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ABSTRACT

GPU sharing aims to enhance the efficiency of GPU utilization by running distributed deep learning training
jobs concurrently. However, GPU sharing poses a significant challenge: the increase in job completion time
(JCT) caused by interference between jobs is inconsistent, complicating job scheduling. Our experiments reveal
that the degree of JCT increase varies by as much as ~3.7x. While previous studies have analyzed this JCT
inconsistency problem, none of them have been able to minimize the inconsistency. We propose TensorShare, a
proactive GPU sharing technique that leverages a deep learning model to predict the extent of JCT increase. This
study defines a new metric, called GPU SLA, which represents the upper threshold of JCT increase. TensorShare
then introduces a novel scheduler that proactively identifies which jobs meet GPU SLA while minimizing the
JCT increase. Our evaluation shows that TensorShare improves GPU SLA satisfaction rates by 26.1x-47.3x and
reduces the JCT increase by 37%—-60%. Furthermore, we evaluate TensorShare with large language models that
are not included in training TensorShare’s prediction model, achieving ~7x and ~10.3x improvements in GPU

SLA satisfaction and JCT inconsistency, respectively.

1. Introduction

Distributed training (DT) of deep learning models has become the
dominant workload for GPU clouds across various domains, including
large language models (LLMs) such as ChatGPT, autonomous driving,
and others [1-4]. Hoping to consume less GPU and achieve less training
time, “GPU sharing” has been proposed to multiplex GPUs to execute
multiple DT jobs [5-9]. However, it is widely known that GPU shar-
ing increases job completion time (JCT) compared to “dedicated use,”
where GPU is exclusively allocated to execute each DT job. This is due
to interference between jobs when the GPU is shared.

Moreover, when DT jobs share GPU, their JCT values become highly
inconsistent. Our motivating experiments show that the JCT of a DT
job can vary by ~3.7x depending on how the GPUs are shared. This
leaves end-users puzzled about why their jobs behave differently. Stable
and predictable performance is an essential property of cloud services
[10-12]. Consequently, JCT inconsistency is recognized as a significant
drawback of GPU sharing, hindering its practical use in real-world GPU
clouds [7,9]. As a result, many existing GPU clouds operate with ded-
icated use, leading to poor GPU utilization, often falling below 50%
[8,131.

* Corresponding authors.

The issue of JCT inconsistency has only recently gained attention
in the literature. Recent studies, such as [5,7,9], have reported on the
degree of interference between jobs on GPUs. They measure GPU utiliza-
tion and GPU memory utilization of DT jobs. They found that when GPU
utilization is high, DT jobs experience significant interference, resulting
in inconsistent JCT. However, they did not address reducing interfer-
ence or improving JCT inconsistency. Other studies [14-16] monitor
the training speed or GPU throughput of DT jobs, pausing jobs via pre-
emption when throughput decreases. Yet, the JCT of the jobs remains
quite inconsistent in these studies.

To tackle the JCT inconsistency problem, this study introduces the
concept of “GPU service level agreement” (gSLA) for GPU sharing. We
define the gSLA as the “upper threshold” of the JCT ratio between GPU
sharing and dedicated use.! As an illustration, if the gSLA is set to 2, it
indicates that end-users can tolerate up to 2x increase in JCT compared
to dedicated use. We assume that the gSLA is determined by end-users,

1 DT jobs operate under various completion conditions: 1) a fixed number of

iterations, 2) unlimited iterations until the model converges, or 3) customized
conditions like early stopping. By defining the gSLA as a ratio of JCT, we believe
our gSLA definition can accommodate these diverse completion conditions.

E-mail addresses: cyshin@os.korea.ac.kr (C. Shin), yhgo@os.korea.ac.kr (Y. Go), yhyoo@dgu.ac.kr (Y. Yoo), jwjeong@os.korea.ac.kr (J. Jeong),
jh.hwang@skku.edu (J. Hwang), g_yang@korea.ac.kr (G. Yang), chuckyoo@os.korea.ac.kr (C. Yoo).

https://doi.org/10.1016/j.future.2026.108413

Received 6 March 2025; Received in revised form 21 January 2026; Accepted 31 January 2026

Available online 3 February 2026

0167-739X/© 2026 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-

nc/4.0/).


https://www.elsevier.com/locate/fgcs
https://www.elsevier.com/locate/fgcs
https://orcid.org/0000-0002-3323-1054

$\sim $


$\times $


$\times $


$\times $


$\sim $


$\times $


$\sim $


$\times $


$\sim $


$\times $


$\times $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\times $


$\delta $


$\delta $


$\delta $


$\delta $


$\sim $


$\times $


$\sim $


$\times $


$\sim $


$\sim $


$\sim $


$\times $


$\sim $


$\times $


$J_A$


$J_B$


$J_A$


$J_B$


$J_A$


$J_B$


$J_A$


$J_B$


$J_A$


$J_A$


$J_A$


$J_B$


$\times $


$/$


$\delta $


$\delta $


$\delta $


$\delta $


$\sim $


$\times $


$\sim $


$\times $


$\times $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$c_A$


$c_B$


$c_A$


$c_B$


$\times $


$c_A$


$\delta $


$c_B$


$\delta $


$c_A$


$c_B$


$\delta $


$\delta $


$J_A, J_B$


$J_A$


$J_B$


$J_A$


$J_B$


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$SQ=\{J_1, J_2, \dots , J_n\}$


$J_i$


$i$


$n$


$c = \{J_A, J_B\}$


$\delta _{J_A} \le \text {gSLA}_{J_A} \land \delta _{J_B} \le \text {gSLA}_{J_B}$


$J_1$


$SQ$


$SQ$


$J_1$


$SQ$


$SQ$


$J_R$


$J_1$


$n$


$SQ$


$n$


$c_i=\{J_R, J_i\}$


$J_i$


$SQ$


$C= \{ c_i \mid 1 \le i \le n \}$


$c_i$


$c_i$


$C$


$J_R$


$J_i$


$\{J_R, J_i\}$


$\delta $


$c_i$


$J_R$


$m$


$c_i$


$\delta $


$\delta $


$J_R$


$J_i$


$c_i$


$\delta $


$\delta $


$J_R$


$J_i$


$D^{c_i}$


$\delta $


$c_i$


$D^{c_i} = \{\delta _{J_R}^{c_i}, \delta _{J_i}^{c_i}\}$


$\delta _{J_R}$


$J_i$


$\delta $


$J_R$


$\delta _{J_R}^{c_i}$


$m$


$D^{c_i}$


$C$


$D^{c_i}$


$c_i$


$c_i$


$_{J_R}$


$_{J_i}$


$\delta _{J_R}^{c_i}$


$\delta _{J_i}^{c_i}$


$c_i$


$C$


$J_R$


$J_i$


$c_i$


${c_i} \mid \delta _{J_R}^{c_i}\le $


$_{J_R} \land \delta _{J_i}^{c_i}\le $


$_{J_i}, {c_i}\in C$


$c_i$


$c_i$


$J_R$


$J_R$


$c_i$


$J_R$


$c_i$


$c_i$


$c_i$


$\delta $


$SQ$


$S_1$


$S_1 = \operatorname *{argmin}_{c_i \in \text {STA}} ( \delta _{J_R}^{c_i} + \delta _{J_i}^{c_i} )$


$S_1$


$J_R$


$S_1$


$c_i$


$S_1$


$c_1$


$SQ$


$S_1$


$S_1$


$\times $


$\times $


$S_1$


$S_1$


$\delta $


$\times $


$\delta $


$\delta $


$\times $


$\delta <$


$\times $


$S_1$


$S_2$


$\delta $


$J_i$


$\text {Sensitivity}_{J_i}$


$S_2$


$S_2=\operatorname *{argmin}_{c_i \in \text {STA}} ( (\delta _{J_R}^{c_i} / \text {Sensitivity}_{J_R})$


$+ (\delta _{J_i}^{c_i} / \text {Sensiti}\,-\,\text {vity}_{J_i}) )$


$S_2$


$S_2$


$S_2$


$S_2$


$S_1$


$S_2$


$S_2$


$\sim $


$\sim $


$\delta $


$\delta $


$100\times (\delta - \text {gSLA})/\text {gSLA}$


$SQ$


$SQ$


$\delta $


$SQ$


$\times $


$SQ$


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$SQ$


$\times $


$\times $


$\delta $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\sim $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$\times $


$SQ$


$SQ$


$\delta $


$\ast $


$\ast $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\times $


$\times $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\times $


$\delta $


$\delta $


$\delta $


$\times $


$\times $


$\times $


$\times $


$\delta $


$\delta $


$\delta $


$\delta $


$\times $


$\delta $


$>$


$J_R$


$J_R$


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\delta $


$\times $


$\delta $


$\delta $


$\delta $


$\delta $


$\sim $


$\delta $


$\sim $


$\times $


$\sim $


$\times $


$\sim $


$\sim $


$\sim $


$\times $


$\sim $


$\times $

https://orcid.org/0000-0001-9293-4692
https://orcid.org/0000-0002-2636-633X
https://orcid.org/0009-0007-3251-5390
https://orcid.org/0000-0001-8149-8397
https://orcid.org/0000-0003-4560-2972
https://orcid.org/0000-0002-1115-1862
mailto:cyshin@os.korea.ac.kr
mailto:yhgo@os.korea.ac.kr
mailto:yhyoo@dgu.ac.kr
mailto:jwjeong@os.korea.ac.kr
mailto:jh.hwang@skku.edu
mailto:g_yang@korea.ac.kr
mailto:chuckyoo@os.korea.ac.kr
https://doi.org/10.1016/j.future.2026.108413
https://doi.org/10.1016/j.future.2026.108413
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/

C. Shin et al.
Users DT jobs Scheduling Scheduler GPUs
§ @) = g
& Eez =
{ GPU workers :

Fig. 1. GPU cloud and DT jobs.

which is a reasonable assumption since they can decide how long they
are willing to wait. Using the gSLA, we transform the problem of improv-
ing inconsistent JCT into the problem of meeting the gSLA-specified re-
quirements. To the best of our knowledge, this is a first study to address
JCT inconsistency in the context of GPU sharing.

