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Resource Heterogeneity-Aware and
Utilization-Enhanced Scheduling for
Deep Learning Clusters

Abeda Sultana, Nabin Pakka
Li Chen

Abstract—Scheduling deep learning (DL) models to train
on powerful clusters with accelerators like GPUs and TPUs,
presently falls short, either lacking fine-grained heterogeneity
awareness or leaving resources substantially under-utilized. To
fill this gap, we propose a novel task-level heterogeneity-aware
scheduler for DL clusters, Hadar, based on an optimization
framework able to boost cluster resource utilization. Hadar
leverages the performance traits of DL jobs on a heteroge-
neous DL cluster to make scheduling decisions across both
spatial and temporal dimensions. It characterizes the task-level
performance heterogeneity for optimization and involves the
primal-dual framework employing a dual subroutine, to solve
the optimization problem and guide the scheduling design. Our
trace-driven simulation with representative DL model training
workloads demonstrates that Hadar accelerates the total training
time duration by 1.20x when compared with its state-of-the-
art heterogeneity-aware counterpart, Gavel. Further, our Hadar
scheduler is enhanced to HadarE by forking each job into
multiple copies to let a job train concurrently on heterogeneous
GPUs resided on separate available cluster nodes (i.e., machines
or servers) for resource utilization enhancement. HadarE is
evaluated extensively on physical DL clusters for comparison
with Hadar and Gavel. With substantial enhancement in cluster
resource utilization (by 1.45x), HadarE exhibits considerable
speed-ups in DL model training, reducing the total training time
duration by 50% (or 80%) on an Amazon’s AWS (or our lab)
cluster, while producing trained DL models with consistently
better inference quality than those trained by Hadar.
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1. INTRODUCTION

EEP learning (DL) applications are ubiquitous nowadays

across various domains, including speech recognition,
natural language processing [2], super-computing, social media
[3], among others. To facilitate the ever-increasing demand
for DL training [4], large enterprises and cloud providers [5],
[6], [7] have constructed powerful DL clusters, which usu-
ally incorporate specialized accelerators, such as GPUs, TPUs,
and FPGAs, to accelerate DL model training with intricate
architectures. The wide adoption of DL models calls for train-
ing multiple of them concurrently on such DL clusters with
expensive resources. Efficiently scheduling multiple DL train-
ing jobs is thus required to yield high training performance,
measured by cluster-wide resource utilization, the total training
time duration, the average job completion time, efc.

To this end, existing efforts have proposed a number of
GPU cluster schedulers (e.g., [4], [8], [9]) for DL model train-
ing. However, those schedulers either lack the awareness of
job or under-utilize available resources, leading to undesir-
ably low performance for DL clusters. It has been observed
in [10] that DL training jobs show heterogeneous performance
behavior across accelerator devices of different types, due to
various architectural differences. For example, a ResNet-50
model achieves a nearly 10x speedup when trained on an
NVIDIA V100 GPU versus a K80 GPU, while an A3C Deep
Reinforcement Learning model only exhibits 2x acceleration.
In light of such observations, Gavel has been proposed [10]
as a heterogeneity-aware cluster scheduler, which is the first
to address the aforementioned performance heterogeneity of
DL training jobs across multi-type accelerators in a cluster. It
utilizes an optimization-based scheduling framework to specif-
ically account for job placement and performance heterogene-
ity. However, it does not explicitly characterize performance
heterogeneity at a fine-grained task level, with DL workloads
scheduled at the task level. If a job requires 4 V100 GPUs,
but the cluster has 3 V100 and 3 K80 GPUs available, the job
cannot proceed and must wait for the next scheduling round,
which signifies that Gavel is scheduling heterogeneity agnostic.
This limitation highlights the need for a more sophisticated
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and flexible scheduler that can make the best use of the avail-
able cluster resources by accommodating job-level performance
heterogeneity.

To bridge this gap, we first introduce a new fine-grained
heterogeneity-aware scheduler, named Hadar [1], for a clus-
ter shared by DL training jobs. The essence of Hadar relies
on the problem formulation and optimization framework for
task-level resource allocation across both temporal and spa-
tial dimensions. Trace-driven simulation is adopted to evaluate
Hadar, for comparison with its previous counterparts, including
Gavel [10], Tirsias [4], and YARN-CS [6]. Simulation results
demonstrate that Hadar solidly outperforms in terms of such
metrics as resource utilization, total training time duration, and
scalability.

Next, Hadar is further enhanced by forking every training DL
job into multiple copies for possible concurrent execution on
heterogeneous GPUs residing on different nodes (i.e., machines
or servers) of a DL cluster, boosting cluster resource utiliza-
tion. This way enables a DL training job to run on various
types of GPUs at different nodes simultaneously, if available,
for enhancing cluster resource utilization, arriving at Hadar
Enhancement (or HadarE for short). Note that the DL jobs are
executed as smaller tasks across multiple workers (or GPUs).
During the course of training, HadarE lets any unfinished task
be executed on as many available GPU-equipped nodes as
possible due to its forked copies in existence, unlike Hadar,
which schedules one task to run merely on a single GPU-
equipped node even when another GPU-equipped node is idle.
Our HadarE enables starting its scheduling immediately and
effectively without undergoing job profiling a priori, common
to earlier schedulers. For evaluating HadarE in comparison
with Hadar and Gavel, we conduct real-world experiments on
physical DL clusters leased from the AWS Cloud and at our
research lab.

Challenges of existing job schedulers (Tiresias [4], Gandiva
[8], and Gavel [10]) for DL clusters lie in lacking both
scheduling heterogeneity and task-level heterogeneity (as listed
in Table I), making them often under-utilize cluster resources
and presenting opportunities for scheduling performance
improvement. While both Gandiva and Gavel scheduled jobs
on heterogeneous DL clusters (unlike earlier Tiresias, which
aimed at only homogeneous DL clusters), they do not schedule
a job onto any node with heterogeneous resources and wait
for enough homogeneous resources able to accommodate the
job, to be available. To meet the challenges by embracing
scheduling heterogeneity (as can be seen in Table I), Hadar
lets a job run on available heterogeneous resources in different
rounds without waiting for the same type of resource. However,
it does not schedule any tasks to heterogeneous resources or
multiple nodes in a given round as HadarE, which supports
task-level heterogeneity (see Table I) to yield a lower average
job completion time (JCT), a lower total time duration (TTD),
and higher cluster utilization, as compared to Hadar (described
in Section VI-C).

Our extensive experiments on an AWS (or our lab testbed)
cluster exhibit that Hadar achieves a 20% (or 21%) increase
in cluster resource utilization and the speedup of 1.17x (or
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TABLE I
COMPARISON OF VARIOUS SCHEDULERS
Schedulers Tiresias | Gandiva | Gavel | Hadar | HadarE
heterogencity || X v oY /
heterosensity || X X X / /
hererogeneity | X X X /

1.16x) in terms of the total time duration across seven different
workload mixes with 1 to 12 jobs. HadarE enjoys the further
performance gains of 30% (or 34%) in cluster resource utiliza-
tion, 90% (or 124%) in the mean job completion time, and more
than 50% (or 80%) in the total time duration on an AWS (or
our testbed) cluster. Besides its training acceleration, HadarE
is demonstrated also to train DL. models with better inference
quality than Hadar. Overall, the main contributions of this work
are as follows

e An efficient scheduler for DL training jobs in GPU is
proposed to address the performance heterogeneity of
multi-type accelerators at task-level granularity, arriving
at Hadar.

e An optimization algorithm is developed following the
primal-dual framework which employs a dual subroutine
to analyze and tackle the scheduling problem on multiple
heterogeneous cluster nodes.

e We prove the polynomial runtime complexity of our algo-
rithm and also perform a detailed analysis to provide a
long-term performance guarantee that approximates the
optimal solutions within proven constant bounds.

e Each model training job is forked into multiple
copies for possible concurrent executions on separate
heterogeneous DL cluster nodes, to further enhance
cluster resource utilization, realizing HadarE (Hadar
Enhancement).

e Extensive experiments are conducted on two physical DL
clusters: one leased from the AWS Cloud and the other
available at our research lab, with results consistently
demonstrating the solid advantages of HadarE over Hadar
and Gavel.

