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Abstract

Preemptive scheduling is gaining attention in GPU scheduling for
distributed training because it reduces job completion times (JCT).
However, our analysis of production traces reveals that, surprisingly,
it can increase JCT in practice. We identify two key contributors to
this inefficiency. First, preemptions become “futile” when a job is
preempted right after being loaded, before it begins execution. We
find this futile preemption wastes the load time and so inflates JCT
~1.6X. Second, existing GPU schedulers run at fixed intervals (e.g.,
360 s) rather than upon new job arrivals or when a job completes.
So, new jobs must wait until the scheduler kicks in, which, we
find, increases JCT ~2.6X. To address the problems, we introduce
Lazer, a novel job scheduler that predicts when to preempt jobs
based on job-specific and cluster conditions. Lazer is designed to
efficiently explore the scheduling space and adapt to diverse job and
GPU cluster characteristics based on Bayesian optimization. Our
extensive evaluation shows that Lazer significantly outperforms
state-of-the-art schedulers—reducing JCT by 1.2x-233.3%, waiting
time by 2x-11690X, and futile preemptions by 23xX-67X.
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1 Introduction

Recently, deep learning models have grown significantly in size,
necessitating distributed training across multiple GPUs to accel-
erate the execution [8, 30, 31, 36]. Distributed training (DT) jobs
are typically executed on GPU clusters built to handle intensive
GPU demands. When a DT job is submitted to the cluster, the job
is placed in the waiting queue (WQ). Then, the cluster scheduler
determines which job to execute on GPUs, taking into account the
available GPUs in the cluster. The scheduler launches a job when
the required number of GPUs is allocated.

Job completion time (JCT) is the time from a DT job’s arrival at
the GPU cluster to its completion [29], which consists of: 1) waiting
time in WQ and 2) training time on multiple GPUs. As JCT is a
key performance metric for scheduling DT jobs, GPU schedulers
aim to reduce it. Preemptive scheduling pauses a running job and
executes a new one, hoping that preemption reduces each job’s JCT.
For example, shortest remaining time first (SRTF), a representative
scheduler, runs at every new job arrival and computes the remaining
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execution duration of each job in WQ. If a job in WQ has a shorter
remaining duration than the running job, the scheduler pauses the
running job, saves its training state, and executes the shorter job
on the GPUs. When a long job occupies the GPUs, shorter jobs that
arrive later must wait in WQ, so their JCTs increase. Thus, most DT
scheduling studies use SRTF to reduce JCT [9, 10, 12, 24]. However,
our experiments using real-world production traces reveal that
SRTF can actually increase JCT by 1.6x than the non-preemptive
scheduler (shortest job first, SJF, to be explained in §3.2).

Our in-depth analysis shows that this increase in JCT is largely
due to what we term “futile preemptions.” A futile preemption
occurs when the scheduler pauses a low-priority job (j;, with long
remaining duration) and begins loading a high-priority job (j2, with
short duration), but before j, can start execution, a higher-priority
job (j3, with shorter duration) arrives and preempts j;. As a result,
the loading time for j, is wasted. Our analysis on the production
trace [11] shows that such futile preemptions account for 35 days
of GPU wastes (§3.2), which roughly corresponds to US$580K. In
contrast to typical CPU schedulers where preemption takes a few
microseconds [33] to a few seconds [5], preemption among DT jobs
often requires several to tens of minutes to allocate GPU memory
and load multi-gigabyte model parameters [16]. To our knowledge,
this paper is a first to identify the futile preemption in DT jobs.

Previous studies [26, 28, 39] use SRTF but execute the scheduler at
fixed intervals (e.g., 360 s). These fixed-interval approaches can help
reduce futile preemptions by avoiding immediate job preemption
(e.g., j» above) until the next scheduling interval. However, our
experiments show that they can significantly increase the waiting
time ~34.5X than the non-preemptive scheduler (SJF) because they
cannot adapt to varying job arrival patterns. Consequently, JCT
becomes ~2.6x longer than the non-preemptive SJF.

To address the preemption challenge, we propose Lazer, a new
DT job scheduler designed to reduce both futile preemptions and
waiting time. The key idea behind Lazer is to introduce “prediction”
into the scheduler by determining when to preempt each job, rather
than applying a static, fixed interval uniformly to all jobs regardless
of their characteristics. To accommodate varying job-specific char-
acteristics (e.g., job load time) and dynamic GPU cluster conditions
(e.g., job arrival interval), Lazer is designed to incorporate the job
dynamics into the prediction of scheduling decisions.

Specifically, Lazer selects which jobs to preempt based on job pri-
orities and GPU demands. Then, it predicts an optimal deferral time
for scheduling the selected jobs. The prediction in Lazer is based
on Bayesian optimization (BO), into which job- and cluster-level
dynamics (e.g., inter-job arrival times, remaining durations, and
GPU load times) are incorporated. Our goal is to make Lazer robust
and efficient for dynamic DT workloads and cluster conditions (§4).

