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Featured Application

This study provides empirical insights into Al workload energy behavior, support-
ing a paradigm shift in cloud pricing from resource allocation models to workload
energy profiles.

Abstract

Traditional cloud pricing models are allocation-centric, where users are charged based on
reserved resources rather than workload energy consumption. However, modern AI work-
loads exhibit substantial and heterogeneous power behavior, limiting the effectiveness of
such allocation-centric pricing. This paper presents a comprehensive experimental study of
nine widely used workloads across 50 controlled configurations, including standalone and
concurrent executions under varying resource partitions. Our results show that total system
power is largely unaffected by how resources are divided among co-located workloads, ex-
cept in cases of explicit resource under-provisioning or severe resource contention. Across
45 workload—core groups, 41 exhibit a coefficient of variation below 3% across different
co-located workloads, demonstrating structural stability of workload-level power profiles
under heterogeneous execution environments. In contrast, deployment choice (e.g., CPU
versus GPU execution) can shift the same model into distinct power regimes. Based on
measured power decomposition and scaling behavior, we derive an empirical categoriza-
tion framework distinguishing GPU-dominant and CPU-dominant workloads, further
characterized by utilization and memory dimensions. From an energy perspective, CPU
utilization (for CPU-dominant workloads) and SM utilization (for GPU-dominant work-
loads) emerge as the primary determinants of power magnitude, while memory-related
parameters contribute marginally to overall power. These findings provide empirical evi-
dence that allocation-based pricing is a weak proxy for actual energy cost and motivate
energy-aligned cloud management strategies grounded in workload power profiles. As our
findings are derived from a controlled single-node experiment, evaluations under more
realistic data center environments will be required for further generalization.

Keywords: cloud energy consumption; workload characterization; resource partitioning;
Al workloads; energy-aware cloud billing

1. Introduction

Cloud infrastructures are traditionally billed based on allocated resources, such as
the number of virtual CPUs, memory capacity, or attached GPUs [1]. Such allocation-
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centric pricing models were originally designed to reflect infrastructure provisioning and
capital expenditure (CAPEX) structures, where allocated resource units serve as a practical
abstraction for hardware cost [2]. However, operational expenditure (OPEX), particularly
energy and cooling costs, now constitutes a substantial and growing portion of data center
expenses, especially in Al-intensive computing environments [3-5]. Accordingly, there is
increasing interest in charging models that more accurately reflect energy usage rather than
merely provisioned resource capacity [6,7].

However, total energy consumption depends not only on the amount of allocated
resources but also on workload characteristics, hardware heterogeneity, and cross-resource
interactions, making the construction of an accurate and fine-grained energy model chal-
lenging. Al workloads in particular exhibit distinct data-access patterns and computational
intensity compared to traditional workloads, further complicating energy modeling [8,9].
Furthermore, in multi-tenant environments, the combined energy footprint of co-located
workloads cannot be trivially inferred from resource shares alone [10,11]. Prior work on
multi-tenant workload consolidation has primarily examined performance interference
and resource contention, but its implications for system-level power behavior remain less
explored [12,13].

Empirical observations reveal that workloads with the same nominal resources can
exhibit order-of-magnitude differences in active power consumption [6]. A lightweight
server process and a GPU-intensive matrix multiplication may occupy similar logical
resources, yet impose radically different energy footprints. If energy consumption does not
scale proportionally with allocated resource shares, then allocation-based charging may
fail to reflect actual operational cost drivers in energy-conscious data center environments.

Existing research on energy-aware computing has largely focused on improving
hardware efficiency, dynamic voltage and frequency scaling (DVFS), and energy-aware
scheduling [14,15]. While these approaches address how to reduce energy consumption,
they do not directly examine whether resource partitioning itself governs total system
power in multi-tenant environments. In particular, the fundamental assumption that
reallocating CPU or memory shares meaningfully changes overall power draw remains
insufficiently tested.

This study provides an empirical examination of that assumption. We evaluate nine
Al and non-Al workloads across 50 experimental cases, including standalone executions
and 10 concurrent workload combinations under multiple CPU and memory allocation
ratios. By measuring CPU, DRAM, GPU, and wall-level power simultaneously, we isolate
how total system power responds to resource redistribution versus workload composition.

Our findings can be summarized in three central observations.

First, total system power exhibits allocation insensitivity. Across most workload com-
binations, redistributing CPU cores and memory capacity between co-located workloads
produces negligible change in wall-level power. Once workload composition is fixed, over-
all power consumption remains effectively constant despite substantial shifts in resource
allocation ratios, except in cases of explicit resource under-provisioning or severe resource
contention. Resource allocation ratios therefore function as weak predictors of total system
power under normal operating conditions.

Second, workloads preserve intrinsic power signatures under concurrency. CPU
utilization patterns, GPU power levels, and scaling characteristics remain close to their
standalone behavior even when executed alongside heterogeneous partners. This stability
indicates that power behavior is largely workload-driven rather than interaction-driven,
except in clearly identifiable resource-starvation scenarios.

Third, deployment mode fundamentally determines energy categorization. The same
model executed on CPU versus GPU hardware may transition between entirely different
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power regimes. Execution placement, rather than application label alone, governs whether
a workload behaves as CPU-dominant or GPU-dominant in power terms.

Based on measured power decomposition and scaling characteristics, the evaluated
workloads first separate into two primary energy-oriented groups: GPU-dominant and
CPU-dominant. Within each group, further distinctions emerge along utilization and mem-
ory dimensions. CPU-dominant workloads can be differentiated by CPU utilization levels
and memory footprint, while GPU-dominant workloads vary in streaming multiprocessor
(SM) utilization and GPU framebuffer usage.

