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Abstract

GPUs have been increasingly deployed in the data centers of big
IT companies to enhance their AI/ML infrastructures. Since GPUs
typically consume significantly more power than CPUs, it is crucial
to optimize the power consumption of GPU data centers. Task con-
solidation has been demonstrated to be an effective way to reduce
GPU power consumption by consolidating ML tasks onto a smaller
set of GPUs and putting unused GPUs and servers into sleep. Unfor-
tunately, existing work on GPU sharing and consolidation assumes
that the GPU utilization of each ML task can be approximated as
a constant during consolidation. This is in contrast to our analy-
sis of real-world traces, which shows the GPU utilization of ML
workloads fluctuates significantly over time.

In this paper, we propose CATS, a novel power optimization
framework designed for GPU data centers. CATS features correlation-
aware scheduling to analyze GPU utilization patterns across dif-
ferent ML tasks. By consolidating tasks with negatively correlated
GPU utilization on the same GPUs, CATS reduces the number of
active GPUs required and puts unused GPUs to sleep, thereby low-
ering idle power consumption without significantly increasing the
job completion time (JCT) of the ML tasks. Additionally, CATS inte-
grates dynamic frequency scaling to reduce the dynamic power con-
sumption of active GPUs. We formulate correlation-aware ML task
consolidation as a constrained optimization problem with a costly
optimal solution. We then design a light-weight heuristic algorithm
that is practical for real data centers. Our experiments, conducted
on a hardware testbed and through extensive simulations, demon-
strate that CATS reduces GPU power consumption by up to 24.7%
compared to the baseline, while maintaining comparable JCTs.
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1 Introduction

The recent success of AI/ML development has resulted in a high
demand for Graphics Processing Units (GPUs). As an arms race,
major IT companies (e.g., OpenAl, Meta, Microsoft, Google) are all
rushing to purchase/build more GPU chips to significantly enhance
their AI/ML infrastructures [1]. Hence, it can be well anticipated
that the number of GPUs used in the data centers of those Big Tech
companies will increase sharply in the next few years. Although
GPUs are generally more energy-efficient than CPUs, a GPU can
consume significantly more power than a CPU due to their higher
density of memory and computing units that operate in parallel.
For example, the power consumption of a high-end GPU used for
ML Training (e.g., Nvidia H100) can be as high as 700 Watts [49].
Based on Nvidia’s estimate, approximately 1.5 to 2 million H100
GPUs were sold in 2024. Thus, the total power consumption of
just those H100 GPUs can reach 13.1 TWh annually [34], which, if
compared to residential power consumption of large cities in the
US, would rank as the fifth-largest residential power consumer and
is higher than the entire city of Phoenix, AZ [56]. Therefore, it is
crucial to optimize the power consumption of these massive GPU
data centers used for AI/ML development.

Most existing GPU power optimization research relies on offline
profiling of the target ML applications on a specific GPU to iden-
tify the most energy-efficient scheduling (e.g., [3, 52]). However,
they may incur high profiling overheads and cannot adapt to on-
line changes in program behaviors. Some studies aim to modify
the internal mechanisms of specific ML models to improve en-
ergy efficiency [47], but these approaches may not apply to all
ML applications. Online system-level GPU power optimization has
been proposed for ML inference [9, 33, 35, 37, 51, 53] and train-
ing tasks [61, 65], respectively. However, they mainly depend on
GPU frequency scaling to achieve the desired power-performance
trade-offs. While frequency scaling can provide prompt GPU power
management, it cannot eliminate GPU idle power consumption,
which can be significant for many GPUs, and thus achieves only
inferior power optimization results.

A well-known approach to minimizing idle power consumption
in data centers is to consolidate workloads onto fewer compu-
tational resources, such as GPUs or CPUs, to optimize resource
utilization [27][69]. Then, unused computational resources can
be turned off or put into sleep [27][43], reducing the data center’s
power consumption. For example, task consolidation for data center
server power optimization has been studied before to make servers
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more energy-proportional to their workloads [26, 64]. Likewise, the
traffic flows in a data center network can also be consolidated to
put unused network devices into sleep for energy savings [24]. For
GPU data centers, recent research has proposed various methods
for packing more ML tasks onto fewer GPUs [5, 15, 74] with the
goal of increasing GPU utilization, because GPUs in production
data centers are reported to be severely underutilized [70]. With
such GPU-sharing or consolidation methods, unused GPUs can be
powered down or placed in sleep mode to minimize their idle power
consumption. Additionally, when no GPUs in a server are active,
we can further reduce idle power consumption by putting unused
servers to sleep [27][43].

Unfortunately, existing GPU consolidation solutions assume that
the GPU utilization of each ML task can be approximated as a con-
stant (e.g., by taking either the peak or average value) during the
consolidation process. Such a simplistic assumption may not ac-
curately capture the dynamic resource demands of ML tasks. For
example, our analysis of the real-world traces from Microsoft (
Philly [31]) reveals that the GPU utilization of ML workloads fluctu-
ates significantly over time, with usage levels varying throughout
the day. Therefore, conservatively using the peak values for GPU
consolidation can result in an unnecessarily higher number of active
GPUs and thus more power consumption, while using the average
values may cause some co-located ML tasks to peak at the same
time and therefore have longer Job Completion Times (JCTs) due to
undesired GPU resource competition. In sharp contrast to existing
solutions, we argue if the correlations among ML tasks are consid-
ered in GPU consolidation, more power savings can be achieved
for GPU data centers. In particular, compared with ML inference
tasks that last only milliseconds to seconds, ML training tasks are
better candidates for correlation analysis, because the consolidation
period cannot be too short due to overhead considerations [64].

In this paper, we propose CATS, a power optimization framework
specifically designed for GPU data centers that run ML training
tasks. CATS leverages correlation-aware scheduling, which analyzes
GPU utilization patterns among various ML tasks to efficiently
consolidate them onto fewer GPUs. By scheduling tasks with com-
plementary resource demands, we can fully utilize active GPUs
and put unused GPUs to sleep, thereby saving idle power. CATS
is also integrated with dynamic GPU frequency scaling to maxi-
mize dynamic power savings without much impact on the JCTs
of ML training tasks. CATS focuses on scheduling training tasks,
since inference tasks typically have very short durations, usually in
milliseconds [8][4][58]. Therefore, we focus on scheduling train-
ing tasks with longer durations [63][62] and provide multiple
data points for correlation analysis. To this end, we first model
the impact of frequency scaling on GPU power consumption and
task JCTs. We then formulate GPU consolidation as a constrained
optimization problem, known to be NP-hard. Then, we derive an
optimal solution that determines the best consolidation strategy. To
significantly reduce computational overhead, we design a heuristic
algorithm to efficiently consolidate ML training tasks based on
the analyzed correlation of their GPU utilization. Finally, we dis-
cuss practical considerations for implementing CATS in real-world
data centers, including scalability, GPU utilization prediction, and
integration with existing infrastructure.