We design and implement Lazer and evaluate its performance on
1) physical GPU clusters and 2) large-scale simulations using real-
world job traces. The major contributions of Lazer are as follows:
o Identify and characterize futile preemptions in DT job scheduling,

revealing their negative impact on JCT.

e Propose a novel scheduling deferral mechanism by BO.
e Achieve 1.2x-8.8%X lower JCT, 1.1X-22.2X shorter waiting time,

zero futile preemptions, and ~6.4x higher GPU utilization on a

physical testbed. In large-scale simulations (4850X more jobs, 32X
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Figure 1: DT job scheduling in typical GPU clusters.

more GPUs), it further achieves 2x-233.3% lower JCT, 2X-11,690%
shorter waiting time, and 23x-67x fewer futile preemptions.

2 Background

DT job scheduling. Fig. 1 shows the DT job scheduling workflow
in a GPU cluster, where each server is assumed to have four GPUs
for simplicity. Users submit DT jobs by specifying the number of
required GPUs, and the jobs are placed into WQ. The scheduler
typically runs when a new job arrives or a running job completes.
It selects the next job based on a policy, which can be either non-
preemptive or preemptive. For example, shortest job first (SJF), a
representative non-preemptive policy, prioritizes shorter jobs and
executes them to completion without preemption.

However, this strategy can increase the JCT of short-running
jobs when long jobs—such as large language model training that
can take over 88 days [15]—are scheduled first, leading to longer
waiting time (part of JCT). To mitigate this, preemptive scheduling
is widely used to reduce JCT and accelerate training [10, 35, 39]. For
example, SRTF, a representative preemptive policy, prioritizes jobs
with the shortest remaining duration and can preempt a running
job only when a shorter one arrives.

Note that both SJF and SRTF require a prior knowledge of a job’s
remaining duration. It can be obtained from past training traces or
prediction models, as demonstrated in previous studies [20, 35, 39].
When a GPU job is preempted, the scheduler updates its remaining
duration by subtracting the elapsed GPU training time.

Job lifecycle. Fig. 2 shows the lifecycle of DT jobs under preemptive
scheduling. Upon arrival, a job (jx) waits in the queue until the
required GPUs become available (D).

Once available, the scheduler loads the model structure and pa-
rameters onto the GPUs (@ during £ ), and then the job begins
training (®). If another job (j,,) with higher priority (i.e., shorter
remaining duration) arrives during ji’s training, the scheduler pre-
empts jx by pausing its training and saving checkpoints (e.g., model
parameters and optimizer states) to storage (@, px ;). The preempted
job is re-enqueued to WQ, incurring additional waiting time ().
However, j,, must wait for ji to complete its pause-and-save stage
(®), after which j, is loaded onto the GPUs (@, #,1) and begins
training (®). Later, when ji is selected (maybe after j,, terminates),
it resumes first by loading its model checkpoints (@, #,) and then
continues training (19). If another higher-priority job arrives, ji is
paused again (@, pk2). So, the JCT of ji is as follows:

Wi + L + T + Py, (1)
where each term in Eq. (1) denotes the total time spent in the
corresponding phase: waiting (W, @ + ®), loading (Lg, @ + @),
training (T, @ + @), and pause-and-save (Px, @ + @)

3 Motivating Experiments

3.1 Setup

As the workload for our experiments, we use Earth [11], a recent
production trace collected from the Helios GPU clusters. We use the
Earth trace because it spans a broader, more diverse range of work-
loads over a six-month period, compared to other traces collected
over shorter durations (e.g., 83 days [14]-2 months [34]). Note
that the other traces exhibit similar overall trends and consistent
insights (§5). Since the trace does not include model type informa-
tion, we follow prior studies [25, 35] and randomly assign one of
seven representative models—ConvNeXt, EfficientNet, VGG19, ViT,
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Swin Transformer, Conformer, and TNT—to each DT job in the

trace. These selected models cover traditional convolutional neural

networks to recent transformer and multi-modal architectures.
Also, we compare five SOTA schedulers:

o SJF: Non-preemptive policy prioritizing shorter jobs. The sched-
uler runs on job arrival or completion.

o SRTF: Preemptive policy prioritizing shortest remaining jobs. It
runs under the same conditions as SJF. This policy is used in
Tiresias [10], A-SPRT [20], GPARS [32], and ARES [19].

e Pollux [28]: SRTF-like scheduling, but does not invoke it on job
arrival or completion. Instead, it is triggered every 60 s. Sia [13]
uses the same interval, so we report Pollux as representative.

e Muri [39]: Similar to Pollux, but triggered every 360 s. Gavel [25]
uses the same interval, and thus we report Muri as representative.

e Optimus [26]: Similar to Pollux, but triggered every 600 s.

There are other schedulers that run periodically, such as Lyra [17]

and FFT [23], but their intervals are not specified. So, we focus on

the five representative schedulers above for our experiments. We

use the widely adopted Tiresias GPU cluster simulator [10, 39].