However, from an energy magnitude perspective, utilization consistently dominates
over memory-related parameters. While memory footprint and framebuffer usage con-
tribute to performance characteristics and may influence bottleneck behavior, their impact
on overall power magnitude is comparatively limited. Instead, CPU utilization primarily
determines power behavior within CPU-dominant workloads, and SM utilization plays the
equivalent role within GPU-dominant workloads.

These findings indicate that workload power behavior is governed more by execution
intensity than resource allocation ratios or memory footprint. If total system power is
largely insensitive to resource partitioning—except under explicit under-provisioning or
severe contention—yet strongly shaped by workload-driven utilization characteristics, then
allocation-based billing cannot reliably reflect actual energy cost drivers. A workload-aware
perspective is therefore necessary for designing energy-aligned charging and resource
management strategies in Al-intensive cloud environments.

The contributions of this paper are summarized as follows.

e  We analyze the power behavior of Al workloads under standalone and concurrent
execution scenarios through a comprehensive experimental study.

e  We identify that each workload exhibits a stable power profile that remains largely
insensitive to co-located workloads and resource partitioning, except under explicit
resource under-provisioning.

e  We derive an energy-oriented categorization of workloads, providing a practical per-
spective for understanding energy behavior in multi-tenant execution environments.

The remainder of this paper is organized as follows. Section 2 describes the experimen-
tal setup, including system configuration, workload selection, and resource partitioning
design. Section 3 presents empirical observations on power behavior under standalone
and concurrent execution. Section 4 derives an energy-oriented workload categorization
and discusses its implications for allocation-based cloud billing. Section 5 briefly discusses
works related to this study. Finally, Section 6 concludes the paper.

2. Experimental Setup
2.1. System Configuration and Measurement Infrastructure

All experiments were conducted on a single-socket server equipped with an Intel Xeon
E5-2630 v4 processor (Intel Corp., Santa Clara, CA, USA) (10 cores with Hyper-Threading
enabled), 32 GiB DDR4 2133 MHz memory (single DIMM configuration), and two NVIDIA
Titan V (GV100) GPUs (NVIDIA Corp., Santa Clara, CA, USA). The operating system was
installed on a Samsung 860 1 TB SSD (Samsung Electronics, Suwon, Republic of Korea,
while workload data were stored on an HGST 4 TB HDD (HGST, Inc., San Jose, CA, USA).
CPU frequency scaling was set to the ondemand governor with Turbo Boost disabled to
ensure stable and reproducible power measurements.

Power consumption was measured at multiple levels to capture both component-
level and system-level behavior. CPU and DRAM power were obtained via Intel RAPL
interfaces [16], while GPU power and utilization metrics were collected using nvidia-
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smi [17]. In addition, a wall-level external power meter was used to measure total system
power consumption. Sampling was performed at 1 s intervals, which is sufficient to capture
stable power characteristics of the workloads considered in this study. This granularity is
also practical in cloud environments, as it can be obtained from standard system monitoring
interfaces without additional overhead. Finer-grained sampling may capture more transient
power fluctuations in highly bursty inference scenarios. However, such granularity is not
necessary for the steady-state energy analysis targeted in this study.

To emulate multi-tenant cloud environments, virtual machine-like resource partition-
ing was implemented using Linux cgroup v2 (cpuset and memory.max) [18]. This approach
allowed precise control over CPU core allocation and memory limits for concurrent work-
loads without introducing virtualization overhead. Each experiment followed a fixed
protocol consisting of 30 s idle stabilization, 120 s workload execution, and 30 s cooldown,
ensuring consistent measurement windows across all cases. In total, 50 experimental
cases were evaluated, including 10 standalone executions and 10 concurrent workload
combinations under four different CPU/memory allocation ratios.

To extract steady-state measurements, only the middle 120 s window (from 30 s to
150 s of each 180 s session) was used for analysis, excluding the initial idle stabilization
and final cooldown phases. Prior to each experiment, the Linux page cache was flushed
(drop_caches = 3) and the system was verified to have reached idle state, defined as both
CPU and GPU utilization remaining below 5% for five consecutive seconds.

For data quality, sampling points with physically implausible values—such as negative
RAPL readings or power values exceeding the system’s rated capacity—were discarded.
No additional statistical outlier filtering was applied; the arithmetic mean over the 100 s
window naturally smooths transient fluctuations. The coefficient of variation (CoV), defined
as 0/ x 100%, was computed across different resource allocation scenarios to quantify
the sensitivity of wall power to resource partitioning.

2.2. Workloads

Nine workloads were selected to cover a broad spectrum of Al and non-Al computa-
tional behaviors, spanning GPU-intensive training and inference, CPU-bound computation,
memory-sensitive language models, and lightweight server applications.

GPU-oriented workloads include GEMM, Training, ResNet-GPU, YOLO, and GPU-
LLM. GEMM [19] performs continuous 4096 x 4096 single-precision matrix multiplica-
tions using PyTorch 2.5.1, representing a pure compute-bound GPU workload with near-
maximum SM utilization. Training fine-tunes a pretrained ResNet-18 [20] on CIFAR-10 [21]
with a batch size of 64, using SGD with a learning rate of 0.01 and momentum of 0.9,
with two data-loader workers for preprocessing. ResNet-GPU performs inference on a
pretrained ResNet-18 using batches of 32 randomly generated 3 x 224 x 224 input tensors.
YOLO runs YOLOv8-nano [22] in continuous video stream inference mode. GPU-LLM
runs OPT-1.3B [23] in half-precision (fp16) inference, generating 128 tokens per prompt
from a 512-token input context.