The major contributions of this paper are as follows:
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e We examine real-world traces and observe that ML tasks
generally exhibit weak pairwise correlations and do not
peak simultaneously. Leveraging this insight, we propose
correlation-aware scheduling that strategically consolidates
ML training tasks to minimize the number of required GPUs,
thereby reducing overall power consumption.

e We formulate ML task consolidation as a constrained opti-
mization problem. Given the NP-hard nature of this problem,
we mathematically derive an optimal solution. Although this
solution is computationally intensive and impractical for
real-time data center operations, it serves as an upper bound
to guide the development of efficient heuristic algorithms.

e We validate the effectiveness of CATS through experiments
on our GPU hardware testbed and trace-driven simulations.
Our testbed results demonstrate a substantial reduction in
the number of required GPUs. Furthermore, simulation evalu-
ations show that CATS outperforms several baseline solutions,
achieving up to an 24.7% decrease in power consumption.

The remainder of this paper is structured as follows: In Sec-
tion 2, we formalize the optimization problem. Section 3 motivates
utilization-based correlation and details the design of the CATS
framework. Section 4 describes the experimental setup. Hardware
and simulation evaluations are covered in Sections 5 and 6, re-
spectively. Section 7 discusses the related work. Finally, Section 8
summarizes our conclusions.

2 Problem Formulation

In this section, we develop a model to analyze how GPU frequency
scaling affects the power consumption and JCT of ML training tasks.
We then propose an optimal solution to optimize data center power
consumption without degrading performance. Finally, we discuss
the practical challenges associated with computing this optimal
solution.

2.1 Modeling

2.1.1  Power Model. We first introduce the power model and then
formulate the power optimization as a constrained problem. We
use the following notations:

e D: Datacenter.

e N: Total number of servers in D.

e w;: Total number of GPUs on server i.

e Gjj: The jth GPU on the ith server.

® Pys: Per-GPU static power (idle) when a GPU is powered on
(W).

e a:Linear coefficient of dynamic power vs. frequency (W/MHz).

e fij: SM (Streaming Multiprocessor) frequency of GPU j run-
ning on server i (MHz).

. Pl.StatiC: Server i’s static power draw when the server is on

(independent of GPU load) (W).

c?}em: DRAM capacity of GPU j on server i.

L: Total number of tasks.

dj: Memory consumption of task #;.

v7: Number of GPUs required by task ;.

k;: Maximum allowed Job Completion Time (JCT) extension

factor for task I (e.g., k; = 1.2 for a 20% tolerance).

o x5;; € {0,1}: 1if task [ is assigned to GPU j on server i, 0
otherwise.
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e y;j € {0,1}: 1if GPU j on server i is active, 0 otherwise.
e z; € {0,1}: 1 if server i is active, 0 otherwise.

The power consumption of a GPU consists of both static (idle)
and dynamic components. The static power consumption is the
baseline power drawn by the GPU when idle, including components
such as the power supply and fans. The dynamic power consump-
tion varies with workload and is directly proportional to the GPU’s
operating frequency. Thus, the total power consumption of a GPU
is represented in Equation (1), where Pgp,, is the total power con-
sumption in Watts. Pys represents the static power consumption
(obtained from measurements of the GPU’s power draw at idle), «
is the coefficient for linear dynamic power contribution, and f is
the GPU’s operational frequency in Megahertz.

Pgpu = Pygs + af. (1)

For a datacenter (D) comprising a homogeneous GPU cluster
consisting of N servers, where each server has w; GPUs, the to-
tal power consumption is shown in Equation (2). To derive the
linear coefficient in Equation (2), we characterize (Pys, a) for our
NVIDIA V100 GPUs by running ML training workloads, specifi-
cally ResNet50 and VGG16 with a batch size of 60, on frequencies
ranging from 135 MHz to 1350 MHz. For each frequency setting,
we measure power consumption per training epoch and compute
the average across workloads. The GPU power model is expressed
in Equation (3). In this model, 23.3 W represents the static power
consumption, obtained from measurements of the GPU’s idle power
draw, while 0.09 W/MHz is the coeflicient that captures the linear
contribution of dynamic power. This model achieves a high degree
of accuracy, with an R? score of approximately 0.95, as illustrated
in Figure la.

N w;
Poputotal = Z Z Yij (Pgs + (Xfij). @)
i=1 j=1
N Wi
ngu,total = Zzyij (23'3 + O'ngij)' ®)
i=1 j=1

A typical server used for ML training features multiple GPUs
(often 1-8 [8, 30, 32]). The total server power for server i includes
its static base draw when active, the sum of its GPU power, and the
power drawn from other components as shown in Equation (4).

Wi
PSRt " Pepuij (fif) + Pother i 2i =1,
Pserver,i = j=1 (4)
0, ifzi =0

In Equation (4), Pother captures the non-GPU power components,
including CPU power, memory power, chipset power, and power
consumption of the other components. Since ML training tasks
predominantly use GPUs, GPUs are the primary contributors to
the overall power consumption.

In cloud services, providers often anticipate user requests for
machine learning services. To process these requests promptly and
satisfy service-level agreements (SLAs), providers keep GPUs active
and operate them at their maximum frequency to avoid latency
violations [52]. However, keeping GPUs continuously powered
on to meet latency requirements results in significant idle power
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Figure 1: Measured and predicted GPU power consumption
and job completion time (JCT) under different SM frequen-
cies: (a) power consumption and (b) JCT.

consumption when no requests are being processed. For example,
on an A100-PCIE-40GB (250W TDP), the idle power draw for the
smallest compute slice is already around 40 — 50 W. For an H100-
PCIE-80GB (350W TDP), the idle power draw for the smallest slice
is even higher, at approximately 70-80 W [29]. Moreover, the idle
power percentage will increase for future GPUs. Therefore, when
GPUs are not needed to serve active tasks, unused GPUs can be
transitioned into low-power sleep states to reduce idle power con-
sumption [27]. In addition, when no tasks are assigned to any GPU
on the server (i.e., z; = 0), the server can be powered off or put to
sleep to further reduce its static power consumption.

2.1.2 Latency Model. Training tasks do not have strict Service
Level Agreements (SLAs) as inference tasks [8]. However, training
latency cannot be extended indefinitely. The GPU frequency affects
training latency [22]: reducing it can reduce power consumption
but may prolong the JCT [18, 45]. Gao et al. [18] conducted a sur-
vey involving 103 researchers to assess their tolerance for deadline
extensions in Training tasks. The findings revealed that approxi-
mately 3%, 12%, 21%, and 22% of respondents were willing to accept
deadline extensions of 0%, 5%, 10%, and 20%, respectively. In this
paper, we establish a 20% threshold for determining SLA violations.
To understand the impact of frequency scaling on JCT, we analyze
how the GPU frequency affects JCT. By varying the frequency of
the GPU as described in Section 2.1.1, we measure the average JCT
between workloads in Section 2.1.1 and fit a curve to model the
relationship between the two as shown in Equation (5).