3.2 Limitation of SOTA Schedulers
Poor JCT. To evaluate scheduling performance, we run the DT jobs
from the trace under different policies (schedulers) and measure
their JCT. Fig. 3 presents the median JCT and its breakdown into
four components: Ty, Ly, P, and Wy as defined earlier. Note that SJF
includes only Ty, Ly, and Wy, as it is a non-preemptive policy and
does not incur P. Compared to non-preemptive SJF, the preemptive
policies (SRTF, Pollux, Muri, and Optimus) show 1.6X, 2.1X, 2.1X,
and 2.6X longer JCT than SJF, respectively. It is quite surprising
that our results contradict the common belief in which preemptive
scheduling improves JCT over non-preemptive approaches [9].
We now analyze the individual components of JCT. First, Ty
(training time) remains consistent across all scheduling policies,
indicating that the JCT increase in preemptive policies stems from
other components. Second, for L. (load time), preemptive policies
show, on average, 20.6X higher values than SJF. For example, Pollux
and SRTF increase Ly by 126 s and 113 s each, while Muri and
Optimus add 44 s and 26 s. This suggests that Ly is a key contributor
to the increased JCT. Third, Py (pause-and-save time) accounts for
the smallest portion of JCT, averaging only 8 s across all policies
(~1.6% of total JCT), and is often visually negligible in the figure.
Fourth, preemptive policies incur ~19X higher Wy (waiting time)
than SJF. Specifically, Wy accounts for 31%, 49%, and 61% of total
JCT in Pollux, Muri, and Optimus, each, compared to only 5% in SJF.
This highlights W, as another major contributor to JCT degradation.
Next, we examine the root causes of the increases in L, and W.
Cause 1: L; increase due to futile preemption. Our in-depth
analysis of the experiment results and traces reveals that L can
increase unnecessarily in the following scenario. Consider a job j;
currently running on the GPUs when a new job j; arrives. Let T/
denote the remaining duration of ji. If j, has a shorter remaining
duration T, < T}, the preemptive scheduler pauses j; and begins
loading j,, incurring an overhead of p; + £. Now, assume that
before j, begins training, a third job j; arrives with even shorter
remaining duration T, < T,. The scheduler then preempts j, for js,
even before j, starts training. As a result, ¢, is entirely wasted, since
the loaded j; is not trained. This phenomenon, which we refer to
as futile preemption, leads to an unnecessary increase in L.
Formally, futile preemption occurs when the following two con-
ditions hold. Let AAg,y = Ay42 — Ar41 denote the inter-arrival time
between jobs jk4+1 and jk4z. A futile preemption occurs if:
o The new job has the shortest remaining duration; and
o It arrives during the load phase of the previously scheduled job.
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Figure 2: Four stages between jobs with
preemption.

These conditions can be expressed as:
Ty <Toy <T  pr < AArsz < Pic + b 2)
We find that futile preemption is quite prevalent in Earth trace.
We measure the fraction of GPU time wasted due to futile preemp-
tions relative to the total GPU time. Here, GPU time refers to the
total execution time accumulated across all GPUs, a commonly used
metric in other works [10, 22]. Fig. 4 presents the results: Pollux and
SRTF waste up to 13% and 10% of the total GPU time, respectively,
due to futile preemptions. This overhead contributes directly to the
increased Ly portions in JCT observed in Fig. 3. Note that the 13%
waste corresponds to 512 GPUs running for 35 days, based on the
trace—a significant amount of computational time caused solely by
futile preemptions.
Cause 2: W, increase due to scheduler activation. We analyze
the increase in Wy, under preemptive policies and find that the cause
is delayed scheduling decisions. Pollux, Muri, and Optimus invoke
their schedulers at fixed intervals (every 60 s, 360 s, and 600 s, each).
As they do not make scheduling decisions immediately upon job
arrival or completion, high-priority jobs must wait until the next
scheduling cycle. This delay results in longer Wy compared to poli-
cies like SJF and SRTF, which respond instantly. Fig. 5 shows the
median W for each scheduling policy, normalized to SJF (i.e., values
> 1 indicate higher waiting times). As the scheduler activation in-
terval increases, Wy grows significantly: Pollux, Muri, and Optimus
exhibit increases of 14.2%, 22.2X, and 34.5X%, respectively, compared
to SJF. In summary, we find that existing policies are ineffective due
to futile preemptions and delayed Wj. Thus, our goal is to design a
new scheduler that overcomes the two key challenges: Ly increase
and W increase.

