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Abstract—Shortest-Job-First (SJF) scheduling is widely re-
garded as an efficient policy for reducing average job completion
time in large-scale GPU clusters, yet its fairness properties under
realistic workloads remain poorly understood. In this work, we
revisit SJF scheduling through the lens of fairness and robustness,
using production-scale GPU traces from Alibaba together with
an extended cluster simulator.

We conduct a systematic study of SJF’s efficiency–fairness
tradeoff across both user-level and temporal fairness metrics.
Our results reveal that, contrary to common concerns, SJF
can simultaneously achieve substantial reductions in waiting
time while maintaining high fairness under realistic workloads,
provided that lightweight robustness mechanisms such as aging
can be applied when bounding worst-case waiting times is critical.

We further examine the impact of imperfect runtime informa-
tion by integrating a lightweight machine learning-based runtime
predictor into the scheduler. Despite nontrivial prediction errors,
the ML-assisted SJF closely matches the performance of oracle
SJF and preserves strong fairness guarantees. Our findings
suggest that SJF operates in a favorable efficiency–fairness
regime in practice, and that accurate ranking rather than precise
runtime estimation is sufficient to enable fair and effective GPU
scheduling.

Index Terms—GPU scheduling, fairness, shortest-job-first
scheduling, cluster scheduling, machine learning, rank correla-
tion

I. INTRODUCTION

Modern machine learning workflows increasingly rely on
shared GPU clusters as the default execution environment for
both large-scale training and data-intensive experimentation
[1], [2]. In such environments, job runtimes are highly hetero-
geneous, ranging from short exploratory jobs to long-running
production training workloads. This extreme runtime hetero-
geneity amplifies queueing effects under resource contention,
causing waiting time to dominate end-to-end performance and
making scheduling policy a primary determinant of system
efficiency [3].

Shortest-Job-First (SJF) scheduling is theoretically optimal
for minimizing average job completion time (JCT) when
job runtimes are known, and is therefore widely used as a
benchmark for efficiency-oriented scheduling policies. Recent
systems studies demonstrate that even approximate SJF-style
schedulers, enabled by runtime prediction, can substantially
outperform FIFO in production GPU clusters [1]. However,

these efficiency gains have long been viewed as fundamen-
tally at odds with fairness. By prioritizing short jobs, SJF
deprioritizes long-running workloads, raising concerns about
starvation and unpredictable worst-case performance under
sustained load. This tension has motivated a line of fair
scheduling systems such as Themis [4] and Quincy [5], that
explicitly enforce fair resource sharing, often at the cost of
significantly longer job completion times. As a result, SJF
has long been perceived as fundamentally trading fairness for
efficiency, shaping the design of many fairness-first schedulers.

Most prior GPU scheduling work emphasizes efficiency
metrics such as average JCT or throughput, while treating
fairness as a secondary objective or enforcing it only in-
directly through aging heuristics. Consequently, fairness is
often evaluated implicitly or under instantaneous resource-
sharing assumptions, rather than being examined as a first-
class, user-facing performance property. As a result, how
SJF-style policies behave across different fairness dimensions
under realistic GPU workloads, and how these behaviors
interact with efficiency remains poorly understood.

In this workshop, we deliberately re-examine SJF schedul-
ing through a fairness-centric lens using realistic GPU work-
load traces. Lever aging an extended GPU cluster simulator
and production traces from Alibaba, we conduct a compre-
hensive empirical study of SJF’s behavior across multiple
fairness dimensions, including user-level fairness, temporal
fairness, and starvation risk. Rather than framing fairness as a
binary constraint, we analyze how fairness degrades, recovers,
and interacts with efficiency across workload conditions and
scheduling assumptions.