With the gSLA, we present a new GPU sharing technique, called Ten-
sorShare, which incorporates two innovative techniques. First, Tensor-
Share predicts the JCT increase ratio of DT jobs, denoted as §, using
a new machine learning model called the 6 predictor. The § predictor
is designed through: 1) profiling fine-grained GPU metrics of DT jobs
(dataset), 2) in-depth feature engineering, and 3) neural architecture
search (§3.2). This design is inspired by recent studies that predict re-
source consumption for deep learning jobs [17-19]. Note that the pre-
dictive capabilities of TensorShare make it proactive, as it operates be-
fore executing the jobs. Second, we propose a novel scheduler to select
an appropriate pair (combination) of DT jobs for GPU sharing while
satisfying the gSLA. Using the  predictor, the TensorShare scheduler
checks the jobs in the scheduling queue and filters out those whose &
values exceed their gSLAs. It then selects the optimal combination that
improves the JCT inconsistency for individual DT jobs (§3.3).

We implement TensorShare from scratch and extensively evaluate
it with state-of-the-art (SOTA) techniques for gSLA satisfaction. Our
evaluation includes experiments on our physical testbed and large-scale
simulations using real-world GPU cloud traces containing over 10K DT
jobs. To further demonstrate its robustness, we evaluate TensorShare
on unseen DT jobs, particularly using LLMs such as OpenLLaMA [20].
We choose LLMs because they have significantly larger model struc-
tures compared to existing deep learning models [21]. For instance,
OpenLLaMA-7B has a parameter size that is 50.7x larger than that of
VGG-16 (a model used for training the 6 predictor). In addition, LLMs
have complex layers, such as multi-head attention, which require more
computation and training time than other deep learning models [22].
By applying TensorShare to these unseen LLM jobs, we demonstrate its
ability to generalize the 6 predictor for model types not included in the
& predictor training.

The key contributions of this study are as follows:

Formulate the inconsistent JCT problem for the first time in terms of
gSLA.

Design a 6 prediction model with neural architecture search.

¢ Devise a novel job scheduler for GPU sharing.

e Achieve ~47.3x better gSLA satisfaction and ~50x reduced gSLA
excess ratio compared to existing techniques.

Improve the JCT of individual jobs and GPU infrastructure efficiency
(GPU time) by ~60% and ~44%, respectively, compared to existing
techniques.

Exhibit the effectiveness of TensorShare on unseen LLM jobs, im-
proving gSLA satisfaction and JCT inconsistency by ~7x and ~10.3X,
respectively.

2. Background and motivating experiment
2.1. Background

DT accelerates model training through multiple GPU workers and pa-
rameter servers (PSs),> with a worker denoting an entity that performs

2 We focus on data parallel with PS strategy, but we believe our design can
be applied to other strategies (please refer to §5).
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Table 1
Datasets and models used for experiments.
Category Datasets Models
DenseNet-40-12, DenseNet-100-12, DenseNet-100-24,
ResNet-20, ResNet-32, ResNet-44, ResNet-56,
CIFAR-10 ResNet-110, AlexNet, NASNet
Image
g. .. ResNet-50, ResNet-101, ResNet-152, AlexNet, OverFeat,
classification ) .
GoogleNet, InceptionV3, InceptionV4, VGG-11, VGG-16,
ImageNet VGG-19, NASNet, MobileNet
NMTBig, NMTMedium, NMTSmall, Transformer,
NLP Europarl TransformerANN, TransformerBig

model training in a distributed manner. To maintain model consistency,
GPU workers must synchronize through PSs by exchanging gradients
and updated parameters, which necessitates inter-GPU or inter-node
communication [19,23]. Typically, DT runs on GPU clouds (e.g., Google
Cloud Platform, Microsoft Azure, and Amazon Web Services). Fig. 1 il-
lustrates an example of GPU clouds and their workflow, where multiple
users submit DT jobs, specifying the number of GPU workers required for
each job [13]. These submitted jobs are added to a “scheduling queue,”
and the cloud scheduler assigns them to GPUs for execution.

The allocation of GPUs to DT jobs is managed by the cloud scheduler,
which employs one of two approaches: (1) dedicated use or (2) GPU shar-
ing. In “dedicated use”, GPUs are allocated exclusively to DT jobs with-
out sharing, a strategy used by most public GPU clouds. Conversely,
“GPU sharing” allows multiple DT jobs to use GPUs concurrently. We
present the challenges of GPU sharing through motivating experiments
in the following subsection.

2.2. Motivating experiment

Experimental setup. In this section, we use one GPU machine and one
storage machine connected via a 10 GbE switch. The GPU machine has
two NVIDIA V100 GPUs, two Intel Xeon Silver 4210 CPUs, and 128 GB
of RAM. The storage machine has two Intel Xeon Silver 4210 CPUs,
128 GB of RAM, and a 2TB SSD. We also evaluate configurations with
multiple GPU machines and conduct large-scale simulations in §4.

We use the Kubernetes plugin [24], which enables the Kubernetes
scheduler to support GPU sharing. This is the SOTA GPU sharing tech-
nique used in real-world clouds [8].°> We evaluate other SOTA tech-
niques in §4. In our experiments, the Kubernetes plugin places a max-
imum of two GPU workers on a single GPU, as placing three workers
leads to significantly longer JCT—a result also observed in other stud-
ies [5,9] (see 85 for more details). The storage machine stores training
datasets and computational states of paused models due to preemption
(e.g., model parameters). The storage and GPU machines are connected
via a network file system.

3 We recognize the GPU sharing features provided by NVIDIA GPUs, such
as MPS and MIG. However, these technologies are known to have significant
limitations in used in real-world cloud environments [25,26]. Thus, we exclude
them from our evaluation (details in §5).
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As DT jobs, we use representative image classification and natu-
ral language processing (NLP) models, as summarized in Table 1. The
datasets include CIFAR-10 and ImageNet for image classification models
and Europarl for NLP models, resulting in 29 different types of DT jobs.
Note that the publicly disclosed workloads in production traces such as
Microsoft Philly [13] and Alibaba-PAI [8] include 10 and eight types
of workloads, respectively. In contrast, our evaluation encompasses 29
distinct workload types.

In terms of resource usage, our job distribution is designed to be
comprehensive. To show this, we execute all the workloads in Table 1
on a V100 16GB GPU without GPU sharing and profile their GPU core
utilization and GPU memory usage. In Fig. 2, we plot each workload’s
resource usage, where GPU memory is x-axis and GPU core utilization is
y-axis. It shows that the workloads are broadly distributed across both
axes: GPU core utilization ranges from 0% to 100%, and memory usage
spans from 0 to 16 GB (the maximum capacity of the V100 16GB GPU).
This wide distribution demonstrates that the job types consist of a good
mix of memory-intensive and compute-intensive models.

Each DT job undergoes over 700 training iterations, providing suffi-
cient time to measure JCT inconsistency. We use a batch size of 64 for
image classification models and 128 for NLP models. To run the DT jobs,
TensorFlow 1.13, OpenNMT-tf 1.25.3, Python 3.7, CUDA 11.4, and the
NVIDIA GPU driver 470.182.03 are used.

We measure the following items.

e JCT consistency: The distribution of JCT, which is the time required
to complete a DT job when another job is running concurrently.

e GPU time: The total sum of each GPU’s end-to-end usage duration
required to complete the training of all enqueued DT jobs. This met-
ric indicates GPU infrastructure efficiency and is commonly used in
other studies [27,28].

JCT consistency. We evaluate JCT consistency in GPU sharing as fol-
lows. For each experiment trial, we select a pair (combination) of jobs
to run using GPU sharing. For example, if job A (J,) and job B (Jp),
each with two GPU workers, are selected as a combination, we run one
worker from both J, and J on a single GPU. Consequently, the two
GPUs in our GPU machine run four workers from J, and Jp. In the
experiments, we fix J, (represented on the x-axis of Fig. 3) while alter-
nating Jp to run alongside J . Fig. 3 shows the JCT distribution, where
the x-axis represents the 29 job types listed in Table 1 (as J,), and the
y-axis indicates the range of JCT values for J, when run alongside the
29 job types (as Jg). The total number of job combinations in Fig. 3 is
435.% As the JCT varies between DT jobs, we normalize the JCT of each
job by its JCT when running without GPU sharing (dedicated use). So,
a value of 2 on the y-axis indicates that the JCT of the job on the x-axis
under GPU sharing is twice as long as its JCT with dedicated use. This
normalized JCT relative to dedicated use is denoted as §. Each job on
the x-axis has 29 corresponding § values, and each whisker represents
the distribution of these 29 6 values.

In Fig. 3, we observe that JCT is highly inconsistent. On average,
Kubernetes GPU sharing exhibits a § of ~1.5x (with the maximum of
~3.7x observed for AlexNet/CIFAR-10). The reason for this inconsis-
tency is the different combinations of DT jobs. Even though the jobs
come from the same set (Table 1), the combinations of jobs running to-
gether vary due to GPU scheduling. As a result, the interference between
jobs changes depending on which jobs are scheduled to share the GPU,
as demonstrated in Fig. 3. This experiment shows the necessity of proper
scheduling to address JCT inconsistency.