€] (f) = €min] X (fﬁ)ﬁ (5)

f

Through curve fitting, we obtain f = 0.91, which captures the
nonlinear scaling behavior and yields R? ~ 0.97 (Fig. 1b).

2.2 Problem Formulation

Deep learning training clusters are typically constrained by the
power budget of the data center rather than the total energy con-
sumed by individual tasks. Consequently, our objective is to mini-
mize the instantaneous power draw while ensuring that each train-
ing task does not exceed its SLA. We emphasize that this work
optimizes power (Watts), because instantaneous power directly af-
fects the rack-level electrical provisioning, cooling capacity, and
cluster-wide admission control.
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The optimization problem is shown in Equation (6).

N
min Z Pserver,i 6)
i=1
N w;
s.t. Z leij =0y, v, (7)
i1 =1
L
D5 dixiiy < e i Vi, j, ®)
I=1
Xlij < Yijs vl i, j, )
zi 2 Yij, Vi, j, (10)
Wi
RN Vi, (11)
=
xlij’ Yij, Zi € {0> 1}’ Vl, L, j (12)
Jmin ¥ij < fij < fmax Yijs Vi, j, (13)
-1 .
fir 2 fanaxr; P - M(1 = x), VLij  (14)

where M > fiax.

Consolidating tasks onto fewer GPUs reduces the number of
active GPUs (i.e., those with y;; = 1), which in turn enables more
servers to be powered down/put to sleep (so z; = 0). Constraint (7)
denotes the distributive constraint used to determine the number of
GPUs assigned to a training task. If v > 1, distributed training is per-
formed. Equation (8) ensures that the task’s memory consumption
does not exceed the DRAM capacity of the GPU. Constraints (9),
(10), (11) represent the activation constraints. Constraint (13) spec-
ifies the operating frequency range of the GPU. Constraint (14)
enforces the SLA by ensuring e;(fi;j) < kjemin 1, Where M (> fmax)
is a large constant used to deactivate the constraint when task [ is
not assigned to GPU G;;. The SLA constraint introduced in Equa-
tion (14) ensures that frequency scaling does not degrade training
performance beyond the specified tolerance.

Computational Complexity and Solver Limitations: We use PuLP
[44] to obtain the optimal solution. The solver’s tolerance is set to
1 107°. Because the power minimization formulation is a mixed-
integer linear program (MILP) with binary placement and activation
variables, the problem is NP-hard. Consequently, the number of de-
cision variables and constraints increases rapidly with the number
of tasks (L), resulting in exponential growth in solver runtime, as
shown in Table 1.

Table 1: Computation Time for Different Numbers of Tasks

Tasks 2 4 8 16 32 64 128
Solve Time (s) | 0.02 | 0.12 | 0.24 | 0.66 | 4.7 | 16.5 | 80.9

To overcome this, we propose a lightweight heuristic for online task
placement that achieves near-optimal power savings with significantly
reduced computational overhead.

3 Design of CATS

In this section, we begin by discussing GPU utilization and analyz-
ing the correlations in GPU utilization across ML training tasks.
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We then discuss the consolidation analysis of ML tasks. Building
on this analysis, we detail the design and functional components of
the CATS framework. We then discuss the practical considerations
associated with CATS.

3.1 GPU Utilization

There are different granularities of utilization in GPUs. The GPU
utilization measured by the nvml interface represents the percent-
age of time over the past sample period during which one or more
kernels are executing on the GPU [13]. At the streaming multipro-
cessor (SM) [14] level, utilization measures the distribution and
execution efficiency of thread blocks across SMs. At the instruction
level, utilization is calculated as the ratio of successfully issued
warp instructions to stalled cycles, indicating the warp scheduler’s
effectiveness. Finally, tensor core utilization focuses on the perfor-
mance of specialized cores for matrix operations, evaluating the
dominance and throughput of tensor core instructions. Although
finer-grained utilization is useful for application tuning, it incurs
significant profiling overhead. In contrast, GPU and SM-level uti-
lization is relatively easy to obtain and is therefore widely used
in data center schedulers [14]. To obtain temporal GPU utilization
information for our analysis, we collect periodic utilization samples
using the NVIDIA Management Library (nvml). Specifically, utiliza-
tion is sampled asynchronously by a dedicated background thread
that invokes nvml APIs at regular intervals. This approach provides
low-overhead access to GPU utilization without interfering with
the training execution. While nvidia-smi can also be used to query
the same nvml interfaces, running it as a subprocess adds unnec-
essary overhead; therefore, our implementation interacts directly
with nvml in-process. Although more advanced profilers such as
NVIDIA Nsight Systems (nsys) can capture extremely fine-grained
information (e.g., kernel-level traces, memory transactions, and
tensor-core activity), they introduce substantial runtime overhead
and are not suitable for continuous or online monitoring in produc-
tion training clusters. Our coarse-grained, low-overhead sampling
is consistent with how GPU utilization is monitored in real-world
cloud environments.

GPU utilization prediction has been extensively studied before
[2, 11, 19, 27, 50, 73]. For example, some research has achieved a
low prediction error, with a Root Mean Squared Logarithmic Error
(RMSLE) of 0.154 [73]. Since utilization prediction is not the focus
of this work, we assume that GPU utilization can be predicted using
such existing techniques. It is also important to note that CATS can
still work effectively even when the predicted GPU utilization is
inaccurate (See Section 5). While task memory usage may vary with
batch size or degree of parallelism, both parameters are available at
the submission time, and the scheduler can account for them when
estimating memory demand. Since CATS relies on coarse-grained
correlation trends rather than exact point predictions, moderate
deviations do not significantly change scheduling decisions. Inac-
curate predictions may slightly increase latency or reduce consoli-
dation, while remaining superior to correlation-agnostic baselines.

