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 A B S T R A C T

The pervasive deployment of Deep Neural Networks (DNNs) across domains such as computer vision and 
natural language processing has established DNN training as a dominant workload in modern cloud data 
centers. Existing scheduling frameworks typically provision auxiliary resources-most notably CPU and memory-
in proportion to GPU allocations. However, DNN workloads exhibit substantial heterogeneity in their sensitivity 
to auxiliary resources, resulting in frequent deadline violations. To address this inefficiency, we present 
SensaScale, a deadline-aware DNN scheduler that explicitly exploits auxiliary-resource sensitivity. SensaScale 
classifies jobs into sensitive and insensitive categories according to their performance dependence on CPU and 
memory, and orchestrates them through a multi-stage cooperative scheduling framework. Specifically, jobs 
are ordered by latest start time (LST), paired within each cohort based on resource complementarity, and 
scheduled using deadline-safe backfilling coupled with deadline-aware resource adjustment mechanisms. This 
design effectively enhances application performance. Experimental evaluations on Helios and Philly trace-based 
workloads under both 16-GPU-per-node and 8-GPU-per-node cluster settings show that SensaScale outperforms 
the Chronus baseline, reducing Service Level Objective (SLO) violation rates by an average of 74.22%, average 
job completion time (JCT) by 25.86%, and average queuing time (AQT) by 82.75%.
. Introduction

The rapid proliferation of Deep Neural Networks (DNNs) in mission-
ritical domains — including computer vision [1], natural language 
rocessing [2], and speech recognition [3] — has made DNN training a 
oundational workload in both enterprise and cloud data centers. Ow-
ng to its substantial computational intensity and prolonged execution 
ime, DNN training is typically deployed on large-scale, multi-tenant 
luster infrastructures provisioned with high-performance accelerators 
uch as GPUs. Such architectures facilitate efficient resource shar-
ng among multiple tenants and production teams, thereby improving 
verall cluster utilization [4].
Current DNN training workloads are often subject to strict dead-

ine requirements [5]. During scheduling, jobs specify GPU resource 
eeds and are assigned to servers only when these criteria are met. 
xisting scheduling approaches fall into two broad categories: those 
ased on traditional big data systems such as Kubernetes [6] and 
ARN [7], and those that leverage GPU schedulers tailored to DNN 
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job characteristics [8,9]. The latter category incorporates specialized 
scheduling algorithms to improve resource utilization and optimize 
performance metrics such as JCT, AQT, and deadline satisfaction. Rep-
resentative deadline-aware schedulers have demonstrated significant 
improvements in reducing deadline violations through job prioritiza-
tion and deadline-driven resource management [5]. However, most 
existing deadline-aware schedulers continue to treat GPUs as the domi-
nant resource and allocate auxiliary resources such as CPU and memory 
proportionally to GPU assignments.

Recent studies have shown that such GPU-proportional allocation 
can be suboptimal for DNN training workloads. A substantial portion 
of training execution time is often spent on data ingestion and pre-
processing, which heavily rely on CPU and memory resources [10,11]. 
Consequently, DNN jobs exhibit heterogeneous sensitivity to auxiliary 
resources. This phenomenon has been observed not only in academic 
studies but also in production-scale deployments at companies such 
as Google [12] and Meta [13]. Resource-sensitive schedulers such as 
Synergy [14] demonstrate that allocating CPU and memory resources 
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according to job-specific sensitivity can significantly improve cluster 
throughput and reduce JCT. For example, image and video processing 
models may achieve substantial performance gains when allocated 
additional CPU resources, whereas models such as GNMT [15] exhibit 
little performance degradation even when auxiliary-resource alloca-
tions are reduced below the GPU-proportional level. These findings 
indicate that auxiliary resources should not necessarily be coupled 
rigidly with GPU allocations.

Despite these advances, an important gap remains between existing 
deadline-aware schedulers and resource-sensitive schedulers. Deadline-
aware schedulers primarily focus on meeting job deadlines but gen-
erally rely on GPU-proportional auxiliary-resource allocation, thereby 
overlooking resource-sensitivity heterogeneity. In contrast, resource-
sensitive schedulers such as Synergy optimize throughput-oriented ob-
jectives, including cluster efficiency and JCT, without explicitly consid-
ering deadline constraints or SLO satisfaction. Consequently, it remains 
unclear how resource sensitivity can be effectively exploited under 
deadline-constrained DNN training workloads, where scheduling de-
cisions must simultaneously account for job urgency and deadline 
satisfaction.

Motivated by this observation, we investigate the problem of
deadline-aware resource-sensitive scheduling for DNN training work-
loads. Our key insight is that auxiliary resources should be allocated 
according to both resource sensitivity and deadline urgency rather than 
being statically tied to GPU allocations. By jointly considering these 
factors, a scheduler can better match auxiliary resource allocation with 
job requirements and improve the likelihood that jobs complete before 
their deadlines.

To this end, we propose SensaScale, a deadline-aware and resource-
sensitive scheduler for DNN training clusters. SensaScale explicitly 
exploits cross-job heterogeneity in CPU and memory sensitivity while 
incorporating deadline awareness into scheduling decisions. It dynami-
cally groups jobs according to their auxiliary-resource sensitivity and 
constructs complementary scheduling units to better align auxiliary 
resource allocation with diverse job requirements. Furthermore, Sen-
saScale continuously monitors job progress and performs deadline-
aware resource adjustment when deadline-critical jobs are detected. By 
combining resource sensitivity with deadline-aware scheduling, Sen-
saScale improves deadline satisfaction while ensuring adaptive and 
effective auxiliary-resource allocation.

The main contributions of this work are summarized as follows:

• We identify a previously unexplored gap between deadline-aware 
scheduling and resource-sensitive scheduling for DNN training 
workloads, and formulate the problem of deadline-aware
resource-sensitive scheduling that jointly considers deadline ur-
gency and auxiliary-resource sensitivity.

• We propose SensaScale, a deadline-aware and resource-sensitive 
scheduler that integrates sensitivity-aware job grouping, com-
plementary resource matching, and adaptive deadline-aware re-
source adjustment to improve SLO satisfaction under multi-
resource cluster constraints.

• We implement SensaScale and conduct extensive trace-driven 
evaluations using realistic DNN training workloads. Experimental 
results demonstrate that SensaScale substantially reduces SLO 
violations while simultaneously improving JCT and queueing per-
formance across diverse workload compositions and cluster-load 
conditions.

2. Background and motivation

In this section, we review the background of resource scheduling 
for DNN training, formalize key concepts including auxiliary resource 
sensitivity and optimal demand, and analyze the principal limitations of 
existing scheduling approaches. Building on this analysis, we introduce 
a resource-sensitive cluster scheduling framework designed to improve 
deadline compliance.
2 
2.1. Background

GPU-Proportional Scheduling: In DNN training, data processing typ-
ically follows a three-stage pipeline: data loading and caching, CPU-
based preprocessing, and GPU computation. To simplify resource man-
agement, existing DNN schedulers [16,17] commonly adopt a GPU-
centric proportional allocation strategy. Under this paradigm, GPUs are 
treated as the dominant resource, and auxiliary resources — such as 
CPU and memory — are provisioned proportionally to GPU requests. 
For instance, on a server equipped with 16 GPUs, 48 CPU cores, and 
1000 GB of memory, a request for one GPU would be accompanied 
by an automatic allocation of 3 CPU cores and 62.5 GB of memory. 
Although straightforward to implement, this strategy overlooks the 
heterogeneous non-GPU resource demands of different models, poten-
tially leading to suboptimal auxiliary-resource allocation and reduced 
deadline satisfaction.
Auxiliary Resource Sensitivity: Here, auxiliary resources refer specif-
ically to CPU and memory. DNN training jobs exhibit heterogeneous 
sensitivity to these resources, rooted in the structure of the training 
pipeline. A typical workflow loads data from storage into memory, per-
forms preprocessing and augmentation on the CPU, and then executes 
forward and backward propagation on the GPU. Within this pipeline, 
preprocessing throughput (e.g., image decoding and augmentation) is 
directly constrained by CPU compute capacity and core count. When 
CPU resources become a bottleneck, GPUs idle while awaiting data, 
substantially degrading overall training efficiency. Memory capacity 
governs the volume of data that can be cached in advance. Adequate 
memory enables larger prefetch buffers and reduces I/O stalls, whereas 
insufficient memory induces frequent data movement and elevated 
latency. Consequently, for preprocessing-intensive workloads (e.g., im-
age or video recognition), increasing CPU and memory allocations 
can markedly accelerate training. In contrast, for compute-intensive 
workloads such as GNMT [15], reducing auxiliary resources exerts 
minimal impact on performance. Exploiting this heterogeneity in aux-
iliary resource sensitivity is therefore central to improving cluster-level 
efficiency [14].
Optimal Demand: Synergy [14] systematically models the sensitivity 
of DNN workloads to auxiliary resources (CPU and memory) through 
an optimistic analytical framework. Under a fixed GPU allocation, 
rather than exhaustively enumerating all CPU-memory configurations, 
the method constructs a performance characterization surface that 
maps job throughput to auxiliary resource provisioning. Concretely, 
it profiles throughput across varying CPU allocations (with memory 
provisioned at its maximum) and then infers the complete surface 
via analytical modeling. Based on this characterization, the optimal 
resource demand is defined as the minimal auxiliary resource combina-
tion that saturates throughput under a given GPU allocation—that is, 
the point beyond which additional CPU or memory yields diminishing 
returns. Identifying this operating point suggests that allocations below 
the threshold may lead to throughput degradation.