CPU-bound workloads include ResNet-CPU, LLM, ffmpeg, and Node]S. ResNet-CPU
performs the same ResNet-18 inference as ResNet-GPU but is restricted to CPU execu-
tion with a batch size of 8, isolating CPU-only energy behavior for a direct deployment
comparison. LLM runs GPT-2 (124 M parameters) [24] on CPU, generating 50 tokens per
prompt in an autoregressive loop. ffmpeg encodes synthetic 1080p video at 30 fps using
the X264 codec [25] with the medium preset, representing a realistic CPU-intensive media
processing workload. Node]JS hosts a lightweight Express.js HTTP server (Open]S Founda-
tion, San Francisco, CA, USA) [26] that computes Fibonacci(35) and sorts a 10,000-element
array per request, driven by 100 concurrent connections using autocannon.
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Among the nine workloads, three serve as a deliberate reference anchors designed
to establish clear energy boundaries: GEMM provides an upper bound for GPU power
consumption through pure matrix multiplication, ResNet-CPU isolates CPU-only execution
by intentionally bypassing GPU acceleration, and Node]JS represents a lightweight lower
bound. The remaining six workloads including ffmpeg, Training, and LLM-GPU represent
realistic production scenarios that validate whether the energy patterns observed at the
anchor extend to practical applications.

For each workload, CPU utilization, GPU power, streaming multiprocessor (SM) activ-
ity, and memory usage were recorded, enabling detailed characterization of computational
and power profiles.

2.3. Resource Partitioning Design

To analyze the effect of resource allocation ratios under concurrent execution, work-
load pairs were executed simultaneously under controlled CPU and memory partitions.
Four allocation ratios were tested:

1:1 (10 cores/10 cores, 14 GB/14 GB)
2:1 (14 cores/6 cores, 20 GB/8 GB)
3:1 (15 cores/5 cores, 24 GB/4 GB)
5:1 (17 cores/3 cores, 24 GB/4 GB)

These ratios were selected to simulate practical cloud resource allocation asymme-

tries while maintaining total system capacity constant. Ten workload combinations were
evaluated under all four ratios, producing 40 concurrent experiments. Together with the
10 standalone executions, this resulted in 50 total experimental cases. This design enables
direct comparison between standalone and concurrent execution, as well as isolation of the
impact of allocation ratios on system-level power behavior.

3. Power Behavior Under Resource Partitioning

This section presents the empirical power behavior observed under standalone and
concurrent executions. We first examine the impact of CPU/memory allocation ratios on
total system power, then analyze workload-level power profile stability under co-location,
and finally investigate deployment-dependent energy shifts.

3.1. Allocation Insensitivity in Concurrent Execution

Before analyzing concurrent execution, we first examine the power profiles of each
workload in isolation. Figure 1 presents the component-wise power decomposition for
all standalone workloads, including the idle state. The idle power of each component is
treated as a baseline, and the additional power consumed during workload execution is
separately plotted.

As shown in Figure 1, the workloads can be broadly divided into two primary
categories: GPU-dominant workloads (GEMM, LLM-GPU, Training, ResNet-GPU, and
YOLO) and CPU-dominant workloads (ResNet-CPU, ffmpeg, LLM, and Node]JS). For
GPU-dominant workloads, GPU power varies substantially across applications, ranging
from approximately 33 W to 199 W, while CPU power remains relatively stable at around
12-14 W. In contrast, CPU-dominant workloads exhibit negligible GPU power but show
considerable variation in CPU power, ranging from approximately 10 W to 33 W.

For both workload types, additional DRAM power remains modest even for workloads
with relatively higher memory activity such as ffmpeg. Since a significant portion of
DRAM power persists during idle states, the additional DRAM power reported here
reflects only the dynamic increment above the baseline rather than the total memory power
consumption. This indicates that memory power is largely static, persisting even without
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structure of each workload, which serves as a reference for subsequent analysis under
concurrent execution.
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Figure 1. Component-wise power decomposition of standalone workload executions.

Having established the intrinsic power structure of standalone workloads, we now
examine whether changing CPU and memory allocation ratios meaningfully affects to-
tal system power under concurrent execution. Table 1 summarizes the wall-level power
measurements across 10 workload combinations. The selected combinations are not ex-
haustive but are chosen to represent typical interaction patterns across GPU-dominant,
CPU-dominant, and lightweight workloads, enabling the observation of key resource
contention behaviors while keeping the experimental study tractable. Experiments were
conducted under four allocation ratios (1:1, 2:1, 3:1, and 5:1), and the table reports their max-
imum difference and variation. Throughout all experiments, thermally stable conditions
were maintained to avoid thermal throttling and minimize cooling-related variations. For
clarity, concurrent workload pairs are denoted by alphabetic labels (A-]), each correspond-
ing to a fixed pair of workloads evaluated under varying allocation ratios. Specifically,
A represents ResNet-CPU and GEMM, B represents ResNet-CPU and LLM, C represents
GEMM and YOLO, D represents LLM and Node]JS, E represents ResNet-GPU and ResNet-
CPU, F represents ResNet-GPU and LLM, G represents ffmpeg and LLM, H represents
Training and ffmpeg, I represents LLM-GPU and GEMM, and ] represents Training and
Node]JS. These labels remain consistent throughout the analysis.