3.2 Utilization Correlation Analysis

To motivate the design methodology of CATS in the subsequent sec-
tions, we present our analysis of the Philly trace from Microsoft’s
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data center [31]. The trace includes training tasks from production
groups that develop products using models for image classification,
speech recognition, and other applications. The trace is collected
from clusters equipped primarily with Nvidia P — 100 GPUs. We
select 600 tasks from the middle of the trace. We map each task’s
machine ID in the job trace file to the corresponding machine IDs
in the GPU utilization trace file. We calculate the aggregate GPU
utilization for each job by summing utilization across all GPUs as-
signed to the task for each minute of execution. For the selected 600
tasks, we compute the correlation coefficient from the utilization
values to quantify the similarity in GPU utilization patterns. To
quantify the correlations among tasks, we compute the Pearson cor-
relation coefficient for each pair of tasks, as shown in Equation (15).
The correlation coefficient for two distributions, x = {x1,...,x,}
andy = {y1,...,Yn}, is given by:

T, (i = 9 (i = 9)
VZI (i = 22, (4 - 9)?

where ¥ = 13" x;and § = 1 ¥ y; are the sample means
of x and y, respectively. The correlation coefficient px, usually
ranges from —1 to 1. We plot the Cumulative Distribution Function
(CDF) of the correlation coefficient for all pairs of tasks in the Philly
trace, as shown in Figure 2. From this figure, we observe that 46%
of task pairs exhibit negative correlations, indicating that tasks
are negatively correlated. Meanwhile, 34% fall between 0 and 0.3,
suggesting a weak positive correlation. Overall, approximately 80%
of task pairs exhibit correlations |ryy| < 0.3, indicating that most
task pairs are only weakly correlated. Only a small fraction of task

pairs show stronger correlations, with ryy > 0.3.

plxy) = ; (15)

Observation 1: The GPU utilization of most training tasks is
loosely correlated, so they usually do not peak at the same time.

It is important to note that the correlation values reported here
are computed from utilization samples extracted from the trace.
Consequently, the metric captures coarse-grained temporal trends
rather than fine-grained variations at the level of kernels, warps,
caches, or memory-access behavior. As shown in later subsections,
this coarse-grained signal is sufficient to guide consolidation deci-
sions that reduce power consumption without significantly degrad-
ing JCT. Since the correlation analysis above was performed on
600 tasks, it is essential to quantify the computational overhead of
computing correlation coefficients, particularly as the sample size
increases. To evaluate this cost, we measure the time required to
compute the Pearson correlation for vectors of different lengths. As
shown in Table 2, the computation of correlations incurs minimal
overhead. Even with 1 million samples, the runtime is under 13
ms. This confirms that correlation analysis imposes negligible over-
head and can be performed online without affecting scheduling
responsiveness.

Table 2: Overhead for Correlation Computation

Samples 1K | 10K | 100K | 500K
Time (ms) | 0.295 | 0.325 | 1.325 | 6.469

1000K
12.999
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3.3 Consolidation Analysis

Several works discuss multiplexing approaches, such as GPUlet
[12], IADeep [10], and Orion [57], which explore task consolidation
on the same GPU. However, all of these focus on inference tasks.
However, a recent study analyzes GPU workload consolidation for
deep learning training tasks on NVIDIA GPUs [55]. It shows that
for small and medium-sized training jobs that underutilize a GPU,
running multiple jobs concurrently (e.g., via MPS or MIG) can sig-
nificantly increase overall training throughput, in some cases by up
to 3X. To determine whether it is feasible to schedule multiple DNN
workloads on the same GPU, we analyze real-world traces (the PAI
trace [66]). This analysis serves two main purposes: first, it assesses
whether GPUs have enough DRAM capacity to accommodate the
tasks; second, it verifies that tasks can be scheduled on the same
GPU without exceeding that DRAM capacity. This step is crucial
because the correlation analysis focuses on scheduling multiple
tasks or layers to a single GPU.

The PAI trace from Alibaba [66] captures a mix of ML training
and inference jobs executed on a large-scale cluster comprising
over 6,500 GPUs during July and August 2020. Each job in the
trace is associated with a unique identifier, start time, duration,
requested GPU memory, requested GPU utilization, and job status.
We preprocess the trace by applying the following filters: (1) we
exclude jobs marked as failed, (2) we remove jobs with zero GPU
memory or GPU utilization, and (3) we filter out jobs with execution
times shorter than 20 seconds, as these typically correspond to
inference workloads [8].

Figure 3 presents the CDF of DRAM usage, showing that most
workloads consume significantly less than 16 GB, as indicated by
the steep increase in the CDF. Additionally, most workloads re-
quire less than 32 GB. Therefore, scheduling multiple workloads
on the same GPU is feasible when the aggregate working sets (in-
cluding short-term peaks) fit within a GPU with 32 GB or more of
DRAM, with sufficient headroom to avoid allocator fragmentation
and framework/runtime reservations.

Observation 2: GPU memory consumption is fragmented, pro-
viding an opportunity to consolidate tasks.

Consolidating multiple tasks can significantly impact the JCT
of each task [8, 14, 16, 57, 60, 73]. Hence, we need to ensure that
consolidation does not exceed the task’s SLA [18]. For example,
Orion [57] suggests that consolidating a compute-oriented task
with a memory-bound task reduces contention. Similarly, Yeung
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et al. [73] propose proactively predicting GPU utilization before
scheduling so that jobs are consolidated only when their combined
utilization is unlikely to exceed GPU capacity. Motivated by our em-
pirical analysis of GPU utilization and memory usage in production
traces, we design CATS to favor consolidation of tasks with comple-
mentary utilization patterns. Specifically, CATS consolidates tasks
only when (1) the aggregate DRAM footprint of the consolidated
tasks fits within the capacity of a single GPU, and (2) their GPU
utilization patterns are complementary such that their resource
demands do not peak simultaneously. By consolidating tasks with
non-overlapping utilization phases, CATS mitigates resource con-
tention and avoids excessive increases in JCT. In the next subsection,
we present our CATS framework.

3.4 CATS Framework

The design of our proposed CATS framework is illustrated in Fig-
ure 4. CATS includes a correlation analysis module that performs
correlation analysis of task GPU utilization. It has a scheduler that
dispatches tasks to datacenter GPUs. The power state manager runs
periodically and consists of two modules: a sleep module, which
puts unused GPUs and servers to sleep, and a frequency adaptation
module, which dynamically adjusts the frequency of active GPUs.

Our framework has several benefits. (1) It can integrate services
based on ML, such as a resource manager aware of burstiness [75]
and a network-aware job scheduler [54]. (2) It offers high usability:
The proposed scheduling approach can be integrated with systems
such as Kubernetes or YARN using existing plugin interfaces or cus-
tom schedulers. The algorithm relies solely on task metadata and
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lightweight computations, allowing it to operate efficiently within
control loops. Users do not need to provide extra information or
specifications. (3) It incurs low overhead: computation for correla-
tion takes only milliseconds, as discussed in Section 3.2, which is
negligible for DL workloads.

We now illustrate a simple example to demonstrate how CATS
works. In this example, we consider two training tasks: t; with 12
GB of memory and t; with 10 GB of memory from the Philly trace
[31]. The average GPU utilization of #; and t; is 52.23% and 42.7%,
respectively. The utilization patterns of these tasks are shown in
Figure 5. In this example, we consider our testbed setup with 2 GPUs,
each having 32 GB of memory. Figure 6a shows the default approach
[45][48], where each task is assigned to a separate GPU. We now
compare it with CATS. For CATS at time 0, when t; arrives, we assign
it to GPU 0. At time 1 second, task #;, arrives. We compute the
correlation coefficient (p(t1, t2) using Equation (15)) between the
task already running on GPU 0 and the incoming task t2, which is —1.
Since the correlation coefficient is negative, and their total memory
usage (22 GB) is less than the GPU’s DRAM capacity (32 GB), we
consolidate ¢; and t2 on GPU 0 as shown in Figure 6b.