2.2. Motivation

Core Insight: The central observation motivating this work is that 
DNN training workloads exhibit pronounced heterogeneity in their 
sensitivity to CPU and memory provisioning. Specifically, certain jobs 
achieve measurable acceleration when allocated auxiliary resources 
beyond their GPU-proportional share, whereas others maintain stable 
performance even when provisioned with less than the proportional 
allocation. Building on this insight, we advocate replacing the con-
ventional GPU-proportional policy with a resource-sensitivity-driven 
dynamic allocation framework. By aligning auxiliary resource provi-
sioning with job-specific sensitivity, this approach seeks to enhance 
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Fig. 1. Resource allocation.

Table 1
Comparison of job execution time under different allocation strategies.
 Alexnet Audio-M5 Deepspeech GNMT  
 GPU-proportional allocation(s) 2531.2 1687.5 2334.8 2025.0 
 Optimal demand allocation(s) 1087.4 675.0 2334.8 2025.0 

Fig. 2. SensaScale scheduler workflow.

overall cluster utilization and, consequently, improve deadline com-
pliance. This perspective is consistent with empirical evidence from 
the Microsoft Philly cluster [18], which reports substantial under-
utilization of CPU cycles in multi-tenant settings. Collectively, these 
findings suggest that exploiting cross-job heterogeneity in resource de-
mand can improve deadline satisfaction without necessitating hardware 
expansion.

Key Point: We pair jobs with high auxiliary-resource demand with 
those exhibiting low demand and co-schedule them on the same server, 
thereby enabling demand-aware scheduling in place of rigid GPU-
proportional allocation. When such complementary pairing is not fea-
sible, we adopt a single-job scheduling strategy that permits dispropor-
tionate, resource-sensitive auxiliary resource provisioning. This flexibil-
ity accelerates job execution and improve deadline satisfaction.
Example: We illustrate the efficiency gains of resource-sensitivity-
aware scheduling through a simplified example. Consider two servers, 
each provisioned with 4 GPUs, 12 CPU cores, and 250 GB of DRAM. 
The scheduling queue contains four jobs, each requesting 2 GPUs. Fig. 
1 (left) depicts GPU-proportional allocation, whereas Fig.  1 (right) 
presents the corresponding optimal-demand allocation. As summarized 
in Table  1, execution times differ across allocation strategies. Under 
the optimal demand-aware policy, high auxiliary-resource-demand jobs 
are co-scheduled with low-demand counterparts—specifically, pairing 
𝐽1 with 𝐽3 and 𝐽2 with 𝐽4. Allocating additional CPU and memory to 
the high-demand jobs (𝐽1 and 𝐽2) markedly accelerates their execu-
tion, while the performance of low-demand jobs (𝐽3 and 𝐽4) remains 
unaffected.

2.3. Challenges

This work investigates the principled allocation of CPU and memory 
resources for deadline-constrained DNN workloads. Several challenges 
emerge. First, relative to conventional GPU-proportional policies, how 
3 
can auxiliary resources be provisioned without degrading the execution 
speed of any job? Second, given heterogeneous sensitivity to auxiliary 
resources, how can one design an auxiliary-resource-aware scheduler 
for DNN training that efficiently packs jobs across multiple resource 
dimensions while improving deadline satisfaction?
Fairness:  Resource-skewed allocation may introduce fairness concerns. 
To mitigate this risk, SensaScale is designed to maintain through-
put comparable to or higher than that achieved under conventional 
GPU-proportional allocation. Leveraging the optimal CPU and memory 
configurations identified by Synergy [14], the scheduler preferentially 
provisions high auxiliary-resource-demand jobs according to their op-
timal demand. When auxiliary capacity is insufficient, it reverts to 
GPU-proportional allocation. For low-demand jobs, scheduling likewise 
follows their respective optimal demand profiles. To avoid patholog-
ical cases in which GPU requirements are satisfied but auxiliary re-
sources are monopolized by high-demand jobs, SensaScale incorporates 
a resource rollback mechanism. This mechanism reclaims auxiliary 
resources exceeding the GPU-proportional share from over-provisioned 
jobs, thereby enabling the admission and scheduling of pending jobs.
Scheduling Mechanism: The conventional GPU-proportional policy 
results in resource underutilization for jobs insensitive to auxiliary pro-
visioning, thereby diminishing overall cluster efficiency. Moreover, be-
cause each job operates under a deadline constraint, effective schedul-
ing requires fine-grained, workload-aware allocation rather than a 
uniform, coarse-grained policy. To address these limitations, SensaScale 
exploits heterogeneity in auxiliary-resource sensitivity by grouping jobs 
accordingly and co-scheduling high-demand jobs with low-demand 
counterparts. Following group-level placement, single-job scheduling 
decisions are made based on real-time node resource availability and 
the job’s sensitivity class. The scheduler further integrates a deadline-
safe backfilling strategy to facilitate efficient resource reuse while 
maintaining scheduling performance. Finally, to improve deadline sat-
isfaction, SensaScale incorporates a deadline-aware control mechanism 
that continuously monitors execution progress and dynamically ad-
justs resource allocations upon detecting potential deadline violations, 
thereby accelerating job completion.

3. Design

We present SensaScale, a scheduler for DNN training workloads that 
exploits job-level sensitivity to auxiliary resources to enable principled 
multi-resource allocation and improve deadline satisfaction. Existing 
GPU-proportional schedulers overlook the heterogeneous sensitivity of 
DNN jobs to auxiliary resources such as CPU and memory, leading 
to increased deadline violations. SensaScale addresses this limitation 
by jointly considering (i) auxiliary-resource sensitivity and (ii) dead-
line urgency, enabling coordinated scheduling decisions that improve 
SLO satisfaction. Section 3.1 provides a system overview, Section 3.2 
describes the job profiling, Section 3.3 outlines the initial resource 
allocation strategy, Section 3.4 details the scheduling procedure, Sec-
tion 3.5 summarizes the overall scheduling workflow, and Section 3.6 
discusses the implementation details.

3.1. Overview

The SensaScale workflow, depicted in Fig.  2, comprises three prin-
cipal modules. (1) Job Profiling. Upon submission, each DNN training 
job undergoes an online profiling phase to evaluate its sensitivity to 
CPU and memory under varying auxiliary resource configurations. 
Based on this assessment, jobs are classified as either sensitive or 
insensitive, and this classification guides subsequent resource alloca-
tion decisions. (2) Resource Allocation. Leveraging the profiling re-
sults, SensaScale applies a dynamic regrouping strategy that pairs high 
auxiliary-resource-demand jobs with low-demand counterparts to form 
resource-complementary units. This step establishes preliminary CPU 
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and memory allocations for each job. (3) Job Scheduling. Guided 
by the constructed complementary units and any remaining jobs, the 
scheduler executes placement decisions. During scheduling, it adap-
tively employs backfilling based on real-time resource availability and 
integrates a deadline-aware resource adjustment mechanism to further 
improve deadline satisfaction.

3.2. Job profiling

Before scheduling, each DNN training job is associated with work-
load metadata, including arrival time, GPU requirement, runtime in-
formation, deadline, optimal auxiliary-resource demand, speedup infor-
mation, and resource-sensitivity class. Among these attributes, arrival 
time, GPU requirement, and deadline are obtained from job submission 
information, while runtime information is obtained from available job 
execution information. The remaining metadata related to auxiliary 
resources is generated through online profiling after job submission.

Specifically, SensaScale adopts the sensitivity-analysis methodol-
ogy implemented in the Synergy codebase [14] to characterize the 
auxiliary-resource requirements of DNN training jobs. The profiling 
evaluates the performance impact of different CPU and memory alloca-
tions under a fixed GPU configuration. The optimal auxiliary-resource 
demand is identified as the CPU and memory configuration achieving 
the best observed performance, while the speedup information repre-
sents the performance improvement compared with GPU-proportional 
auxiliary-resource allocation. These profiling results are further used 
to determine the resource-sensitivity class of each job and provided as 
metadata to the scheduler.

SensaScale follows the optimistic profiling methodology of Syn-
ergy [14], which efficiently reduces the profiling cost. In practice, 
profiling a single DNN training job can typically be completed within 
several minutes to tens of minutes (e.g., approximately 8 min for 
ResNet18). Since profiling is performed only once during job charac-
terization and DNN training jobs usually have long execution durations 
in production GPU clusters [18,19], the overhead can be effectively 
amortized and does not introduce additional latency during online 
scheduling.