GPU time. We measure GPU time, which represents the end-to-end time
required to run 435 DT job combinations, as shown in Fig. 3. In the ex-
periments, we compare the GPU time of GPU sharing with that of an
“ideal” scenario. Since two GPU workers share a single GPU, the ideal
GPU time for GPU sharing techniques is assumed to be half of the ded-
icated use, assuming that two identical jobs run without interference.
We measure the GPU time for dedicated use and calculate the ideal GPU
time as half of that value. Fig. 4 shows the GPU time for both the ideal
scenario and GPU sharing (using the Kubernetes plugin). Compared to
the ideal, GPU sharing results in 1.32x longer GPU usage. This indicates
that GPU sharing introduces additional overhead, thereby reducing ef-
ficiency.

3. Tensorshare design

Fig. 5 illustrates the design of TensorShare. User-submitted DT jobs
are enqueued in the scheduling queue (® in Fig. 5). The “TensorShare
scheduler” determines which DT jobs to share and assigns them to the
GPU machines. Also, TensorShare includes an “Event monitor” to track
changes in job states and GPU states, activating the TensorShare sched-
uler as needed. For example, when a DT job completes its training, the

4 From 29 different jobs, we can create 406 unique combinations of two dif-
ferent jobs (29 x 28/2). Also, there are 29 combinations of two identical DT jobs.
Therefore, the total number of possible combinations is 435.
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event monitor triggers the TensorShare scheduler (@) to select a new
DT job to run.

To decide which jobs to use the GPUs, the TensorShare scheduler
requires the é values for job combinations. These 6 values are obtained
from the “s predictor”, as follows: To predict 6, we introspect® each job
in the scheduling queue to extract its features (e.g., Job A features in
Fig. 5) using the “DT introspector” (®, details in §3.1). The job features
include metrics such as SM_ACTIVE and DRAM_ACTIVE, which repre-
sent the active duration of the GPU core and memory. Based on these
job features, the 6 predictor predicts 6 values for a combination of jobs
(83.2). For example, in Fig. 5, the 6 predictor takes features of Job A
and Job B to predict the § of the two (®). The prediction is done for all
job combinations in the scheduling queue.

Based on the predicted § values, the TensorShare scheduler selects a
job combination to run on GPUs (®) that (1) satisfies the gSLAs of the
jobs and (2) minimizes JCT and GPU time (§3.3). Finally, the selected
job combination is executed (®). The following subsections provide a
detailed explanation of each TensorShare component.

3.1. DT introspector

The DT introspector profiles the GPU-related metrics of DT jobs. The
profiling is conducted with dedicated use because individual jobs cannot
be reliably characterized under GPU sharing, as DT jobs interfere with
each other, causing high variations in GPU metrics. Also, we profile a
single worker for each DT job since all workers of a job perform identical
calculations in data parallelism, yielding identical values for our GPU
metrics.

Now we discuss which GPU metrics should be profiled by our DT
introspector. Previous studies have recognized the existence of interfer-
ence when GPUs are shared and have profiled various metrics to ana-
lyze this interference. For example, Horus [7] and Lucid [9] use GPU
utilization as a metric, which is defined as the ratio of the active dura-
tion during which calculations are executed. These studies conclude that
when the average or total GPU utilization of DT jobs is high, interfer-
ence between jobs becomes more severe. In other words, they indirectly
analyze interference using GPU utilization [14,29]. To verify this con-
clusion, we conduct an experiment with two job combinations, shown
in Fig. 6a. We measure each combination’s GPU utilization and 6 and
denote the two combinations as ¢, and cp, respectively. The DT jobs in
¢, show an average GPU utilization of 15%, while the result for cj is
42%, which is 2.8x higher than c,. Based on previous studies, § is ex-
pected to be higher in ¢ due to its higher GPU utilization. However, our
results show that § in ¢, is actually 19% higher than in cp, on average
(Fig. 6a). This experiment demonstrates that GPU utilization alone has
critical limitations in analyzing and predicting 6. Therefore, § cannot be
accurately predicted based solely on GPU utilization.

We present another example using job combinations to illustrate the
limitation of other studies that use the sum of GPU utilization to estimate
interference. Out of the 435 job combinations ({J4, Jz}) from the exper-
iments in Fig. 3, we fix J, as DenseNet-40-12. Since J varies across 29
different DT jobs, this results in 29 unique combinations from the total of
435. For each of these combinations, we compute the total GPU utiliza-
tion of both DT jobs, J, and J. Note that the GPU utilization for each
job is profiled under dedicated use. We then obtain 29 summed GPU uti-
lization values. In Fig. 6b, the x-axis represents these 29 GPU utilization
values in ascending order, while the y-axis displays the § of DenseNet-
40-12. Similarly, in Fig. 6¢, we present the § of TransformerBig as the
summed GPU utilization increases. Contrary to the assumptions of previ-
ous studies, 6 values (y-axis) do not increase linearly as GPU utilization
(x-axis) increases in either Fig. 6b or Fig. 6¢. These figures highlight the
limitations of the summed GPU utilization as a predictor of §. Note that

5 For new jobs in the queue, we perform a few training iterations (e.g., five)
to obtain input features. We refer to this operation as “introspect.”
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Table 2
Fine-grained GPU metrics in job profiling.
Metric Physical meaning Unit
SM_ACTIVE Ratio of active durations in SMs. %
SM_OCCUPANCY  Ratio of the actively occupied amount of SMs. %
. . . ) . . o
FP_ACTIVE RaFlo of active du'ratlons of 16- and 32-bit floating %
point commands in SMs.
DRAM_ACTIVE Ratio of active durations of GPU memory interface. %
. . . . o
MEM_COPY Ratio of active durations for data read or write from %
to GPU memory.
PCIE.TX Amount of communication transmitted by GPU over Byte/s
PCle bus.
PCIE.RX Amount of communication received by GPU over Byte/s
PCle bus.
POWER_USAGE Amount of GPU power consumption. w

this example is to highlight why a fine-grained approach is necessary.
Our § predictor does not use the sum of GPU utilization (§3.2).

We further investigate the limitations of GPU utilization itself
through an in-depth analysis—specifically, why GPU utilization is in-
accurate for predicting 5. A single GPU consists of numerous cores (e.g.,
streaming multiprocessors, SM), and the extent and duration of SM us-
age vary significantly across DT jobs. However, GPU utilization does not
distinguish how individual SMs are utilized; instead, it only represents
the ratio of the active duration during which the “GPU device” is in
use for a DT job. For example, even if only a single SM is active while
thousands of others remain idle, GPU utilization still registers as 100%
because the GPU device itself is engaged. As a result, GPU utilization
fails to capture the critical variations in computation across SM cores,
making it an inadequate metric for analyzing DT job behavior. A study
from Microsoft also reported that GPU utilization is an inaccurate and
coarse-grained metric [30].

Therefore, we explore alternative fine-grained metrics that are more
accurate than GPU utilization measured using NVIDIA’s official tool,
DCGM [31]. We group the metrics into three categories: (1) GPU mem-
ory access (e.g., model and data batch loading), (2) GPU computation,
and (3) inter-GPU communication (synchronization) [19,23]. To cap-
ture the physical resource interference, we select eight fine-grained
metrics: DRAM_ACTIVE and MEM_COPY for memory access; SM_AC-
TIVE, SM_OCCUPANCY, FP_ACTIVE, and POWER _USAGE for computa-
tion; and PCIE_TX and PCIE_RX for communication. Table 2 lists these
metrics along with their physical meanings and units. We measure all
metrics at 100 ms intervals. Among the eight selected metrics, we iden-
tify four metrics—SM_ACTIVE, SM_OCCUPANCY, DRAM_ACTIVE, and
PCIE_RX—as particularly effective for § prediction, which we will dis-
cuss in detail in §3.2.
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3.2. § predictor

We now describe the details of the § predictor. First, we determine
the input features from the fine-grained GPU metrics. Second, we con-
struct the dataset with preprocessing. Finally, we explore the architec-
ture of the § predictor and conduct a neural architecture search (NAS)
to train it.

Input features. We identify input features through feature engineering,
which involves: (1) correlation analysis between input features and out-
put features () and (2) similarity analysis between input features. We
begin feature engineering with the eight metrics listed in Table 2.

To conduct these analyses, we prepare a dataset consisting of: (1)
fine-grained GPU metrics of DT jobs and (2) 6 values (output feature).
Recently, public cloud providers have released traces on DT workloads
and job logs (e.g., the number of GPU workers) [8,13,27,32]. However,
to our knowledge, no datasets exist for fine-grained GPU metrics in DT
jobs. Therefore, we construct our own dataset as follows. We introspect
the 29 DT jobs described in §2.2 to collect fine-grained GPU metrics.
Also, we use 6 values measured in Fig. 3, which includes 435 job com-
binations. Since each combination consists of two jobs, we collect data
from 870 DT job instances, each producing a corresponding 6 value. For
each 6, we match the fine-grained GPU metrics of the corresponding DT
job, resulting in a dataset with 870 records.

With this dataset, we analyze the relationship between the fine-
grained GPU metrics and interference. Specifically, we conduct a cor-
relation analysis between each metric and § by calculating the Pearson
correlation coefficient, where a high value indicates a strong correla-
tion [33,34]. Fig. 7a presents the Pearson coefficients of fine-grained
GPU metrics with respect to 5. For computation metrics, SM_ACTIVE,
SM_OCCUPANCY, and FP_ACTIVE show high correlation coefficients of
0.52, 0.5, and 0.47, respectively, while POWER_USAGE shows a coeffi-
cient of 0.37, which is below 0.4, indicating a weak relationship with
5. For memory, both DRAM_ACTIVE and MEM_COPY show high coeffi-
cient values of 0.54 and 0.54, respectively. For communication, PCIE_RX
shows a high coefficient value of 0.56, while PCIE_TX shows a value of
0.19. Consequently, we exclude PCIE_TX and POWER_USAGE from the
input features as they exhibit low correlations with §.