For nine out of the ten combinations, total wall power varied within +1.4% despite
substantial shifts in resource distribution. For example, in GPU + GPU combinations
(e.g., combination I), wall power changed from 385.9 W (1:1) to 379.1 W (3:1), correspond-
ing to only +0.9% variation. Similarly, CPU + GPU combinations (e.g., combination
A) exhibited changes from 372.4 W to 361.8 W, remaining within +1.4%. The observed
variations remain consistently small across allocation ratios, as indicated by low coef-
ficients of variation and limited maximum differences. Although inferential statistical
testing was not performed, these results provide evidence of allocation insensitivity from a
practical perspective.
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Table 1. Wall-level power under concurrent execution across resource allocation ratios.

Workloads Type L1IW)  21(W)  3:1(W)  51(W) Maximum Maximum

Differences (W)  Variations
A ResNet-CPU + GEMM CPU + GPU 3724 367.0 365.1 361.8 10.6 +1.4%
B ResNet-CPU + LLM CPU + CPU 175.2 173.1 172.0 171.1 4.1 +12%
C GEMM + YOLO GPU + GPU 3709 363.4 362.2 362.1 8.8 +1.2%
D LLM + NodeJS CPU + CPU 166.6 165.4 164.7 164.9 1.9 +0.6%
E  ResNet-GPU + ResNet-CPU  GPU + CPU 293.5 299.6 298.6 2925 7.1 +1.2%
F ResNet-GPU + LLM GPU + CPU 297.0 300.0 298.2 296.2 3.8 +0.6%
G ffmpeg + LLM CPU + CPU 170.0 170.8 170.0 1711 1.1 +0.3%
H Training + ffmpeg GPU + CPU 240.8 293.7 295.3 297.7 56.9 +10.1%
I LLM-GPU + GEMM GPU + GPU 385.9 380.6 379.1 380.3 6.8 +0.9%
J Training + NodeJS GPU + CPU 295.9 288.2 294.4 294.6 7.6 +1.3%

These results indicate that once the workload pair is fixed, total system power is
largely invariant to how CPU cores and memory capacity are partitioned between them. In
other words, energy consumption is predominantly determined by workload composition
rather than resource allocation ratio.

An exception was observed in one specific combination (combination H), where
wall power varied significantly across allocation ratios. Further analysis in the following
Section 3.2 indicated that this deviation resulted from a CPU resource bottleneck caused by
insufficient allocation, which constrained the data-loading pipeline of a GPU-dominant
training workload and reduced GPU utilization. This boundary case suggests that allocation
insensitivity holds as long as supporting pipeline resources are provisioned sufficiently for
normal execution.

Opverall, the experimental evidence suggests that resource partitioning does not serve
as a reliable proxy for system-level energy consumption under multi-tenant execution.

3.2. Preservation of Workload Power Profiles Under Concurrency

We next examine whether individual workloads maintain their intrinsic power charac-
teristics when executed concurrently. Tables 2 and 3 compare standalone and concurrent
execution profiles for CPU utilization and GPU power, respectively. Across 20 workload
instances within the 10 combinations, 19 maintained CPU utilization within +3 percent-
age points of their standalone values when executed under a 1:1 resource allocation ratio.
Similarly, GPU power levels remained close to standalone measurements. For example,
GEMM exhibited 224.1 W under standalone execution, and 223.7 W (combination A),
229.2 W (combination C), and 227.8 W (combination I) under concurrency (within £5.1 W
of standalone).

The only substantial deviation was observed for the Training workload in combination
H. Under standalone execution, Training consumed 151.2 W of GPU power, whereas under
concurrency it dropped by 51.9 W to 99.3 W. This discrepancy was not due to a change
in the intrinsic workload profile, but rather to a CPU bottleneck in that specific scenario.
The underlying cause is further illustrated through the additional results presented in the
following figures.

Figures 2 and 3 illustrate how CPU utilization and GPU SM utilization change when
selected CPU-intensive and GPU-intensive workloads are executed either standalone
or concurrently with different partner workloads. The x-axis represents the number of
allocated CPU cores, which correspond to 1:1, 2:1, 3:1, and 5:1 resource allocation scenarios
explained in Section 2.3.
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Table 2. Profile preservation under concurrency: standalone vs. concurrent CPU utilization.
CPU Utilization CPU Utilization
Combination Workload 1 Workload 2
Standalone Concurrent A Standalone Concurrent A
A ResNet-CPU 46.0% 45.2% -0.8 GEMM 5.0% 5.0% 0
B ResNet-CPU 46.0% 43.0% -3.0 LLM 44.8% 44.4% —-0.4
C GEMM 5.0% 5.0% 0 YOLO 5.6% 5.6% 0
D LLM 44.8% 44.7% —-0.1 NodeJS 5.1% 5.0% —-0.1
E ResNet-GPU 5.0% 4.8% —-0.2 ResNet-CPU 46.0% 43.6% —24
F ResNet-GPU 5.0% 5.0% 0 LLM 44.8% 45.2% 0.4
G ffmpeg 35.3% 36.3% 1 LLM 44.8% 44.3% —-0.5
H Training 6.5% 3.4% -3.1 ffmpeg 35.3% 34.7% -0.6
I LLM-GPU 4.2% 4.2% 0 GEMM 5.0% 5.0% 0
] Training 6.5% 6.6% 0.1 NodeJS 5.1% 5.1% 0
Table 3. Profile preservation under concurrency: standalone vs. concurrent GPU power.
GPU Power (W) GPU Power (W)
Combination Workload 1 Workload 2
Standalone Concurrent A Standalone Concurrent A
A ResNet-CPU N/A N/A N/A GEMM 224.1 223.7 —-04
B ResNet-CPU N/A N/A N/A LLM N/A N/A N/A
C GEMM 2241 229.2 5.1 YOLO 439 422 -1.7
D LLM N/A N/A N/A NodeJS N/A N/A N/A
E ResNet-GPU 162.8 146.6 —16.2 ResNet-CPU N/A N/A N/A
F ResNet-GPU 162.8 153.2 —9.6 LLM N/A N/A N/A
G ffmpeg N/A N/A N/A LLM N/A N/A N/A
H Training 151.2 99.3 —51.9 ffmpeg N/A N/A N/A
1 LLM-GPU 57.4 56.2 —-1.2 GEMM 2241 227.8 3.7
] Training 151.2 155.1 3.9 NodeJS N/A N/A N/A