Based on auxiliary-resource sensitivity under fixed GPU alloca-
tion, jobs are classified into two categories. Sensitive jobs exhibit 
measurable performance gains when provisioned with auxiliary re-
sources beyond the GPU-proportional share, whereas insensitive jobs 
sustain their baseline throughput even when allocated less than the 
proportional share.

3.3. Resource allocation

Dynamic Regrouping Strategy:  To more effectively utilize auxiliary 
resources and improve deadline satisfaction, we introduce a dynamic 
regrouping strategy that pairs sensitive and insensitive jobs for coordi-
nated scheduling. By aligning complementary resource demands, this 
approach accelerates job completion through judicious auxiliary re-
source provisioning. The regrouping process considers both unfinished 
running jobs and newly arrived but unscheduled jobs. These jobs are 
first sorted in ascending order of their LST (𝑇𝑙) and then partitioned 
into consecutive groups according to the specified group size. For each 
job, 𝑇𝑙 is derived from its execution time (𝑇𝑒), deadline (𝑇𝑑), and arrival 
time (𝑇𝑎), as defined in Eq. (1). 

𝑇𝑙 =

{

𝑇𝑑 − 𝑇𝑒, 𝑇𝑎 ≤ 𝑇𝑑 − 𝑇𝑒
𝑇𝑎, 𝑇𝑎 > 𝑇𝑑 − 𝑇𝑒

(1)

Within each deadline-constrained group, sensitive and insensitive 
jobs are paired according to a complementarity score to form resource-
complementary units. The objective is to align the combined actual 
CPU and memory demands of each pair as closely as possible with 
the ideal aggregate under GPU-proportional allocation. Formally, the 
4 
Fig. 3. Overview of the two-phase scheduling mechanism in SensaScale.

complementarity score is computed by jointly considering the GPU-
proportional resource requirements (𝑐𝑝𝑢𝑖, 𝑚𝑒𝑚𝑖) and the optimal re-
source demands (𝑐𝑝𝑢𝑡, 𝑚𝑒𝑚𝑡) of the paired jobs. Here, 𝑐𝑝𝑢𝑖 and 𝑚𝑒𝑚𝑖
denote the total CPU and memory demand under GPU-proportional 
allocation, whereas 𝑐𝑝𝑢𝑡 and 𝑚𝑒𝑚𝑡 represent the total demand under 
optimal allocation. To eliminate dimensional inconsistency between 
CPU and memory resources, the corresponding deviations are normal-
ized by the aggregate GPU-proportional CPU and memory demands 
(𝑐𝑝𝑢𝑖, 𝑚𝑒𝑚𝑖), respectively. The complementarity score is then calculated 
as Eq. (2), where 𝜖 is a small smoothing coefficient (1 × 10−9). A 
larger score indicates a smaller normalized deviation between optimal 
and GPU-proportional resource demands, implying stronger resource 
complementarity between the paired jobs. Jobs within each deadline-
constrained group are ranked by their complementarity scores and 
paired accordingly to construct resource-complementary units. 

𝑠𝑐𝑜𝑟𝑒 = 1
|𝑐𝑝𝑢𝑡−𝑐𝑝𝑢𝑖|

𝑐𝑝𝑢𝑖
+ |𝑚𝑒𝑚𝑡−𝑚𝑒𝑚𝑖|

𝑚𝑒𝑚𝑖
+ 𝜖

(2)

Differentiated Resource Allocation for Jobs:  Jobs within each 
resource-complementary unit are provisioned with CPU and memory 
according to their respective optimal demands. For remaining jobs, 
SensaScale applies a differentiated allocation policy based on job type. 
Insensitive jobs are directly assigned auxiliary resources consistent 
with their optimal demand profiles. In contrast, sensitive jobs are 
dynamically provisioned: when sufficient auxiliary capacity is available 
on the target node, they receive optimal-demand allocation; otherwise, 
the scheduler reverts to GPU-proportional allocation.

3.4. Job scheduling

The scheduler performs multi-resource allocation in which GPU de-
mand is fixed per job, whereas auxiliary resource provisioning remains 
elastic. As shown in Fig.  3, SensaScale prioritizes the scheduling of 
resource-complementary units, allocating CPU and memory according 
to their optimal demand profiles to expedite completion. Once all 
feasible complementary units have been scheduled, any remaining 
arrived but unscheduled jobs are handled in a single-job scheduling 
mode. In this phase, pending jobs are ordered by LST, followed by 
per-job resource assignment. The elasticity of auxiliary resource al-
location introduces a potential imbalance: auxiliary capacity may be 
exhausted while GPUs remain underutilized. To mitigate this risk, 
SensaScale incorporates a resource rollback mechanism. In addition, 
the scheduler integrates a backfilling strategy and a deadline-aware 
control mechanism to further improve deadline satisfaction.

3.4.1. Resource-complementary unit scheduling mode
The resource-complementary unit scheduling mode adopts a GPU-

demand-based priority scheme. Within each deadline-constrained
group, complementary units are ordered in descending order of their 
aggregate GPU demand. The scheduler then attempts allocation se-
quentially following this priority. During placement, CPU and memory 
resources for each complementary unit are provisioned according to 
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their optimal demand configurations, and all constituent jobs must be 
co-located on the same compute node.

Based on the scheduling status of jobs within a resource-
complementary unit, two typical scenarios arise: (1) All jobs unsched-
uled. If none of the jobs in the complementary unit has been placed, the 
unit may be assigned to any compute node that satisfies its aggregate 
resource requirements. (2) One job already running. If one job in the 
complementary unit has been scheduled but not yet completed, the 
remaining job must be co-located on the same compute node as the 
running job.

3.4.2. Single-job scheduling mode
Scheduling Mechanism:  The single-job scheduling mode is invoked 
after all feasible resource-complementary units have been processed, 
applying differentiated policies to the remaining jobs. In this phase, 
jobs are scheduled according to their sensitivity classification. (1) 
Insensitive jobs. These jobs are provisioned based on their optimal 
demand profiles. Servers are ranked by auxiliary resource pressure, 
quantified by CPU and memory utilization, with priority assigned to 
nodes exhibiting higher auxiliary load. (2) Sensitive jobs. The scheduler 
first attempts to allocate resources according to optimal demand on 
nodes with sufficient auxiliary capacity. If such placement is infeasible, 
it reverts to GPU-proportional allocation.
Resource Rollback Mechanism:  If a job cannot be scheduled despite 
sufficient GPU availability, but fails due to unmet auxiliary resource 
requirements, this indicates that on a GPU-eligible server at least one 
running job occupies auxiliary resources beyond its GPU-proportional 
share. In such cases, the scheduler activates the resource rollback 
mechanism on that node, reclaiming a portion of the over-provisioned 
auxiliary resources to admit the pending job.

This mechanism is activated exclusively in single-job scheduling 
mode and aims to prevent GPU idleness resulting from imbalanced 
auxiliary resource allocation. The scheduler first identifies all sensitive 
jobs currently running on the server under optimal-demand provi-
sioning as rollback candidates. For each candidate, it estimates the 
expected runtime increase incurred when reducing allocation from 
optimal demand to GPU-proportional provisioning. Rollback priority is 
assigned to jobs exhibiting a larger margin between their adjusted run-
time and deadline, thereby minimizing the risk of deadline violation. 
The mechanism iteratively reclaims auxiliary resources until the server 
can satisfy the pending job’s requirements. Once sufficient capacity is 
restored, the remaining sensitive jobs retain their original allocations, 
and the rollback process terminates.
Backfilling Strategy:  If a job cannot be scheduled due to insuffi-
cient GPU resources, the scheduler activates a backfilling strategy to 
maximize GPU utilization and improve the likelihood of meeting job 
deadlines.

During single-job scheduling, when the current job cannot be ad-
mitted due to resource constraints, a backfilling strategy is employed 
to enable subsequent jobs in the waiting queue to utilize idle re-
sources effectively. Backfilling is activated exclusively in single-job 
scheduling mode and differentiates between urgent and non-urgent 
scenarios. Urgent scenario. This arises when at least one pending job 
has reached its LST. The scheduler prioritizes urgent jobs for admission. 
If an urgent job remains unschedulable, urgent backfilling is triggered. 
The scheduler estimates the earliest time at which each server can 
accommodate the urgent job and identifies the idle window spanning 
from the current time to that predicted start time. It then selects and 
backfills the job whose resource demand best matches the available 
capacity within this window. For servers that are not required to host 
urgent jobs, scheduling proceeds directly according to LST order. Non-
urgent scenario. This corresponds to situations in which no pending job 
has yet reached its LST. In this case, jobs are processed sequentially. If a 
scheduling attempt fails, the scheduler performs backfilling by selecting 
5 
Fig. 4. Backfill strategy diagram.

a single compatible job that can be completed within the interval 
between the current time and the pending job’s LST, thereby reducing 
resource contention while avoiding potential deadline violations (see 
Fig.  4). 

