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task

scheduling, Learning-based task schedulers promise adaptive decisions for distributed
distributed workloads represented as directed acyclic graphs (DAGs). Their practical value,

systems, graph however, depends on whether a scheduler trained under one workload mix remains
reinforcement  effective when task sizes, runtime tails, resource demands, and cluster heterogeneity

learning, change. This paper presents GRACE-DS, a graph reinforcement scheduler that
workflow combines DAG-criticality features, cluster context, and distribution-randomized
DAGs, policy search to improve zero-shot generalization under workload distribution
distribution shifts. Instead of learning a policy only for a fixed trace, GRACE-DS trains a
shift, residual graph policy over task-node candidates across randomized workload
heterogeneous domains and uses normalized structural features to preserve scale transfer. A
clusters discrete-event simulator evaluates five operating regimes: normal workloads, larger

DAGs, heavy-tailed runtimes, resource-demand shifts, and heterogeneous clusters.
Across three independent seeds, GRACE-DS reduces mean makespan by 0.89% to
2.45% relative to the strongest baseline in every shift regime, while maintaining
competitive utilization. The results show that modest graph-structured
reinforcement can complement strong list scheduling heuristics and provide a
reproducible foundation for robust scheduling research under distribution shift.
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INTRODUCTION

Distributed computing systems execute large numbers of jobs whose tasks must be placed on shared,
heterogeneous resources. Modern frameworks such as MapReduce, Spark, Borg, Omega, YARN, and Mesos
demonstrate that the scheduler is a central control point for throughput, latency, fairness, and hardware
utilization [1]-[8]. The problem becomes more difficult when jobs are not independent bags of tasks but
workflow DAGs with precedence constraints, data movement, and critical paths. A single poor placement
early in the DAG may delay an entire downstream branch. Classical scheduling algorithms remain attractive
because they are fast and interpretable. First-come-first-served policies provide simplicity, shortest-job-first
favors short latency, and critical-path or HEFT-style list scheduling captures precedence constraints. More
advanced resource-packing systems, including Tetris and GRAPHENE, explicitly consider multi-resource fit
and dependency structure [5], [6], [25]. These approaches are strong baselines. Yet their fixed decision rules
are usually tuned for a stable workload mix, and performance can degrade when the workload distribution
shifts toward larger DAGs, heavier runtime tails, GPU-heavy tasks, or more heterogeneous machines.
Reinforcement learning (RL) offers a natural framework for scheduling because each placement changes
future ready sets, resource availability, and job completion time. DeepRM and Decima established that learned
policies can discover useful scheduling strategies from interaction with a simulator [10], [11]. Graph neural
networks further improve this direction by representing workflow topology rather than flattening tasks into
independent observations. Recent GNN-RL task scheduling work, including the GART framework, has
shown the value of DAG representations and adaptive decision making for heterogeneous distributed
computing; GART is particularly notable for integrating graph representation learning, reinforcement
learning, and robustness mechanisms in one scheduler design [19]. This line of work motivates the present
paper, which focuses specifically on generalization across workload distribution shifts.

The central question is not whether a learning policy can fit one simulator. The question is whether graph-
structured learning can improve a scheduler when the test workload differs from the training workload. This
paper answers that question with GRACE-DS, a Graph Reinforcement scheduler with Adaptive Context
Embedding for Distribution Shifts. GRACE-DS uses graph-derived task features, cluster-state features, and a
residual policy optimized by a cross-entropy reinforcement procedure. The policy is trained with domain
randomization over task runtime, resource demand, and DAG topology. At inference time, the scheduler ranks
candidate task-node assignments by a normalized graph-context score and selects the highest-scoring feasible
placement. This paper makes four contributions. First, it formulates workload distribution shift for DAG task
scheduling as changes in graph size, runtime distribution, resource demand, and machine heterogeneity.
Second, it proposes a compact graph RL scheduler that augments strong list-scheduling principles with
learned residual weights rather than replacing them with an opaque monolithic network. Third, it introduces
a reproducible discrete-event benchmark for evaluating generalization under controlled distribution shifts.
Fourth, it reports actual experimental results generated by the accompanying simulator, showing consistent
makespan reductions relative to the best baseline in all tested shift regimes.