[ Tasks [ ti | ¢ | Tasks | t1 | t2 |

\
- = 71 - - 1 [ e I N |
| ‘ 151 ‘ il ‘ ta ‘ | | | | Put to sleep |
I B vt T
GPU 0 GPU 1 GPU O GPU 1

(a) Default (b) CATS

Figure 6: An example of ML task consolidation by CATS. (a)
shows the initial task assignment. (b) shows the aggregated
task consolidation after applying CATS. We put the unused
GPU (GPU 1), to sleep to reduce power consumption.

While distributing each task to its individual GPU results in the
shortest JCT for all tasks, the JCT for our proposed method, CATS,
is only slightly longer, as we utilize correlation and the tasks do not
contend for resources. For the CATS GPU 1 can be put to sleep to
reduce idle power consumption. Additionally, if a server is equipped
with only one GPU, as in Alibaba’s infrastructure [70], the server
can be shut down or put to sleep when the GPU is no longer in use,
reducing idle server power consumption. If a server contains two
or more GPUs, it can be transitioned to a sleep state only after all
GPUs on that server have been put into sleep. We discuss how this
is enforced in Section 3.5. In addition, to reduce dynamic power
consumption for CATS, GPU 0 can adjust its operating frequency
via DFS at runtime as discussed in Section 3.5.

3.5 Correlation-Aware Consolidation Algorithm

We introduced in Section 2 that using mathematical tools to solve
the optimal task consolidation is infeasible mainly due to its high
computational complexity, as the task consolidation problem is
NP-hard. We now propose a lightweight heuristic algorithm that
achieves correlation-aware consolidation with low computational
overhead. The algorithm we designed is based on the bin-packing
principle. CATS comprises three key components: correlation analy-
sis (Algorithm 1), scheduler (Algorithm 2), and power state manager
(Algorithm 3 and Algorithm 4). We now describe each in detail.
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Correlation Analysis. Algorithm 1 performs correlation analy-
sis for each incoming task ¢;. In lines 1-4 it begins by initializing
an empty buffer 8 and iterates over all servers i € [1, N] and their
GPUs G;jj, where j € [1,w;]. If GPU G;; has sufficient memory
available (that is, dj < c;.rj?em), we compute two metrics (i) the corre-
lation coefficient (d4) between the tasks running on the GPU G;;
and the task t; on line 6, (ii) the absolute difference in the GPU uti-
lization (6,) between the incoming tasks and existing tasks running
on the GPU on line 7. Before computing dy, the utilization values
are truncated to the length of the shorter one since the lengths
must be the same to compute the correlation as stated in Equation
(15).

We perform correlation analysis immediately at job arrival (sub-
mission time). We do not require a full initial run; instead, we obtain
the utilization trace using existing prediction methods for recurring
tasks or, at startup, for new tasks via short-term profiling, as detailed
in Section 3.1. We then compute correlations between the arriving
task and the currently running tasks and use these correlations to
select the target GPU/server. We choose to use absolute utilization
as an additional threshold, as occasional capacity exceedance is
acceptable. If the combined resource demand of two jobs temporar-
ily exceeds capacity, it may result in a minor delay in execution
time, but it will not cause failure or instability. It is beneficial to
consolidate tasks with the largest absolute difference in their GPU
utilization [20] to reduce contention during consolidation. We add
the GPU used, the server used, the correlation coefficient, and the
average utilization to the buffer. If G;; is not already present in the
active GPU tracker A, it is added; similarly, if server i is not present
in the server tracker S, it is also added. If the buffer B is not empty,
the scheduler is invoked (line 14) to evaluate each candidate GPU
in B to determine the most suitable placement for task ¢;.

Algorithm 1: Correlation Analysis

Input: Incoming task ¢; with memory d; and utilization u(;);
GPU utilizations u(Gj;); thresholds f3, a; servers i € N;
trackers A, S

1 B« 0;

2 for each incoming task t; do

3 for each serveri € [1,N] do

4 for each GPUG;j, j € [1, w;] do
5 if dj < clf;.’e'" then

6 8g — p(u(Gij), u(ty));
, Sy — |1u(Gyy) - eI
8 B — BU{(i,,0u,69)};
9 lf Gij ¢ .?{ then

10 L A — AUA{G;j};

1 if i ¢ S then

12 L S « Su {i};

13 if 8 # 0 then

14 Scheduler(S, A, B, t;);

15 | break;

Scheduler. Algorithm 2 schedules the incoming task using the
candidates in 8. In lines 1, 2, the scheduler initializes the candidate
list C and sets the weights (11 and A3). Currently, we assign equal
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weights because the scheduler allows it to balance two objectives:
maximizing the difference in aggregate utilization (6,,) and mini-
mizing correlation (dy). Since oversubscribing GPUs can affect JCT
[73], we jointly select the candidate with the largest absolute dif-
ference in utilization and the lowest correlation to reduce JCT. In
lines 3 — 6, the scheduler computes the weighted score and stores it
in a temporary buffer C. The scheduler then sorts the buffer C by s
and schedules the task to the chosen GPU with the lowest score, as
shown in lines (7, 8).

Algorithm 2: Scheduler

Input: B: candidate GPU tuples; S: server tracker; A: GPU
tracker; incoming task #;
Output: K: selected GPU
1 C« 0
2 Initialize weights (A1, A2);
3 for each (i, j, 8, 0g) € B do
4 L score < Ay - 84 - A2 - Oy

C «— CU{(i, j,score) };

6 Sort C by score ascending;
7 (K, gpu) « GPU associated with the smallest score;
8 Dispatch task #; to GPU K;

Power State Manager. The power state manager in CATS mini-
mizes the average power consumption over the upcoming schedul-
ing window, thereby reducing the total energy expenditure within
that interval. Because the JCT is constrained by a service-level
agreement (SLA), as specified in Algorithm 4, a reduction in average
power consumption translates directly into proportionally lower
energy usage. The power state manager comprises two components:
(1) the periodic sleep module and (2) the frequency adaptation mod-
ules. We describe each module in detail below. The periodic sleep
module is described in Algorithm 3. This module runs on a back-
ground thread and executes at regular intervals of length 7. In this
paper, we set 7 to 100 ms to match the frequency adjustment over-
head of nvidia-smi [42]. Synchronizing the sleep interval with
the frequency adjustment overhead ensures that both mechanisms
operate efficiently without introducing additional delays. The pe-
riodic sleep module in Algorithm 3 scans all servers (line 1). For
each server, it checks whether all GPUs have no active tasks or
are idling. If they are idling, it puts them to sleep (lines 4-7). After
scanning all GPUs, if none are active, the entire server is put to
sleep (lines 8-10).