4 Lazer Design

We now introduce Lazer, a novel scheduler designed to minimize
futile preemptions and W. Lazer consists of three key components:
1) scheduling orchestrator that selects which jobs to run, 2) de-
ferral predictor that predicts optimal deferral time (X) to avoid
futile preemptions, and 3) completion handler that mitigates GPU
underutilization. Fig. 6 and Alg. 1 show the Lazer workflow.
Lazer on new job arrival. When a new job (jnew) arrives (line 1
in Alg. 1), Lazer identifies whether j,ew has higher priority than
the running jobs, in which case Lazer preempts those jobs to run
Jnew- Lazer maintains running queue (RQ) to hold the running job
status such as remaining duration and GPU demands (i.e., number
of GPUs being used). Specifically, the scheduling orchestrator (€
in Fig. 6) identifies the preemption candidate J,, a subset of running
jobs in RQ that can be paused in favor of jpey (line 2 in Alg. 1).
The jobs in J, must satisfy both of the following conditions: they
have lower priority (i.e., longer remaining duration) than jpey, and
the total GPUs released by J,- should be sufficient to meet the GPU
demand of jyew-

If the scheduling orchestrator fails to find J,, it means that jnew
either has lower priority than all running jobs or cannot secure
enough GPUs. Then, jnew is enqueued into WQ without further
scheduling (line 3), and the scheduling orchestrator stops. Jobs in

Figure 3: Medlan JCT and
its breakdown.

Figure 4: Ex1stence of
futile preemptions.

Figure 5: Medlan W
(normalized to SJF).

WQ will be reconsidered later when GPUs become available upon
job completion (see “Lazer on job completion” below).

If J, is identified, Lazer invokes the deferral predictor (@ in Fig.
6) to estimate X (line 4). We design the deferral predictor using BO,
which takes into account DT job and GPU cluster characteristics,
such as inter-job arrival times. If the predicted X is 0, the preemption
proceeds without deferral: the jobs in J, are paused and enqueued
into WQ, and jpeyw is loaded for execution (line 5).

On the other hand, if the predicted X > 0, the preemption is
deferred for X seconds as follows. First, jnew is moved to the deferred
waiting queue (DWQ), and J; jobs are moved to the deferred running
queue (DRQ). Note that the jobs in DRQ continue to run. This
mechanism prevents the jobs in the current preemption candidate
from being reconsidered during the scheduling of another newly
arriving job within X (details will be explained later). After X, J;
jobs in the DRQ are returned to RQ, and jpey is removed from the
DWQ (line 7, details in §4.2).

Lazer then re-invokes the scheduling orchestrator (line 8). This
is because running job states may change during deferral—e.g., the
remaining durations of J, jobs decrease or some jobs are completed.
So, the orchestrator re-identifies whether jnew can now preempt a
new set of running jobs (J;2). If no J;; is found, jpey is moved to WQ
(line 9). As explained, WQ jobs will be considered in “Lazer on job
completion” below. Otherwise, Lazer conducts scheduling—pauses
Jr2 jobs, enqueues them to WQ, and loads jpey (line 10).

Note that during X, another new job (jnewz) may arrive. In this

case, Lazer invokes the scheduling orchestrator as before. Because
the jobs selected for deferral have already been moved to the DWQ
and DRQ (line 7 before), they are excluded from the scheduling
candidates for jyewz, which are only from WQ and RQ.
Lazer on job completion. When a running job completes, Lazer
invokes the completion handler (@ in Fig. 6, line 11 in Alg. 1) to
consider WQ jobs for execution. Jobs enter WQ when, at their
arrival time, they have lower priority than the running jobs or
there are not enough GPUs available (as explained in “Lazer on new
job arrival” above). Since running jobs continuously decrease their
remaining duration, their priority increases over time. In contrast,
jobs in WQ retain the same remaining duration, and their priority
does not change from the time they are enqueued. Thus, WQ jobs
cannot preempt a running job unless one completes and releases
GPUs. So, the completion handler considers WQ jobs only when at
least one running job finishes and frees up GPUs.

Specifically, the completion handler identifies the GPUs secured
from the completed job (line 12). Then, it selects jobs from WQ
whose GPU demands fit within the secured GPUs (lines 13-17). The
jobs are scheduled in order of the shortest remaining duration, until
all GPUs are utilized. The following subsections explain the details
of the scheduling orchestrator and the deferral predictor. !

4.1 Scheduling Orchestrator
For the given jneyw, the scheduling orchestrator finds J. that satisfies
the following two conditions:

The completion handler is fully explained here and is not discussed in a separate
subsection, considering the space constraints.
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Figure 6: Lazer overview.

Algorithm 1 Lazer scheduling procedure.

1: procedure ON NEW JOB ARRIVAL(jnew)

2: J» < SCHEDULINGORCHESTRATOR(jpew)

3 if J, = 0 then Enqueue jyey into WQ; return
4 X « DEFERRALPREDICTOR(jnew, Jr-)

5: if X = 0 then Pause-and-save all J,-; load jpew
6: else

7 Launch DEFERRALTHREAD(jnew Ji-» X)

8 Jr2 < SCHEDULINGORCHESTRATOR (jpnew)

9 if J2 = 0 then Enqueue jpey into WQ

10 else Pause-and-save all J,; load jpew

1: procedure ON JoB COMPLETION(jZ)

12: secured_gpus < GPUs released by J

—_

13: Sort WQ in ascending order of remaining duration
14: for all j,, € WQ do

15: if Demand(j,) < secured_gpus then

16: Load and start j,,

17: secured_gpus < secured_gpus — Demand(j,y,)

Algorithm 2 Scheduling orchestrator algorithm (§4.1).