Next, we analyze the similarity between the remaining six metrics
using cosine similarity, which quantifies the similarity between two
metrics in a heatmap. Fig. 7b presents the results: darker cells indi-
cate a higher similarity between metrics. The red-line boxes in Fig. 7b
highlight the high similarity between metric pairs. For example, FP_AC-
TIVE is highly similar to SM_ACTIVE (with a similarity of 0.991), and
MEM_COPY is highly similar to DRAM_ACTIVE (0.9994). Previous stud-
ies have reported that highly similar input features increase training
time and decrease prediction accuracy [35]. Thus, we exclude FP_AC-
TIVE and MEM_COPY to improve model efficiency. After filtering based
on correlation and similarity analysis, we retain the following four met-
rics as input features for the § predictor: SM_ACTIVE, SM_OCCUPANCY,
DRAM_ACTIVE, and PCIE_RX.

Future Generation Computer Systems 181 (2026) 108413

Preprocessing. With the selected input features, we construct the
dataset through the following preprocessing steps: (1) normalization,
(2) temporal aggregation, and (3) dataset shuffling and splitting. First,
we apply min-max normalization to the collected records because input
features (e.g., SM_ACTIVE and PCIE_RX) have different units, such as
% and bytes/s, as shown in Table 2. Second, we conduct temporal ag-
gregation by sampling the collected input features at 100 ms intervals,
followed by averaging them to produce a single value per input feature.
Note that output features are calculated per job and thus require no tem-
poral aggregation. Third, before training the § predictor, we randomly
shuffle the records and split the dataset into three subsets: 1) the dataset
for training the model, 2) the dataset for validation, and 3) the dataset
for testing (evaluation) with 6:2:2 ratio.

For label imbalance, we analyze whether the measured slowdown
values (ground truth) in our dataset are balanced. We compute the Gini
coefficient, a widely recognized metric for quantifying distributional im-
balance. A lower Gini coefficient indicates more balanced distribution,
and values below 0.3 are generally considered well-balanced. Our anal-
ysis shows 0.167, indicating a low degree of imbalance in the § value
distribution. This result provides strong evidence that the § values in
our dataset are not imbalanced.

Model structure and training. To design the predictor, we explore its
structure via NAS, implemented using AutoKeras [36], a widely used
tool for NAS. The NAS process navigates various model structures and
hyperparameters, including the number of layers, activation functions,
optimizers, batch size, learning rate, dropout rate, and batch normaliza-
tion. Specifically, our NAS process varies the number of layers from one
to 19. For each layer, NAS randomly selects hyperparameters. We adopt
a Bayesian strategy, which leverages past training results and predic-
tion accuracies of searched models to increase the likelihood of finding
an optimal model in subsequent searches. To prevent overfitting and
reduce unnecessary computation, we design NAS to limit the number
of models explored and apply early stopping during the search. Specifi-
cally, NAS explores up to 100 models for each layer, resulting in up to
1900 models. For early stopping, we monitor the prediction error from
the model validation and terminate the model search if no improvement
is observed for 50 consecutive epochs. Consequently, for each layer, the
model search is terminated when either 100 models have been explored
or the early stopping condition is met.

We apply our NAS to DNN with multi-layer perceptron, convolu-
tional neural network (CNN), and long short-term memory (LSTM). All
accuracy in this paper is measured using symmetric mean absolute per-
centage error (SMAPE) [37], which is commonly used in related studies
[38], unless stated otherwise. Table 3 summarizes the results of the re-
spective accuracy, the number of searched models, and the correspond-
ing NAS training time for CNN, LSTM, and DNN. Among the three algo-
rithms, DNN achieves the best accuracy and shows the shortest training
time. Based on these results, we select the MLP-based DNN as the final
algorithm, as it outperforms the other deep learning algorithms in both
accuracy and efficiency.

Specifically, the best accuracy is achieved with 10 MLP layers, and
we choose this model as the § predictor. Table 4 summarizes the de-
tailed structure of the § predictor, including each layer’s weight, bias,
and number of parameters. The § predictor takes eight input features
from the DT jobs, which corresponds to the input dimension of the first
layer (MLP_1). Also, since the § predictor predicts two § values (one for
each job), the output dimension of the final layer (regression_head) is
2. The intermediate dimensions and biases of each layer are determined
during the NAS described previously. In total, the model has approxi-
mately 110K trainable weights and biases. Each layer employs the ReLU
activation function, and the Adam optimizer is used. For hyperparam-
eters, the model is trained with batch size of 128 and learning rate of
0.001, while dropout and batch normalization are disabled, all as de-
termined by NAS. The detailed accuracy and training time of the DNN
which is NAS results are reported in §4.4.
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Table 3
Comparison of NAS-optimized algorithms.
Best accuracy Number of NAS training
Algorithm (SMAPE) searched models time (h)
CNN 16.7% 1747 11.5
LSTM 22.7% 1742 59.2
DNN 4.8% 1748 10.4
Table 4
Layer dimensions of the § predictor in detail.
Layers Weight (in x out) Bias Params
MLP_1 8 %256 256 2304
MLP_2 256 x 32 32 8224
MLP_3-7 32x32 32 1056
MLP_8 32 x 1024 1024 33,792
MLP_9 1024 x 64 64 65,600
MLP_10 64x16 16 1040
regression_head 16x2 2 34

3.3. Tensorshare scheduler

System model. The TensorShare scheduler determines job combina-
tions for GPUs that satisfy gSLAs. We explain the workflow of the sched-
uler using the notations to formulate the scheduling problem, such
as jobs and interference. We denote the scheduling queue as SQ =
{Jy,J,,....J,}, where J; represents the i-th DT job, and » is the total
number of jobs in the queue. The objective of TensorShare is to iden-
tify a combination ¢ = {J, Jp} that satisfies the gSLAs of the comprised
jobs, which is formally described as 5,, < gSLA; Aé,;, <gSLA, . The
scheduler is activated by the event monitor in the following cases: (1)
when the GPU cluster and the scheduling queue are initialized, and (2)
when a DT job completes its training. In the first case (initialization),
the event monitor activates the TensorShare scheduler, which selects the
first job (J,) from the SQ. The scheduler then finds another job from the
SQ that can run alongside J, as a combination.® Note that the sched-
uler prefers fewer GPU machines to run the combination (e.g., running
two workers on one machine with two GPUs instead of two machines
with one GPU each). This is because a higher number of servers is more
prone to networking bottlenecks between workers [27].

In the second case, when a DT job completes its training, the remain-
ing job continues to use the GPU. The event monitor then triggers the
TensorShare scheduler, which selects a new job from the SQ and as-
signs it to the corresponding GPU machine. We use the term Jj to refer
to (1) J; in the first case and (2) the remaining (still-running) job in
the second case. Thus, for n jobs in the SQ, the TensorShare sched-
uler has n potential combinations, denoted as c; = {Jy,J;}, where J;
is a DT job in the SQ. We represent the set of potential combinations
as C = {¢; | 1 <i < n}. Based on the proposed system model, notations,
and objective, we present the modeling analysis for determining the ¢;:
proactive filtering and combination selection.

Proactive filtering. The TensorShare scheduler satisfies gSLAs by
avoiding violations through proactive filtering, which operates as fol-
lows. First, we filter out ¢; from C if J and J; have a different number of
workers. This is because when jobs have different worker counts, some
workers in the larger job cannot share GPUs with workers from the other
job. Although the scheduler could attempt to allocate GPUs across dif-
ferent jobs, this approach increases complexity and causes delays. Also,
allowing partial workers to either share GPUs or use dedicated GPUs can
lead to dedicated GPU workers being blocked by slower (GPU sharing
workers), resulting in poor utilization and fairness issues. Thus, only job

6 If the total number of requested GPUs by the enqueued jobs in the SQ is less
than the total number of unused GPUs, the TensorShare scheduler can optionally
allocate GPUs without sharing (dedicated use)
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Fig. 8. Job sensitivity of DT jobs.

pairs {Jg, J;} with identical worker counts are considered as candidates
for scheduling.

In addition, the TensorShare scheduler verifies whether a job pair
can share GPU without exceeding the memory capacity. An input feature
for the § predictor includes the memory consumption of each job so that
the TensorShare scheduler takes advantage of the feature. The scheduler
selects job pairs whose combined memory usage fits within the GPU
memory. If the combined memory requirement exceeds the available
GPU memory, the corresponding c; is excluded from consideration; if
no valid combinations remain, TensorShare executes J in dedicated
use without sharing.

Next, for the remaining m number of ¢;, proactive filtering requests
the 6 predictor to predict §. Specifically, with the input features of J
and J; of the ¢;, the § predictor generates 6 for each of J; and J;. We
define D¢, the predicted § values for c;, as D% = {5;”12,5;: }. Since 5,
varies depending on J;, we distinguish the § of J; by using a super-
script notation (6;’ ). The TensorShare scheduler obtains m sets of D¢,
for all job pairs in C. Based on D¢, proactive filtering checks whether
¢; can satisfy gSLAs. We denote the gSLAs of ¢; as {gSLA,, gSLA, }. If
either 5;’R or 52 exceeds its respective gSLA, it indicates a gSLA vio-
lation, and ¢; is excluded from the set of potential combinations (C).
If both J; and J; satisfy their gSLAs, proactive filtering adds ¢; to its
“candidate stack” (STA). Thus, the STA is defined as STA={c; | 63’R <
gSLA; A 52 <gSLA,,c; € Ch.