3.4.3. Deadline-aware resource adjustment
During scheduling, because the allocator does not strictly enforce 

GPU-proportional provisioning of auxiliary resources, certain servers 
may retain partially idle CPU and memory capacity. To exploit these 
residual resources and further improve deadline satisfaction, we incor-
porate a deadline-aware resource adjustment mechanism. This mecha-
nism continuously monitors the deadline-critical status of running jobs, 
with particular emphasis on sensitive jobs currently operating under 
GPU-proportional auxiliary resource allocation. When a job is iden-
tified as entering a deadline-critical state, the scheduler dynamically 
upgrades its auxiliary resource allocation to the optimal-demand con-
figuration to accelerate its completion. The deadline-critical condition 
is determined according to Eq. (3), where 𝑆 indicates whether the job 
is in a deadline-critical state, 𝑡𝑟 denotes the remaining execution time, 
𝑎 is a sensitivity coefficient, and 𝑡𝑔 represents the time gap between the 
current moment and the job’s deadline. 

𝑆 =

{

yes (𝑡𝑟 × 𝑎 > 𝑡𝑔)
no (else)

(3)

3.5. Overall scheduling procedure

The mechanisms presented in Sections 3.3 and 3.4 collectively form 
the complete scheduling workflow of SensaScale. Algorithm 1 provides 
a summary of the overall scheduling procedure and the interactions 
among the different system components.

Given a job set   and the current cluster state , SensaScale first 
computes the LST (𝑇𝑙) of each job based on its arrival time, runtime, 
and deadline, and then sorts jobs accordingly. The ordered jobs are then 
partitioned into consecutive groups according to the specified group 
size (Lines 1–4). Within each group 𝑔 ∈ , jobs are divided into sensi-
tive and insensitive subsets according to their auxiliary-resource sensi-
tivity profiles. Resource-complementary units   are then constructed 
by pairing sensitive and insensitive jobs using the complementarity 
score, which measures the difference between GPU-proportional and 
optimal auxiliary-resource demands (Lines 5–12). The scheduler next 
prioritizes the placement of resource-complementary units according 
to their aggregate GPU demand. After all feasible units have been pro-
cessed, the remaining jobs are scheduled individually using differenti-
ated auxiliary-resource allocation policies. Insensitive jobs are assigned 
their optimal-demand resources directly, whereas sensitive jobs receive 
either optimal-demand or GPU-proportional allocation depending on 
resource availability (Lines 13–22). If a job cannot be admitted de-
spite sufficient GPU capacity due to auxiliary-resource contention, the 
rollback mechanism is triggered to reclaim over-provisioned CPU and 
memory resources from selected running jobs (Lines 23–25). To further 
improve resource utilization, SensaScale applies backfilling when idle 
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Algorithm 1: SensaScale Scheduling Procedure
Input: Job set  , cluster state 
Output: Scheduling decisions 
foreach 𝑗 ∈   do

Compute 𝑇𝑙 =
{

𝑇𝑑 − 𝑇𝑒, 𝑇𝑎 ≤ 𝑇𝑑 − 𝑇𝑒
𝑇𝑎, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Sort   by ascending 𝑇𝑙;
Partition the sorted jobs into consecutive groups according to 
the specified group size, obtaining ;
foreach 𝑔 ∈  do

Partition jobs into 𝑔 and 𝑔 ;
foreach 𝑗𝑠 ∈ 𝑔 do

Compute 𝑠𝑐𝑜𝑟𝑒 = 1
|𝑐𝑝𝑢𝑡−𝑐𝑝𝑢𝑖 |

𝑐𝑝𝑢𝑖
+ |𝑚𝑒𝑚𝑡−𝑚𝑒𝑚𝑖 |

𝑚𝑒𝑚𝑖
+𝜖

 ;

Select 𝑗𝑖 = argmax𝑗∈𝑔 𝑠𝑐𝑜𝑟𝑒 ;
Construct unit 𝑢 = (𝑗𝑠, 𝑗𝑖);
Add 𝑢 to  ;

Sort   by aggregate GPU demand;
foreach 𝑢 ∈   do

if 𝑢 is feasible then
Schedule 𝑢;

foreach 𝑗 ∈ ( ⧵ ) do
if 𝑗 is insensitive then

Allocate optimal-demand resources;
else

if optimal-demand allocation feasible then
Allocate optimal-demand resources;

else
Allocate GPU-proportional resources;

if GPU available and auxiliary resources insufficient then
Trigger rollback;

Schedule 𝑗;
if idle GPUs exist then

Perform backfilling;
foreach running job 𝑗 do

if 𝑡𝑟 × 𝑎 > 𝑡𝑔 then
Upgrade auxiliary resources to optimal demand;

return 

GPU resources are available (Lines 26–27). Finally, the scheduler con-
tinuously monitors running jobs and upgrades auxiliary-resource allo-
cations for deadline-critical jobs, thereby reducing the risk of deadline 
violations (Lines 28–31).

3.6. Implementation

SensaScale advances the scheduling process in a time-driven man-
ner, where the simulation clock progresses at a one-second interval. At 
each time step, the scheduler updates the global cluster state, including 
job arrivals, job completions, resource availability, and deadline-related 
information, and then performs scheduling decisions according to the 
proposed scheduling policy. For jobs with identical LST values, earlier-
arriving jobs are prioritized. During pairing, candidate pairs are ranked 
by complementarity score, with ties broken by aggregate GPU de-
mand and then arrival time. Let 𝑛 and 𝑚 denote the numbers of jobs 
and servers, respectively. The dominant computational cost of Sen-
saScale comes from the resource-complementary pairing and resource 
allocation procedures, resulting in an overall complexity of 𝑂(𝑛2 + 𝑛𝑚).
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4. Evaluation

In this section, we conduct trace-driven simulations using produc-
tion cluster traces to systematically evaluate the effectiveness, robust-
ness, and practicality of the SensaScale scheduler. The evaluation is 
designed to answer the following key research questions.

• Overall Effectiveness and Generalization: Compared with ex-
isting schedulers, how effectively can SensaScale improve dead-
line satisfaction under different workload compositions, job cate-
gories, and GPU cluster configurations?

• Effect of Deadline-Constrained Group Size: How does the size 
of deadline-constrained groups influence the scheduling perfor-
mance of SensaScale?

• Role of the Sensitivity Coefficient 𝑎 in Deadline Awareness:
How does the sensitivity coefficient 𝑎 within the deadline-aware 
resource adjustment mechanism affect the scheduling effective-
ness of SensaScale?

• Contribution of Core Components: What are the individual 
contributions of the core components of SensaScale to the overall 
scheduling performance?

• Runtime Overhead Analysis: What runtime overhead does Sen-
saScale introduce during online scheduling?

• Robustness under Stochastic Workload Generation: How ro-
bust is SensaScale under stochastic workload conditions with 
different workload realizations caused by random job arrivals and 
deadline assignments?

4.1. Experimental setup

Simulation Platform. All experiments are conducted using a high-
fidelity trace-driven simulator built upon the Synergy scheduling frame-
work [14]. The simulator replays production workload traces, main-
tains GPU cluster states, processes job arrivals and completions, and 
executes scheduling decisions according to the evaluated policies. We 
extend the original Synergy simulator with deadline-aware schedul-
ing capabilities, including deadline-constrained grouping, resource-
complementary allocation, rollback, backfilling, and deadline-aware re-
source adjustment, to evaluate SensaScale under deadline-constrained 
DNN training workloads.
Clusters. We simulate homogeneous GPU clusters with two different 
node configurations to evaluate the effectiveness and robustness of 
SensaScale. The first configuration follows the conventional large-node 
GPU cluster setting, where each node is equipped with 16 NVIDIA 
V100 GPUs, 48 CPU cores, and 1000 GB of DRAM. Specifically, we 
simulate two clusters consisting of 67 and 32 nodes, denoted as C67 and 
C32, respectively. To further evaluate the performance of SensaScale 
on modern GPU cluster configurations with more abundant auxiliary 
resources relative to GPUs, we additionally construct 8-GPU-per-node 
clusters. In this configuration, each node contains 8 NVIDIA V100 
GPUs, 96 CPU cores, and 500 GB of DRAM. The number of nodes 
is doubled compared with the original configuration to maintain a 
comparable total GPU capacity, resulting in 134 nodes and 64 nodes 
for the two clusters, respectively. Compared with the 16-GPU-per-node 
configuration, the auxiliary-resource-to-GPU ratio is increased, with the 
CPU-to-GPU ratio rising from 3:1 to 12:1.