II. RELATED WORK AND MOTIVATION

Under prevailing data parallel training, a deep learning
(DL) job is typically trained on multiple devices (i.e.,
GPUs or other accelerators) to process voluminous input
data iteratively. Model training job is conducted on the
machines of DL clusters, often employing a stochastic
gradient descent (SGD) mechanism to keep improving the
model’s learnable parameters. The training data is fragmented
into chunks (i.e., mini-batches) for training acceleration
under SGD. A complete pass through the whole training
data, with one chunk at a time, is referred to as an epoch
[11]. A DL training job usually involves many epochs, and
it stops after finishing a pre-specified number of epochs
(say, 60) or finding the model prediction loss stabilized
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for a given number of consecutive epochs, known as early
stopping.

To accommodate multiple DL training jobs, traditional CPU-
based cluster schedulers fall short since they fail to consider
the unique characteristics of distributed DNN training. Recent
production-scale workload studies [12], [13] confirm that
the characteristics of the temporal (job runtimes) and spatial
(requested resources) patterns exist in a DL cluster. In addition,
the heavy-tailed nature of requested resources, along with the
wide range of queuing delay and job runtime, has increasingly
drawn research attention to DL cluster scheduling (exemplified
by the pursuits at [4], [8], [14]). Those pursuits focus on
designing customized cluster schedulers for DNN training jobs
to enhance job performance and resource utilization. Still, they
fail to address the adverse impact of resource heterogeneity
effectively.

Some recent schedulers [10], [15], [16], [17] have consid-
ered device and model workload heterogeneity to some extent,
but not at a fine granularity. Gandivay;,- [15] focuses merely
on fairness among jobs, while Hydra [16] aims at meeting
deadlines. Gavel [10] accounts for the heterogeneity of both
DNN training workloads and hardware devices when allocating
resources to jobs. It presents a general optimization frame-
work to characterize several scheduling policies. Lately, studies
have treated both CPUs and accelerators as prime factors upon
assigning workloads in a DL cluster [18], [19], [20], [21], [22],
[23]. For cloud computing, Ghorbani et al. [19] presented a frac-
tal model to capture the complex dynamics of the computing
workloads for reducing energy consumption without affecting
network performance. Recently, graphs have been prevalently
used for assigning ML jobs to different devices [24], [25].
Multiple variants of graphs, such as Directed Acyclic Graphs
(DAGs) [24] and Graph Neural Networks (GNN) [25], have
been applied to obtain the optimal assignment of ML jobs across
considered devices. However, the high computational cost of
graph structures limits their effectiveness on task-level resource
allocation at fine granularity. A recent study, called shockwave
[26], predicts resource utility amid dynamic adaptation. Being
model-agnostic, PPS [27] treats the DL training job as a closed
box and predicts expected resource usage, considering only job
statistics.

Unlike all prior schedulers, our Hadar (or HadarE) is aware
of task-level (or job-level) performance heterogeneity. Hadar
and HadarE allocate resources at finer granularity across an
additional temporal dimension, yielding marked overall perfor-
mance improvement.

A. Motivational Example

A cluster with two V100, three P100, and one K80 GPUs is
considered. Three jobs arrive at the beginning to be scheduled.
Job 1 (J1) requests 3 GPUs and requires 80 epochs to complete
its training. Job 2 (J2) requests 2 GPUs and has a total of 30
epochs. Job 3 (J3) requires 2 GPUs for 50 epochs. The training
speedups of those jobs on GPUs of different types, expressed as
amatrix X, and the optimal allocation matrix Y “%v¢! under the
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Gavel

(b) Round-based simulation of
Hadar

Fig. 1. Comparative simulation results of scheduling three jobs in a cluster
with 2x V100, 3x P100, and 1x K80 GPUs under Gavel [10] and
Hadar [1].

assumption that the cluster has sufficient capacity, are expressed
as

V100 P100 K80

J1 40 20 30
X=ln 5 15 5

310 2 20

V100 P100 K80

v |31 06 04 00
Gvel = fj2 0.2 06 0.2
302 00 08

Each element of this matrix represents the proportion of
time that a job should run on a specific type of device. To
achieve a near-optimal allocation, Gavel uses a priority matrix
to schedule jobs on GPUs. The priority of a specific job on a
particular type of GPUs is defined as the corresponding element
of Y&el divided by the number of rounds received (i.e.,
resource allocation received). Fig. 1(a) illustrates the scheduling
outcome over 6 rounds according to Gavel, where the first row
represents the number of remaining epochs (i.e., Rem epochs)
for each of the three jobs at a particular round. For example, in
round 1 (R1 in the figure), J1, J2, and J3 have 60, 25, and 50
epochs to complete, respectively, represented by (60, 25, 50) in
Fig. 1(a).

Each job under Gavel is assigned to a given number of
GPUs throughout its execution rounds (i.e., two GPUs for J2,
as depicted in Fig. 1(a)), and hence no job under Gavel can run
on different numbers of GPUs during its execution. In contrast,
we exploit the flexibility of task-level allocation to maximize
the overall performance of the cluster. As shown in Fig. 1(b),
Hadar strategically assigns the tasks of job J1 to all GPUs (i.e.,
two V100 GPUs, three 2100 GPUs, and one K80 GPU), tasks
of job J2 to three P100 GPUs, and tasks of J3 to all GPUs
during the whole process. In comparison, Gavel’s policy adopts
the homogeneous allocation of tasks strictly, causing jobs J1,
J2, and J3 to achieve lower cluster resource utilization (CRU)
in the long run. For example, the CRU values of Hadar (or
Gavel) in the first two rounds approach 100% (or 83%) and 83%
(or 67%), respectively. Over the entire process of scheduling
the three jobs, Hadar achieves its CRU of some 87%, versus ~
78% under Gavel, besides shortening the total training time by
one round, as depicted in Fig. 1.

III. DESIGN OF HADAR

Our overall objective is to design an effective scheduler for
distributed DL training jobs with the awareness of resource
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heterogeneity and best performance. In this section, we present
the theoretical foundation of our scheduler design.

A. System Model and Problem Formulation

Consider a cluster of machines equipped with different accel-
erator devices. A machine h has a capacity of ¢, for type-r
device. In a slotted time spectrum (1,2,---,7"), a DL job j
arrives at time a; € [T'], requesting a number of worker devices
W; for model training. The device heterogeneity impacts the
job training throughput, denoted by X7 which represents the
number of iterations per second by job j on type-r accelerator.
E;N; denotes the total number of iterations to complete job j,
where E; refers to the total number of epochs and IV; is the
total number of data chunks to be processed in each epoch of
job j.

Upon arrival, the job joins a global queue managed by
the scheduler, waiting to be assigned to available machine(s)
for execution in subsequent time slots. The scheduler makes
scheduling decisions, w7, (t), representing the number of
type-r devices at machine h assigned to job j in time slot
t. Let f; denote the finish time of job j, and thus the job
completion time can be expressed as f; — a;. We start with
finding the optimal resource allocation and scheduling to
maximize the overall utility across all jobs. The utility of a job
j could be characterized by a general non-negative function
U;(-) which is non-increasing with its completion time. The
effective throughput [10], defined as the averaged number of
iterations completed per second over the lifetime, can be a
special case of the job utility, expressed as E;N; divided by
J’s completion time. Given these notations, we can formulate
the following optimization problem, P1:

max Zuj(fj —aj) (1)
J

s.t. Xt:xj(t);zh:w;h(t)LzEij, vj (1a)
5 (t) :min{Xﬂzh:w;h(t) >0}, Vj, V¢t (Ib)
fj =max{t € [T]] %;w;?h(t) >0}, V5 (o)
0< S wh,(t) <, Vh, Vr, Vi (1d)
J
Zh:;w;h(t) e {0,W;}, Vj, Vt>a,
wh, (t) =0, Vj, Vh, Yt <a;. (le)