Our empirical study yields several findings that directly
challenge prevailing assumptions about SJF scheduling. First,
we find that SJF substantially reduces average waiting time
compared to FIFO, while maintaining high levels of fair-
ness under realistic GPU workloads when combined with
lightweight aging mechanisms. Contrary to widespread expec-
tations, the resulting fairness degradation is markedly smaller
than anticipated despite SJF’s aggressive prioritization of short
jobs. Second, we observe that fairness outcomes are strongly
correlated with the quality of job ordering rather than the
accuracy of absolute runtime estimates, suggesting that GPU
cluster scheduling is fundamentally a ranking-oriented prob-



lem.
Motivated by this observation, we examine the impact of im-

perfect runtime information by integrating machine learning–
based runtime predictors into SJF scheduling. Such predictors
are increasingly feasible in practice, as prior work has shown
that runtimes or resource demands can be approximated from
historical traces and lightweight learning models [1], [6]–
[8]. Concretely, we train multiple predictors (MLP, XGBoost,
LightGBM, and a CRR++ variant) under different training
objectives (MAE vs. MSE, including log-transformed targets),
and compare them against history-based heuristics commonly
used in production traces (e.g., user- and group-level duration
estimates). Rather than evaluating predictors solely by abso-
lute error, we additionally quantify how well each method
preserves the relative ordering of job runtimes using rank-
alignment metrics (Spearman’s ρ and Kendall’s τ ), and then
validate these findings end-to-end by running the resulting
ML-SJF policies inside a GPU-cluster simulator.

Empirically, we find that ranking quality is a stronger
predictor of scheduling performance than absolute accuracy:
models that better preserve job ordering achieve JCT close
to (and under certain placement dynamics, occasionally better
than) the oracle-SJF baseline while maintaining strong fairness
properties. Overall, these results suggest that accurate relative
ordering is sufficient to capture most of SJF’s efficiency ben-
efits in shared GPU clusters, and that high-precision runtime
prediction is not a prerequisite for deploying fair and effective
SJF-style scheduling in practice.

Taken together, our results demonstrate that SJF can operate
in a favorable efficiency–fairness regime in practice, even
under realistic uncertainty in runtime information. This study
directly challenges the conventional view of SJF as inherently
unfair, and provides empirical guidance for deploying SJF-
style scheduling policies in shared GPU clusters without
sacrificing fairness.

II. A FAIRNESS-CENTRIC VIEW OF SJF

This section introduces the conceptual lens used throughout
this study and clarifies how fairness is interpreted and ex-
amined in shared GPU clusters. Our goal is not to redefine
fairness abstractly, but to establish a practical, user-facing
perspective that guides the empirical analysis that follows.

In multi-tenant GPU clusters, users experience fairness
primarily through job completion behavior rather than instan-
taneous resource allocation [1]. From this perspective, fairness
is reflected in how long jobs wait under contention, how
completion times scale with execution demands, and whether
workloads are systematically disadvantaged over time.

Accordingly, we adopt a completion-time–oriented view of
fairness. Under this framing, fairness is assessed based on
observable completion outcomes, treating excessive waiting,
disproportionate slowdowns, and unbounded delays as indica-
tors of unfair behavior [9]. This view aligns fairness evaluation
with user-perceived performance rather than internal schedul-
ing mechanics [10].

Fairness in practice spans multiple dimensions. At the job
level, fairness concerns whether individual jobs incur dispro-
portionate delays due to queueing effects. At the user level,
it captures whether jobs submitted by different users receive
consistently unequal treatment. Fairness also has an inherent
temporal dimension, as a scheduler may appear balanced on
average while still exposing a subset of jobs to excessive
or unbounded waiting, giving rise to starvation risk. These
dimensions provide a structured lens for examining fairness
behavior empirically.

III. FAIRNESS METRICS AND IMPLEMENTATION

We evaluate scheduling fairness using metrics derived di-
rectly from job execution traces and simulator logs. Consistent
with the fairness-centric perspective introduced in Section II,
we treat fairness as a user-facing, completion-time–oriented
performance property rather than enforcing it as an explicit
scheduling constraint. All metrics are computed post hoc from
observable execution outcomes.

A. Logged Signals
For each job j, the simulator records its submit time aj ,

completion time cj , and execution duration dj . From these
signals, we derive the job completion time (JCT), defined as
Tj = cj − aj , and the waiting time Wj = Tj − dj . These
quantities form the basis of all fairness metrics considered in
this study.

B. Per-Job Fairness
We quantify per-job fairness using slowdown, defined as

Slowdownj =
Tj

max(dj , 1)
.