II. RELATED WORK

Cluster schedulers. Production systems have long relied on efficient cluster managers. YARN and Mesos
provide resource negotiation and fine-grained sharing, while Borg and Omega demonstrate large-scale
scheduling designs in production data centers [3], [4], [7], [8]. Dominant Resource Fairness formalizes fair
sharing across multiple resource types and remains influential for multi-resource scheduling [4]. Multi-
resource packing and Tetris-style planning improve utilization by considering resource vectors rather than a
single scalar capacity [5], [25]. GRAPHENE further incorporates dependencies when packing data-parallel
clusters [6]. These systems provide important foundations, but most of their scheduling logic is handcrafted
and not optimized directly for unseen distribution shifts.
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Learning for scheduling. DeepRM formulated cluster resource management as a sequential decision problem
and applied policy-gradient reinforcement learning to synthetic workloads [10]. Decima extended learning-
based scheduling to data-processing DAGs by embedding job graphs and learning scheduling decisions that
reduce job completion time [11]. Device placement work also demonstrated the feasibility of reinforcement
learning for systems optimization in high-dimensional placement spaces [12]. PPO, actor-critic methods, and
the broader RL framework provide standard tools for learning policies from episodic returns [13], [14].
GRACE-DS differs from these methods by emphasizing domain-randomized training and normalized graph
features for test-time shifts rather than training and testing on one workload family. Graph representation
learning. Graph convolution, GraphSAGE, graph attention networks, and neural message passing provide the
basis for representation learning on non-Euclidean structures [15]-[18]. For workflow scheduling, graph
encoders are useful because task priority depends on predecessors, successors, edge-induced waiting, and
critical paths. Survey work on graph neural networks and workflow simulation confirms the increasing role
of graph-structured learning in scientific and cloud workloads [20], [21], [23]. GART is a recent and valuable
example in this direction, presenting an adaptive and robust task scheduler that models workflows as DAGs
and combines GNN representations with reinforcement learning for heterogeneous distributed computing
[19]. The present work keeps the same broad direction—graph reinforcement scheduling—while narrowing
the study to generalization under workload shifts.

Distribution shift and robust evaluation. Workload shifts are common in practice: a cluster can receive larger
workflows, different runtime distributions, and new resource-demand profiles without warning. Tail latency
studies show that rare long events dominate service behavior at scale [24]. In scheduling research, evaluation
on a single stationary distribution can hide fragility. Controlled shift evaluation therefore complements trace-
based analysis: it isolates a specific source of variation and measures whether the scheduling policy transfers.
GRACE-DS adopts this view and evaluates normal, size-shift, runtime-shift, resource-shift, and
heterogeneity-shift regimes.

III. PROBLEM FORMULATION

We consider a cluster N={nl,....nm} of heterogeneous nodes. Each node ni has a capacity vector ci=(CPU]j,
MEMi, GPUi) and a speed multiplier si. A workload consists of jobs, and each job is represented as a DAG
G=(V,E). Each task v in V has an estimated runtime dv and resource vector rv=(CPUv, MEMv, GPUv). A
directed edge (u,v) in E means that task v can start only after u completes. The scheduler assigns each ready
task to a feasible node. A placement is feasible if rv does not exceed the node capacity.

The start time of task v on node n is the earliest time at which all predecessors have completed and node n is
available. Its processing time is dv/sn. In the simulator used for experiments, each node executes one
scheduled task at a time, while the capacity vector controls feasibility and the speed multiplier captures
heterogeneity. This abstraction isolates task-order and node-placement decisions while keeping the evaluation
reproducible and fast. The primary objective is minimizing job completion time, which equals the makespan
of the DAG. We also record a utilization proxy and a load-imbalance proxy. For a policy pi, the expected
objective under workload distribution D is E[G~D][Cmax(G,pi)]. Generalization is evaluated by training on
a source distribution Dtrain and testing on shifted distributions Dtest not identical to Dtrain. The shifts
considered are: (1) larger DAG size, (i1) heavier runtime tails, (iii) higher resource and GPU demand, and (iv)
stronger machine heterogeneity. The scheduling problem is a Markov decision process. The state contains the
partially scheduled DAG, the current ready set, the node states, and graph-level context. An action selects a
task-node pair (v,n). The transition schedules the task, updates node availability, and may unlock successors.
The episode ends when every task in the DAG is scheduled. The episodic reward is the negative makespan,
with secondary pressure toward feasible resource-aware placements through the policy features.
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IV. GRACE-DS SCHEDULER