Constraints (la) and (1b) regulate that the total number of
iterations accomplished across time is no smaller than E;N;
to complete job j. Specifically, L is the length of a time slot,
x;(t) expresses the bottleneck throughput across tasks, i.e.,
the number of iterations per second at the slowest device, due
to the parameter synchronization barrier. Constraint (1c) by
definition, represents the last time slot when a job receives
non-zero allocation to run. Constraint (1d) indicates resource
capacity limits at each machine, while (le) regulates resource
requirements for each job, i.e., the All-or-Nothing property
(Gang scheduling), following the conventional practice [12]. A
brief notation summary is presented in Table II.
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TABLE II
NOTATION
J # of jobs
R # of GPU types
a; arrival time of job j
f; finish time of job j
W, # of GPUs requested by job j
E; # of total training epochs specified by job j
N; # of data chunks (iterations) per epoch in job j
cp # of type-r GPUs on machine h
XJT # of training iterations per sec for job j on type-r GPU
- # of type-r GPUs on machine h allocated to job j
w]'h(t) at time ¢
u;(.) utility of job j

B. Problem Solving Based on Primal-Dual

The optimization problem P1 is difficult to solve since it
involves integer variables and non-conventional constraints
(1b), (1c). To address these challenges, we first reformulate
Problem P1 into the following integer linear program (ILP).
Suppose S; is the set of feasible schedule for job j which
corresponds to the set of decisions (wj,(t),Vh € [H],j €
[J],t € [T]). It satisfies constraints (la), (1b), and (le). Due
to the combinatorial nature of these constraints, there is an
exponential number of feasible schedules for each job. For a
schedule s € S;, the decision variable in the ILP is a binary
variable y;s which indicates whether the job is admitted to
the cluster under schedule s. With schedule s, job j’s finish
time is denoted as f},, and its allocation w;Z(t) represents the
number of type-r workers in server h at time ¢. Thus, P1 can
be reformulated to P2 as follows:

max 323 yisli(fis — aj) )
j s

st. Y > w;-"fl(t)yjs <c},,Yh,Vr,Vt (2a)
Jj s:t€s,he(t,s)
> Yjs <1,V (2b)
Yjs € {07 1},Vj,Vs. (ZC)

We use ¢ € s, h € (t, s) to indicate that schedule s uses server
h to deploy a worker for job 7 in time ¢. Eq. (2) and constraint
(2a) are equivalent to Eq. (1) and constraint (1d), respectively.
Constraints (2b)-(2c) are equivalent to constraints (1a)-(1c) and
(le). We can easily check that P1 and P2 are equivalent, since
a feasible solution to one has a corresponding feasible solution
to the other, with the same objective values.

After sidestepping non-conventional constraints, we next
solve Problem P2 based on the primal-dual framework [28],
by relaxing its integer constraints (2c¢) and formulating its dual
problem designated as P3 below:

min > p; + zf: Xh: Zr: kj (t)ch (t) 3)

st py = Ui(fis —aj)—
> 2 2 kp(Dwi(E),V5, Vs
tes he(t,s) r

kr(t)>0,Yh,Vr, ViVt p;>0,¥5.  (3a)
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In this problem, £j,(¢) and ; are the dual variables associated
with constraints (2a) and (2b). k},(t) can be interpreted as
the unit cost for type-r accelerators on server h at time t.
Thus, the right-hand side of (3a) is the job utility minus the
overall resource cost for job j with schedule s at time ¢, which
indicates the payoff of the job. Let ¢,(s) denote this term,
Le., (bj(s) = uj(fjs - aj) - ZtEs Zhe(t,s) ZT' kz(t)wgfsz(t)
To minimize the dual objective, u; should be
expressed as p} = max{0, maxses; ¢;(s)}, based on its
constraints. The corresponding best schedule s* can be
written as

s* = argmazses; ¢;(s). )

To solve Eq. (4), we design an efficient subroutine to be
elaborated later (Algorithm 2). With respect to kj (t), based
on its resource price interpretation, we hope to compute its
value to ensure that a high-utility job gets a positive payoff
(if the resource demand can be satisfied) and a job with a
low utility or without available resources gets a non-positive
payoff. Let ~7 (¢) denote the number of type-r accelerators
allocated on server h at time slot ¢. The dual price resource is
designed to be dynamically updated using the following price
function:

Ur wﬁflt)
k(i () = Upin (57) )
U; ([t — a;
with U], ,, =max J(jirj), vr (6)
J wy
1 U; (T — a;
r = ™ min 777512 aj)r, vr
;e ) wj
re[R]
Fmin NjEj pmer NjEj (7
J M;max(X7)" 7 M; min(X7)’
where U, ... and U . imply the maximum and the minimum

per-unit-resource job utility values for type-r accelerators to
execute tasks among all jobs. U; (T — a;) is the smallest utility
that job j may achieve, when it ends at T'. n is the scaling factor
to bound the initial value of the dual objective.

The intuition is stated as follows. The price starts to be low
enough to accept the incoming job: when v; =0, we have
kp(t)=U,;,. lowest to admit any job. The price increases
exponentially with the growing amount of allocated accelera-
tors, so as to filter out low-utility jobs. When a server is out of
free resources, j (t) = c},, reaching the price k}, (¢t) = U}, .
high enough to block other jobs from getting these resources.
Such a price function is crucial to guarantee a good competitive
ratio for our effective algorithm, to be presented in the next
section. U ... and U . are calculated based on the cluster’s

workload in the algorithm.

C. Algorithm Design

Based on the resource price and job payoff interpretations,
we next present our algorithm (Algorithm 1), which gener-
ates optimal scheduling decisions for the jobs in the queue in
each round-based scheduling event (Line 5). Specifically, a
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Algorithm 1 Hadar Scheduling
Input: ¢,,Vh € [H],r € [R]
1: Initialize: w7, (¢)(t) = 0,7, (t) = 0,k (t) =k}, (0)Vj €
[J],t€[T],h € [H]
2: while true do
3 Upon the arrival of each job, admit it to the queue )
4: In each round ¢:
s {Quch {wh (D)) -
DP_allocation(0, Q, cj, null, v}, (t), k7 (t))
6 for job j € [Q;] do
7: Run job j until round ¢ + 1 according to ({w7, (¢)})
8: end for
9 If j is complete, remove it from @
end while

_
S

greedy algorithm and a dynamic programming approach are
presented in Algorithm 2, to calculate s* in Eq. (4) by solving
the following equivalent form:

max  U;(fj —a;) — Xt: Xh: > Ky (t)wi, (1)
st () +wj(t) < ¢, Vi in queue,Vr,Vh,Vt
a

C
Constraints (1la — 1e). (8)

If we fix f;, the optimization objective can be further trans-
formed to min_, >~ kj (t)w?, (t), which can be interpreted
as minimizing a cost function at each round.

In Algorithm 2, waiting jobs in the current round are in queue
Q. According to the recursive dynamic programming solution
in each state, there are two possible choices for a certain job,
either calculating the cost and allocation by selecting the job for
scheduling or proceeding without selecting the job in Lines
14-15. The set of jobs and the allocations with minimum cost
is returned from the DP function call Lines 16-21. Note that
we always save the result if costq and costg,; are compared
for different subsets of jobs to avoid recomputing the same
subproblem in later recursive function call. The FIND ALLOC
function selects the best possible allocation within the current
state of the server (srvr). Initially, the server’s state is sorted
according to the descending order of throughput (iterations per
second) on each GPU type for the job (Line 23). The algo-
rithm produces the allocations on different settings - by consol-
idating tasks of the job in the minimum possible server (Line
24) and allocating the tasks of the job in different servers
(Line 25). The costs are calculated using the cost function
aforementioned. For non-consolidated setting, communication
cost (the cost of bandwidth utilization while communicating
among different servers) is also added (Lines 26-27). The
allocation with the minimum cost is calculated, and p; is cal-
culated to determine allocation’s feasibility (Lines 28-32).
According to the selected allocation, allocated resource ;¢ (t),
price function k}°(¢), and the server state are updated (Lines
10-12).
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Algorithm 2DP_allocation(idz, @, srvr, {w, (t)}, v, (1),

kp (t),Yh,Vr)
1: if (index >= Q.length())||is_Server_Full(srvr) then
2 return Q, {w}, (t)}, sror
3: end if
4: job = Qlidz]
50 {w_prevy, } + {wj, (1)}
6: {w_job’, } = FIND_ALLOC(job, sror)
7
8
9

