We initially set the SLO for all workloads to the 50th
percentile (50% tail) latency. At control period 14, we change the
SLO requirements for workload on GPU 1 and GPU 2 to the 30th
percentile (80% tail) latency, while changing the SLO of workload
on GPU 0 to a more conservative level, 30% tail. We measure the
inference latency and compute the deadline miss rate to evaluate
how well each controller adapts to the changing SLO requirements.
We set the power set point to 1000W to ensure that the system
can meet all SLOs with appropriate frequency allocation. Figure 9
shows the variation in inference latency for the other two solutions.

Notably, CapGPU meets all SLO by explicitly incorporating SLO
constraints. CapGPU also adapts effectively when the SLO for each
workload on different devices varies. GPU-only uses a single shared
frequency level across all GPUs, and Safe Fixed-Step controls only
one frequency level per control period. In contrast, CapGPU adjusts
the frequency for each device independently, enabling the system to
support device-specific SLO requirements for all CPUs and GPUs.

7 CONCLUSIONS
Power capping is an effective way for data centers to avoid ex-
pensive power upgrade and reduce capital expenses. However, the
existing power capping solutions focus on either the CPU or one
GPU, in a separate manner, which cannot work well for ML infer-
ence workloads that demand for coordinated power capping. In this
paper, we have presented CapGPU, a power capping framework for
today’s GPU servers that run ML workloads on multiple GPUs and
a host CPU in each server. In sharp contrast to existing solutions
that try to control the server power consumption by throttling ei-
ther the CPU or one GPU, in a separate manner, CapGPU features a
MIMO power control methodology and a novel weight assignment
algorithm that dynamically adjusts the weights assigned to each
CPU/GPU based on their measured throughput. Consequently, the
overall ML inference performance can be optimized. Our hardware
testbed results demonstrate that CapGPU outperforms several state-
of-the-art power capping solutions by having more precise power
control, higher inference throughput, and better inference latency
guarantees.
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