The 16-GPU-per-node clusters are used for the primary evaluation, 
while the 8-GPU-per-node clusters are used to evaluate the adaptabil-
ity of SensaScale under configurations with more abundant auxiliary 
resources relative to GPUs and smaller GPU granularity.
Models. Based on the Synergy-based auxiliary-resource sensitivity 
analysis methodology [14], we perform profiling for representative 
DNN models to obtain their optimal auxiliary-resource requirements 
under fixed GPU configurations. The sensitivity analysis is conducted 
under a fixed auxiliary-resource-to-GPU ratio of 3 CPU cores per GPU 
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Fig. 5. DNN models sensitivity classification based on CPU/Memory alloca-
tion.

and 62.5 GB of memory per GPU. Our analysis includes 12 represen-
tative DNN models, as illustrated in Fig.  5. We use these profiling 
results to characterize the auxiliary-resource sensitivity of different 
DNN workloads. According to their auxiliary-resource demands and 
sensitivity characteristics, jobs are classified into two categories:

Based on the auxiliary-resource sensitivity analysis provided by the 
Synergy codebase [14], we derive the optimal auxiliary-resource re-
quirements for each job type under a fixed GPU configuration. The Syn-
ergy profiling study [14] encompasses 12 representative DNN models, 
as illustrated in Fig.  5. According to their auxiliary-resource demands, 
jobs are classified into two categories:

• Sensitive jobs: including AlexNet [20], M5 [21], ResNet-18 [22], 
and ShuffleNet [23] under both single-GPU and dual-GPU con-
figurations, as well as MobileNetV2 [24] under the single-GPU 
configuration.

• Insensitive jobs: including BERT [25], DeepSpeech [26], GNMT
[15], LSTM [27], ResNet-50 [22], Transformer [2], and Varia-
tional Autoencoder [28] under 1-GPU, 2-GPU, and 4-GPU con-
figurations, as well as AlexNet, M5, ResNet-18, ShuffleNet, and 
MobileNetV2 under 4-GPU configurations.

Traces. We conduct simulations using two real-world DLT job traces: 
the Helios trace and the Philly trace. The Helios trace was collected 
from a production cluster at SenseTime [19], covering a 14-day period 
from April 14 to 27, 2020. The Philly trace was obtained from a 
Microsoft data center [18], spanning October 12 to 25, 2017.

The evaluation workloads are constructed by combining trace-
derived job characteristics, synthetic workload generation, and profil-
ing information. Specifically, GPU demands and execution durations 
are obtained directly from the traces, while job arrivals are generated 
according to a Poisson process with rate parameter 𝜆. Sensitivity 
classifications, optimal CPU demands, optimal memory demands, and 
speedup information are derived from the Synergy-based profiling 
framework [14]. Since the original traces do not provide explicit 
deadline information, deadlines are synthesized following established 
methodologies [29,30]. Specifically, each job’s deadline is randomly 
generated within the range of 1.2×  to 2.0× its actual execution time, 
thereby emulating realistic timing constraints. Table  2 summarizes the 
source of each workload attribute.

To evaluate scheduling performance under different workload char-
acteristics, we construct three workloads with different proportions 
of sensitive jobs for each trace and cluster configuration. For each 
trace, the three workloads contain 20%, 50%, and 80% sensitive jobs, 
respectively, with the remaining jobs classified as insensitive, resulting 
in 12 workloads across the two traces and cluster configurations. The 
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Table 2
Sources of workload attributes.
 Attribute Source  
 Arrival time Generated (Poisson) 
 GPU demand Trace  
 Runtime Trace  
 Deadline Generated  
 Sensitivity class Profiling  
 Optimal CPU demand Profiling  
 Optimal memory demand Profiling  
 Speedup Profiling  

Table 3
Summary of workloads in our experiments.
 Workload Sensitive jobs/Insensitive jobs (%) Trace Cluster # of jobs 
 H_MIX1 20/80 Helios C67 10993  
 H_MIX2 50/50 Helios C67 10993  
 H_MIX3 80/20 Helios C67 10993  
 P_MIX1 20/80 Philly C32 24983  
 P_MIX2 50/50 Philly C32 24983  
 P_MIX3 80/20 Philly C32 24983  
 H8_MIX1 20/80 Helios C134 10993  
 H8_MIX2 50/50 Helios C134 10993  
 H8_MIX3 80/20 Helios C134 10993  
 P8_MIX1 20/80 Philly C64 24983  
 P8_MIX2 50/50 Philly C64 24983  
 P8_MIX3 80/20 Philly C64 24983  

workloads used for the 8-GPU-per-node configuration are indepen-
dently constructed from the corresponding traces rather than directly 
reusing those constructed for the 16-GPU-per-node configuration. Since 
the 8-GPU-per-node configuration provides more auxiliary resources 
relative to GPUs, the resulting resource environment may reduce the 
auxiliary-resource sensitivity of some jobs during profiling, leading to 
differences in the final sensitivity classification between the two cluster 
configurations. The resulting workloads are summarized in Table  3.
Metrics. We adopt the following metrics to evaluate the effectiveness 
of the SensaScale scheduler. Let 𝑇𝑗 denote JCT of job 𝑗, 𝑛 represent the 
total number of jobs, and 𝑛𝑣 denote the number of jobs that violate 
their deadlines.

SLO Violation Rate: The SLO violation rate quantifies the proportion 
of jobs that fail to satisfy the deadline constraint specified in the SLO. 
This metric directly reflects the scheduler’s capability in deadline-aware 
scheduling and rational multi-resource allocation. 
𝑉𝑟 =

𝑛𝜈
𝑛

× 100% (4)

Job Completion Time: The JCT is defined as the average time interval 
from job arrival to job completion. This metric serves as a primary indi-
cator of the scheduler’s overall efficiency and performance optimization 
capability. 

JCTavg =
∑

𝑗∈Jobs 𝑇𝑗
𝑛

(5)

Average Queuing Time: The AQT is defined as the average waiting 
time between job submission and the commencement of execution. This 
metric effectively reflects the scheduler’s resource allocation efficiency 
and overall system throughput.
Baselines. To comprehensively evaluate the performance advantages 
of SensaScale, we compare it against the following SOTA schedulers.

• Chronus [31]: A deadline-aware scheduling system for DLT jobs 
that integrates a lease-based training mechanism with a MILP 
solver to improve deadline satisfaction for SLO jobs.

• Allox [32]: This scheduler formulates the scheduling problem 
as a bipartite graph matching task grounded in graph theory. 
Although it can theoretically minimize the total Job Comple-
tion Time (JCTtotal), its design does not explicitly incorporate 
deadline constraints.
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Fig. 6. Performance comparison of mixed workload scheduling based on Helios trace(C67).
Fig. 7. Performance comparison of mixed workload scheduling based on Philly trace(C32).
• Hydra [33]: A deadline-aware and efficiency-oriented scheduler 
for DL jobs. It adopts a quantitative cost-comparison framework 
to satisfy job deadlines while optimizing overall system efficiency.

• DeepPlus [34]: A deadline-aware scheduler designed for deep 
learning training workloads. By incorporating mechanisms such 
as job classification and deadline-aware scheduling, DeepPlus ef-
fectively reduces JCT while ensuring that jobs meet their deadline 
requirements.

• DeepPlus*: An extended version of DeepPlus that integrates
resource-sensitivity-aware allocation into the original deadline-
aware scheduling framework. DeepPlus* classifies jobs based on 
their auxiliary-resource sensitivity and applies different allocation 
strategies accordingly. It directly provisions optimal CPU and 
memory demands for insensitive jobs, while sensitive jobs are 
allocated with their optimal resource configurations whenever 
possible and fall back to GPU-proportional allocation otherwise. 
This extension enables DeepPlus* to consider auxiliary-resource 
characteristics during scheduling while preserving the original 
deadline-aware resource adjustment mechanism.

• SensaScale*: SensaScale* is a simplified version of SensaScale 
used as a baseline for comparison. It removes the resource-
sensitivity-aware scheduling mechanism while retaining the basic 
scheduling framework. In this version, jobs are scheduled in 
ascending order of their LST, and CPU and memory resources are 
allocated strictly in proportion to the number of GPUs requested 
by each job. This baseline is used to evaluate the contribu-
tion of the resource-sensitivity-based scheduling mechanism in 
SensaScale.

4.2. Scheduler effectiveness

This section systematically evaluates the scheduling effectiveness of 
SensaScale and provides a comparative analysis with existing sched-
ulers. Three key metrics are adopted for quantitative evaluation: SLO 
violation rate, JCT, and AQT. To comprehensively validate the gen-
erality and robustness of SensaScale, we conduct experiments on six 
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datasets derived from two real-world production cluster traces, He-
lios and Philly. Specifically, experiments are conducted on H_MIX1, 
H_MIX2, and H_MIX3 workloads from the Helios trace deployed on 
the 67-node cluster (C67), as well as P_MIX1, P_MIX2, and P_MIX3 
workloads from the Philly trace deployed on the 32-node cluster (C32). 
The experimental results across all datasets consistently demonstrate 
that SensaScale achieves superior scheduling performance under all 
evaluated workload scenarios.