Slowdown captures the relative performance degradation ex-
perienced by a job due to contention, normalizing completion
time by execution demand [9]. To characterize both average
and worst-case fairness behavior, we report aggregate statistics
of slowdown, including the mean, standard deviation, and tail
percentiles (P50, P95, and P99).

C. Per-User Fairness
To assess fairness across users, we group jobs according to

their associated user identifiers provided in the trace. For each
user, we compute the average slowdown across all submitted
jobs. Inter-user fairness is summarized using the ratio between
the maximum and minimum average slowdown across users.
A ratio close to one indicates uniform treatment, while larger
values reflect increasing disparity across users.

D. Temporal Fairness and Starvation Risk
We further evaluate temporal fairness by measuring star-

vation risk. A job is considered starved if its waiting time
exceeds a fixed threshold, which we set to 3600 seconds by
default. We report both the absolute number of starved jobs
and the fraction of jobs that experience starvation under each
scheduling policy. These metrics capture the risk of excessive
or unbounded waiting without assuming any idealized fair-
sharing baseline.



Fig. 1. Efficiency and fairness comparison between FIFO and SJF-style
scheduling policies under different runtime estimation signals. We report (a)
average job completion time (JCT), (b) average waiting time, (c) average
slowdown, and (d) Jain’s fairness index for FIFO, oracle SJF, and SJF variants
using user-level (SJU), group-level (SJG), and group+GPU-level (SJGG)
runtime estimators.

E. Discussion of Scope and Limitations

Our fairness evaluation focuses on observable completion-
time metrics and does not simulate an idealized fair-sharing
scheduler for comparison. As a result, starvation is detected
and quantified but not actively prevented.

IV. EMPIRICAL EVALUATION: EFFICIENCY VS FAIRNESS

We now empirically evaluate the efficiency fairness tradeoff
of SJF-style scheduling under realistic GPU workloads. Using
production-scale traces and our simulator, using production-
scale traces from large multi-tenant GPU clusters [1]. we
compare FIFO with a family of SJF-style policies, including
oracle SJF and variants that rely on increasingly coarse run-
time estimation signals. Unless otherwise specified, all results
are aggregated over completed jobs.

A. Efficiency Results

We first examine efficiency in terms of average job comple-
tion time (JCT) and average waiting time. Figure 1 compares
FIFO with a family of SJF-style scheduling policies, including
oracle SJF and variants that rely on different runtime estima-
tion signals.

Across all workloads, SJF consistently reduces average JCT
compared to FIFO. However, the absolute improvement in
average JCT is modest (below 1%). This behavior is expected
in shared GPU clusters, where long-running training jobs
dominate overall completion time statistics and inherently limit
achievable reductions in average JCT [1].

In contrast, SJF yields substantial reductions in average
waiting time. By prioritizing shorter jobs, SJF significantly
reduces queueing delays and accelerates job turnover, par-
ticularly under high contention. These results indicate that
SJF’s primary efficiency benefit manifests in reduced waiting
time rather than in average JCT alone. SJF-style policies

consistently yield substantial reductions in average waiting
time across all estimation variants. While the magnitude of
improvement varies with estimation quality, the overall trend
remains robust, indicating that the efficiency benefits of SJF
persist even under imperfect runtime estimates.

B. Fairness Across Multiple Dimensions

We next evaluate fairness from a completion-time–oriented
perspective. Rather than relying on a single metric, we exam-
ine fairness across user-level, temporal, and tail dimensions to
capture different aspects of user experience under contention.

a) User-level fairness.: We measure user-level fairness
by aggregating job slowdowns per user. FIFO exhibits sub-
stantial disparity across users, with some users consistently
experiencing much higher slowdowns than others.

In contrast, SJF significantly improves user-level fairness,
yielding more uniform slowdown distributions across users.
Among all evaluated policies, SJF achieves the highest
Jain’s fairness index, indicating the strongest completion-time–
oriented fairness. Notably, despite its aggressive prioritization
of short jobs, SJF does not exacerbate inter-user disparity
under realistic workloads.

b) Temporal fairness and tail behavior.: Beyond average
behavior, we examine temporal fairness by analyzing tail
waiting times and starvation risk [11].