After examining the gSLA satisfactions of all ¢;, proactive filtering
counts the number of ¢; in the STA. If the STA is empty, no valid combi-
nations exist for J, so TensorShare assigns J to dedicated use (without
GPU sharing). If the STA contains exactly one c;, only one combination
is possible for J. TensorShare then directly executes ¢; and finishes its
scheduling. If there are two or more ¢; in the STA, TensorShare proceeds
to “combination selection” to determine the best ¢; for execution.

Combination selection. For combination selection, we design a selec-
tion strategy that optimizes two key aspects: (1) JCT reduction for in-
dividual DT jobs (users) and (2) GPU efficiency. To minimize JCT, the
selection strategy prioritizes job combinations with lower & values.” This
strategy, denoted as S}, is represented as S| = argmincieSTA(éj‘R + 53’1 ).

Next, we consider GPU efficiency by analyzing the STA in §;. When
the STA is empty, it indicates that Jz must run with the dedicated use
to satisfy gSLAs. Running jobs in the dedicated use results in poorer
GPU utilization compared to GPU sharing, which reduces GPU efficiency
by increasing both the total execution time and the number of GPUs
required.

To analyze the efficiency of .S|, we conduct the following experiment
to measure the frequency of empty STA occurrences. We compare two
strategies: (1) selecting ¢; using S, and (2) simply choosing ¢, (the first
available combination in the STA), known as the first-in-first-out (FIFO)
strategy. For each experiment trial, we run the TensorShare scheduler

7 Identifying the optimal combination to minimize JCTs for both currently
enqueued jobs and future incoming jobs is nearly NP-hard. Therefore, our se-
lection process follows a greedy approach, selecting the best combination based
on the currently enqueued DT jobs in the SQ.
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50 times per strategy. During these runs, DT jobs are randomly gener-
ated from Table 1 and placed into the SQ. We repeat the trial 20 times,
resulting in 1000 scheduling rounds per strategy. From these 1000 exe-
cutions, we calculate the ratio of empty STA occurrences. The first two
bars in Fig. 8a, labeled FIFO and .S,, present the experiment results.
With S, the empty STA occurs 1.5x more frequently than with FIFO.
This indicates that 1.5x more DT jobs fail to utilize GPU sharing when
using .S; compared to FIFO.

To reduce the occurrence of an empty STA in S|, we conduct the
following analysis. Fig. 8b shows the § values (measured in Fig. 3) for
two exemplar DT jobs: VGG-11 and InceptionV3. Each x-marked point
in the figure represents one of the 29 distinct § values for each job.
InceptionV3 shows a wider range of 6 values compared to VGG-11, with
the standard deviations of 0.59 and 0.16, respectively. Assume that the
gSLA for both jobs is set to 1.5, as indicated by the red vertical line in
Fig. 8b. VGG-11 can pair with 26 jobs (corresponding to x-marked points
in the blue-colored region), allowing it to achieve § < gSLA. In contrast,
InceptionV3 can pair with only nine jobs (purple-colored region), which
is 2.9x less than VGG-11.

This suggests that InceptionV3 has fewer opportunities to pair with
other DT jobs in combinations that satisfy the gSLAs. Therefore, when
both VGG-11 and InceptionV3 are candidates to run as a combination,
it is more advantageous to prioritize running InceptionV3 first. Doing so
leaves more opportunities for VGG-11 to pair with other jobs later, as
VGG-11 is more likely to find compatible combinations that meet gSLA
requirements.

We incorporate this observation into S| and derive an improved
strategy, S,. We quantify the range (variation) of 6 values of J;
by its standard deviation, which we refer to as Sensitivity,. S, se-
lects the job with higher sensitivity first and is defined as .S, =
argmincieSTA((‘S;lR /Sensitivity; ) +(5;i /Sensiti — vity;)). To evaluate
the effectiveness of S,, we conduct the same experiment as before, mea-
suring the occurrence of an empty STA, now applying .S,. The third bar
in Fig. 8a shows the empty STA occurrence for .S,. From 1000 schedul-
ing rounds, S, significantly reduces the high occurrence of empty STA
observed in S, bringing it to a level comparable to FIFO (with only a
0.9% difference from FIFO). As S, considers both JCT reduction and
GPU efficiency, the TensorShare scheduler uses .S, for its combination
selection.

4. Evaluation

We implement TensorShare using approximately ~2.2K lines for the
TensorShare scheduler and ~1.5K lines for the DT introspector and the §
predictor training. TensorShare is designed to operate with Kubernetes,
which runs each PS and GPU worker as a separate container. We conduct
the following experiments with our TensorShare prototype.

4.1. Evaluation setup

We evaluate TensorShare across four different evaluation settings:
(1) end-to-end evaluation (physical testbed), (2) end-to-end evaluation
(simulation), (3) micro-evaluation, and (4) unseen job evaluation. Each
evaluation is described below.

End-to-end evaluation (physical testbed). For our physical testbed
experiments, we use two GPU machines and one storage machine. The
machine specifications and experimental configurations are identical to
those in §2.2. These machines are managed via Kubernetes, and con-
tainer allocation (including GPU workers and PSs) follows the default
settings of Kubernetes (e.g., least-allocated policy [39]). A similar policy
is used for the simulation experiments (explained below). We compare
TensorShare against the following baseline techniques:

e Dedicated use: A GPU scheduling strategy commonly used in existing
GPU clouds and production GPU clusters [27,40], where DT jobs run
without GPU sharing [13].

Future Generation Computer Systems 181 (2026) 108413

¢ GPU sharing: A Kubernetes plugin that enables GPU sharing without
considering JCT increase or interference [8,24].

e Reactive GPU sharing: A GPU sharing approach with preemption,
proposed in a previous study [14]. This technique pauses a running
job when a severe JCT increase (gSLA violation) is detected.

We evaluate TensorShare using six key metrics: (1) gSLA violation
rate, (2) gSLA excess ratio, (3) JCT, (4) GPU time, (5) job throughput,
and (6) power consumption. The gSLA violation rate is the ratio of jobs
that violate their gSLA to the total number of jobs. The gSLA excess
ratio quantifies the extent to which § exceeds the gSLA for DT jobs, cal-
culated as 100 x (6 — gSLA)/gSLA. The JCT measures the total time taken
for each DT job to complete. GPU time represents GPU efficiency and is
defined as the total duration of GPU usage required to complete all en-
queued DT jobs in the SQ [27,28]. Job throughput is the number of DT
jobs completed per unit time. Power consumption refers to the total en-
ergy consumed by GPUs while all enqueued DT jobs in the SO complete
their execution. We measure six metrics in the physical testbed, whereas
in the simulation experiments, we do not report the power consumption
as the simulator does not support it. Since 6 is only defined when GPUs
are shared, it cannot be calculated for dedicated use. Therefore, dedi-
cated use is excluded from the measurement of gSLA violation rate and
gSLA excess ratio.

For the workload, we randomly select a job from the 29 DT jobs (Ta-
ble 1) and enqueue it in the SQ until a total of 10 jobs are enqueued.
We run the workers for a job on the same GPU machine to ensure con-
sistent evaluation results and avoid potential network bottlenecks when
using multiple servers. In the dedicated use setting, jobs are executed
sequentially without GPU sharing. In the GPU sharing setting, two jobs
are selected sequentially from the queue and run as a pair. When one of
the two jobs completes, the scheduler pairs the remaining (still-running)
job with the next job in the queue. In contrast, TensorShare schedules
jobs based on its combination selection strategy (§3.3). Each experiment
is repeated 30 times, resulting in a total of 300 DT jobs.

For gSLA assignment, we randomly assign gSLA values between 1.0
and 2.0 following a uniform distribution. The lower bound (1.0) corre-
sponds to the training speed of a job when GPUs are not shared. The
upper bound (2.0) is based on the assumption that each GPU is shared
by two DT jobs, meaning each job uses approximately half of the GPU’s
resources, leading to an expected 2x increase in JCT. This assumption
aligns with prior studies on resource sharing [28].

End-to-end evaluation (simulation). For the simulation experiments,
we evaluate larger-scale configurations using an open-source simulator
[41], widely used in the research community [7,27]. We extend this sim-
ulator by integrating TensorShare into the simulation framework. The
simulation experiments are conducted on 32 machines, each equipped
with eight GPUs, resulting in a total of 256 GPUs. This setup is compa-
rable in scale to those used in previous studies [9,15,32].

We use Microsoft Philly traces [13], which include DT job informa-
tion from GPU clouds. The dataset consists of four different traces: Trace
1 (1494 DT jobs), Trace 2 (5755 DT jobs), Trace 3 (991 DT jobs), and
Trace 4 (2636 DT jobs). Each trace includes key job attributes such as
arrival time, duration, and the number of GPU workers, which we utilize
in our simulations. Since the model types of the jobs are unknown, we
follow the common practice of prior studies [15,28,32] by randomly as-
signing job types from a set of representative models (listed in Table 1).
DT jobs are enqueued into the SQ according to their arrival times in the
trace. Note that the simulations run jobs from the traces with a varying
number of workers (up to 8).

For the simulation experiments, we compare TensorShare with three
baseline techniques: dedicated use, GPU sharing, and reactive GPU shar-
ing, similar to the physical testbed experiments. In addition, we compare
TensorShare with Horus [7], as its design is available as an open-source
simulator, enabling direct comparison. Horus is a scheduling technique
that identifies high GPU or GPU memory utilization as an indicator
of significant GPU interference. To mitigate interference, it schedules
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Fig. 9. End-to-end evaluation (physical testbed) results.

high-utilization jobs to avoid GPU sharing. However, Horus does not
predict 6. We evaluate TensorShare using the same five metrics as in
the physical testbed experiments.