Figs.  6(a) and 7(a) illustrate that, across both Helios- and Philly-
based workload traces, SensaScale consistently achieves the lowest SLO 
violation rate under varying proportions of sensitive jobs. In terms of 
SLO violation rate, SensaScale achieves 5.25%, 1.57%, and 0.48% on 
H_MIX1, H_MIX2, and H_MIX3, respectively, substantially outperform-
ing Chronus, which reports 9.30%, 10.56%, and 10.02%. The corre-
sponding relative reductions are 43.5%, 85.1%, and 95.2%. Notably, 
under H_MIX3 (80% sensitive jobs), SensaScale reduces the violation 
rate by 95.2%. For the Philly-based workloads, SensaScale achieves 
violation rates of 4.05%, 0.18%, and 0.01% on P_MIX1, P_MIX2, and 
P_MIX3, respectively, whereas Chronus reports 13.69%, 15.59%, and 
15.99%. In the P_MIX3 scenario, SensaScale attains a 99.9% reduction 
in violation rate compared with Chronus, nearly eliminating deadline 
violations altogether.

Figs.  6(b), (c) and 7(b), (c) further present the JCT and AQT 
achieved by each scheduler under different workload compositions. 
Across all evaluated scenarios, SensaScale consistently outperforms 
competing schedulers. Moreover, across all six datasets and the three 
primary metrics (SLO violation rate, JCT, and AQT), the performance 
advantage of SensaScale becomes increasingly significant as the propor-
tion of sensitive jobs rises. Correspondingly, the performance gap be-
tween SensaScale and the other schedulers further widens with higher 
sensitivity ratios.

In contrast, Allox, Hydra, and DeepPlus exhibit relatively inferior 
performance. Allox ignores deadline constraints, which leads to a high 
SLO violation rate. Hydra is primarily designed for heterogeneous 
environments, and its scheduling mechanism becomes redundant and 
less efficient in homogeneous clusters. DeepPlus prioritizes training 
jobs that are close to completion, which may cause other training jobs 
to miss their deadlines due to limited resource availability. Although 
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Fig. 8. Performance comparison of mixed workload scheduling based on Helios trace(C134).
Fig. 9. Performance comparison of mixed workload scheduling based on Philly trace(C64).
Chronus demonstrates relatively stable and strong performance, its SLO 
violation rate and JCT remain comparatively high. All four schedulers 
adopt a GPU-proportional allocation strategy to assign CPU and mem-
ory resources, failing to fully exploit the heterogeneity in job sensitivity 
to auxiliary resources. As a result, they are unable to accelerate job 
execution through resource optimization, which constitutes the primary 
reason why their scheduling performance is significantly lower than 
that of SensaScale.

To further evaluate the effectiveness of incorporating auxiliary-
resource sensitivity into deadline-aware scheduling, we compare Deep-
Plus with its enhanced variant DeepPlus∗. DeepPlus∗ extends the orig-
inal DeepPlus framework by introducing sensitivity-aware CPU and 
memory allocation. Experimental results show that DeepPlus∗ consis-
tently improves upon DeepPlus across different workload compositions, 
achieving lower SLO violation rates and better execution performance. 
These improvements demonstrate that considering auxiliary-resource 
characteristics can effectively enhance deadline-aware scheduling per-
formance.

However, DeepPlus∗ still underperforms SensaScale, indicating that 
sensitivity-aware resource provisioning alone is insufficient to achieve 
optimal scheduling performance. DeepPlus∗ mainly adjusts resource 
allocation according to individual job sensitivity, while SensaScale 
further exploits cross-job resource complementarity through deadline-
constrained grouping, complementary pairing, and dynamic resource 
adjustment. By jointly considering job sensitivity, resource availability, 
and deadline urgency, SensaScale can better utilize heterogeneous 
auxiliary-resource demands and achieve superior scheduling perfor-
mance, particularly under workloads with a higher proportion of sen-
sitive jobs.

Compared with SensaScale*, SensaScale introduces a rational and 
dynamic multi-resource allocation mechanism that explicitly captures 
and exploits job sensitivity to CPU and memory resources. This mech-
anism effectively accelerates job execution while maintaining strict 
deadline compliance. Notably, as the proportion of sensitive jobs in-
creases, the performance advantage of SensaScale grows substantially, 
demonstrating that its scheduling design is particularly well suited 
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for high-sensitivity workload scenarios. In environments dominated 
by sensitive jobs, SensaScale nearly eliminates SLO violations and 
significantly reduces both JCT and AQT. Such improvements carry im-
portant practical implications for managing complex mixed workloads 
in modern data centers.

Overall, these results demonstrate that both auxiliary-resource sen-
sitivity awareness and cross-job resource complementarity are criti-
cal for improving deadline-constrained DNN training scheduling. Sen-
saScale effectively integrates these mechanisms and achieves robust 
performance improvements across diverse workload compositions.

4.3. Validation on modern GPU cluster configurations

To evaluate the effectiveness of SensaScale under modern GPU 
cluster configurations, we further evaluate SensaScale using an 8-GPU-
per-node cluster setting. Six workloads derived from two real-world 
traces are used to evaluate all schedulers. Specifically, experiments are 
conducted on H8_MIX1, H8_MIX2, and H8_MIX3 workloads from the 
Helios trace deployed on the 134-node cluster (C134), and P8_MIX1, 
P8_MIX2, and P8_MIX3 workloads from the Philly trace deployed on 
the 64-node cluster (C64).

The results are shown in Figs.  8 and 9. Under the 8-GPU-per-node 
cluster configuration, SensaScale achieves the lowest SLO violation 
rate among all evaluated schedulers across both Helios- and Philly-
based workloads. For the Helios-based workloads, SensaScale achieves 
SLO violation rates of 4.11%, 1.28%, and 0.84% for the workloads 
with 20%, 50%, and 80% sensitive jobs, respectively. Compared with 
Chronus, SensaScale reduces the SLO violation rate by 27.77%, 67.35%, 
and 77.72%, respectively. For the Philly-based workloads, SensaScale 
achieves SLO violation rates of 4.18%, 0.29%, and 0.02%, respectively, 
corresponding to reductions of 32.36%, 92.79%, and 99.57% compared 
with Chronus. SensaScale also consistently achieves the lowest JCT and 
AQT across all workload compositions for both traces. As the proportion 
of sensitive jobs increases, the advantage of SensaScale in deadline 
satisfaction becomes more pronounced, particularly for the Philly-based 
workloads.
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Fig. 10. Performance of SensaScale on sensitive and insensitive jobs.
Overall, these results demonstrate that SensaScale remains effective 
under GPU cluster configurations with more abundant auxiliary re-
sources relative to GPUs. Although the increased auxiliary-resource-to-
GPU ratio can reduce the sensitivity of some jobs to auxiliary resources, 
SensaScale continues to effectively exploit the remaining resource-
sensitivity differences while incorporating deadline requirements into 
scheduling decisions. These results demonstrate the adaptability of 
SensaScale to modern GPU cluster configurations with finer GPU gran-
ularity and a higher auxiliary-resource-to-GPU ratio.

4.4. Performance across different job categories

To further analyze the effectiveness of resource-sensitivity-aware 
scheduling, we separately evaluate the performance of SensaScale on 
sensitive and insensitive jobs. Fig.  10 presents the SLO violation rate, 
JCT, and AQT of different schedulers under the P_MIX2 workload 
(deployed on C32).

For sensitive jobs, SensaScale achieves the lowest SLO violation 
rate among all evaluated schedulers, reducing it to only 0.08%, which 
is significantly lower than Chronus (8.85%), Allox (3.40%), Hydra 
(16.49%), DeepPlus (18.34%), DeepPlus* (0.92%), and SensaScale* 
(13.67%). This substantial improvement demonstrates that SensaScale 
effectively exploits auxiliary-resource sensitivity by allocating CPU and 
memory resources according to the optimal resource demands of each 
job. As a result, the execution time and queuing delay of sensitive jobs 
are reduced, thereby improving deadline satisfaction.

For insensitive jobs, SensaScale also maintains strong deadline per-
formance, achieving an SLO violation rate of only 0.10%. Since insen-
sitive jobs have limited dependency on auxiliary resources, they do not 
directly benefit from sensitivity-aware resource allocation. However, 
the improved scheduling efficiency of sensitive jobs reduces unnec-
essary resource contention and accelerates the overall workload pro-
gression, thereby indirectly benefiting insensitive jobs. Compared with 
other schedulers, SensaScale achieves lower JCT and AQT for insensi-
tive jobs while maintaining stable deadline satisfaction, demonstrating 
that optimizing sensitive jobs does not compromise the performance of 
insensitive jobs.

Overall, these results confirm that SensaScale can effectively ex-
ploit heterogeneous auxiliary-resource requirements across different 
job categories. More importantly, the results validate that SensaS-
cale’s core design provides significant benefits for sensitive jobs while 
avoiding performance degradation for insensitive jobs. By improving 
the execution efficiency of resource-sensitive jobs and reducing re-
source contention within the cluster, SensaScale achieves better overall 
scheduling performance under mixed workloads.

4.5. Impact of deadline-constrained group size

To examine the impact of deadline-constrained group size on
scheduling performance, we conduct experiments with fourteen differ-
ent group sizes ranging from 4 to 30, increasing in increments of 2. 
The SLO violation rate is adopted as the primary evaluation metric. 
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Fig. 11. Impact of deadline-constrained group size on SLO violation rate 
across different workloads.