FIFO exhibits heavy-tailed waiting time distributions, in-
dicating unpredictable worst-case behavior under contention.
SJF substantially reduces tail waiting times at high percentiles,
improving predictability while maintaining strong average fair-
ness guarantees. Across all evaluated workloads, we observe
no starvation events under SJF, suggesting that, in practice, SJF
does not induce the severe starvation behavior often associated
with worst-case theoretical analyses.

C. The Role of Aging Mechanisms

We also evaluated an aging-based variant of SJF to mitigate
extreme waiting times. Aging-style priority boosting has been
widely used to improve robustness and mitigate starvation in
scheduling systems [12]. However, aging does not improve
completion-time–oriented fairness; compared to SJF without
aging, it slightly reduces inter-user fairness as measured by
Jain’s fairness index, while exhibiting similar average slow-
down.

These results suggest that aging is best viewed as a ro-
bustness mechanism rather than a primary fairness driver. In
practice, aging may be desirable in highly bursty or adversarial
workloads where bounding worst-case delays is critical, even
at the cost of a small reduction in inter-user fairness.

V. EXPLORATION OF ML RUNTIME PREDICTOR

The Alibaba cluster trace release and its original preprocess-
ing code [13] contain on the order of 100,000 job records with
engineered features. Each record includes cluster and resource
specifications (e.g., GPU/CPU types and counts), hashed iden-
tifiers for jobs and user groups, and runtime estimates inferred
from historical executions. Using this dataset, Weng et al. [1]



evaluate several scheduling baselines, including First-In-First-
Out (FIFO) and size-aware policies such as Shortest Job First
(SJF), as well as heuristics that order jobs by a predicted
runtime. SJF is a classical optimal policy for minimizing
total waiting time in the single-machine setting when true
processing times are known [14]. This “oracle SJF” therefore
intuitively provides an lower bound on job completion time,
while FIFO serves as a simple baseline.

Based on their implementation, we first reprocess the trace-
derived features and then evaluate multiple machine learning
models for runtime prediction. Our baseline predictor is a mul-
tilayer perceptron (MLP). We also experiment with tree-based
gradient boosting (XGBoost and LightGBM), and inspired
by [15], [16], we implemented a more expressive mixture-
of-experts (MOE) design that clusters jobs using k-means
and trains multiple LightGBM experts, with a random forest
classifier selecting the appropriate expert per job. The model
is called CRR++ in the paper, so we reuse this term here. The
goal is to test whether higher-capacity predictors can better
capture the mapping from job features to runtime in large-
scale, heterogeneous GPU clusters.

A. Data Preprocessing

Weng et al. [1] argue that mean absolute error (MAE) is
preferable to mean squared error (MSE) because runtimes
are extremely right-skewed and contain heavy tails. In our
experiments, after applying an explicit variance-stabilizing
transformation to the target runtime, MSE-trained models
consistently achieved lower error. We therefore report both
MAE and MSE in Section IV.

Directly regressing on raw durations is challenging because
the target distribution is highly right-skewed since most jobs
have short to moderate runtimes, while a small fraction run
orders of magnitude longer. When training with mean squared
error (MSE), these rare far-right samples can dominate op-
timization because squared loss penalizes the outliers much
heavier. In addition, many classical regression diagnostics and
inferential procedures rely on normality and constant-variance
assumptions. The NIST Engineering Statistics Handbook notes
that an appropriate transformation can often yield data that
more closely follows a normal distribution [17]. The Box–Cox
family formalizes this idea by selecting a power transform
under which a normal, homoscedastic linear model is more
appropriate [18].

Motivated by these observations, we compared several trans-
formations to reduce skewness [19]. One method is the Box–
Cox transform:

BCλ(x) =


xλ − 1

λ
, λ ̸= 0,

ln(x), λ = 0,

x > 0.

When λ → 0, Box–Cox approaches a log transform; when
λ = 1, it reduces to the identity map. In practice, we observed
that choosing λ near 0 produced the strongest reduction
in skewness, effectively recovering a log-like transform. We
therefore adopt a standard log transformation, which is widely

Fig. 2. Raw features

Fig. 3. Features after log transformation

used for right-skewed data because it compresses large values
and yields distributions closer to normal [20]. Concretely, we
transform durations using f(x) = log(x + 1), which safely
handles zero-valued durations. Figures 2 and 3 visualize the
effect of this transformation.