For example, Figure 2a shows the CPU utilization of the LLM workload under stan-
dalone execution and when co-located with NodeJS, GEMM, and ffmpeg. As shown in the
figure, CPU utilization remains effectively unchanged regardless of the partner workload or
standalone execution. Figure 2b,c shows similar results for other CPU-intensive workloads,
including ResNet-CPU and Node]JS. In both cases, CPU utilization remains stable under
standalone and concurrent execution.

Figure 3 presents SM utilization patterns for GPU-intensive workloads under stan-
dalone execution and co-location with different partner workloads. For instance, Figure 3a
shows GEMM executed alone and alongside ResNet-CPU and LLM-GPU. In all cases,
GPU utilization remains nearly identical. Similar behavior is observed for ResNet-GPU in
Figure 3b.

The only notable deviation occurred in Figure 3c, specifically when the Training
workload was paired with ffmpeg. When 10 CPU cores were allocated to Training under
this pairing, SM utilization dropped sharply from approximately 89% to around 50%,
indicating that the CPU data-loading pipeline had become a bottleneck. This boundary case
is consistent with the data stall phenomenon identified in prior work, where insufficient
CPU resources for data preprocessing directly constrain GPU utilization during DNN
training [28].
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Figure 2. CPU utilization of CPU-intensive workloads under standalone and concurrent execution
across varying CPU core allocations.
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Figure 3. GPU SM utilization of GPU-intensive workloads under standalone and concurrent execution
across varying CPU core allocations.

This behavior did not occur when Training was executed standalone or paired with a
lightweight workload such as NodeJS. Under those conditions, even with 10 allocated cores,
SM utilization remained stable at approximately 89%. This confirms that the observed
degradation was not due to the absolute number of CPU cores, but rather to contention
with a CPU-intensive co-located workload. This observation explains the behavior of
combination H in Table 3. Once sufficient CPU resources were restored in the ffmpeg
pairing (>14 cores), SM utilization returned to its expected range.

The transition to a resource-starvation regime is identified when the GPU workload
can no longer sustain its standalone execution profile due to insufficient CPU pipeline
capacity. In such cases, starvation manifests as a clear reduction in GPU SM utilization
relative to the standalone baseline. This transition depends on workload characteristics
and system configuration and cannot be represented by a universal numerical threshold.
For example, the starvation case observed in combination H was accompanied by an SM
utilization of roughly 50%, whereas YOLO and LLM-GPU exhibit stable behavior even
when SM utilization is below 30% (see Section 4.1). Despite this, workload-level energy
consumption can still be consistently determined from the observed resource utilization.

The deviation therefore reflects a system-level bottleneck under co-location with a
CPU-intensive workload, likely related to shared pipeline or memory subsystems, rather
than a change in the intrinsic power profile of the Training workload. It is associated
with admission-level resource provisioning decisions, not with workload-driven power
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characteristics. Taken together, these findings indicate that power behavior is primarily
workload-specific and remains robust across realistic concurrent execution scenarios.

3.3. Deployment-Dependent Energy Shifts

Beyond allocation ratios and concurrency effects, we observe that deployment choice
(CPU versus GPU execution) fundamentally alters workload energy categorization. ResNet
provides a representative example among our evaluated workloads. Although both ResNet-
CPU and ResNet-GPU execute the same ResNet-18 model architecture, their power be-
havior differs substantially. As shown in Figure 1, CPU-based deployment consumed
approximately 108 W, whereas GPU-based deployment consumed 216 W under identical
system conditions.

To further quantify this difference, Figure 4a compares CPU utilization and GPU
SM utilization of the ResNet workload when deployed in the two execution modes. As
illustrated in the figure, CPU-based inference exhibited approximately 46% CPU utilization
with no GPU activity, clearly placing it in the CPU-dominant regime. In contrast, GPU
deployment resulted in approximately 83% GPU utilization and only about 5% CPU
utilization, shifting it into a GPU-dominant class.
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Figure 4. CPU utilization and GPU SM utilization of the ResNet and LLM workloads under CPU and
GPU deployment modes.

This deployment-dependent divergence demonstrates that energy classification cannot
rely solely on application identity. Execution mode must be explicitly considered, as the
same algorithm may occupy entirely different positions in the system power spectrum
depending on hardware mapping. Our results reveal an almost twofold difference in
power consumption between CPU and GPU deployments, reinforcing that power impact
is governed by execution characteristics rather than nominal resource assignment.

Additionally, a comparable pattern is observed across language model workloads,
as shown in Figure 4b. The CPU-based language model (GPT-2) consumes 44.8% CPU
utilization with no GPU involvement, whereas the GPU-deployed LLM utilizes 25.1% GPU
SM with minimal CPU usage (4.2%). While these involve different model architectures
and thus do not constitute a direct deployment comparison, they illustrate that language
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model workloads can fall into fundamentally different energy categories depending on
execution hardware.