Experiments are carried out on two representative workloads: H_MIX2 
deployed on C67 and P_MIX2 deployed on C32.

As shown in Fig.  11(a) and (b), under the H_MIX2 and P_MIX2 
workloads, both curves exhibit highly consistent trends. Specifically, 
within the range of group size from 6 to 16, the SLO violation rate 
remains relatively stable, with only minor performance fluctuations 
and no noticeable degradation. This indicates that SensaScale is not 
highly sensitive to moderate variations in group size, demonstrating 
strong robustness under heterogeneous workloads. Within this stable 
region, a group size of 10 achieves the best overall performance. 
Therefore, we adopt a group size of 10 as the default configuration in 
subsequent experiments to strike a favorable balance between stability 
and performance. Beyond this range, performance begins to degrade, 
suggesting that overly small or overly large group sizes may disrupt the 
balance between pairing diversity and scheduling accuracy. However, 
the existence of a broad stable region further indicates that SensaScale 
does not require fine-grained tuning of the group size parameter in 
practical deployments.

Overall, these results demonstrate that SensaScale maintains stable 
performance under moderate variations in group size, highlighting its 
robustness across different cluster traces and workload distributions.

4.6. Impact of the sensitivity coefficient 𝑎 in the deadline-aware resource 
adjustment mechanism

To evaluate the impact of the sensitivity coefficient 𝑎 in the pro-
posed deadline-aware resource adjustment mechanism on scheduling 
performance, we conduct 28 experiments with 𝑎 varying from 0.7 to 3.4 
in increments of 0.1, thereby covering the entire spectrum from lenient 
to strict decision thresholds. The SLO violation rate is adopted as the 
primary evaluation metric, and violations are reported separately for all 
jobs, sensitive jobs, and insensitive jobs. The evaluation is performed on 
two representative workloads: H_MIX2 (deployed on C67) and P_MIX2 
(deployed on C32).

Fig.  12(a) illustrates the variation of the SLO violation rate with 
respect to 𝑎 on the H_MIX2 dataset. The results exhibit a clear ‘‘V-
shaped’’ trend in the overall SLO violation rate. As 𝑎 increases from 0.7 
to 1.5, the violation rate decreases from 1.82% to a minimum of 1.57%, 
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Fig. 12. Impact of sensitivity coefficient 𝑎 a in the deadline-aware resource 
adjustment mechanism on SLO violation rate.

corresponding to a relative improvement of 13.7%. Beyond this turning 
point, the violation rate gradually increases as 𝑎 continues to grow. 
On the P_MIX2 dataset (Fig.  12(b)), a pronounced downward trend 
is observed. When 𝑎 increases from 0.7 to 2.8, the overall violation 
rate drops substantially from 1.40% to 0.18%, representing an 87.1% 
improvement. The best performance is achieved at 𝑎 = 2.8, where the 
overall SLO violation rate reaches its minimum value of 0.18%.

Based on the results from the two datasets, we draw the following 
conclusions. The sensitivity coefficient 𝑎 directly regulates the urgency 
evaluation of sensitive jobs during scheduling, thereby influencing 
their resource allocation decisions and indirectly affecting the resource 
availability and JCT of insensitive jobs. In the H_MIX2 dataset, sensitive 
jobs account for a relatively small proportion of the total violating 
jobs. Consequently, although tuning 𝑎 improves the scheduling per-
formance of sensitive jobs, its impact on the overall SLO violation 
rate remains limited. In contrast, in the P_MIX2 dataset, violations of 
sensitive jobs dominate the total violation count. Therefore, adjusting 
𝑎 directly and substantially reduces the overall violation rate, resulting 
in a pronounced ‘‘V-shaped’’ trend. Although the optimal value of 𝑎
differs across the two datasets, the proposed deadline-aware resource 
adjustment mechanism consistently reduces the overall SLO violation 
rate under both workloads, demonstrating strong adaptability across 
heterogeneous job compositions. The experimental results indicate that 
a moderate value of 𝑎 effectively balances resource-allocation efficiency 
and deadline satisfaction, thereby achieving near-optimal scheduling 
performance across workloads with varying job characteristics.

4.7. Ablation study

To obtain deeper insights into the performance contribution of each 
key component in the SensaScale scheduler, this section presents a 
systematic ablation study. We individually disable three core mech-
anisms of SensaScale: (1) the dynamic regrouping strategy, (2) the 
deadline-aware resource adjustment mechanism, and (3) the backfilling 
strategy. The impact of each component is evaluated on both the 
H_MIX2 (deployed on C67) and P_MIX2 (deployed on C32) datasets. 
Three primary metrics are employed for quantitative analysis: the SLO 
violation rate, JCT, and AQT.

Impact of the Dynamic Regrouping Strategy on Scheduling 
Performance: Figs.  13 and 14 illustrate the impact of the dynamic 
regrouping strategy on the scheduling efficiency of SensaScale. The 
experimental results demonstrate that removing this strategy results in 
systematic degradation across all three performance metrics on both 
datasets. On the H_MIX2 dataset, the SLO violation rate increases from 
1.57% to 2.00% (a relative increase of 27.4%), the JCT rises from 
8293.15, s to 8294.27, s, and the AQT deteriorates from 16.03, s to 
20.22, s (an increase of 26.1%). A similar trend is observed on the 
P_MIX2 dataset, although with smaller performance gaps. These find-
ings indicate that the dynamic regrouping strategy, by co-scheduling 
sensitive and insensitive jobs on the same server according to resource-
complementarity principles, effectively exploits the heterogeneity of 
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auxiliary-resource demands among different jobs. By enabling more 
appropriate resource assignments across complementary job pairs, this 
mechanism effectively reduces the SLO violation rate, JCT, and AQT.

Impact of the Deadline-Aware Resource Adjustment Mecha-
nism on Scheduling Performance: Figs.  13 and 14 further demon-
strate the critical role of the deadline-aware resource adjustment mech-
anism in ensuring SLO compliance. As shown in Fig.  14, removing this 
mechanism on the P_MIX2 dataset causes the SLO violation rate to surge 
from 0.18% to 1.12% (a relative increase of 522.2%), while the JCT and 
AQT increase by 6.4% and 1131.3%, respectively. Similarly, as illus-
trated in Fig.  13, all three metrics deteriorate markedly on the H_MIX2 
dataset, further confirming the overall performance-enhancement effect 
of this mechanism. The core function of the deadline-aware mecha-
nism is to continuously monitor sensitive jobs executing under GPU-
proportional auxiliary-resource allocation, identify those entering
deadline-critical states, and dynamically increase their CPU and mem-
ory allocations to accelerate execution. Through timely resource ad-
justments, this mechanism effectively shortens JCT, substantially re-
duces the SLO violation rate, and significantly improves the overall 
performance and deadline satisfaction.

Impact of the Backfilling Strategy on Scheduling Performance:
The ablation study of the backfilling strategy underscores its critical 
role in mitigating resource fragmentation. Figs.  13 and 14 illustrate 
the impact of this strategy on the scheduling efficiency of SensaS-
cale. On the H_MIX2 dataset, removing the backfilling strategy causes 
the AQT to surge from 16.03, s to 121.14, s (a relative increase of 
655.7%), while the SLO violation rate rises from 1.57% to 5.16% 
(an increase of 228.7%). By comprehensively evaluating the LST of 
jobs, the backfilling strategy inserts appropriate pending jobs into idle 
resource windows on servers without interfering with the execution of 
urgent jobs. This approach significantly improves resource utilization 
and enhances scheduling rationality. Consequently, the mechanism 
effectively reduces the SLO violation rate and shortens JCT.

The ablation results collectively demonstrate that all three com-
ponents are essential to the effectiveness of SensaScale. The dynamic 
regrouping strategy primarily improves resource utilization by exploit-
ing resource complementarity among jobs, thereby reducing both JCT 
and AQT. The deadline-aware resource adjustment mechanism plays a 
critical role in maintaining SLO compliance by dynamically adjusting 
auxiliary resources for deadline-critical jobs. Meanwhile, the backfill-
ing strategy effectively alleviates resource fragmentation and signif-
icantly shortens queueing delays. Together, these mechanisms form 
a complementary design that balances application performance and 
deadline satisfaction, enabling SensaScale to achieve robust scheduling 
performance across different workloads.

4.8. Scheduling overhead analysis

Beyond scheduling effectiveness, we further evaluate the runtime 
overhead introduced by SensaScale using the H_MIX2 and P_MIX2 
workloads. Specifically, we record the number of jobs triggered by 
backfilling and rollback during scheduling and measure the average 
overhead of major scheduling components, including job grouping, 
complementary pairing, resource rollback, and deadline-aware resource 
adjustment mechanisms.