- if {w_job}, } = null then
: return Q, {w}, (t)}, sror
. end if
10: 7,6(t) = v, (t) + w_jobf,, Vh,Vr
11: k7°(t) < Update kj} (t) according to Eq. (5), Vh, Vr
12: srur€ < Update sror according to {w_job%, }
13: {w?, () }.append(w_job%, ), Vh, ¥r
14: (Q,{w},(t)}, sror¢) = DP_allocation

(idz 4 1), Q, srur, {w, (1)}, 75 (8), KEe(E)), Vh, Vi
15 (Q, {w§y,(t)}, sror) = DP_allocation

(idz 1 1), @, sror, {w_prevt, }, 71 (), K} (6)), ¥h, ¥r
i oot = 3 7 K ) 0

17: costg i+ =D >, ki ( jh(t)
18: if costg < costgy; then
19: return Q, {w?, (t)}, srvre

20: end if

21: return Q, {w$, ()}, sror

22: procedure FIND_ALLOC(job, srvr):

23: srur <— sort GPU type according to the descending
order of 2, Vh € H

24: {all_allocpackeq} +— find allocations considering con-
solidated setting

25: {all_allocipackeq} < find allocations without consid-
eration of consolidated setting

26: {costpacked} =D p D0 kﬁ(t)w;h(t), Vall_allocpacked

27 {costipackealts 21 22, ki, (f)w§h (t)

-+ comm. cost,Vall_allocipacked

28: alloc + allocation corresponding to
min({COStpacked}y {COSt!packed})

290y =U;(fjs—a;j)— min({costpacked }, {cOStipacked})

30: if 1; > 0 then

31 return alloc

32: end if

33: return null

34: end procedure

D. Theoretical Analysis

Theorem 1 (Runtime Complexity): Algorithm 2 can make
scheduling decisions in polynomial time for a set of jobs in an
execution round.

Proof: The function FIND ALLOC(job, srvr) has a time
complexity of O(R(H log H)) to sort the servers based on job
throughput on GPUs of different types. This sorting calculation
is only done once during the lifespan of a job in the system. For
calculating allocation in both consolidated (all_allocyacked)
and non-consolidated (all_allocipecrea) settings, all servers
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need to be iterated for each GPU type, resulting in a complexity
of O(HR). In our dynamic programming (DP) algorithm, we
have two states: job ID and the current server state. We need to
calculate n(Q) H R combinations or function calls, with a time
complexity of O(HR) for each call. It should be noted that
we pre-calculate and save cost(DP_allocation(jobs, srur))
for all j € ). Therefore, the time complexity of the DP is
O(m(Q)(HR)? + R(H log H)).

Theorem 2 ( Competmve Ratlo) Hadar is 2« competitive,
where a = max,¢[g(1,In *"'“”) and U}, ., Ur . are defined
in Egs. (6), (7).

Proof: We define OPT as the optimal objective value of
Problem P1. P; and D; represent the objective values of the
primal problem P2 and of the dual problem P3, respectively,
returned by Algorithm 1 after deciding the schedule of job j.
The initial values of Egs. (2) and (3) are denoted by F, and Dj.
Specifically, Py =0and Do =), >, >, k},(0)c}, (0). Finally,
Py and Dy represent the final primal and dual objective values
returned by Algorithm 1. The theorem is proved based on the
following definitions and lemmas taken from [29], to ensure
that solutions so derived are bounded within 2« from actual
optimality. |

Lemma 1: If there exists a constant « > 1 such that P; —
P,y >L(D; — D;_y) for all jobs j € [J], and if Py =0 and
Dy < $OPT, then Algorithm 1 is 2a-competitive in total job
utility.

Definition 1: The allocation-cost relationship for Algorithm 1
with > 1 is: k7~ (077 (1) = 931 (0) = L (k7 (1) —
A0}

Lemma 2: If the allocation-cost relationship holds for o > 1,
then Algorithm 1 ensures P; — P;_1 > 1(D; — D;_1),Vj.

Definition 2: The differential allocation cost relationship for
Algorithm 1 with o, > 1 is: ky (t)dyy (t) > Ch dkr( ), Vi, hyr.

Lemma 3: o = In¥ o and the price functlon defined in
Eq. (5) satisfies the différential allocation-cost relationship.

Based on Lemma 3, the marginal cost function employed in
Algorithm 1 meets the condition of dlfferentlal allocation-cost
relationship with o = max,cr(1,Ing Ysaz ). As the resource
demand of a job j is expected to be less ‘than the capacity, we
can infer that:

! () =7 (B)
ki (v (0) (377 (1)

The allocation -cost relationship in Definition 1 holds for
a =max,(1,Ing YVpaa ), which is implied by the differential

allocation-cost rériationshlp in Deﬁmtion 2 Considering
TE[R]
- E PIPD IS
3 CL 3
that btk <4707 %7 7 for all ]ObS j. This minimum

resource consumption across all tasks of job j equals:

=222 Uninch
—2224,, ol

dyp(t) =

dky, (t) = =T =R () — k().

Algorithm 1, we note that 1 7 < i , which implies

(fis —aj) ,
tmagjczw C
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The last inequality holds because we assume the offline
optimal solution accepts at least one job, which is reasonable in
the real-world cluster. Then we have OPT > min; , U;(fjs —
a;). According to Lemmas 1 and 2, we conclude the proof. B

E. Hadar Overview

Guided by the theoretical investigation, our fine-grained
heterogeneity-aware scheduler, Hadar, is illustrated in Fig. 2.
Given a set of queued jobs, the scheduler dispatches all
jobs onto different types of accelerators on different servers
(i.e., machines or cluster nodes) towards maximizing the
cluster-wide utility. Our scheduler takes the job’s performance
result (i.e., iterations per second) on each accelerator type
as its input. In particular, the throughput estimator in Hadar
requires performance measurements for every runnable job on
each available accelerator type, and such measurements can
be provided either as input data (for trace-driven evaluation
in Section IV) or by an estimation formula (to be detailed
in Section VI). For a given input, the scheduling algorithm
in the allocator calculates the number and types of GPUs
assigned to each job on particular machines in a given round.
It considers task-level heterogeneity and job packing decisions
to maximize overall cluster utility.

IV. TRACE-DRIVEN EVALUATION

Extensive trace-driven simulation is conducted by our
discrete-time simulator using a real-world trace [9] to evaluate
Hadar for comparison with its counterpart schedulers.
Following the setup of the simulation experiments in Gavel
[10], our simulated cluster consists of 15 nodes, which house
60 GPUs in total, with 20 GPUs each for V100, P100,
and K80.

|_Get cluster status )—

Heterogeneous GPU Cluster

for a GPU-based deep learning cluster.

TABLE III
EVALUATION WORKLOADS: MODEL, DATASET, AND RELATIVE SIZE FOR
EACH DEEP LEARNING JOB

Training Job Model Dataset Size
ICI?:S%?ﬁcation ResNet-50 [30] ImageNet [31] XL
ICinf;s%?ﬁcation ResNet-18 [30] CIFAR-10 [32] S
ifé‘f;?fg LSTM [33] Wikitext-2 [34] L
%T;‘f;:&;mage CycleGAN [35] | Monet2photo [35] | M
I'f?;fsligégn Transformer [36] ?fj[g_léf)OK [37] L

The workloads are based on a Microsoft trace [9], summa-
rized in Table III and elaborated in the next paragraph. For
each job (workload) in Table III, we leverage its throughput
measurements from Gavel as our scheduling input to simulate
the job events such as job arrival, completion, and preemption.
The overhead of each checkpoint-restart is simulated by enforc-
ing a 10-second delay when a job receives a new allocation.
According to our evaluation, the duration of a scheduling round
impacts the results of evaluation performance metrics, with the
duration ranging from 6 minutes to 1.5 minutes to yield the
best results, depending on workloads, available resources, and
metrics of interest. The results in this section are obtained over
a duration of 6 minutes.

A. Synthetic Workloads and Datasets

In our trace-driven evaluation, we randomly selected 480 jobs
from the busiest hour range (hours 3-10) of the Microsoft trace
[9]. The trace includes information such as the requested num-
ber of GPUs, submission time, and job duration, while details
on model architectures and datasets are not provided. Therefore,
we categorized the jobs based on their total GPU required time
into four groups: Small (0-1 GPU-hours), Medium (1-10 GPU-
hours), Large (10-50 GPU-hours), and XLarge (60-100 GPU-
hours). For each training job in the trace, we uniformly sampled
the job type from these categories and specified its model and
dataset accordingly, as shown in Table III. In our evaluation, all
jobs were available at the beginning of the trace.