B. Model Implementation

In the original paper, the authors leverage task meta-
information that is typically stable across repeated
submissions–such as entry scripts, command-line arguments,
and data sources/sinks–to form a grouping signal. They hash
this meta–information to obtain a unique group identifier, and
use features including the task’s username (User), resource
requests (Resource; e.g., GPU and other resources), and the
resulting group tag (Group) [1]. This approach depends on
historical coverage of these hashes: if a previously unseen
hash appears (e.g., a new task or a small code change), the
model cannot benefit from prior statistics, which can degrade
performance.

Weng et al. [1] uses the raw, skewed data to schedule the
tasks based on different types of infered runtime. However,



as argued in the previous section, we found the data to be
extremely right–skewed so decide to try to process it first. To
test out the capabilities of ML models, we decide to train on
both settings. The first is to training using MAE metrics on
raw data, similar to Weng et al.’s approach, the second is to
training using MSE metrics on log transformed data. We want
to try the second method because MSE fit much better than
MAE on normally distributed data [find some reference].

We adopted 4 models, a simple two layer MLP with a ReLU
activation function, an XGBoost model, an LGBM model and
the CRR++ model. The CRR++ model first uses k-means to
create 5 clusters, then a random forest classifier is trained with
the input data and cluster centers as labels to later decide the
expert to use. Since we set the number of clusters to 5, this
means we will have 5 experts, or equivalently, LGBM models
to train.

Before we train the model, we split the data to 80,000 data
points of training and validation and 20,000 for testing. Since
the original code [13] uses 20,000 random tasks to run the
simulation, for the ease of comparison later, we also set the
test set to 20,000 data points.

C. Comparison of Models

We trained all models with early stopping on a held-out
validation set and saved the checkpoint with the best vali-
dation performance. We consider two training configurations:
(i) optimizing an MSE-style objective on a log-transformed
target, reported using RMSE in the transformed space; and
(ii) optimizing an MAE objective on the raw target. Because
squared-error objectives are sensitive to extreme values, using
a transformed target can reduce the influence of heavy-tailed
outliers and yield more stable fits on skewed runtime distri-
butions [21].

TABLE I
PREDICTION ERROR COMPARISON (TRAINED WITH RMSE LOSS WITH

LOG TRANSFORMATION).

Model RMSE MAE p50 p75 p90 p95
MLP 8998.5 1611.9 15.8 33.8 63.9 92.1
XGBoost 9462.5 1487.2 15.6 32.9 64.0 93.2
LGBM 9352.8 1477.1 15.4 32.8 63.6 91.8
CRR++ 9129.9 1494.2 15.6 33.8 64.3 94.3
RMSE, MAE, and APE percentiles on the test set.

TABLE II
PREDICTION ERROR COMPARISON (TRAINED WITH MAE LOSS WITHOUT

LOG TRANSFORMATION).

Model RMSE MAE p50 p75 p90 p95
MLP 9072.4 1513.6 15.3 35.3 69.5 107
XGBoost 9260.0 1632.8 29.6 74.3 200 388
LGBM 8831.4 1606.6 30.7 75.7 190 494
CRR++ 8800.6 1620.6 34.4 85.9 218 512
RMSE, MAE, and APE percentiles on the test set.

Training losses from these two configurations are not di-
rectly comparable because they are computed under different

Fig. 4. XGBoost trained using a log-transformed target with an MSE-style
objective (reported as RMSE).

Fig. 5. XGBoost trained on the raw target using an MAE objective.

scalings and metrics. We therefore evaluate all models using
a unified set of metrics on the test set in the original target
scale: RMSE, MAE, and absolute percentage error (APE) per-
centiles. For each test sample with true value y and prediction
ŷ, we define

APE = 100 ·
∣∣∣∣ ŷ − y

y

∣∣∣∣ ,
excluding samples with |y| < ε (for a small ε) to avoid division
by values close to zero. Tables I and II summarize the results.