The Frequency Adaptation module, stated in Algorithm 4, runs
in the background at regular intervals of length 7 and performs
DFS. As discussed in Section 2, lowering GPU frequency reduces
power consumption but can increase job completion time (JCT). Ac-
cordingly, our goal is to balance performance and power efficiency
while keeping execution times within acceptable bounds.

In Algorithm 4, the minimum and maximum frequencies (fin
and fmax) of the GPU and the SLA factor (y) for all tasks are the
inputs provided when the frequency adaptation module is launched.
For each active GPU g, the algorithm iterates over all tasks 7,
currently running on it. In line 8, for every task t € 7, we estimate
the prediction time of the task based on the model from Section 2.
If the predicted time exceeds the maximum allowed time (line 10),



ICS *26, July 06-09, 2026, Belfast, United Kingdom

Algorithm 3: Periodic Sleep

Input: Runs every interval z; servers i € [1, N] with w; GPUs
each; active server set S
1 fori=1to N do

2 server_active « false;

3 for j = 1to w; do

4 if G;; has running tasks then
5 L server_active « true;
6 else

7 L sleep G;;;

8 if server_active = false then

9 sleep server i;

10 | S« S\ {ih

a violation is recorded, and violation is set to true. If the predicted
time is within 5% of the limit (lines 12-13), then slack is set to false.
After all tasks are checked, the GPU frequency is updated (lines
14-17). If any task violates its bound, the frequency increases by
Af but is capped at finqx. If no violations occur and all tasks have
slack, the frequency is reduced by Af but not below fr;n. If tasks
are close to the limit (within 5% of ]**¥), the frequency remains
unchanged to avoid oscillations.

Algorithm 4: Frequency Adaptation

Input: Runs every interval 7; GPU set K; SLA factor y; minimum
and maximum GPU frequencies fmin, fmax
1 for each GPU g € K do
2 fg < current frequency of GPU g;

3 B « curve-fitting constant;
4 T4 « tasks running on GPU g;
5 violation « false;
6 slack « true;
7 for each task t € 74 do

B
8 efred € €min,t ° (fir;;x) 5
9 e —y - emins;
10 if e‘fred > %Y then
11 L violation < true;
12 else if efred > 0.95 - ]’ then
13 L slack < false;
14 if violation then
15 L fg < min(finax, fg+Af);
16 else if slack then

17 L fg — max(fmin, fg — Af);

Complexity Analysis. The time complexity of Correlation Anal-
ysis (Algorithm 1), for each incoming task, is that the algorithm scans
every GPU in the server. For each GPU, it computes the correlation
coefficient and the difference in utilization, both of which require
O(L) operations on the utilization vectors of length L. Thus, the time
complexity per invocation is O(G - L), where G is the total number
of GPUs. For the Scheduler (Algorithm 2). the scheduler evaluates
each candidate GPU in the buffer 8 and assigns it a score,which
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costs O(|B|), and then sorts the scores, which costs O(|B|log|8]|).
Therefore, the total time complexity is O(|8|log |8B|) which is at
most O(G log G). The Periodic Sleep (Algorithm 3) procedure scans
every server and every GPU once per interval. Each check is con-
stant time, so the total time complexity is O(G). For the Frequency
Adaptation (Algorithm 4). This module iterates over all active GPUs
and over all tasks running on them. Let |X| be the number of ac-
tive GPUs and T the total number of active tasks. The total time
complexity per invocation is O(|K| + T).

3.6 Discussion

Scalability. To address scalability concerns in large data centers
with thousands of GPUs, CATS can be deployed at three levels of
granularity: data center level, cluster level, and server level. In Data
Center Level managing all GPUs through a single centralized con-
troller can lead to significant overhead. To mitigate this, correlation
analysis can be performed less frequently, such as every 10 minutes,
and simpler task allocation methods like first-fit can be utilized.
This approach reduces computational complexity while still en-
abling power optimization across the entire data center. For Cluster
Level we divide the data center into smaller clusters, each managed
by its own CATS controller, which lowers the computational bur-
den compared to a fully centralized approach. Within each cluster,
correlation analysis can be conducted more regularly, for example,
every 5 minutes, allowing for more responsive task dispatching and
frequency scaling. Server Level has the highest level of granularity.
Here CATS can be implemented on individual servers. Each server’s
controller manages only the GPUs within that server, enabling
real-time task scheduling and frequency adjustments with minimal
overhead.

Task Migration. CATS does not perform Dynamic migration
because it’s expensive for ML training and requires checkpointing,
transferring, and restoring GPU-resident model and optimizer state,
which can take seconds to minutes and scales with model size.
Migration also disrupts placement locality in distributed training
and can affect performance [38].

Multidimensional Correlation. CATS can be extended to a
multidimensional resource model (e.g., Memory utilization, HBM
bandwidth, interconnect) by representing each job as a resource
vector and performing per-dimension correlation checks subject
to capacity constraints. However, such an extension scales linearly
with the number of dimensions, preserving lightweight execution
within the sub-millisecond window. Currently, CATS conducts corre-
lation analysis only for GPU utilization and considers other resource
demands, such as memory capacity, as hard constraints.

Extension to LLM workloads. Although our evaluation fo-
cuses on conventional DNN training jobs, CATS naturally extends
to large language model (LLM) workloads. Compared to tradi-
tional DNN training, LLM execution exhibits more structured and
predictable phases, such as attention computation and KV-cache
updates, which often lead to bursty and memory-bound behav-
ior. Prior work shows that these phases can be accurately pre-
dicted [51]. Because CATS identifies tasks whose coarse-grained
utilization patterns do not peak simultaneously, these predictable
execution phases make LLM workloads particularly well suited for
consolidation. For example, a compute-intensive prompt-processing
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task can be consolidated with a memory-bound token-generation
task when their utilization phases complement each other, and their
combined memory footprint fits within the GPU capacity.

4 Experimental Setup

Hardware Testbed. Our testbed consists of a single node-server
with six Nvidia Volta-V100 GPUs. Table 3 describes the DRAM
consumption of the GPUs on the server. The server runs on Ubuntu
20.04 LTS and is powered by a 1.7 GHz CPU, and the GPUs operate
at frequencies between 135 MHz and 1350 MHz. Task scheduling
is performed online using PyTorch 1.8.1. To enable spatial sharing,
the CUDA Multiprocessing Service (MPS) is used. The MPS thread
percentage is set to 100% to ensure complete GPU provisioning.
In all experiments, we set the correlation threshold to 0 and the
utilization threshold to 100%. We measure GPU power consumption
and utilization using the nvidia-smi interface.