Micro-evaluation. We also conduct component-level experiments of
TensorShare in the physical testbed to better understand its overhead,
performance, and generalizability. The following evaluation aspects are
analyzed:

e TensorShare overhead: Measure (1) introspection times across 29
distinct DT jobs and (2) the scheduling delay as the number of jobs
increases.

e § prediction accuracy and training time: Compare predicted § val-
ues against ground truth using percentage error and evaluates the
training time required for the é predictor using NAS.

¢ Generalizability of the § predictor on new hardware: Evaluate the
prediction accuracy of the 6 predictor fine-tuned via transfer learning
on different hardware setups (e.g., H100 and A100).

Unseen job evaluation. Lastly, we evaluate TensorShare on unseen DT
jobs that were never used in training the § predictor. We assess the gen-
eralization ability of the § predictor on these unseen jobs and exam-
ine whether TensorShare can still satisfy gSLA constraints. For unseen
jobs, we use LLMs with entirely different model structures, datasets,
and hyperparameters. Specifically, we evaluate five open-source LLMs:
OpenLLaMA-7B [20], MPT-7B [42], Falcon-7B [43], RedPajama-7B
[44], and FlanT5-7B [45]. These models are supported by OpenNMT-
py [46], a widely used library for benchmarking LLMs. Please note that
LLMs are both compute-intensive and memory-intensive, and differ sig-
nificantly between themselves in terms of architecture, dataset, and hy-
perparameters.

We fine-tune these models on the Alpaca dataset [47], which con-
sists of 52,000 input instructions and output values. The Alpaca dataset
is a widely used open-source dataset for LLM training. Unlike previ-
ous experiments, these LLMs are executed using PyTorch, making them
completely unseen in the context of prior evaluations. The models are
configured with an input token size of 256, the maximum size that can
be loaded within the memory of V100 GPUs. We conduct the following
evaluations in the physical testbed:

e Generalizability of the § predictor: We evaluate the accuracy of the
& predictor across 160 job combinations, ensuring that each combi-
nation includes at least one unseen job.

gSLA violation rate, JCT, and GPU time: We enqueue 100 DT jobs
in the SQ and apply the TensorShare scheduler. Half of the jobs are
unseen, while the other half are seen jobs (from Table 1). This mix
of seen and unseen jobs broadens the scope of the evaluation and
enhances its realism, covering diverse model types such as image
classification, natural language processing, and LLMs.

4.2. End-to-end evaluation (physical testbed)

gSLA violation rate. Fig. 9a shows the gSLA violation rate (y-axis) for
each technique (x-axis). TensorShare outperforms the other techniques,
achieving an extremely low gSLA violation rate of only 0.7%. Compared
to GPU sharing and reactive GPU sharing, TensorShare reduces the gSLA
violation rate by 47.3x and 30.3x on average, respectively. This demon-
strates that TensorShare effectively meets the gSLA requirements for DT
jobs. Note that the 0.7% violation rate observed in TensorShare is at-
tributed to prediction errors in the 6 predictor.

gSLA excess ratio. Fig. 9b presents the CDF of the gSLA excess ratio,
indicating how severely each job exceeds its gSLA. At the median (50%
on the y-axis), TensorShare exceeds the gSLA by only 1%, demonstrat-
ing that the violation is very minor and negligible. In contrast, GPU
sharing and reactive GPU sharing exceed the gSLA by 17.7% and 12%,
respectively—16.9x and 11.5x worse than TensorShare. At the tail-end
(99.9% on the y-axis), the gSLA excess ratios for TensorShare, GPU shar-
ing, and reactive GPU sharing are 1.3%, 48.2%, and 67.9%, respectively,
meaning that TensorShare outperforms GPU sharing and reactive GPU
sharing by factors of 36x and 50x at the tail-end. These results indicate
that even for small number of jobs that violate their gSLA (corresponding
to the 0.7% in Fig. 9a), TensorShare maintains a minimal gSLA excess
ratio of around 1% across both the median and tail-end cases.

JCT. Fig. 9c illustrates the JCT for each GPU sharing technique. The
JCT values are normalized relative to dedicated use. The bars represent
the average normalized JCT for each technique. Among the techniques,
GPU sharing exhibits the highest (worst) JCT, followed by reactive GPU
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Fig. 10. End-to-end evaluation (simulation) results.

sharing, with TensorShare achieving the lowest JCT. Compared to GPU
sharing and reactive GPU sharing, TensorShare reduces the JCT increase
relative to dedicated use by factors of 3.2x and 1.8x, respectively. These
results highlight the efficiency of TensorShare’s selection strategy in re-
ducing JCT while maintaining GPU sharing effectiveness.

GPU time. Fig. 9d compares GPU time across the 50th, 90th, and 99th
percentiles. TensorShare achieves the shortest (best) GPU time among
all techniques. At the median (50th percentile), TensorShare reduces
GPU time by 12% compared to GPU sharing and 45% compared to ded-
icated use, while at the tail-end (99th percentile), it improves GPU time
by 12% over reactive GPU sharing and 43% over dedicated use.

When compared to the ideal GPU time (defined as half of the dedi-
cated use, as explained in §2.2, though not shown in the graph), Tensor-
Share’s GPU time at the median is only 12% higher than the ideal value.
In contrast, GPU sharing and reactive GPU sharing exceed the ideal by
32% and 37%, respectively. These results indicate that TensorShare ef-
fectively optimizes both GPU infrastructure utilization and computation
time, enhancing overall efficiency.

Job throughput. Fig. 9e shows the number of jobs per hour in the phys-
ical testbed experiments. Even while satisfying the gSLA of individual
jobs, TensorShare achieves the highest through-put—1.42x compared
to dedicated use, 1.07x compared to GPU sharing, and 1.12x compared
to reactive GPU sharing. The results reveal that TensorShare effectively
improves cluster-wide resource utilization.

Power consumption. Fig. 9f presents the power consumption measured
on our physical testbed. TensorShare reduces power consumption by
45%, 12%, and 13% compared to dedicated use, GPU sharing, and reac-
tive GPU sharing, respectively. The results show that TensorShare low-
ers power consumption, which improves the GPU cluster’s energy effi-
ciency.

4.3. End-to-end evaluation (simulation)

gSLA violation rate. Fig. 10a shows the gSLA violation rate obtained
from the simulations. Each bar represents the violation rate per trace.
Across all four traces, TensorShare maintains a low gSLA violation rate
of ~1.9% (1.5% on average). In contrast, GPU sharing shows the high-
est violation rate, with an average of 56%, while reactive GPU sharing

and Horus exhibit average violation rates of 39.8% and 40.3%, respec-
tively. Thus, TensorShare improves the gSLA violation rate by 36.7x,
26.1x, and 26.4x compared to GPU sharing, reactive GPU sharing, and
Horus, respectively. Note that all techniques experience higher viola-
tion rates in the simulation than in the physical testbed (on average,
19.3% higher for existing techniques), likely due to the larger num-
ber of DT jobs and GPUs in the simulation. However, the difference for
TensorShare is only 0.8%, which is 24x lower (better) than the other
techniques.

gSLA excess ratio. Figs. 10b and 10c present the gSLA excess ratio at
the median (50th percentile) and tail-end (90th percentile), respectively.
Among the four techniques, TensorShare consistently achieves the low-
est excess ratio across all traces, averaging 5% at the median and 9.8%
at the tail-end. Compared to GPU sharing, reactive GPU sharing, and
Horus, TensorShare reduces the median excess ratio by 6.7x, 6.3x, and
6.2x%, respectively. At the tail-end, it further improves the excess ratio
by 17.6x, 15.5%, and 15.1x on average.

JCT. Fig. 10d presents the normalized JCT relative to dedicated use.
The bars represent average JCT values. TensorShare outperforms GPU
sharing, reactive GPU sharing, and Horus across all four traces, reducing
JCT by 60%, 37%, and 38%, respectively. Compared to dedicated use,
the JCT of TensorShare increases by only 2% on average. These results
further confirm that TensorShare’s selection strategy is highly effective
in reducing JCT and improving scheduling efficiency.

GPU time. Fig. 10e shows the GPU time for each GPU sharing technique,
with each bar representing the time per trace. TensorShare consistently
outperforms all comparative techniques across all traces. On average,
TensorShare achieves 41%, 44%, 21%, and 18% shorter (better) GPU
time compared to dedicated use, GPU sharing, reactive GPU sharing,
and Horus, respectively.

Next, we examine the GPU time of TensorShare per trace. Tensor-
Share achieves the highest reduction in GPU time in trace 1 (43%), fol-
lowed by trace 3 (32%), trace 2 (29%), and trace 4 (20%), compared
to other techniques. Note that the order of improvement aligns with the
number of DT jobs in each trace: trace 1 (5755), trace 3 (2636), trace
2 (1494), and trace 4 (991). These results indicate that TensorShare
effectively enhances GPU infrastructure efficiency by identifying more
optimal job combinations for GPU sharing, particularly as the number
of DT jobs in GPU clouds scales up.
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Fig. 11. Micro-evaluation results.

Job throughput. Fig. 10f shows the number of completed jobs per day.
TensorShare consistently outperforms all comparative techniques across
all traces. On average, TensorShare achieves 2.0x, 2.2x, 1.5%, and 1.5x
higher throughput compared to dedicated use, GPU sharing, reactive
GPU sharing, and Horus, respectively. This demonstrates that Tensor-
Share effectively enhances resource utilization across the entire cluster.

4.4. Micro-evaluation

TensorShare overhead. We measure TensorShare’s overhead in two
aspects: (1) DT introspector and (2) TensorShare scheduler. First, note
that the DT introspector runs for profiling only when each job enters
the SQ, and its execution time varies depending on the DT job type. So,
we measure the introspection time of 29 DT jobs used in our evaluation.
Fig. 11a shows the cumulative distribution: the median is 3.9 s, ranging
from 0.24 to 25 s per job, and the standard deviation is 7.0 s. Such job
profiling overhead, including its variability, is within the range reported
in other works (standard deviation of 9.5 s) [48].