1: function SCHEDULINGORCHESTRATOR(jnew)
2: Jr — 0; avail_gpus « 0
3: Sort RQ jobs by descending remaining duration (T]’i)

4: for all J! € running_jobs do
5: if ijnew < T]/ ; and avail_gpus < Demand(jyew) then

Jre=Jy {]rl } .
avail_gpus « avail_gpus + Demand(J}})
if avail_gpus < Demand(jnew) then return 0

6
7:
8
9 return J,

e Preemption condition: The new job jpew should have shorter
remaining duration (Tj’new) than J; jobs.
e GPU capacity condition: Pausing jobs in J, should secure enough

GPUs to meet jyew's demand (Demand (jpew))-

Alg. 2 shows the procedure of the scheduling orchestrator. It be-
gins by sorting running jobs in descending order of their remaining
durations (line 3). Then, in line 4, it iteratively scans each running
job Ji (longest first) and adds it to J, if preemption and GPU capac-
ity conditions are met (lines 5-6). Note that we aim to secure just
enough GPUs from the selected running to closely match jpew’s
GPU demand, thereby avoiding unnecessary idle GPUs. If both
conditions are met, avail_gpus is updated (line 7). If no such J, can
be found, the scheduling orchestrator returns an empty set (line 8).
Otherwise, it returns the selected J, (line 9), which is passed along
with jpew to the deferral predictor as input.

4.2 Deferral Predictor

Here, we describe how Lazer predicts X for the given jnew and J,.
The deferral predictor is designed based on BO to accommodate the
dynamic nature of GPU clusters with high variability. BO is known
for fewer search trials, reducing latency compared to traditional
methods such as grid search, random search, and reinforcement
learning [4, 27, 38]. We explain the problem formulation and Lazer’s
BO procedure as follows.

Problem formulation. Our objective is to predict an optimal X
that minimizes futile preemptions without increasing W, as:

X =argmaxy ;) P(f(X | ¢) =0) ®3)
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where [I, h] defines the search space for X, with [ and h denoting the
lower and upper bounds. Eq. (3) seeks a value of X that maximizes
the probability that f(X | ¢) = 0, given a set of context variables c,
such as AA (detailed later). Also, we set [ = 0 to allow for immediate
scheduling when futile preemptions are unlikely. We set h = 100
from observation of real-world traces where a duration of single
futile preemption exceeds 100 s. This choice provides a conservative
margin to ensure BO can explore sufficiently wide intervals.

The f(X | ¢) is defined as Eq. (4) where F represents the expected
duration during which a newly loaded job would be preempted
before it begins training, which indicates the portion of L, wasted
due to a futile preemption.

f(X|c¢)=|X—-F|, whereX,F|c (@)

Thus, Eq. (3) that includes Eq. (4) is to predict X ~ F (X that
closely matches F), so that Lazer assures that scheduling is deferred
only by enough to avoid loading a job that would otherwise be
preempted shortly after. Because X is chosen before scheduling
begins—at a point when we do not know whether a futile preemp-
tion will happen—BO estimates the unknown F using a probabilistic
model (called surrogate) and ¢, which we describe next.

Context variables. We define c to capture GPU cluster and job
characteristics that influence the likelihood of futile preemptions
(T}, AA, pg, and £ in Eq. (2 )) as follows:

c={AAT jnew A jpews MaXke ), Pic} (5)

Here, AA denotes the average inter-job arrival time AA over the

past hour. We empirically choose the one-hour because it yields

the highest BO accuracy in predicting an optimal X on real-world
traces—about ~5% higher than other intervals.

T! and ¢, denote the remaining duration and load time of

Jnew
Jnew respectively. maxge . pi is the maximum pause-and-save time
among jobs in J.. For multiple jobs in J,, we use the maximum value
to conservatively estimate the risk of futile preemption. A futile
preemption occurs when the J, jobs finish their pause-and-save
phase, and during the loading of jpew, another newly arriving job
with higher priority preempts it immediately. If we choose to use
the average or minimum py, the pause-and-save duration may be
underestimated, which could lead to predicting a value of X that
is too short. For example, the deferral may end before the actual
pause-and-save of J, jobs completes, which increases the risk of
futile preemption. Thus, we choose the maximum py, for robustness.
BO workflow. For the given j,ew and J,, the deferral predictor
first computes the corresponding context ¢ at that point in time.
The predictor estimates X using BO, which estimates the unknown
f(X | ¢) via a surrogate model. Fig. 7a illustrates this process: the
red dotted line represents the true (but unknown) values of (X |
c), which we aim to predict, while the solid black line represents
the surrogate model’s prediction. Specifically, we use Gaussian
process (GP) as the surrogate model [21], a de facto standard [1].
The GP predicts the mean (black line in Fig. 7a) and the variance
(uncertainty shown as the blue-shaded region around the black
line) of f(X | ¢). Note that our goal is to find a value of X such that
f(X | ¢) is as close to zero as possible, as defined in Eq. (3). For the
given jnew, Jr, and c, X is predicted with the GP as follows:

1) Bootstrapping: Initially, no prior knowledge is available to build
the GP. Thus, the deferral predictor begins with a bootstrapping

(b) Acquisition
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stage, during which it collects a set of initial samples. Each time
Jnews Jr» and ¢ are given, the predictor predicts X (gray dots in Fig.
7a) from the search space [/, h] (@ in Fig. 7a) using Latin hypercube
sampling (LHS), a widely used method in BO [18]. LHS divides [/, h]
into M equal intervals? and selects one sample from each, ensuring
broad and non-redundant coverage of the search space. The deferral
predictor then defers the scheduling of jyew and J, using the selected
value of X (@). After scheduling, it observes the actual duration F
and computes f(X | ¢) as |X — F| (@), as in Eq. (4). The observed
result is used to update the GP model, refining its approximation
of f(X | ¢) so that the predicted curve (black line in Fig. 7a) better
aligns with the true function (red dotted line). This process repeats
until M samples are collected, providing a broad initial coverage of
the X search space.

2) Acquisition: After initializing the GP, the deferral predictor
explores the space of X, specifically aiming for f(X | c) values
close to zero. When new jpey, J;, and c are provided, BO begins
by identifying the “current best X”, the one with the lowest ob-
served f(X | ¢) among previous samples (gray dots in Fig. 7b).
The deferral predictor then uses an acquisition function to com-
pute the Expected Improvement (EI) score, which estimates the
likelihood that a candidate X will yield a lower f(X | ¢) than the
current best. The EI score is calculated by the GP’s predicted mean
and uncertainty [37]. The lower part of Fig. 7b is the acquisition
function—higher EI values (y-axis) indicate greater improvement
potential.

Because the search space [/, h] is continuous, the predictor sam-
ples five random X values and evaluates their EI scores. From each
of these starting points, it performs local optimization using L-
BFGS [6] on the acquisition function, a gradient-based method
widely used in BO. L-BFGS converges to local optima by iteratively
updating X until the gradient becomes small or no further improve-
ment is observed. Lastly, the X with the highest EI score is selected
(blue dots in Fig. 7b). The predictor then defers scheduling of jnew
and J, by the X. After execution, it measures the actual value of
f(X | ¢) (@) and updates the GP. This refinement improves the GP
accuracy, particularly in promising regions of the search space.

This stage continues until: 1) the GP has been updated 100 times,
which empirically yields sufficient model accuracy; and 2) the EI
score of the selected X falls below 10%, indicating that further search
is unlikely to produce meaningful improvement. These criteria
follow prior studies in system optimization [1, 7].

3) Exploitation: Now, with the GP model sufficiently trained
(Fig. 7c), the deferral predictor queries it to find X that minimizes
f(X | ¢), ideally bringing it close to zero. Since the search space is
continuous with infinitely many possible values for X, the predictor
applies L-BFGS (@) on the GP to efficiently locate an optimal X3
Deferral thread. For each X with juew and J,, Lazer launches a
separate deferral thread to perform the scheduling deferral. Without
this dedicated thread, the scheduling deferral for X would be per-
formed directly by the deferral predictor. Then, any newly arriving
job that invokes the deferral predictor would be blocked until the
ongoing deferral completes. To avoid the blocking, Lazer imple-
ments the deferral thread, ensuring scheduling remains responsive.

The deferral thread moves juew and J. to DWQ and DRQ), sleeps
for X s, then restores J. to RQ from DRQ and removes jyey from
DWQ. If the BO is in the bootstrapping or acquisition stage, it
measures actual (X | ¢) and updates the GP. Then, it invokes the
scheduling orchestrator (Alg. 2).

2We use M = 10, a common setting in BO [18].
3L-BFGS is also used in the acquisition stage on the acquisition function; but in this
stage, it is applied directly to the GP model.
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Table 1: Details of real-world production traces [11].

Trace # of jobs Training time per job Inter-job arrival time

Earth 427K 59.5 min 39s
Saturn 698K 72.2 min 80 s
Uranus 329K 128.1 min 243 s

5 Evaluation

5.1 Evaluation Setup

We evaluate Lazer against SOTA schedulers, SJF, SRTF, Pollux,
Muri, and Optimus. Lazer is implemented in Python (~10K lines
of code). The deferral predictor is built on BoTorch [2], an open-
source BO library developed by Meta. For the surrogate model,
we use SingleTaskGP, which is appropriate for optimizing a single-
objective function (i.e., Eq. (3)). As the acquisition function, we use
LogNoisyExpectedImprovement that accounts for observation noise.
Physical testbed. Our physical testbed consists of four GPU servers
with 16 GPUs (10 NVIDIA RTX 2080 Ti, two TITAN RTX, two RTX
3090, and two V100), connected via 40 GbE. Lazer runs on a dedi-
cated CPU, isolated from the computing resources used by DT jobs.
All jobs are stored on a separate storage server and accessed over
network file system.