Table 3: GPU Configuration in the Hardware Testbed

GPU I [II[II[IV]V][VI
GPU DRAM Capacity (GB) | 16 | 16 | 32 | 32 | 16 | 32

Workloads. The workloads for the experiments are as follows:
t1 corresponds to DenseNet with a batch size of 50, t; is GoogleNet
with a batch size of 30, t3 is ConvNeXt [71] with a batch size of
50, t4 is Vision Transformer (ViT) with a batch size of 60, t5 is
Swin Transformer [40] with a batch size of 40, s is ResNet [40]
with a batch size of 30, t; is MobileNet [25] with a batch size of
50, and finally tg is SqueezeNet [28] with a batch size of 60. The
workloads are derived from the PAI trace and were selected to (i)
reflect realistic GPU utilization levels observed in production traces
and (ii) ensure diverse memory footprints that enable meaningful
consolidation under DRAM constraints [8][59].

Baselines. The baselines used for comparison are (1) Hotcloud
and (2) First.Hotcloud calculates the sum of the average utiliza-
tion of the existing and incoming tasks on the GPU. If the combined
average utilization of the two is below the utilization threshold,
Hotcloud schedules them on the same GPU. The GPU utilization
prediction follows the approach suggested by Yeung et al. [73].
First computes the sum of GPU utilization during the first second
of the incoming task and adds it to the aggregated GPU utilization
of tasks already running on the GPU. If their total utilization is less
than the threshold (g), it schedules the tasks to the same GPU.

Trace-driven Simulation. To address the limitations of our
hardware testbed, we developed a Python simulator to evaluate
CATS on a large scale using real-world traces. The simulator is built
from the open-source code of Gavel [48] and GPUColo [8], and
is designed to emulate a heterogeneous data center. The simula-
tor features several key components: a simulated clock module, a
scheduler, a server, a GPU manager, and a power module. Before
the simulation begins, all jobs are sorted by their release times in
ascending order. Jobs are then assigned to GPUs using the schedul-
ing strategy specific to each baseline; for each baseline, we apply
its corresponding scheduling solution as described in the previous
paragraph. The simulator also includes a power management com-
ponent that continuously monitors the power of active GPUs and
servers. The power manager records power consumption over time,
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applies consolidation policies such as dynamic frequency scaling
or periodic sleep, and ensures that idle resources do not consume
unnecessary power.

5 Hardware Evaluation

We evaluate CATS on our GPU testbed using workloads sampled
from production traces. We use 14 machine learning (ML) tasks,
sampled from the PAI trace [66], selected based on their GPU uti-
lization and memory requirements. To reflect the bursty arrival
patterns observed in the PAI trace, we structure the experiment
into two stages, each consisting of a group of tasks released within
a short time window, as summarized in Table 4. Stage 1 comprises
eight tasks t; to tg and stage 2 comprises six tasks tg to t14. Initially,
four tasks (t1-t4) are released sequentially at 0, 1, 2, and 3 seconds.
Four additional tasks (#5—tg) are then launched at 20 — 23 seconds.
In Stage 2 at time 500 seconds, four tasks (to, t10, t11, and t12) are
released. Two more tasks (t13 and t14) are released at 520 and 522
seconds. The workloads described in Section 4 are reused across
the tasks. Specifically, tasks t; to tg use the workloads of Section 4,
while tasks 9 to t14 replicate the same workloads as t; to 3.

Table 4: Task start time, GPU utilization (%), and memory
consumption (GB).

Task | Start time | GPU util. (%) | Mem (GB)

t 0 45.84 6.28
t 1 44.44 6.30
t; 2 40.00 2.20
Iy 3 46.00 1.80
ts 20 49.00 3.90
t 21 47.00 1.60
t7 22 45.00 2.20
ts 23 44.00 3.50
to 500 45.84 6.28
tio | 500 44.44 6.30
f1 | 500 40.00 2.20
tiz | 500 46.00 1.80
ti3 | 520 49.00 3.90
ta | 522 47.00 1.60

We design this experiment to evaluate the robustness of CATS
under model prediction error. The objective is to demonstrate that
the correlation-aware scheduler remains effective even when task
utilization predictions are noisy or partially inaccurate. To achieve
this, we construct a synthetic GPU utilization trace for the selected
14 tasks. For each task, we sample from a Gaussian distribution with
mean (y) and variance (c%) matching those observed in real ML
training workloads. To emulate prediction uncertainty, we add ad-
ditive white noise to the generated utilization profiles, introducing
controlled perturbations to the predicted task behavior.

In the first step, we measure power consumption across all stages
and calculate the mean power consumption for each solution, as
illustrated in Figure 7a. The figure indicates that the optimal so-
lution has the lowest power consumption, averaging 255.3 W. In
comparison, CATS, HotCloud, and First consume 301 W, 385.8 W,
and 395 W, respectively. The optimal solution achieves this lower
power consumption by utilizing the fewest GPUs. Although the
optimal solution offers an upper bound for comparison, its high
computational overhead limits its scalability. Therefore, we only
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Figure 7: (a) The optimal solution has the smallest power
consumption. (b) The normalized JCT is similar across all
solutions, and the optimal solution remains within the SLA
threshold.

present results for the optimal solution in our hardware testbed
experiments and exclude it from larger-scale simulations.

CATS achieves significantly lower power consumption compared
to HotCloud and First. This is due to CATS consolidating several
tasks onto fewer GPUs, placing unused GPUs into a low-power sleep
state, and applying frequency scaling to reduce GPU dynamic power
consumption. Reducing power consumption is typically achieved by
decreasing the number of GPUs, which may increase job completion
time (JCT). To assess whether this increase violates the Service Level
Agreement (SLA), we compute the normalized JCT for all tasks and
normalize it with respect to CATS. We set the SLA threshold to
20% of the fastest baseline as mentioned in Section 2. Figure 7b
presents the normalized JCT for all techniques. We observe that
CATS maintains its JCT within the SLA. This is mainly because CATS
consolidates tasks with negative correlations, thereby reducing
resource contention.

6 Simulation Evaluation

In this section, we conduct simulation experiments across all base-
lines and CATS using the simulator mentioned in Section 4. As
discussed in Section 2, we do not perform the simulation experi-
ment for the optimal solution because determining the optimal
consolidation is computationally expensive.

We perform simulation experiments on the two traces (PAI and
Philly) mentioned in Section 2. To ensure a fair comparison at the
start of the simulation, all GPUs and servers are put to sleep and
activated only when a task is dispatched. Whenever the GPU or
a server is idle, the periodic sleep module is activated and puts
unused GPUs and servers to sleep for all the solutions. In all the
experiments, each server is equipped with 8 GPUs.