Meanwhile, the impact of deployment on the power profile does not directly translate
to energy consumption, as the two metrics are fundamentally different in nature. Figure 5
shows the measured power profiles over time while performing the same inference task
on 10,000 input images using ResNet-18. As shown in the figure, ResNet-GPU exhibits an
instantaneous power of approximately 216 W, which is about twice that of ResNet-CPU
(108 W). However, the elapsed execution time differs substantially: ResNet-GPU completes
the inference in 3.1 s, whereas ResNet-CPU requires 175.4 s. As a result, when energy
consumption is considered, the relationship is reversed. Despite the higher instantaneous
power, the significantly shorter execution time of ResNet-GPU leads to substantially lower
energy consumption—approximately 96.5% less energy per inference than ResNet-CPU.

250 == GPU . GPU
= CPU . CPU
= DRAM N DRAM

200

150

100

Component Power (W)
Component Power (W)

50

0 25 50 75 100 125 150 175 0 2 4 6 8 10 12 14
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(a) ResNet-CPU (b) ResNet-GPU

Figure 5. Comparison of ResNet-CPU and ResNet-GPU in terms of power profile and energy consumption.

These results indicate that execution efficiency is fundamentally different from instan-
taneous power magnitude. While GPU execution exhibits higher power draw, it achieves
significantly higher throughput, resulting in lower overall energy consumption.

4. Energy-Oriented Workload Categorization and Implications

The empirical patterns observed in Section 3 indicate that power behavior in multi-
tenant environments is fundamentally workload-driven rather than allocation-driven.
Building on these observations, we derive an energy-oriented workload categorization
grounded in measured power structure, utilization characteristics, and scaling behavior.

4.1. Derivation of Energy Categories

The most fundamental energy-based distinction among the nine evaluated workloads
is whether system power is primarily driven by the GPU or the CPU. This binary separation
establishes the first and most significant axis of energy-oriented categorization.

Figure 6 reveals a clear separation between GPU-dominant and CPU-dominant work-
loads by showing GPU SM utilization and CPU utilization. GPU-dominant workloads are
characterized by high GPU power draw and substantial SM utilization, while CPU usage
remains comparatively low and relatively uniform. In contrast, CPU-dominant workloads
exhibit significant CPU utilization with negligible GPU contribution.

This primary distinction aligns with the dominant source of active power and therefore
represents the most influential factor in determining overall system power behavior.

Within the GPU-dominant group, further structure emerges as shown in Figure 7.
Arithmetic-intensive workloads such as GEMM, ResNet-GPU, and CNN Training exhibit
high SM utilizations of 83-95%. These workloads form an SM-heavy subcategory and
define the upper bound of the system energy spectrum.
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Figure 6. CPU utilization and streaming multiprocessor (SM) utilization across nine workloads.

By contrast, LLM-GPU and YOLO exhibit substantially lower SM activity (approxi-
mately 15-25%). A second orthogonal dimension further differentiates GPU workloads:
framebuffer memory usage. From this perspective, LLM-GPU shows the largest memory
usage, exceeding 2600 MiB, indicating a memory-intensive execution pattern. CNN Train-
ing also exhibits high framebuffer usage (approximately 2200 MiB), whereas ResNet-GPU,
GEMM, and YOLO remain within a relatively modest range of 400-600 MiB.
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Figure 7. Internal spectrum of GPU-dominant workloads: SM-heavy vs. memory-heavy. Bubble size
indicates GPU power consumption.

Considering these two dimensions jointly—SM utilization and framebuffer mem-
ory usage—distinct internal categories emerge. Training uniquely combines high SM
utilization and high memory usage, reflecting its backward-pass computation and gradi-
ent storage requirements. YOLO occupies the lowest position in both dimensions, with
approximately 15% SM utilization and 411 MiB of framebuffer usage, representing a com-
paratively lightweight GPU workload. ResNet-GPU and GEMM are clearly SM-heavy,
whereas LLM-GPU is primarily memory-heavy.

This two-dimensional spectrum demonstrates that GPU-dominant workloads can-
not be treated as a monolithic class; their internal energy structures vary substantially
depending on the balance between computational intensity and memory footprint. From
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the perspective of power profiling, however, SM utilization exerts a far stronger influence
on overall GPU power draw than framebuffer memory usage. While memory-intensive
workloads may increase memory occupancy and potentially introduce performance bottle-
necks, their impact on total power magnitude is comparatively limited. In practical terms,
GPU utilization—particularly sustained SM activity—serves as the principal determinant
of the power profile within the GPU-dominant category.

CPU-dominant workloads also exhibit heterogeneous power behavior, as illustrated
in Figure 8. The figure plots CPU utilization against RSS memory footprint, with bubble
size representing CPU power consumption. ResNet-CPU, ffmpeg, and LLM demonstrate
relatively high CPU utilization levels (approximately 35-46%), and correspondingly con-
sume higher CPU power in the range of 45-54 W. In contrast, Node]S exhibits minimal
CPU utilization (approximately 5%) and correspondingly low CPU power (approximately
27 W). This pattern indicates a strong positive relationship between CPU utilization and
CPU power magnitude within the CPU-dominant group.
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Figure 8. Internal spectrum of CPU-dominant workloads: compute-bound vs. memory bound.
Bubble size indicates CPU power consumption.

From a memory perspective, LLM exhibits the largest RSS footprint (approximately
1220 MiB), reflecting its memory-intensive execution characteristics. However, despite
substantial differences in memory footprint, CPU power remains comparable across LLM,
ffmpeg, and ResNet-CPU, even though ffmpeg and ResNet-CPU operate with consider-
ably smaller RSS usage (approximately 550-760 MiB). This observation suggests that RSS
memory footprint has limited influence on overall CPU power magnitude compared to
CPU utilization.