On the physical testbed, we run Earth [11], a representative pro-
duction trace of 427K jobs. Because running the full trace takes
several months, like other studies [13, 22], we sample 100 jobs. To
ensure fidelity, we compute each job’s AA and sample jobs that
preserve the original AA distribution, as AA is a key factor in futile
preemptions (Eq. 2).

We evaluate four metrics: 1) JCT, 2) waiting time, 3) futile pre-
emption time, and 4) GPU utilization. The first three are defined in
§2. For each, we report both the median (P50) and 95th percentile
(P95) tail values. GPU utilization is measured as average fraction of
time that GPU cores are active across all DT job executions.
Simulation. We also evaluate Lazer via large-scale simulation, as
described in §3.1. We use three real-world traces—Earth, Saturn,
and Uranus [11] that have different AA characteristics: 39 s, 80 s,
and 243 s, respectively. The details of the traces, such as the number
of jobs, average training time per job, and average inter-job arrival
time, are summarized in Table 1. All DT jobs in these traces are
replayed for the experiments. We report the following metrics: 1)
JCT, 2) waiting time, and 3) futile preemption time. GPU utilization
is not reported as the simulator replays discrete events in time and
does not measure GPU resource usage.

The simulations run in much larger scale than the physical testbed—
4850% more jobs, 3606 longer execution time, and 32X more GPUs
on average—closer to large industrial clusters [11]. This scale differ-
ence explains the gaps between the testbed and simulation results
(§5.3). Aside from scale, all other settings are identical.

Lazer efficiency and scheduling delay. We first evaluate Lazer’s
BO efficiency by comparing the best f(X | c¢) obtained from its
X prediction against those found by random and grid search [3].
Both baselines explore integer-valued X: random search samples
uniformly, and grid search tests values sequentially in steps of
one. We run 100 searches for all three methods with the acquisition
stage’s stopping criterion. Second, we measure the scheduling delay
of Lazer, which includes the entire workflow of Lazer in Fig. 6, and
compare it with other schedulers to demonstrate Lazer’s overhead.

5.2 Results: Physical Testbed

JCT. Fig. 8a presents the median and tail (P95) JCT for each sched-
uler, normalized to Lazer (e.g., 1.2 in y-axis indicates 20% longer
JCT than Lazer). At the median, Lazer achieves the best JCT, outper-
forming SJF, SRTF, Pollux, Muri, and Optimus by 1.3, 1.5%, 2.1X,
5.3%, and 8.8X. At the tail, it continues to deliver the lowest JCT,
with improvements of 1.16X, 1.2X, 1.4X, 2.9%, and 3.8X.
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Figure 8: Experiment results from physical testbed—(a), (b), (c), (¢): | better; (d): — better, (f): < better.

delay.

Table 2: Experiment results from large-scale simulation (scale: min): | better.

. SJF SRTF Pollux Muri Optimus Lazer
Metric Trace
P50 P95 P50 P95 P50 P95 P50 P95 P50 P95 P50 P95

Earth 5.6 12.6 7.4 29.0 9.9 94.5 8.2 244 108 22.9 4.6 10.4
JCT Saturn 5.3 129.5 8.1 595.1 8.7 2260.7 6.6 24.8 9.6 27.1 2.8 13.2
Uranus 14.6 6999.9 9.7 245.6 14.2 10184 11.1 73.9 12.8 68.7 5.9 29.9
ps . Earth 0.2 50.7 1.0 255.0 2.9 1667.9 4.5 286.7 6.9 270.8 0.1 1.1
Waiting time Saturn 0.4 1286.3 1.6 13988.2 3.1 53772.9 4.7  329.6 7.4 4188 0.0 4.6
Uranus 2.9 167529.8 1.8 4835.8 4.4 23585.2 5.82 986.5 8.7 917.1 0.2 88.3
. . Earth 0.0 0.0 1.3 128.0 6.4 252.4 0.0 0.0 0.0 0.0 0.1 4.3
Futile preemption  Saturn 0.0 0.0 4.0 231.8 7.6 377.2 0.0 0.0 0.0 0.0 0.2 5.3
ranus 0.0 0.0 1.7 223.5 2.8 331.2 0.0 0.0 0.0 0.0 0.0 4.7

Waiting time. Fig. 8b shows the median and tail waiting times.
Lazer achieves 1.8%, 2.4X, 4%, 13X, and 22.2x shorter median wait-
ing time than SJF, SRTF, Pollux, Muri, and Optimus. At the tail,
Lazer shows 1.1X, 1.1X, 1.3%, 3%, and 4X shorter time than the five.
Futile preemption time. As shown in Fig. 8c, Lazer eliminates
futile preemption time—achieving zero at both median and tail. In
contrast, SRTF and Pollux incur 2.03 and 8.47 min at the median,
and 5.1 and 8.53 min at the tail.