PAI Trace. We choose 5000 tasks from the PAI trace to perform
the simulation. Figure 8a shows the average number of GPUs used
throughout the experiment. CATS requires fewer GPUs because it
consolidates more tasks per GPU than HotCloud. On average, CATS
uses 37.32 GPUs, First uses 92.94 GPUs, and HotCloud uses 61.94
GPUs. CATS uses 39.75% fewer GPUs than HotCloud. The reduction
in the number of GPUs must not exceed the SLA. As shown in
Figure 8b, CATS exhibits a slightly higher JCT than the baseline
approaches, HotCloud and First, which have JCT values of 0.87
and 0.77, respectively. In contrast, CATS’s JCT is 1, which remains
within the due time threshold of 1.2 X 0.87 = 1.044, where 0.87 is
HotCloud’s JCT. CATS reduces resource contention by consolidating
tasks with negative correlations. CATS also uses fewer servers com-
pared to other solutions as shown in Figure 8c. CATS has the lowest
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power consumption because it puts unused servers and GPUs to
sleep to reduce idle power, and it applies DFS to reduce dynamic
power. CATS’s power consumption is 6.08 MW, which is 63.59% less
than First’s 16.7 MW as shown in Figure 8d.
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Figure 8: Resource utilization, performance, and power con-
sumption results for the PAI trace simulation. (a) CATS uses
the fewest GPUs. (b) The normalized job completion time
(JCT) of CATS remains within the SLA. (c) CATS uses the fewest
servers. (d) CATS achieves the lowest average power consump-
tion.

Philly Trace. We choose 2000 tasks from the Philly trace to
perform the simulation. Figure 9a shows the average number of
GPUs used throughout the experiment. CATS requires fewer GPUs
because it consolidates more tasks per GPU than HotCloud.

Reducing the number of GPUs must not exceed the SLA. As
shown in Figure 9b, CATS exhibits a slightly higher JCT than the
baseline approaches, HotCloud and First. Normalized to CATS, the
JCT values are 0.857 for HotCloud, 0.974 for First, and 1.0 for CATS.
CATS’s normalized JCT remains within the due time threshold of
1.2 0.857 = 1.028, where 0.857 corresponds to HotCloud’s normal-
ized JCT. CATS reduces resource contention by consolidating tasks
with negative correlations. CATS also uses fewer servers compared
to other solutions as shown in Figure 9c. CATS has the lowest power
consumption because it puts unused servers and GPUs to sleep
to reduce idle power and applies DFS to reduce dynamic power
consumption. The average power consumption of CATS is 6.77 MW,
compared to 8.30 MW for HotCloud and 8.99 MW for First. This
corresponds to a reduction of 18.4% compared to HotCloud and
24.7% compared to First as shown in Figure 9d.

Next, we compare CATS with other task consolidation solutions
that perform consolidation based on resource attributes such as
memory consumption. These approaches are orthogonal to utilization-
aware GPU scheduling techniques such as CATS, but they influence
how tasks are colocated on shared resources and can therefore be
used as baselines for comparison. The consolidation solutions we
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Figure 9: Resource utilization, performance, and power con-
sumption results for the Philly trace simulation. (a) CATS
uses the fewest GPUs. (b) The normalized job completion
time (JCT) of CATS remains within the SLA. (c) CATS uses the
fewest servers. (d) CATS achieves the lowest average power
consumption.

consider are Best-Fit (BF) [46],Dot-Product (DP) [21],and FGD
[70]. Best-Fit (BF) assigns a task to the node that results in the
least remaining resources after placement, computed as a weighted
sum across resource dimensions. Dot-Product (DP) selects the
node that minimizes the dot product between the task’s resource de-
mand vector and the node’s available resource vector. FGD mitigates
GPU fragmentation by placing tasks along the steepest descent of
fragmentation, thereby improving allocation efficiency.
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Figure 10: (a) CATS achieves the lowest power consumption.
(b) Normalized JCT for all the solutions.

Figure 10a shows the average power consumption across all
solutions. Among all the solutions, CATS achieves the lowest power
consumption, using approximately 5.28 kW on average, while FGD,
BF, and DP consume 15.89 kW, 13.73 kW, and 14.79 kW, respectively.
CATS reduces power consumption by up to 61.6%. This reduction
is primarily due to two factors. First, CATS uses fewer GPUs by
consolidating tasks with negative performance correlations. Second,
CATS applies DFS to reduce GPU dynamic power consumption

ICS °26, July 06-09, 2026, Belfast, United Kingdom

further. Figure 10b presents the normalized job completion time
(JCT). The other solutions have a better JCT because these solutions
are optimized for the shortest makespan, without accounting for
power consumption.

7 Related Work

The related work can be classified into two categories: (1) Schedulers
for Al Training in data centers, and (2) Power optimization for GPU
clusters.

Schedulers for Al Training in data centers: Early efforts used
cluster managers like Kubernetes or YARN to schedule DL jobs in
the cloud without considering the characteristics of DL jobs, which
results in low performance [31][6]. Recent efforts proposed special-
ized cluster schedulers for DL training jobs [45][72][8][23][70][21].
These efforts focus on optimizing for JCT, fairness, or GPU utiliza-
tion while ignoring the energy consumption of DL jobs and the
GPU cluster.

Power optimization for GPU clusters. Prior research on
power optimization has predominantly centered around CPU-based
systems, where strategies such as dynamic power management,
server consolidation, and CPU dynamic voltage and frequency scal-
ing (DVFS) have been extensively investigated [36, 67, 68]. However,
with the rapid growth of Al workloads, recent studies have begun
to focus on GPUs, which are significant contributors to data center
energy consumption due to their high power density and substan-
tial idle power. Consequently, several GPU-focused initiatives have
explored DVFS-based power control (7, 9, 39, 41, 42], strategies for
workload deferral to sustain high GPU utilization [17], and predic-
tive techniques for powering GPU nodes on and off to mitigate idle
energy waste [27]. More recent work has additionally investigated
energy-aware GPU scheduling and dynamic configuration tuning
for deep learning training workloads [22, 51, 65].

All the above solutions consider GPU utilization as static, over-
looking temporal fluctuations or correlations among tasks. This
oversight can lead to suboptimal consolidation decisions and un-
necessary activation of GPUs or servers.

8 Conclusion and Future Work

In this paper, we present CATS, a novel power-optimization frame-
work for GPU data centers. In sharp contrast to existing work that
assumes GPU utilization for each ML task can be approximated as
a constant, CATS features correlation-aware scheduling to analyze
GPU utilization patterns across ML tasks. By consolidating tasks
with negatively correlated GPU utilization on the same GPUs, CATS
reduces the number of active GPUs required, thereby lowering
overall power consumption without significantly increasing the job
completion time (JCT) of the ML tasks. We formulate correlation-
aware ML task consolidation as a constrained optimization problem
with a costly optimal solution. We then design a light-weight heuris-
tic algorithm that is practical for real data centers. Our experiments,
conducted through extensive simulations, demonstrate that CATS
reduces power consumption by up to 24.7% relative to the baselines
while maintaining comparable JCTs.
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