NodeJS exhibits both minimal CPU utilization and minimal RSS footprint (approxi-
mately 87 MiB), reinforcing its characterization as a lightweight workload with low energy
demand across system components.

Taken together, the nine evaluated workloads empirically cluster into two primary
energy-oriented categories—GPU-dominant and CPU-dominant—with lightweight work-
loads occupying the lower bound of the energy spectrum. Within each dominant category,
subtypes emerge based on computational intensity and memory characteristics; however,
from an energy magnitude perspective, utilization remains the principal determinant of
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power behavior. These categories arise from measured power structure and microarchitec-
tural characteristics rather than application-level labels.

From an operational perspective, these categories can be approximated using simple
utilization-based criteria. Workloads with non-negligible SM utilization can be treated
as GPU-dominant, whereas those with near-zero SM utilization can be regarded as CPU-
dominant. From an energy attribution perspective, however, strict categorical separation is
not essential. Energy contribution can be directly determined from the observed utilization
of each resource. Even in cases of GPU-dominant workloads, both SM utilization and CPU
utilization are observable and can be jointly used for energy attribution, without requiring
strict categorical separation.

4.2. Implications for Energy-Aware Cloud Charging

The findings of this study have direct implications for cloud resource management and
pricing design. Traditional cloud billing models are allocation-centric, charging users based
on reserved virtual CPUs, memory capacity, or attached GPUs. However, the experimental
evidence presented here demonstrates that total system power under concurrent execution
is largely insensitive to allocation ratios, except under explicit resource under-provisioning.
Moreover, workload-level power signatures remain structurally stable across heteroge-
neous co-location scenarios. This indicates that power behavior is intrinsic to workload
characteristics rather than determined by proportional resource shares.

Because category membership is preserved under realistic multi-tenant execution,
energy-oriented workload classes are not artifacts of isolated benchmarking but reflect
stable structural properties. Moderate resource asymmetries do not alter category bound-
aries, reinforcing the practical applicability of workload-based categorization in operational
cloud environments.

An energy-aware charging framework may therefore shift emphasis from resource
reservation metrics to workload-driven characteristics. At the highest level, distinguishing
between GPU-dominant and CPU-dominant workloads captures the primary axis of energy
magnitude. However, workload type alone is insufficient for precise energy attribution.
Our results further indicate that, within each dominant category, utilization metrics serve
as the principal determinants of power behavior. Specifically, CPU utilization governs
energy magnitude in CPU-dominant workloads, while streaming multiprocessor (SM)
utilization plays the equivalent role in GPU-dominant workloads. In contrast, memory-
related parameters—such as RSS footprint or GPU framebuffer usage—exert comparatively
limited influence on overall power magnitude.

In practical cloud environments, aggregate CPU and GPU power can be readily mea-
sured at the system level, yet disaggregating total energy consumption across co-located
workloads remains challenging. The present findings suggest that once workload cate-
gory is identified, workload-level utilization statistics—CPU utilization for CPU-dominant
workloads and SM utilization for GPU-dominant workloads—provide a tractable basis for
approximating per-workload energy contribution. These utilization metrics are already
observable through standard system monitoring interfaces, making workload-aware en-
ergy accounting operationally feasible. For example, CPU utilization can be tracked at
the container or virtual machine level through OS functions such as cgroups, and GPU
activity metrics such as SM utilization can be obtained through device-level monitoring
interfaces (e.g., NVIDIA SMI) with process-level visibility. In contrast to resources such
as storage or network subsystems, whose per-process behavior is difficult to isolate due
to interference, compute components like CPU and GPU provide relatively stable and
attributable utilization signals for practical accounting purposes.
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While this study does not propose a specific pricing formula, it establishes empirical
foundations for energy-aligned cloud charging mechanisms grounded in workload power
profiles. By shifting attention from allocation ratios to workload-driven utilization char-
acteristics, cloud providers may better align pricing with actual operational energy cost
drivers in Al-intensive environments.

4.3. Limitations of Current Experiment

This study is conducted on an x86 server equipped with a single-socket CPU, a
single-DIMM memory configuration, and a GV100-class GPU. Accordingly, the observed
allocation insensitivity and utilization-driven power behavior should be interpreted within
this specific hardware setting. In particular, large-scale cloud systems may introduce
additional factors such as NUMA locality, remote memory access, interconnect overhead,
and stronger memory bandwidth contention, which are not captured in this study.

The experimental methodology focuses on isolating intrinsic workload-level power
behavior under controlled resource partitioning. To this end, Linux cgroup v2 is used
to emulate resource allocation without introducing virtualization layers. As a result, the
measured power reflects workload-driven behavior rather than full system-level energy
consumption, which would include hypervisor overhead, network and storage I/0O, and
other platform-level components commonly present in production cloud environments.

In addition, the experiments are conducted in a non-partitioned GPU environment
to avoid fine-grained interference effects. Modern GPU sharing mechanisms such as
MIG and MPS introduce additional layers of scheduling and contention that depend on
GPU architecture and runtime interaction patterns. Consequently, the observed power
behavior in such environments may reflect both intrinsic workload characteristics and
hardware-dependent sharing dynamics, which are not explicitly considered in this study.