B. Evaluation Results

We conducted an evaluation for comparing Hadar and its
state-of-the-art DL cluster scheduler counterparts, Gavel [10]
and Tiresias [4], as well as the default production-level cluster
scheduler, Apache YARN’s capacity scheduler (YARN-CS) [6].
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by Gavel [10], Tiresias [4], YARN-CS [6], and Hadar, respectively.

While Hadar considers the task-level heterogeneity of DNN
training jobs for scheduling decisions, Gavel only focuses on
job-level heterogeneity, and Tiresias is heterogeneity-unaware
among accelerators. For comparison, Tiresias is configured with
two priority queues and its PromoteKnob disabled, whereas
Gavel has its configuration similar to that under the previous
experimental study [10]. The comparative performance metrics
of interest include GPU resource utilization (GRU) and the total
time duration (TTD), with scalability also compared, as detailed
next.

GPU Resource Utilization. GPU resource utilization (GRU)
refers to the percentage of the total job run-time during which
GPUs are utilized. The comparative GRU results of four sched-
ulers are shown in Fig. 3. The highest GRU is achieved by
YARN-CS due to its non-preemptive nature. However, this
comes at the cost of long total job completion duration, as to
be seen in Fig. 4. Gavel, on the other hand, leaves heteroge-
neous GPUs unused even if the total number of them meets
the requirement of a queued job. This results in lower GRU
compared to that of YARN-CS. Tiresias also suffers from the
same limitation as Gavel. In contrast, Hadar takes advantage of
fine-grained scheduling and resource heterogeneity awareness
to elevate its GRU. More specifically, Hadar can allocate tasks
to GPUs that are most suited for them, possibly of different
types when necessary, based on task characteristics and cluster
resource availability. As a result, the number of GPUs left
unused is minimized, leading to better GRU compared to those
of Gavel and Tiresias. Moreover, Hadar exhibits similar GRU
compared to YARN-CS, indicating that it can utilize GPUs
effectively to lower job completion times.
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Total Time Duration. Cumulative fractions of completed
jobs over time, when scheduled by Gavel [10], Tiresias [4],
YARN-CS [6], and Hadar, are demonstrated in Fig. 4, where
Hadar completes training all jobs in 40 hours, known as the
total time duration (TTD). From the figure, Hadar is observed
to outperform its counterparts, whose TTDs equal 68 hours by
1.67x compared to YARN-CS, and by 1.35x and 1.21 x against
Tiresias and Gavel, respectively. Additionally, the median time
duration to complete 50% jobs (marked by the horizontal gray
line in Fig. 4) under Hadar is 1.20x (or 1.40x) shorter than that
under Gavel (or under Tiresias). Clearly, Hadar outperforms all
its counterparts due to better resource utilization.

Scalability. The time (in seconds) taken by Hadar and by
Gavel to generate their decisions versus the number of jobs are
depicted in Fig. 5. When the job count increases from 32 to
2048, Hadar and Gavel are observed to have similar scaling
performance in terms of the scheduling time.

Even under heavy workloads (say, with some 2000 jobs),
Hadar can schedule, and allocate resources to, jobs in less
than 7 minutes per scheduling round. Our scheduler achieves
resource allocation updating efficiently by dealing with solely
newly incoming jobs in each scheduling round, if no preemp-
tion exists. Rather than recomputing the allocations of all jobs
in every scheduling round, Hadar just allocates resources to
those newly incoming jobs progressively, without changing the
allocated resources of running jobs present in the cluster. If
the allocation of a running job is altered due to preemption,
the affected job will get a new resource allocation, following
a checkpoint/restart. We observe that only 30% of scheduling
rounds require changes to job resource allocations on average.

V. RESOURCE UTILIZATION ENHANCEMENT

While Hadar is heterogeneous-aware to schedule DL training
jobs run on a cluster across both spatial and temporal dimen-
sions, each job is scheduled to run on at most one cluster node
(i.e., machine or server) over training rounds. Hence, the cluster
resource can often be under-utilized because a job cannot be
executed concurrently on two or more nodes, even when some
nodes are idle and available in any scheduling round. It is due
to the fact that there is just one single copy of each job under
training throughout all scheduling rounds, limiting Hadar to
allocate just one node at any job. As can be seen in Fig. 6(a),
Hadar schedules three training DL jobs (J1, J2, and J3) to run
on just three of the five nodes constituting the cluster testbed
available in our lab, leaving two nodes idle for the first three
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Fig. 6. Comparative illustration of scheduling rounds under (a) Hadar and
(b) HadarE.

rounds, from R1 to R3. Since J1 completes its training in R3,
three nodes become idle during R4, when only two training
jobs are in progress. The last four rounds involve just one node
(Dell) to continue training J3 until completion. Our solution to
overcoming this limitation is to fork a job to multiple copies,
which may then be scheduled onto separate nodes available for
training the job concurrently, yielding Hadar Enhancement (or
HadarE for short). This way enhances resource utilization by
avoiding cluster nodes to stay idle in any scheduling round,
when there is a training job copy left to be completed. If a
job is forked to f copies, the job may be executed on up to f
nodes, if available. When the training times of jobs in a batch
are known a priori, it is desirable to fork these long-running
jobs, each up to n copies, for the best resource utilization under
HadarE. If each training job is forked to five copies when run on
our 5-node testbed to keep all cluster nodes busy in all rounds
but possibly the last one, as illustrated in Fig. 6(b), highest
resource utilization is achieved to yield the shortest TTD (total
time duration).

Each training job in a workload batch under HadarE is
forked to n copies for execution on an n-node cluster, permitting
multiple copies of a given job to run concurrently on up to n
nodes, if available. Two issues are involved in realizing HadarE
for the best performance: scheduling the copies of training
jobs (plus initial throughput estimation) and aggregating and
consolidating the training copies of each job.

A. Scheduling Copies of Training Jobs

Each training job starts with forking it into a proper number
of copies, say n, for an n-node DN cluster. A Job Tracker is
designed to track the progress of forked copies of all jobs,
responsible for training copy aggregation and model parameter
consolidation during the course of training, as shown in Fig. 7.
All forked copies of a job are registered with Job Tracker, utiliz-
ing their unique job-IDs. Each job-ID is produced by job_ID =
max_job_count X ¢ 4 parent_job_id, where max_job_count is
the maximum number of jobs expected to co-exist in the n-node
cluster and i ranges from 1 to the number of forked copies for
the job, typically being n to maximize resource utilization. With
their unique job_IDs obtained from Job Tracker, all copies of
the job are sent to Hadar for scheduling to run on cluster nodes
(see Fig. 7).

As demonstrated in Fig. 6(b), HadarE schedules the three
jobs, with each of them forked to five copies (by Job Forker
shown in Fig. 7) and registered with Job Tracker, for a total
of 15 jobs to maximize resource utilization so that no node
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is left idle throughout the first two rounds. In the 3 round,
all nodes are assigned to train J3 (the longest running job)
for various dispatched epoch counts, and in the last round,
R4, one single node, canpc39, is assigned to finish up the
remaining epochs of J3. In this figure, four nodes, besides
canpc41, complete their dispatched numbers of epochs of J3 at
various time points before the scheduled R3 time slot expires;
the last round involves solely canpc39, which completed its
previously assigned epochs first, thus best suited for handling
J3’s remaining epochs in R4. In general, the last round may
involve /3 nodes (for 1 < 8 < n) to concurrently finish up the
remaining epochs, with participating nodes being those 3 fastest
nodes that complete their assigned epochs in the immediately
earlier round. The job copy(s) run on the very last round for a
batch of training jobs is (are) likely to end ahead of its (theirs)
scheduled time slot, exhibiting early finish of those training
jobs. Clearly, HadarE enjoys higher performance than Hadar,
boosting resource utilization to shorten the duration of training
abatch of DL models and thus to lower the mean job completion
time (JCT).