As a result, RMSE and MAE alone do not yield a consistent
model ranking, so we rely on APE percentiles to compare
the percentage errors. Across the log-transformed MSE-trained
setting (Table I), the models exhibit similar central error, with
the 50th percentile (p50) around 15–16%. LGBM achieves the
best overall tail behavior among these models, with the lowest
or near-lowest errors also at p75, p90, and p95, consistent with
its strong validation performance during training. In contrast,
under the MAE-trained setting without log transformation
(Table II), only the MLP retains a competitive median APE
(p50 = 15.3%), while the tree-based methods (XGBoost,
LGBM, and CRR++) show substantially worse tail errors (e.g.,
p90 and p95), indicating unstable behavior on extreme samples
when trained directly on the raw heavy-tailed target.

To better understand why the MAE-trained XGBoost model
exhibits worse tail errors, we visualize the distribution of
percentage errors. Figures 4 and 5 show histograms of signed
percentage error, clipped to the range [−200%, 200%] for
readability, with values outside this range aggregated into



the boundary bins. XGBoost trained on the log-transformed
target shows a much higher concentration of predictions near
0% error than the raw-target MAE-trained model, consistent
with the substantially smaller APE percentiles in Table I.
In addition, the raw-target MAE-trained model displays a
noticeably positively skewed error distribution, suggesting a
tendency toward overprediction on this right-skewed dataset.

D. More Practical Evaluations: Ordering Alignment for SJF

Pointwise error metrics (RMSE/MAE/APE) quantify nu-
merical accuracy, but they do not directly measure whether
a predictor preserves the relative ordering of job runtimes.
Since an SJF-style policy ultimately sorts jobs by duration,
we additionally evaluate ordering alignment between predicted
and true runtimes using Spearman’s ρ and Kendall’s τ over
the test set.

a) Spearman’s ρ (global monotonic alignment): Spear-
man’s ρ is a nonparametric rank correlation that measures
the monotonicity of the relationship between two variables.
In our setting, this measures whether jobs that are truly longer
also tend to receive larger predicted runtimes, regardless of
the exact scale [22]. Its main benefit of Spearman’s ρ is
that it summarizes global ordering consistency while being
insensitive to the outliers, because we only use the rank of
data. This makes ρ a stable indicator of whether the model
learns the overall runtime ordering signal [23].

b) Kendall’s τ (pairwise inversion sensitivity): Kendall’s
τ is also a rank correlation, but it is defined through pairwise
agreements: it quantifies the correspondence between two
rankings and increases when more pairs are ordered consis-
tently [24]. The benefit of τ is its direct pairwise interpretation:
it reflects how frequently the model introduces inversions in
predicted results. This is especially meaningful for scheduling,
since inversions are precisely the local ranking errors that can
degrade an ordering-based policy such as SJF [25].

c) Interpretation: All metrics quantify ordering quality,
with higher values indicating better agreement with the true
runtime ranking. Spearman’s ρ captures global monotonic
alignment, whereas Kendall’s τ captures pairwise ordering
correctness and is therefore more directly related to inversions
that can harm SJF-style sorting. We report both for comple-
mentary views of ranking quality. Tables III and IV summa-
rize models trained with RMSE on log-transformed targets
and with MAE on raw targets, respectively. We additionally
include the history-based features used by the original sched-
uler (user_dur, group_dur, and gpu_group_dur) and
evaluate how well their induced ordering matches the ground-
truth durations [1].

Overall, models trained with RMSE on log-transformed
data achieve consistently stronger rank alignment than models
trained with MAE on raw data. Among the RMSE/log models,
LightGBM yields the best alignment, though the gap to other
strong models is small. The learned models also outperform
the scheduler’s history-based heuristics: the strongest heuris-
tic, gpu_group_dur, achieves Spearman’s ρ ≈ 0.94 and

Kendall’s τ ≈ 0.84, compared to ρ ≈ 0.96 and τ ≈ 0.87 for
the best learned model.

TABLE III
ORDERING ALIGNMENT BETWEEN PREDICTED AND TRUE RUNTIMES

(TRAINED WITH RMSE LOSS WITH LOG TRANSFORMATION).