Next, we analyze the overhead of the TensorShare scheduler. The
scheduler examines the SQ to pair jobs that satisfy the gSLA constraint,
so its delay increases with the queue length. To assess this at scale, we
increase the number of jobs from 10 to 1000. Note that the average
queue length in real-world GPU clusters is 117 jobs [49], so our new
analysis covers the practical scale. Fig. 11b shows the scheduling delay,
which remains under 3.3 s even for 1000 jobs. In the worst case, the
combined overhead per job is 28.3 s (25 s for introspection and 3.3 s for
scheduling), which remains well below the average waiting time in real-
world GPU clusters—approximately 3000 s before execution [49]. We
believe this demonstrates the scalability of TensorShare in large clusters.

§ prediction accuracy and training time. Fig. 11c presents the pre-
diction accuracy (bars on the left y-axis) and training time (x marks
on the right y-axis). The x-axis represents the number of MLP layers,
and for each layer count, we show: (1) the best accuracy (bar) obtained
from different structural options (e.g., activation function) and (2) the
training time (* mark) required to achieve the best accuracy. Training
is conducted using an Intel Xeon Gold 6342 CPU, and accuracy is eval-
uated using a dataset portion (20%) not used for training (§3.2). We
calculate the accuracy using the symmetric mean absolute percentage
error (SMAPE) [37].
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Table 5
Comparison of prediction accuracy and training time for
transfer learning and full retraining across GPU setups.

Prediction accuracy Training time

(SMAPE) (min)
GPU setup Transfer Full Transfer Full
learning  retraining  learning  retraining
H100 4.9% 3.5% 5 444
A100 6.1% 5.8% 3 783

For prediction accuracy, the best error rate is achieved with 10 MLP
layers, yielding a SMAPE of only 5%, indicating highly accurate predic-
tions. For training time, it takes 10.4 hours in total to train all models
shown on the x-axis and to identify the most accurate model. We believe
that training time can be significantly reduced by using GPUs instead of
CPUs.

Generalizability of the 5 predictor on new hardware. To show the
generalizability and robustness of the § predictor, we configure two ad-
ditional hardware setups: 1) NVIDIA H100 GPU with AMD EPYC 7J13
CPU and 2) NVIDIA A100 GPU with Intel Xeon Platinum 8480+ CPU,
in addition to the V100 GPUs described in §2.1. Note that these setups
differ from the V100 GPU setup in terms of GPU architecture, GPU mem-
ory capacity, and CPU type, and these are representative GPUs widely
adopted in both academia and industry. For dataset, we measure in-
put features and 6 for the H100 and A100 setups following the same
methodology described in §3.2.

Fig. 12 shows the distribution of the §, which varies across GPU se-
tups. The variance of § is different per GPU type; newer-generation GPUs
(from left to right on the x-axis) tend to exhibit lower § values, with
standard deviations of 0.49, 0.19, and 0.13 and means of 1.54, 1.41,
and 1.25 for V100, A100, and H100, respectively. It is due to their im-
proved computational capability and memory bandwidth.

To handle such variance of interferences per GPU type, we fine-tune
the pre-trained § predictor from the V100 setup (i.e., 10 MLP layers
DNN) for each target GPU setup by transfer learning. Specifically, we
fine-tune a subset of layers from the last layer (regression_head in Ta-
ble 4) to MLP_2, while keeping the first layer (MLP_1) frozen to preserve
the knowledge from the V100 setup.

To examine how transfer learning effectively enables generalization,
we fully retrain the § predictor from scratch for each new GPU setup. For
retraining, we apply the same NAS process used in §3.2, which involves
exploring various model architectures and hyperparameters. As shown
in Table 5, the training time of transfer learning is 5 min vs. 444 min for
full re-training for H100, and 3 min vs. 783 min for A100. We find that
this huge reduction is due to the difference in the number of models
explored: full retraining explores 1677 and 1711 models for H100 and
A100, respectively, while transfer learning explores only the number
of fine-tuned layers—9 models for H100 and A100, respectively. This
means that our transfer learning searches 186x—190x fewer models
than full retraining. Yet, Table 5 shows that the prediction accuracy
(SMAPE) of transfer learning differs from the fully retrained 6 predictor
by only 1.4% and 0.3% for the H100 and A100 setups, respectively.
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These results demonstrate that the § predictor remains generalizable in
terms of accuracy and training time.

4.5. Unseen job evaluation

Generalizability of the § predictor. We use the § predictor trained
with jobs in Table 1 to evaluate its generalizability for unseen jobs (five
LLMs). The input features for unseen jobs are obtained using the DT
introspector (§3.1). Fig. 13a presents the CDF of prediction errors, mea-
sured using SMAPE. The line with circles represents the § predictor’s ac-
curacy across 160 job combinations, each combination includes at least
one unseen job. The line with x marks represents the accuracy of the &
predictor across job combinations of only seen jobs. At the median (50%
on the y-axis), the SMAPE values for unseen and seen job combinations
are 9% and 3%, respectively. Despite the fact that these LLMs run on a
different framework (PyTorch instead of TensorFlow), which may intro-
duce differences that affect the predictor’s performance, our 6 predictor
maintains good accuracy. These results on unseen jobs demonstrate the
reasonable generalizability of the § predictor.

gSLA violation rate. Fig. 13b presents the gSLA violation rate for un-
seen job combinations. The bars (y-axis) represent the gSLA violation
rate. TensorShare demonstrates that only 5 out of 100 jobs (5%) violate
their gSLAs, which is a 4% increase compared to seen jobs (Fig. 9a).
Despite this slight increase, TensorShare still significantly outperforms
other techniques—achieving 7x and 6.2x better gSLA satisfaction com-
pared to GPU sharing and reactive GPU sharing, respectively. These re-
sults indicate that TensorShare effectively improves gSLA satisfaction
even for unseen jobs. Given that the LLMs have huge differences from
the workloads in Table 1, these results show that TensorShare can han-
dle heterogeneous workloads that reflect production environments.

JCT. Fig. 13c presents the JCT of the three techniques on unseen job
combinations, using normalized JCT, consistent with §4.2. TensorShare
reduces JCT by 28.5% and 24.9% compared to GPU sharing and reactive
GPU sharing, respectively. Also, we observe that TensorShare’s normal-
ized JCT increases by only 1.8% compared to seen jobs (Fig. 9a), while
GPU sharing and reactive GPU sharing experience significantly higher
increases of 9.6% and 18.5%, respectively. These results indicate that
TensorShare outperforms the other two techniques by 5.4x and 10.3x
in terms of JCT consistency.
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GPU time. Fig. 13d presents the GPU time of the three techniques on
unseen jobs, showing 50th (median), 90th, and 99th percentile values,
consistent with Fig. 9a. At the median, TensorShare achieves the short-
est GPU time, outperforming GPU sharing and reactive GPU sharing by
1% and 11%, respectively. However, at the 90th and 99th percentiles
(tail-end cases), GPU sharing shows 7% lower GPU time on average com-
pared to TensorShare. The increase in TensorShare’s GPU time at the
tail-end is due to inaccurate § predictions, which occasionally result in
suboptimal scheduling decisions. Specifically, we observe that in 6.2%
of prediction trials, the scheduler overestimates §, predicting higher val-
ues than the actual §. As a result, TensorShare often schedules jobs to
run alone instead of sharing GPUs to meet the gSLA requirements (§3.3).
While this approach increases tail-end GPU time, it ensures that gSLAs
remain satisfied. Thus, the higher GPU time at the tail-end represents
a trade-off for maintaining gSLA satisfaction, with a 5% gSLA violation
rate for unseen job combinations, as shown in Fig. 13b.

5. Discussion

This section discusses possible extensions of TensorShare related to
GPU sharing, GPU virtualization, SLA metrics, DT strategies, GPU types,
job starvation, prediction accuracy by dataset size, algorithm choice, use
of ML, and job execution behavior.

Two jobs for GPU sharing. In this study, we focus on GPU sharing be-
tween two jobs. Previous studies have also focused on two-job sharing,
as sharing GPUs among three or more jobs leads to significant interfer-
ence [5,9]. For example, when we test three-job sharing, § ranges from
1.15 to 6.28, which is 1.9x worse than two-job sharing. Thus, we believe
that limiting GPU sharing to two jobs is a reasonable choice. However,
if future advancements—such as new GPU architectures—help mitigate
severe interference between multiple jobs, TensorShare could be ex-
tended as follows. First, the § predictor can be retrained on an N-job
dataset (N > 2) while maintaining the same feature types, model struc-
ture, and training methods. Also, when a job that shares GPUs completes
its training, the TensorShare scheduler dynamically assigns a new job to
share GPUs with Jy. By generalizing J to represent a group of jobs that
continue running on GPUs, the TensorShare scheduler could efficiently
handle multiple concurrent jobs.

GPU virtualization. GPU virtualization creates virtual GPU (vGPU)
instances by slicing a physical GPU. A representative technique is
NVIDIA’s multi-instance GPU (MIG) that divides a physical GPU into up
to seven vGPU instances, each with dedicated SM cores and memory.
Previous studies [26,50,51] reported that each vGPU instance provides
strong performance isolation from other vGPUs because the SM cores
and memory inside the vGPU are not shared. So, during distributed
training using MIG instances, performance is isolated and no interfer-
ence occurs as reported in previous works [26,50,51]. In contrast, GPU
sharing on which TensorShare proposes allows multiple jobs to run on
the same physical GPU or on a vGPU instance without partitioning SM
cores and memory. A key idea of TensorShare is to multiplex the SM
cores and GPU memory of the physical GPU or vGPU instance between
multiple jobs. As the GPU resources are shared, interference arises be-
tween jobs, which can increase job completion time.