Relying on Hadar, HadarE schedules jobs in a round-based
manner with a fixed time slot per round. During the time slot,
each scheduled node trains its assigned job for the specified
number of epochs. The node may complete the specified num-
ber of epochs before the time slot expires; in this case, the node
waits to get its next allocated job at the beginning of the next
round. On the other hand, the node may fail to complete the
specified number of epochs when the time slot ends; in this
case, the node informs Job Tracker of the number of epochs it
has completed, since this information is needed in scheduling
the next round. Hence, communications take place between
nodes and the tracker at each round after they complete their
assigned epochs or the time slot expires, for the tracker to (1)
calculate the total number of epochs completed by all allocated
nodes for every job, (2) aggregate all copies of every job, and
(3) consolidate the model parameters of every job obtained
by its concurrently executed copies, where (2) and (3) are
elaborated in subsection V-B. As necessity, HadarE augments
the Hadar Scheduler with initial throughput estimation (see
Fig. 7), outlined below.

Initial Throughput Estimation. Following the primal-dual
approach outlined in Section III-B for performance improve-
ment, Hadar depends on the measured speedups (i.e., through-
puts) of each model when trained on all cluster nodes (which are
characterized mainly by their equipped GPUs and associated
on-board Performance-Memory Index (PMI), PCle communi-
cation capacities, etc.). Such throughput information can be
either obtained by model execution profiling or given as the
scheduling input. However, model execution profiling, even
done on the fly, tends to take many rounds (so that every model
has the chance to be assigned for execution on each node) before
sound overall throughput information can be obtained. On the
other hand, throughput information given as the input cannot
be inclusive, so that any cluster containing nodes with different
GPU and/or PClIe components absent in given throughput infor-
mation would involve profiling in early rounds after scheduling
starts. In both situations, unsatisfactory allocations happen from
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the beginning until the throughput of every model executed on
each node is all available. To address this shortcoming, we have
derived an expression for initial throughput estimation, after
numerous experiments on the heterogeneous GPU testbed in
our lab, as follows:

PM1I x batch_size x pcie_scaling

Throughput = ,  (10)

model_weight x dataset_size
whose rationale is highlighted next.

Since DL model training is often computation- and memory-
intensive, best performed on GPUs (with tensor cores), PMI
(Performance-Memory Index) in the expression denotes the
ratio of GPU’s parallel processing ability aided by tensor cores,
in terms of teraflops (tera floating point operations) per second
and the GPU’s VRAM capacity in a square root fashion. In
the course of training on GPUs, the host machines of involved
GPUs require frequent and heavy communications from host’s
DRAM and GPU’s on-board VRAM through their Periph-
eral Component Interconnect Express (PCle) channels, making
PCle capacities critical to GPU throughputs. The expression
thus includes the term of pcie_scaling, which signifies different
PCle versions integrated on the machine’s motherboard. Addi-
tionally, the mini-batch size during training on a GPU affects its
throughput, with a larger size calling for less communication to
net a larger throughput. On the other hand, a more complicated
model or a larger dataset used for training on a GPU lowers its
throughput, with model complexity approximated by a weight
scale, from small, modest, high, to extra high; so is the dataset
size to scale from S, M, L, to XL (see Table III).

Note that the aforementioned expression provides a reason-
able estimate for HadarE to yield good scheduling decisions
from the beginning. The quality of throughput information is
improved progressively in the course of training, since every
scheduled round let each involved node notify the Job Tracker
of its actual throughput under its allocated job. As a result, the
accurate throughputs of every model on all nodes are progres-
sively available.

B. Aggregating and Consolidating Training Copies

Unlike Hadar and earlier schedulers (Gavel, Tirsias, YARN-
CS, etc.) where every training job is run on one node at a time
throughout all scheduling rounds, HadarE lets each training
job be executed on multiple (available) nodes concurrently
for resource utilization enhancement and thus training time
reduction. It naturally needs to aggregate and consolidate results
of copies of every job (i.e., DL model) trained on different nodes

after each scheduled round to ensure the quality of models
after training finishes, so that they are similar to, or even better
than, what would have been obtained when trained without job
forking. Both result aggregation and result consolidation are
conducted by Job Tracker at the end of each scheduling round.
Result aggregation simply sums completed training steps up,
where one training step for a model means to train the model
via ¢ mini-batches of training data, with ¢ = (training data
size)/(mini-batch size). Note that in practice, model training
progress is tracked at the step level, instead of the epoch level,
especially when the scheduling time slot is short (i.e., a few
minutes). When the total number of completed training steps of
a job reaches the specified threshold, equal to ¢ x (the training
epoch count), all copies of the job in the scheduler are then
discarded to avoid rescheduling of tasks of the completed job.

Upon completing its assigned training steps or ending the
time slot, a node notifies Job Tracker of the number of steps
it completed and the trained model parameters of its scheduled
job. The total number of steps for the job completed by all nodes
involved in training copies of the job is added (i.e., aggregated)
by Job Tracker, with the job’s model parameters consolidated
by weight-averaging those of training copies, before passing
them to the scheduler (Hadar, see Fig. 7), which then makes
allocations for the next round. Given the number of training
steps of a job left at the start of a scheduling round, HadarE for
an n-node cluster divides that number into 7 portions according
to their respective throughput values (that reflect nodes’ training
capabilities), for assigning to those n forked copies of the job.
Every copy of the job, if scheduled to run on a node in the next
round, will continue job training with its consolidated model
parameters for its assigned number of steps.

C. Theoretical Analysis

Theorem 3 (Maximal Resource Utilization): HadarE
achieves the maximal cluster resource utilization of an n-node
cluster for training a batch of jobs forking its every job to n
copies for training.

Proof: Suppose there are n nodes in a cluster running
multiple jobs with the time slot per round of T's which is shorter
than the shortest job’s training time. The metric of interest,
cluster resource utilization (CRU)', for a single round, is the
ratio of the total busy time spans during T's for all n nodes
to (Tsx n), where the former is given by > . T}”, with

1For clarity, CRUY, refers to the CRU of k total jobs (denoted by subscript),
with each job forked to = copies (denoted by superscript).
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TB denoting the busy time span for node i, 1 <i < n, CRU =

1 n B
Texn > i I

Our proof first considers one job which takes R; rounds, with
the following four cases to be examined:

Case I: No job forking. For only one job without job forking,
HadarE will reduce to Hadar with only one of the nodes
occupied in each round by the job. CRU] in this case is given
by CRU} = R% Zf‘:ll CRU(r), where r, 1 <r < R, refers to
the round number.

Case II: Job forking to x copies (1 < x < n). With the job
forked into x copies, for 1 < x < n, cluster resource utilization
(denoted by CRUY) then rises in a single round, as x nodes (out
of n total nodes) will be running x forked jobs. As x copies
of the job are trained simultaneously (before their obtained
model parameters are consolidated, in preparation for the next
training round), the total number of rounds to complete the
job is reduced accordingly (to equal the ceiling function of the
ratio %). The cluster resource utilization is therefore given by
CRU} = L 21 /T cRU(r). . .

Case IlI: Job forking to n copies. This case forks the job to
n copies, giving rise to CRUT = [Rll/n] S/ crU(r).

Case 1V: Job forking to (n + j) copies. Since only n copies
will be assigned to the nodes in each round, the additional
forked job will not reduce the number of rounds needed to
complete model training, and thus cluster resource utilization
(CRUT"7) is the same as CRU"". By observing equations above,
we have

CRU! < CRU? < CRU} = CRU}H an

where j refers to additional copies of forked jobs beyond n
copies. Eq. (11) signifies that cluster resource utilization under
a single job is maximum when the job is forked into n copies,
serving as the initial step of our proof.

Let’s assume that Eq. (11) is true for k (> 1) jobs with Ry
total rounds and the CRU of CRUj. We have

CRU}, < CRU} < CRU} = CRU}™. (12)

Next, the derivation of C RUj 1 under k + 1 jobs is provided
by considering the additional job, as follows. For simplicity,
let the additional job be the last one. The job can then be
viewed as what we examined above for the single job situation,
with R; rounds to complete without forking. If the last job
for scheduling is not the additional one, the same conjectural
process holds.