Model Spearman’s ρ Kendall’s τ
MLP 0.956 0.862
XGBoost 0.961 0.871
LGBM 0.962 0.871
CRR++ 0.961 0.870
user dur 0.32 0.23
group dur 0.88 0.77
gpu group dur 0.94 0.84
Metrics computed on the test set using predicted and true runtimes.

TABLE IV
ORDERING ALIGNMENT BETWEEN PREDICTED AND TRUE RUNTIMES

(TRAINED WITH MAE LOSS WITHOUT LOG TRANSFORMATION).

Model Spearman’s ρ Kendall’s τ
MLP 0.952 0.860
XGBoost 0.924 0.800
LGBM 0.921 0.799
CRR++ 0.920 0.802
user dur 0.32 0.23
group dur 0.88 0.77
gpu group dur 0.94 0.84
Metrics computed on the test set using predicted and true runtimes.

VI. EVALUATIONS

A. ML Runtime Prediction

1) Experiment Setup: We simulate a workload of 15,000
tasks, with 1,000 jobs submitted per client, and compare the
available baselines against our ML-powered SJF variants. The
baseline policies include oracle SJF, FIFO, and the history-
based SJF heuristics from [1]: SJU, SJG, and SJGG. These
heuristics order jobs using inferred runtimes derived from
past executions. Concretely, SJU estimates duration from each
user’s historical jobs (User). SJG estimates duration based on
a hashed group tag constructed from stable submission meta-
information such as entry scripts, command-line arguments,
and data sources/sinks. SJGG further add information to this
group-based estimate on the requested GPU type and count,
yielding a more fine-grained history bucket. Our ML models
include a simple MLP, tree-based gradient boosting (XGBoost
and LightGBM) and a MOE–style LightGBM.

The baseline simulator consumes preprocessed trace data
and does not model the runtime cost of predicting job du-
rations. To quantify inference overhead, we initially invoked
the predictor online each time the scheduler assigned tasks
to nodes. In this naive integration, repeated small-batch calls
dominated runtime: end-to-end simulation time increased from
∼60 s (original code) to 120–280 s for tree/MLP models and
>800 s for CRR++. Profiling indicated the overhead was
primarily due to Python-level invocation and many small
batches rather than the underlying model computation. We



Fig. 6. Top 8 benchmark over existing methods.

therefore switch to batched inference, computing predictions
for all tasks in one call before scheduling, representing a
server-side batch inference service or parallelized client-side
inference. Under batched inference, predicting all tasks took
< 1 s for all models, and we use this mode for the reported
results.

B. Performance Comparison

Figure 6 shows the comparison of the best 8 methods.
And surprisingly, the oracle SJF sometimes gives suboptimal
performance in terms of JCT and is outperformed by MLP
training with both MAE and MSE metric. We have ran the
experiments several times and most of the time the SJF with
MLP model outperforms oracle SJF. However, LGBM which
performs the best in our previous evaluations never beats MLP
models in this benchmark. Therefore, we take a look into the
code to find what could cause this issue.

In the simulator, jobs are not pre-assigned to nodes. Instead,
the system maintains a single global pending queueof tasks.
At each scheduling step, the scheduler (i) sorts this global
queue according to the chosen policy, and then (ii) greedily
scans the sorted list and attempts to place each job onto
the first feasible node according to an ordering policy per
node, specific to different algorithms (e.g., by node id, idle
GPUs, or utilization). As soon as a feasible placement is
found, the job is committed to that node. This procedure
makes the schedule order dependent, because small changes
in job ordering can change which nodes have capacity at
the moment each job is considered, which in turn changes
subsequent feasibility and packing across different algorithms
and introduces fluctuations.

As a result, even when job durations are known, oracle SJF
is not necessarily optimal in this setting because placement
decisions are coupled with ordering. Greedy first–fit placement
can introduce resource fragmentation. For example, some
tasks need multiple instances; thus, the greedy algorithm is
suboptimal here. Feasibility constraints such as GPU-type
matching can further restrict candidate nodes. These effects
can lead to run–to–run variability and sometimes allow an
ML–based ordering to outperform oracle SJF under the same
placement policy in such variable setting.
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