In short, MIG offers strong isolation among instances; however, it has
critical limitations in real-world deployments: MIG is supported only
on specific GPU architectures (e.g., A100, H100) and requires static
partitions that cannot be dynamically resized after instantiation. Also,
workloads running on vGPU instances under MIG can experience perfor-
mance degradation compared to using the entire physical GPU [25,50].
Consequently, GPU virtualization alone is insufficient to satisfy per-job
gSLA requirements in heterogeneous GPU clouds.

We believe TensorShare is a complementary approach to GPU virtu-
alization. Rather than eliminating interference through strict hardware
slicing, TensorShare permits interference but proactively controls its im-
pact by introducing the concept of gSLA. Moreover, TensorShare can
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also operate on top of vGPUs (e.g., MIG instances), as the fine-grained
metrics used for § prediction (e.g., SM_ACTIVE and DRAM_ACTIVE) re-
main observable in MIG instance. The goal of TensorShare is to offer
flexible sharing with user-defined gSLA guarantees and forms a comple-
mentary foundation for predictable and efficient GPU clouds.

JCT as gSLA. Since DT jobs often run for days or weeks, JCT serves as
a more meaningful measure of training efficiency from the user’s per-
spective than momentary metrics such as per-iteration time. Thus, we
define gSLA as the ratio of JCT increase when DT jobs share GPUs. In
the future, we plan to expand SLA metrics to other performance aspects,
such as availability.

Other DT strategies. This study focuses on data parallelism with PS.
However, various other strategies exist, such as model parallelism [22]
and all-reduce [52]. We believe that TensorShare is not limited to data
parallelism with PS. For instance, the DT introspector can be imple-
mented independently of the DT strategy by leveraging external profil-
ing tools such as DCGM [31]. In future work, we plan to extend Tensor-
Share to support additional DT strategies.

Number of machines for a job. We evaluate TensorShare and other
techniques using a single machine to run job workers, a common ap-
proach to avoid network bottlenecks caused by varying server counts.
Note that server selection for workers has been studied in prior work
[27,53,54], and TensorShare can complement these studies.

Job starvation and fairness. Since the TensorShare scheduler prior-
itizes jobs that satisfy gSLAs, some jobs may experience starvation in
scheduling. We have not explicitly addressed starvation in this paper.
Previous studies that schedule GPUs without sharing, such as Tiresias
[27]1, Themis [28], and Gavel [5], incorporated aging to mitigate star-
vation. They gradually raise the priority of jobs that remain in the queue
across multiple scheduling rounds, which ensures fairness among jobs.
Please note that this aging is added to the scheduling. So TensorShare
can incorporate the similar aging mechanism—for instance, by increas-
ing the priority of DT jobs once their gSLA violations exceed a certain
threshold. This aging mechanism can mitigate starvation while also pre-
serving TensorShare’s gSLA-driven scheduling policy.

Prediction accuracy by dataset size. We vary the number of dataset
records used for training the § predictor from 150 to 1300. Fig. 14 shows
the prediction accuracy as the dataset size changes. At 870 records, the
error reaches 4.8%, and with more records, the error remains similar
(averaging 4.9%). So, we use 870 records for the training dataset.

Algorithm choice and model performance. The effectiveness of deep
learning algorithms is task-dependent because they have different char-
acteristics. CNN is known to be effective for image-related task, whereas
LSTM is good for time-related task. Different tasks need different
algorithms—for our paper, we believe that MLP works well because the
input data is structured, not having patterns in 2D or time-series. This is
verified by the fact that DNN outperforms CNN and LSTM in the context
of § predictor. There are also reports where DNN works better than CNN
and LSTM [55,56].
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Table 6

Comparison of prediction accuracy and prediction
latency between the machine learning approach and
simpler analytical models.

Accuracy Latency

Algorithm (SMAPE) (ms)
Linear regression 17.4% 0.10
Ridge regression 17.3% 0.07
Lasso regression 17.7% 0.08
Elastic net regression 17.7% 0.08
SVR with Gaussian kernel 17.3% 0.67
SVR with linear kernel 11.5% 0.72
SVR with polynomial kernel 10.7% 0.51
MLP-based DNN 4.8% 13

Use of ML. § predictor takes DNN, which is more complex than sim-
ple analytical models, such as linear regression. To further justify our
choice, we conduct additional experiments to explain why machine
learning approach is effective over simpler analytical models. We com-
pare the 6 predictor (MLP-based DNN) with seven simpler models: lin-
ear regression, ridge regression, lasso regression, elastic net regression,
support vector regression (SVR) with Gaussian kernel, SVR with linear
kernel, and SVR with polynomial kernel. Table 6 shows each model’s
prediction accuracy (SMAPE) and prediction overhead (latency), indi-
cating that the § predictor achieves the best accuracy, outperforming
other simpler models by up to 3.3x. Although its prediction overhead
is higher, we believe prediction accuracy is most important in order to
ensure reliable gSLA guarantees. Also, this overhead is tolerable as jobs
in production clusters typically wait 3000 s before execution [49], dur-
ing which TensorShare can operate. Furthermore, by caching prediction
results, the TensorShare scheduler can handle 1000 jobs in under 3.3 s
(explained in Fig. 11b).

Short and bursty job behavior. One might be curious whether Ten-
sorShare works well on short and bursty jobs. TensorShare is designed
for distributed training (DT) in GPU clusters that have the following
characteristics. First, DT jobs exhibit long execution durations. For ex-
ample, existing studies analyzing job traces from Microsoft and Alibaba
reported that individual jobs ran for several minutes to even weeks or
months [8,13]. We measure SM_ACTIVE and DRAM_ACTIVE at 100 ms
intervals, and so considering the long DT job execution time, we believe
that these two metrics are reasonably reliable indicators for the pre-
diction. Second, users of GPU clusters may submit DT jobs in a bursty
manner. However, the cluster scheduler launches jobs only when suffi-
cient GPUs are available. As a result, even if job submissions are bursty,
actual job execution is regulated and does not occur in a bursty fashion.
So, we believe TensorShare’s design is aligned with the cluster scheduler
in recent studies on distributed training [7,26,57].

6. Related work

This section presents key related work on TensorShare in terms of
GPU sharing and SLA satisfaction.

GPU sharing. Various studies used GPU sharing to improve GPU in-
frastructure efficiency [5-7,9,14,15,24]. For example, KubeShare [6]
and Alibaba GPU plugin [24] enabled GPU sharing within Kubernetes.
However, these studies are not aware of interference between jobs that
share GPUs. Another study, AntMan [15], considered interference be-
tween jobs and managed GPU kernel executions by giving delays. Orion
[57] intercepts low-level GPU instructions (kernel executions) and lim-
its the execution of low-priority jobs to reduce interference. Gavel [5]
observed the JCT increase in GPU sharing and utilized past job execu-
tion logs for scheduling. Horus [7] and Lucid [9] observed the inter-
ferences, profiled coarse-grained GPU metrics of the jobs (such as GPU
utilization), and indirectly used GPU utilization on the scheduling. Gan-
diva [14] used reactive GPU sharing that monitors the training speeds
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of jobs and preempts the problematic jobs. To our knowledge, however,
none of the existing studies satisfy job gSLAs, predict 8, or reduce JCTs
and GPU time simultaneously.

SLA satisfaction for DT jobs. Other previous studies defined vari-
ous SLAs for DT jobs and proposed scheduling techniques to satisfy
them [15,16,53,54]. Chronus [53] and ElasticFlow [54] defined SLAs on
the training completion deadline. Note that these studies are all based
on the dedicated use, not on the GPU sharing. AntMan [15] defined
two classes of SLAs: resource-guarantee and opportunistic. To ensure
the requested resources of resource-guarantee jobs (e.g., GPU memory
amount), AntMan used reactive GPU sharing (preemption) on the op-
portunistic jobs that share GPUs. Singularity [16] defined similar types
of SLAs into three classes: premium, standard, and basic. To provide the
best and ideal training speeds for premium jobs, Singularity used reac-
tive GPU sharing (preemption) on the standard and basic jobs. HSM [58]
proposed an estimation model with equations for the SM occupancy ra-
tio between GPU sharing jobs and dedicated use jobs. However, it lacks
any guarantees on the given gSLAs between jobs. To the best of our
knowledge, TensorShare is the first study on scheduling technique that
concretely defines gSLA for the JCT increase in GPU sharing and proac-
tively satisfies it without any preemptions.

7. Conclusion

This study proposes TensorShare, a proactive GPU sharing technique
designed to satisfy the SLA of DT jobs. TensorShare consists of the DT
introspector, the § predictor, and the TensorShare scheduler. The DT
introspector extracts input features for the § predictor that, in turn, esti-
mates the JCT increase. We find that the § predictor achieves ~5% error
rates. Based on the 6 predictions and job sensitivity characteristics, the
TensorShare scheduler proactively filters out gSLA-violating job combi-
nations and selects the best combination that reduces the JCT and GPU
time. Our evaluation demonstrates that TensorShare improves gSLA sat-
isfaction in the physical testbed and simulation experiments ~47.3x and
~36.7x%, respectively. Furthermore, TensorShare improves the JCT and
GPU time ~60% and ~44%, respectively. In addition, as unseen job eval-
uation, we experiment with TensorShare on LLM fine-tuning jobs and
achieve ~7x and ~10.3x improvements in gSLA satisfaction and JCT
consistency compared to existing techniques.
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