For k + 1 jobs forked into x copies, CRUy ; and CRU}
are similar when number of forked jobs is greater than or equal
to number of nodes, n < [(k 4 1) * z], but CRU}, ; decreases
significantly than CRUy, for each additional round when
[(k + 1) * z] < n. Evidently, for the latter case, the total number
of rounds to complete the remaining jobs when forked into x
copies is higher than when forked into n copies, so the CRU}, |
over the entire process reduces along with each additional round
of the process. For example, assume only one job is remaining
when (k*x) <n, and it takes R]° rounds to complete the
remaining job when forked into n copies, then the remaining

job will complete in [@—‘ rounds when forked into x copies.
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The CRU for the remaining rounds (without considering the
overheads) is %% (or 100%) when forked into x (or n)
copies. Thus, CRU}, ; is higher than CRU}, ;. Similarly, for
jobs without forking, when number of jobs is less than num-
ber of nodes ((k + 1) < n), the CRU in each round (without
considering overhead) is 1*1%9%_ With the aforementioned fact
about the CRUs of k + 1 jobs under different cases (without
forking, every job forked into x copies, every job forked into
n copies, and every job forked into = 4 j copies) and the facts
of Egs. (11) and (12), we infer that CRU is smaller without
job forking than with every job forked into x copies and that
the maximum CRU is obtained when each job is forked into n
copies, arriving at

CRUj,; < CRUf,; < CRUJ; =CRU}TY. (1)

Since Eq. (11), the base case, is true, and Eq. (12) is assumed
to be true for proving Eq. (13), we conclude that the maximum
CRU, is attained when each job is forked to n copies, yielding

CRU;,, < CRU%, < CRU”, = CRUT| (14)
where m is any number of jobs in a batch. |

Corollary: Under HadarE with every job forked to n copies
in an n-nodes cluster, no idle node exists in any scheduling
round but possibly the last one.

For every job, there are n forked jobs. Each of the n copies
can be assigned to one of the nodes. So, every node will get a
forked job to complete in each round. Nodes will never be idle
if all nodes are needed to complete remaining jobs. Hence, only
the last round of the entire training course may a node be idle,
and any earlier round will have every node assigned with one
remaining job.

VI. EVALUATION ON PHYSICAL CLUSTERS

Extensive experiments are conducted to evaluate HadarE on
physical GPU clusters either leased from the AWS (Amazon
Web Services) Cloud (called the AWS cluster) or available at
our research lab (called the testbed cluster), for comparison with
Hadar and Gavel.

A. Experimental Setup

The AWS physical cluster comprises five nodes located in the
same AWS region to keep the network latencies low, including
one p3.2xlarge node equipped with a Tesla v100 GPU having
16 GB on-board VRAM, two p2.xlarge nodes each equipped
with a Tesla K80 GPU having 12 GB on-board VRAM, and two
g4dn.xlarge nodes each equipped with a Tesla T4 GPU having
16 GB on-board VRAM. Meanwhile, the heterogeneous testbed
cluster available in our lab includes five nodes equipped respec-
tively with Nvidia Titan RTX GPUs (24 GB VRAM), Tesla
T4 GPU (16 GB VRAM), Nvidia T400 GPU (4 GB VRAM),
GeForce RTX 3090 GPUs (24 GB VRAM), and Nvidia RTX
A2000 GPU (6 GB VRAM). While some cluster nodes have
two GPUs each, our evaluation always utilizes one GPU for
every node.
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TABLE IV

DETAILS OF FIVE DL MODELS EMPLOYED TO CONSTRUCT WORKLOAD
BATCHES RUN ON PHYSICAL CLUSTERS FOR EVALUATION

Training Job Model Dataset Size
Image

Classification (IC) ResNet-18 [30] CIFAR-10 [32] S
Language .

Modeling (LM) LSTM [33] Wikitext-2 [34] L
Language Multi30K [37]
Translation (LT) Transformer [36] (de-en) L
Recommendation

System (RS) Recorder [41] ML-20M [42] XL
MiMa Weather Encoder-Decoder Mesonet [44] and M
Predictions (MM) Transformer [39], [40], [43] | WRF-HRRR [45]

B. Workloads and Datasets

Experiments are undertaken under five distinct DL models,
with four of them present in a Microsoft trace [38] and the fifth
for predicting weather parameters, called the Encoder-Decoder
Transformer model [39] [40]. Those DL models are summa-
rized in Table IV, and they cover different applications with
their dataset sizes ranging from S (small) to XL (extra large),
same as trace-driven evaluation. The experiments are performed
under batches of seven workload mixes, which involve various
numbers of DL models, ranging from 1 to 12. Specifically,
workload mix-1 (M-1) involves just one MiMa weather pre-
diction model, whereas workload mix-3 (M-3) contains one
Language Translation model and two MiMa models, denoted
by <LT, 2xMM>. Other five workload mixes are: M-4 = <IC,
LM, LT, MM >, M-5 = <IC, LM, LT, RS, MM >, M-8 = <IC,
LM, LT, RS, 4xMM>, M-10 = <IC, LM, LT, RS, 6xMM>,
and M-12 = <IC, LM, LT, RS, 8 xMM>.

C. Evaluation Results

We conducted experiments to compare Hadar and HadarE
against the best previous DL scheduler, Gavel [10], in terms of
performance metrics of interest, including cluster resource uti-
lization (CRU), the total time duration (TTD) taken to complete
a batch of jobs, and the average job completion time (JCT) of
all jobs.

Cluster Resource Utilization (CRU). CRU refers to the
ratio of the total busy times of all cluster nodes over the allo-
cated time slots of all nodes. Fig. 8 compares the resource uti-
lization result of three schedulers, Gavel, Hadar, and HadarE.
As evident by the Fig. 8 Hadar exhibits greater cluster resource
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Comparison of cluster resource utilization among Gavel [10], Hadar [1], and HadarE for AWS and testbed clusters.

utilization than Gavel, enjoying cluster utilization gain of 1.20x
(or 1.21x) in comparison with Gavel on the AWS (or testbed)
cluster, as can be observed in 8(a) (or 8(b)). HadarE achieves
a 1.56x (or 1.62x) performance gain on average against Gavel
on AWS (or testbed). Apparently, the CRU gain of HadarE is
dictated by the difference between the number of training jobs
left and the cluster node count. For example, if just one job
is left to be trained on a 5-node cluster, four nodes are idle
under all schedulers but HadarE, which lets five copies of the
remaining job run concurrently on all nodes to get the highest
CRU utilization possible.

Total Time Duration (TTD). The TTD results of seven
different mixes of workloads under AWS and testbed clusters
are illustrated in Fig. 9. From the figure, it is clear that Hadar
outperforms its counterpart, Gavel, in having smaller TTDs
to complete all training job(s) under every workload mix on
both physical clusters. For example, Gavel takes some 4200
seconds (or 3300 seconds) to finish the M-5 workload mix
versus 3900 seconds (or 2800 seconds) required by Hadar on
the AWS (or our testbed) luster, to enjoy the training speedup
of 1.18x (or 1.15x), as shown in Fig. 9(a) (or Fig. 9(b)). For
all the seven workload mixes, Hadar on average exhibits the
speedup of 1.17x (or 1.16x) on the AWS (or testbed) cluster, in
comparison to Gavel. Note that the performance gaps between
Hadar and Gavel change insignificantly across all workload
mixes, because if a given mix sees the cluster node(s) idle under
Gavel, the mix is expected to idle the cluster node(s) under
Hadar as well.

As expected, HadarE achieves further performance gains
against Hadar (or Gavel), to yield the mean speedup of 1.79x
(or 2.12x) over all seven workload mixes. It is due mainly to
forking every training job to multiple copies so that a job can be
trained on multiple nodes simultaneously to shorten the TTD.
This way lets HadarE achieve more pronounced performance
gains for workload mixes that cause Gavel and Hadar to idle
cluster nodes.