Another limitation arises from the workload selection. In the evaluated workloads,
GPU-dominant applications exhibit relatively stable and low CPU utilization, indicating
that CPU primarily acts as a supporting pipeline. As a result, no workload simultaneously
exhibits high CPU and GPU power. However, in other applications—such as training
pipelines with heavy preprocessing [29] or large-scale recommendation systems [30]—both
CPU and GPU may contribute substantially to system power, leading to hybrid power
behavior not captured in this study. Even in such cases, however, the fundamental principle
of energy attribution based on CPU and SM utilization remains applicable within the
proposed framework.

Finally, while the analysis suggests that GPU SM utilization dominates dynamic power
variation and that memory-related power remains relatively stable across workloads, these
observations are derived from a specific GPU architecture. Although memory power is
largely associated with static components such as refresh and background circuitry, which
vary less with workload behavior, different architectures may exhibit different absolute
power characteristics.

5. Related Work

Utilization-driven energy accounting emerged from the fundamental limitation that
hardware power meters cannot measure the granular energy consumption of individual
software entities. Early foundational research established the core principles of this field;
for instance, Bellosa [31] introduced event-driven energy accounting by mapping hardware
counters to power draw, while Kansal et al. [32] pioneered software-based power models
(e.g., Joulemeter) to apportion total system energy among active virtual machines based on
CPU and memory utilization.
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Building upon these foundations, adapting energy models for cloud multi-tenant
scenarios has become a critical research focus. In shared cloud environments, resource
contention and virtualization overheads make accurate power attribution significantly
more complex. Recent studies have developed fine-grained, isolation-aware accounting
methods to measure the energy footprint of individual tenants without requiring physical
hardware segregation. For example, frameworks like FaaSMeter [33] have demonstrated
that aggregating resource utilization metrics (CPU, memory, and 1/0) is an effective proxy
for attributing energy costs among concurrent workloads in highly multi-tenant serverless
architectures. While such approaches focus on attributing system-level energy to individual
tenants, they do not examine how resource allocation itself affects system-level power
behavior. In contrast, our work investigates this relationship through direct measurement
in co-located Al workloads.

With the rapid proliferation of artificial intelligence, recent research has increasingly
focused on characterizing the energy behavior of Al workloads. Al applications, particu-
larly Large Language Models (LLMs) and deep learning inference tasks, exhibit bursty and
heterogeneous utilization patterns across accelerators (e.g., GPUs, TPUs), along with high
memory bandwidth demands. Prior studies have therefore proposed domain-specific en-
ergy models that capture the non-linear relationship between accelerator utilization, model
characteristics, and power consumption [34], as well as factors such as GPU idle states and
amortized inference costs in distributed environments [35]. However, these approaches
primarily rely on utilization- or model-driven abstractions and often assume that energy
behavior can be sufficiently explained by resource usage metrics or model parameters alone.
In contrast, our work reveals through measurement-driven experiments that deployment
configuration (e.g., CPU vs. GPU execution) can fundamentally shift the power regime of
the same workload, indicating that power behavior is not solely determined by utilization
or model characteristics but also by execution context.

Recent research has increasingly integrated utilization-driven modeling with workload-
specific pattern analysis to optimize shared Al clusters. For instance, Kakolyris et al. [36]
proposed fine-grained energy models for LLM inference, demonstrating that task-level
parameters can non-linearly affect GPU power consumption. Similarly, architectures such
as HeShare [37] aim to improve energy efficiency in multi-tenant environments through
utilization-aware scheduling and dynamic GPU sharing. While these approaches advance
energy-aware optimization in shared systems, they fundamentally rely on utilization-
driven abstractions for modeling and decision-making. In contrast, our work provides a
complementary perspective by experimentally validating the stability and separability of
workload-level power profiles under controlled co-location settings, and further deriving a
utilization-driven categorization framework.

6. Conclusions

This paper analyzed the energy behavior of widely used Al workloads together with
conventional non-Al workloads through a comprehensive experimental study. Our results
show that total system power is largely insensitive to resource allocation among co-located
workloads, except in cases of insufficient provisioning. At the workload level, power
profiles remain stable under heterogeneous co-location and are consistent with standalone
executions. Based on measured power decomposition, we derived a workload categoriza-
tion framework that distinguishes GPU-dominant and CPU-dominant workloads, further
characterized along utilization and memory dimensions. From an energy perspective, CPU
utilization and SM utilization emerge as the primary determinants of power magnitude
in CPU- and GPU-dominant workloads, respectively, while memory-related parameters
contribute only marginally to overall power. These findings provide practical implications
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for energy-aware cloud management. Although aggregate CPU and GPU power can be
measured at the system level, attributing energy consumption to individual workloads re-
mains challenging in multi-tenant environments. Our analysis suggests that workload-level
power can be approximated by partitioning measured resource-level power (CPU or GPU)
according to corresponding utilization statistics (CPU utilization or SM utilization). This
establishes an empirical basis for workload-aware, utilization-driven energy accounting in
Al-intensive cloud systems.

While this study provides a controlled analysis of workload-level energy behavior,
several directions remain for future work. As our experiments were performed under a
controlled single-node system, the findings are limited in scope and should not be over-
generalized to production cloud environments. Extending the analysis to multi-socket
systems and heterogeneous architectures (e.g., ARM-based platforms) would enable vali-
dation of the proposed observations under more realistic cloud configurations. In addition,
incorporating virtualization layers and full system components—including hypervisor
overhead, network, and storage subsystems—would allow a more comprehensive eval-
uation of energy behavior in production cloud environments. Finally, while this study
demonstrates that utilization-based metrics provide a practical basis for energy attribution,
further validation is necessary to assess the impact of interference, scheduling dynamics,
and measurement granularity on attribution accuracy in real deployments.
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