GPU utilization. Fig. 8d presents the cumulative distribution of
GPU utilization. The x-axis represents utilization, while the y-axis
shows the corresponding percentiles. Lazer consistently achieves
the highest utilization across all percentiles. At the median (P50),
Lazer shows 37.6% utilization, which is 1.3X higher than SRTF and
up to 6.4x higher than Muri. This improvement comes from Lazer’s
ability to reduce idle GPU time caused by both waiting time and
futile preemptions.

5.3 Results: Large-scale Simulation

We report the simulation experiment results in Table 2.

JCT. Lazer consistently outperforms all other schedulers across all
traces at both the median and tail. For Earth trace, Lazer reduces
median JCT by 1.2x (SJF) to 2.4X (Optimus), and tail JCT by 1.2x
(SJF) to 9.2 (Pollux). For Saturn, median JCT improves by 1.9x (SJF)
to 3.5% (Optimus), and tail JCT by 1.9x (Muri) to 171.3X (Pollux).
For Uranus, Lazer achieves 1.6X (SRTF) to 2.5x (SJF) improvement
at the median, and 2.3x (Optimus) to 233.3% (SJF) at the tail.
Waiting time. Lazer also achieves the lowest waiting time across all
traces. For Earth, it reduces the median by 2x (SJF) to 69x (Optimus)
and the tail by 46x (SJF) to 1516 (Pollux). For Saturn, the median
drops to zero, and the tail is 72X (Muri) to 11690x (Pollux) shorter.
For Uranus, Lazer achieves 9% (SRTF) to 44x (Optimus) shorter
median waiting time, and 10X (Optimus) to 1897% (SJF) shorter tail.
Futile preemption time. Lazer outperforms SRTF and Pollux
that suffer from futile preemptions. On average across all traces, it
achieves 23X and 56X lower futile preemption time at the median
compared to SRTF and Pollux, respectively, and 41X and 67X lower
at the tail, again compared to the two.

Comparison with physical testbed. Compared to the physical
testbed, the improvements in large-scale simulation are more sig-
nificant. This is because, in larger clusters with many more jobs,
existing schedulers suffer from longer waiting times and more fre-
quent futile preemptions as many jobs arrive simultaneously. As
Lazer effectively mitigates both waiting and futile preemptions, its

benefits become more significant at larger scale. Note that previous
studies also reported that performance in large-scale simulations
also showed larger improvements than physical testbeds [10, 25].

5.4 Lazer Efficiency and Scheduling Delay
Efficiency. Fig. 8e shows the best f(X | ¢) found by Lazer, random
search, and grid search. BO achieves the lowest f(X | c¢), outper-
forming random and grid search by 1.5x and 1.4x, each. These
results demonstrate that BO finds more optimal values with the
same number of searches, highlighting its superior efficiency.
Scheduling delay. Fig. 8f shows the average scheduling delay
for each scheduler. Compared to SJF and SRTF, which show 3.8
ms average delay, Lazer shows 7.1 ms due to its BO to improve
JCT. However, Lazer significantly outperforms the other schedulers:
compared to Pollux, Muri, and Optimus (20.5 ms on average), Lazer
reduces the delay by 49.1%. Note that the three periodic schedulers
have higher delays because jobs accumulate in the WQ between
scheduling intervals, increasing the computation cost per scheduler
activation. Overall, Lazer provides scheduling delay comparable to
or even better than existing schedulers.

6 Related Work

Many GPU schedulers use preemptive policies, but differ in when
the scheduler kicks in. Tiresias [10], A-SRPT [20], GPARS [32], and
ARES [19] trigger scheduling upon every job arrival or completion,
which we evaluate in SRTF. Also, fixed-interval schedulers activate
scheduling at periodic intervals; for instance, Pollux [28] and Sia
[13] with 60 s, Muri [39] and Gavel [25] with 360 s, and Optimus
[26] with 600 s. Some schedulers, such as Lyra [17] and FFT [23],
also activate periodically but do not specify the interval. Thus, we
believe our evaluation covers all schedulers in the state of the art,
and to our knowledge, no prior work defers scheduling based on
workload characteristics and cluster conditions as Lazer does.

7 Conclusion

This study presents Lazer, a new DT job scheduler that minimizes
both futile preemptions and waiting time. Lazer introduces the
scheduling orchestrator that determines jobs for preemption and
the deferral predictor that estimates the deferral time through BO.
Our evaluation shows that Lazer significantly accelerates job com-
pletion time: it improves JCT by 1.2x-233.3X, waiting time by
2x-11690X, futile preemptions by 23x-67%, and GPU utilization
by ~6.4x compared to SOTA schedulers. We believe that Lazer
is a meaningful means to remedy the inefficient GPU usage and
extravagant CapEx investment in datacenters.
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