Average Job Completion Time (JCT). As demonstrated
in Fig. 10, Hadar consistently exhibits smaller JCT values than
its previous counterpart, Gavel, for all seven workload mixes
(with 1 to 12 training models) under both AWS and testbed
clusters. Given the workload with 5 training models (M-5), for
example, JCT is 1.23x (or 1.43x) smaller for Hadar than for
Gavel under the AWS (or testbed) cluster. The maximal JCT and
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TABLE V
COMPARATIVE INFERENCE QUALITY VALUES FOR MODELS TRAINED
UNDER HADARE VERSUS UNDER HADAR

Training Job Flfill‘(ll(ti;gHadarE) lzlglge(i'rlgzgar) Metric
If?élr%slf:%gn [36] 54.690 52.410 ACC
ICT:s%?ﬁcation [30] 91.620 87.340 ACC
S ation 38700 40300 MSE
11\7?3(%;?1%; [33] 4310 4.460 MSE
Iﬁfélfiiﬁvgﬁ??fé], [40] 0.025 0.028 MSE

the minimal JCT for a given workload mix (with more than one
training model) and a scheduler are indicated by a range mark
on its average JCT bar. For the workload mix with five training
models, as an example, the maximal JCT and the minimal
JCT on the AWS cluster under Hadar equal 2918 seconds and
1210 seconds, respectively, whereas they under Gavel are 3159
seconds and 1283 seconds, according to Fig. 10(a). Across all
seven workload mixes, Hadar enjoys 1.17x (or 1.23x) shorter
JCT on average, when compared with Gavel, under the AWS
(or testbed) cluster, according to Fig. 10(a) (or Fig. 10(b)). As
expected, HadarE exhibits further JCT reduction in comparison
to Gavel, yielding JCT reduction by 2.23x (or 2.76x) under
the AWS (or testbed) cluster. It also enjoys substantial JCT
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Sensitivity analysis on the network latency of HadarE in testbed

reduction, in comparison with Hadar for both AWS and testbed
clusters, due to its effective boost in resource utilization. In fact,
the reduction degrees from HadarE to Hadar are observed to be
consistently far larger than those from Hadar to Gavel, under
both clusters. Interestingly, the JCT range of every workload
mix (with more than one training model) is more confined under
HadarE than under Gavel (and Hadar as well) for both clusters,
due to the highest node resource utilization under HadarE to
let any training job be executed on multiple nodes concurrently
and to leave no node idle, as long as job copies still exist for
training.

Model Quality. HadarE accelerates training workload mixes
and thus shortens average JCT substantially, by forking every
DL training job (model) so that multiple cluster nodes can train
a sgiven model concurrently for the highest CRU values. Amid
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training speedups, HadarE is found to obtain trained models
able to exhibit higher inference quality levels than those trained
by Hadar, as illustrated in Table V. All the five DL models
trained for workload mix M-5 under the two schedulers on our
testbed cluster are compared for their inference quality results,
in terms of accuracy (ACC) and mean squared error (MSE).

The quality metric of ACC (or MSE) is for the language
translation model [36] and the image classification model [30]
(or the remaining three models); see Table V. It is found that
the language translation model trained by HadarE achieves
higher accuracy at 54.69%, in contrast to 52.41%. Likewise,
HadarE trains the encoder-decoder transformer model to
yield the smaller MSE of 0.025 versus 0.028 for the model
trained by Hadar. Interestingly, HadarE trains all the five
DL models to deliver higher quality than Hadar consistently,
despite its training speedups, possibly resulting from its use
of heterogeneous cluster nodes to train models with more
powerful ones undertaking larger number of steps before
model parameter aggregation and consolidation (described
in Section V-B) for better model generality. Note that the
DL models trained under other workload mixes (e.g., M-8,
M-10, etc.) enjoy similar inference quality advantages by
HadarE than by Hadar, so do the models trained on an
AWS cluster.

D. Network Latency Sensitivity Analysis

HadarE, for distributed DL training, is inherently susceptible
to network latency caused by traffic congestion or switching
(within the same enterprise) delays. The experimental testbed

clusters used in this study reside within the same local network,
with negligible communication latencies; therefore, no signifi-
cant latency effects were observed. However, in scenarios where
working nodes are geographically distributed, network latency
may have noticeable impacts on key metrics, such as TTD and
JCT. To simulate such cases, various network delays (up to 200
microseconds) were introduced to pairs of nodes for evaluating
HadarE’s sensitivity to latency. Fig. 11 illustrates the additional
time incurred for JCT and TTD under the microsecond latency
scales. It should be noted that a typical network switch has
a latency of < 5 ps in practice, suggesting our experiments
are in scenarios where working nodes are situated far apart.
Introducing a 100 us delay increased JCT and TTD time by
approximately 2%, while a 200 us delay led to their time rises
of about 2.5% and 5.5%, respectively. In more extreme cases,
with a latency of 100 ms (not shown in Fig. 11), JCT (or TTD)
increased by around 4% (or 6%). These results demonstrate that
HadarE remains largely resilient to the network latency, as per-
formance degradation remains negligible even under unusually
significant delays.

E. Impact of Time Slots

Models are trained under HadarE on rounds of a fixed slot
time span, as under Hadar. Upon completing the assigned num-
ber of training steps for a model or when the slot time expires,
a cluster node notifies the Job Tracker (depicted in Fig. 7) of
its obtained model parameter values and training progress in
terms of the finished training step count, for model aggregation
and consolidation therein before scheduling the next round of
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training job assignments, as detailed in Section V-B. Intuitively,
the training performance of a given workload mix is expected
to be impacted by slot time length, with a smaller length to
have better performance because the workload is then better
distributed across all cluster nodes. However, HadarE involves
overhead due (1) mainly to communications between the Job
Tracker and every assigned cluster node and (2) slightly to
model aggregation and consolidation, making an excessively
short slot time unfavorable. As a result, its best training perfor-
mance (with the highest CRU) is expected to vary for different
workload mixes, as demonstrated in Fig. 12. From Fig. 12(a)
(or Fig. 12(b)), training performance peaks at the slot time of
360 seconds for large workload mixes, namely, M-8 to M-12
on the AWS cluster (or M-5 to M-12 on our testbed cluster),
as somewhat expected. When the slot time shrinks below 360
seconds, the overhead amounts then dwarf the benefits due to
better workload distribution among cluster nodes. For small
workload mixes, on the other hand, a short slot time yields
the highest CRU, as can be observed for M-1 to M-5 (or M-
1 to M-4), to enjoy the best training performance under the
slot time of 90 seconds on the AWS cluster (or our testbed
cluster).

Like HadarE, Hadar also incurs communication overhead
between its Scheduler and assigned cluster nodes (see Fig. 2),
albeit at a lighter degree due to fewer jobs involved (without
forking). Unlike HadarE, it is free from model aggregation and
consolidation. The CRU results of various slot time spans for
workload mixes trained on the AWS cluster (or our testbed
cluster) under Hadar are depicted in Fig. 13(a) (or Fig. 13(b)). It
is observed from Fig. 13(a) that CRU results on an AWS cluster
are the largest under a short time slot of 90 or 180 seconds for all
workload mixes, except M-3 (which peaks under the time slot of
360 seconds). This is expected because Hadar incurs a lighter
overhead than HadarE to favor a shorter time slot. On our
testbed cluster, whose three nodes (out of five) have relatively
old motherboards with slow PCle 3.0 to suffer from larger com-
munication overhead; however, CRU results peak at a long slot
time of 360 seconds for M-5 to M-12, as illustrated in Fig. 13(b).
For small workload mixes (of M-1 to M-4), however, the best
training performance is achieved under the shortest slot time of
90 seconds, partially because DL models can be trained mostly
on cluster nodes with new motherboards to have PCle 4.0 that
curbs communication overhead, thus making better job work-
load distribution, which outweighs increased communication
overhead.

VII. CONCLUSION

This paper has treated a novel task-level heterogeneity-aware
cluster scheduler, Hadar, which aims to optimize such perfor-
mance metrics as cluster resource utilization, total time dura-
tion, and average job completion time. The novel scheduler
is formulated into an optimization problem for its solution,
utilizing the primal-dual framework for task-level resource allo-
cation across both temporal and spatial dimensions. A theoret-
ical analysis on the proposed scheduler has been undertaken
to show its polynomial runtime and a long-term performance
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guarantee with a bounded competitive ratio for job utility,
implying approximate optimal solutions within proven con-
stant bounds. Leveraging the dynamic programming structure,
Hadar generates optimal scheduling decisions effectively. In
addition, Hadar is enhanced by forking each job into multi-
ple copies to let jobs trained concurrently on heterogeneous
GPUs resided on separate cluster nodes to further boost CRU
levels and thus shorten the total time duration, arriving at
HadarE. Besides considerable training acceleration, HadarE is
also shown to train DL models with high inference quality than
Hadar.
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