Scheduling Behavior. Table  4 summarizes the number of backfill-
ing and rollback jobs under different workload traces. The backfilling 
strategy is activated when sufficient temporary resource gaps exist. 
Meanwhile, rollback operations are selectively triggered when exces-
sive auxiliary resources allocated to running jobs prevent the admission 
of pending jobs. Compared with the total number of scheduled jobs, 
the number of rollback jobs is limited, indicating that the rollback 
mechanism is not frequently invoked during normal scheduling and 
only serves as a safeguard under resource contention scenarios.

Runtime Overhead. Table  5 presents the average execution latency 
of each scheduling component. Among all components, the grouping 
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Fig. 13. Performance degradation after removing individual components on Helios-based workload (H_MIX2).
Fig. 14. Performance degradation after removing individual components on Philly-based workload (P_MIX2).
Table 4
Scheduling behavior statistics of SensaScale.
 Workload Total jobs Backfilled jobs Rollback jobs 
 H_MIX2 10993 1484 33  
 P_MIX2 24983 203 225  

Table 5
Average runtime overhead of Sensascale components (ms).
 Component H_MIX2 P_MIX2 
 Grouping 0.837 1.701  
 Pairing 0.005 0.006  
 Rollback 0.179 0.183  
 Deadline-aware resource adjustment mechanisms 0.005 0.005  

procedure introduces the largest overhead, with an average latency 
of 1.70 ms, because it periodically examines pending jobs and con-
structs deadline-constrained groups according to their latest start times. 
Nevertheless, this overhead remains negligible compared with the exe-
cution time of DNN training jobs. The complementary pairing, rollback, 
and deadline-aware resource adjustment mechanisms introduce only 
sub-millisecond latency, demonstrating that these operations can be 
efficiently executed during online scheduling.

4.9. Robustness analysis under stochastic workload generation

Since job arrivals and deadlines are generated stochastically during 
workload construction, different random seeds may lead to variations 
in workload execution patterns. To evaluate the robustness of Sen-
saScale under stochastic workload conditions, we conduct repeated 
simulation runs with different random seeds. Specifically, we select the 
P_MIX2 workload derived from the Philly trace under the C32 cluster 
configuration and perform 10 independent simulation runs. In each 
run, job arrival times are generated according to the Poisson process, 
and deadline assignments are regenerated following the workload con-
struction methodology described in Section 4.1. Other experimental 
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Table 6
Robustness analysis under stochastic workload generation.
 Metric Mean ± Std.  
 SLO violation rate (%) 0.189 ± 0.132  
 Average JCT (s) 4612.66 ± 93.91 
 Average AQT (s) 5.69 ± 3.35  

settings, including workload characteristics, cluster configuration, and 
scheduling policies, remain unchanged.

For each run, we record the SLO violation rate, JCT, and AQT. 
Table  6 reports the mean values and standard deviations across the 
10 independent runs. The results demonstrate that SensaScale main-
tains consistent performance across different workload realizations. 
The observed variations are introduced by the inherent randomness 
of workload generation, while the overall performance trend remains 
stable across repeated runs. These results indicate that SensaScale is 
robust to stochastic workload conditions.

5. Related work

Auxiliary-Resource Sensitivity of DNN Jobs. Recent studies show 
that DNN training jobs exhibit significant sensitivity to auxiliary re-
sources such as CPU and memory. Jeon et al. [18] analyze produc-
tion GPU cluster traces and observe heterogeneous host resource us-
age across jobs, where CPU is often underutilized while memory is 
highly contended. Based on this insight, they advocate memory-aware 
scheduling with isolation to mitigate interference among co-located 
jobs. Building on this, Mohan et al. [14] propose Synergy, which 
departs from conventional GPU-proportional resource allocation by 
modeling the impact of auxiliary resources on job performance and 
dynamically adjusting CPU and memory allocations according to job 
sensitivity. By exploiting heterogeneous resource sensitivity across jobs, 
Synergy improves cluster throughput and reduces JCT. Subsequent 
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work [35] further refines resource-aware scheduling and isolation to 
enhance training efficiency.

Although these studies demonstrate the benefits of resource-
sensitive scheduling, their primary objective is performance optimiza-
tion, such as improving cluster throughput and reducing JCT. They 
do not explicitly incorporate deadline constraints, job urgency, or SLO 
satisfaction into scheduling decisions. Consequently, it remains unclear 
how resource sensitivity should be exploited in deadline-constrained 
DNN training environments. In contrast, this work investigates how 
auxiliary-resource sensitivity can be integrated into deadline-aware 
scheduling to improve deadline satisfaction while maintaining efficient 
resource utilization.
Schedulers for Multi-Dimensional Resource Allocation. Multi-
resource scheduling has been extensively studied in big-data systems. 
For instance, systems such as Tetris [36] and DRF [37] propose various 
scheduling strategies for multi-dimensional resource allocation and 
optimize cluster-level objectives under the assumption that job resource 
demands are known in advance. Schedulers such as Tetris and DRF 
were originally designed for big-data workloads (e.g., MapReduce), 
whose characteristics differ significantly from those of DNN training 
tasks. In DNN training workloads, GPUs serve as the primary compu-
tational resource and are typically explicitly specified by users when 
submitting jobs, while auxiliary resources such as CPU and memory 
provide greater flexibility in allocation. Furthermore, different types 
of DNN jobs exhibit varying degrees of performance sensitivity to 
these auxiliary resources, implying that identical CPU or memory 
allocations may produce substantially different performance outcomes 
across workloads. Motivated by this observation, SensaScale dynam-
ically adjusts auxiliary-resource allocations according to job-specific 
sensitivity characteristics rather than relying on fixed GPU-proportional 
allocation policies.
Deadline-Aware Scheduling for Deep Learning Jobs. In recent years, 
several studies have proposed deadline-aware scheduling mechanisms 
for machine learning workloads. HyperSched [38] primarily focuses 
on optimizing hyperparameter tuning workloads to satisfy deadline 
constraints, and its design is not directly tailored for general deep 
learning training jobs. TetriSched [39] adopts a Mixed Integer Linear 
Programming (MILP) approach to optimize scheduling decisions and 
has demonstrated strong performance in big-data job scheduling; how-
ever, adapting such methods to the dynamic characteristics of deep 
learning workloads remains challenging. Chronus [31] predicts the 
execution time of deep learning jobs and leverages an MILP solver 
to minimize deadline violation rates. Hydra [33] employs a stochas-
tic sampling approach to estimate job execution time and improves 
deadline satisfaction through quantified cost comparisons, particularly 
for deep learning workloads exhibiting significant execution-time vari-
ation across different GPUs. DeepPlus [34] proposes a deadline- and 
fairness-aware scheduler, which improves cluster efficiency through 
mechanisms such as job classification and deadline-aware resource 
backfilling to improve deadline satisfaction. Despite their effectiveness, 
most existing deadline-aware schedulers typically treat GPUs as the 
dominant resource in scheduling decisions and allocate auxiliary re-
sources such as CPU and memory proportionally to GPU demands. 
As a result, they overlook the heterogeneous auxiliary-resource sen-
sitivity exhibited by DNN training jobs and may fail to fully utilize 
available auxiliary resources. Consequently, opportunities to further re-
duce deadline violations through resource-sensitive resource allocation 
remain largely unexplored.

Overall, existing work follows two largely independent directions. 
Deadline-aware schedulers focus on improving deadline satisfaction 
but generally rely on GPU-proportional auxiliary-resource allocation. 
In contrast, resource-sensitive schedulers exploit heterogeneous CPU 
and memory sensitivity to improve throughput and JCT but do not 
explicitly consider deadline constraints. Although both directions have 
demonstrated substantial benefits, the integration of auxiliary-resource 
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sensitivity and deadline-aware scheduling has received limited atten-
tion. SensaScale combines these complementary perspectives to im-
prove deadline satisfaction and resource utilization for DNN training 
workloads.

6. Conclusion

This paper presents a novel deadline-aware scheduler, SensaScale, 
which exploits the sensitivity of DNN jobs to auxiliary resources to 
reduce SLO violation rates. The core innovation lies in categorizing jobs 
into sensitive and insensitive classes and designing a set of coopera-
tive scheduling mechanisms accordingly. First, we propose a dynamic 
regrouping strategy that pairs sensitive and insensitive jobs based 
on resource complementarity and performs scheduling decisions by 
jointly considering job sensitivity and node-level resource availability. 
Second, we introduce a deadline-safe backfilling strategy that enables 
efficient resource reuse while minimizing the impact on the execution 
performance of urgent jobs. In addition, a deadline-aware resource 
adjustment mechanism continuously monitors job execution status and 
dynamically adjusts resource allocation when deadlines become tight, 
thereby accelerating the completion of time-critical jobs. Experimental 
results demonstrate that, compared with the Chronus baseline, Sen-
saScale significantly reduces the SLO violation rate (by an average of 
74.22%), effectively shortens the JCT (by an average of 25.86%), and 
substantially compresses the AQT (by an average of 82.75%) across 
six workload configurations from the Helios and Philly traces and both 
16-GPU and 8-GPU cluster settings.
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