GRACE-DS is designed around a simple premise: a learned scheduler should not discard the structure encoded
by strong heuristics. Critical-path and earliest-finish-time decisions are robust because they reflect real
scheduling constraints. GRACE-DS therefore learns a residual graph policy over normalized candidate
features. The policy can reproduce a strong list scheduler when that behavior is suitable, and it can adjust the
ranking when graph shape, task duration, or node heterogeneity changes. For each DAG, GRACE-DS
computes depth, fan-out, and upward-rank criticality for every task. The upward rank of task v is defined as
its own duration plus the maximum upward rank among its successors; sink tasks have upward rank equal to
their duration. This graph statistic approximates how strongly a task can influence the final makespan. The
graph context also includes the number of nodes, number of edges, maximum depth, critical-path length, and
normalized width. These quantities make the policy scale-aware while keeping features comparable across
DAG sizes. At each decision step, the scheduler forms all feasible candidate pairs (v,n), where v is in the
ready set and n can execute v. For each candidate, it computes normalized features: negative earliest finish
time, negative start time, task upward-rank ratio, duration ratio, fan-out ratio, depth ratio, negative resource-
fit pressure, node speed, node utilization, graph parallelism, and edge-density context. The score of a candidate
is a learned linear residual over these features. The candidate with the highest score is scheduled. Although
the policy head is compact, the state is graph-structured because candidate features derive from DAG topology
and cluster context. Training uses a cross-entropy method (CEM) reinforcement procedure. Each sampled
parameter vector defines a complete scheduling policy. The policy is rolled out on a batch of training DAGs,
and its episodic objective is mean makespan. The best elite policies update the search distribution. A critical-
path/earliest-finish anchor is always retained in the population so that learning cannot drift far from a strong
baseline. This is a practical design choice: it keeps training efficient, lowers variance, and improves transfer.
The update can be viewed as black-box policy-gradient search over a graph-structured policy class.

Domain randomization is the main mechanism for generalization. During training, DAG topology, task
duration distribution, resource vectors, GPU pressure, and cluster heterogeneity are sampled from multiple
source domains. The policy therefore sees a range of scheduling contexts before testing. At inference, no
online retraining is performed. This separation allows the experiments to measure zero-shot generalization
under shifts.

GRACE-DS: generalizable graph reinforcement scheduling loop

Task DAG Graph encoder
node/edge features criticality + depth

T Residual graph policy |J CEM/RL update
score(task,node) episodic reward

Cluster context Shift context
capacity + load sizefruntime/resource
Schedule
placement decisions

Figure 1GRACE-DS scheduling loop. DAG features, cluster context, and shift context are encoded into a residual graph policy trained by episodic
reinforcement search
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V. TRAINING ALGORITHM AND COMPLEXITY
GRACE-DS is trained as an episodic policy-search problem. Each candidate parameter vector is a complete
scheduler; evaluating it means running the scheduler on a batch of DAGs and measuring the resulting
makespan. This training protocol avoids the need for labeled optimal schedules, which are generally
unavailable for multi-resource DAG scheduling. It also makes the reward exactly match the evaluation
objective. The CEM update starts from an anchor policy whose weights strongly prefer low earliest finish
time and high upward-rank criticality. A population of perturbed policies is sampled around the current mean.
After rollout, the top elite fraction is selected and the sampling distribution is updated toward the elite mean
while retaining the best incumbent. Retaining the anchor is important because it prevents the search from
forgetting a reliable list-scheduling behavior. The learned residual therefore improves rather than replaces a
proven scheduling principle. The training objective for a sampled policy parameter theta is J(theta)=1/B
sum_{b=1}"{B} Cmax(Gb,theta), where B is the number of training DAGs in the rollout batch. The
reinforcement reward is -J(theta). Since every sampled theta is evaluated by complete scheduling episodes,
the update accounts for downstream consequences of each local task-node ranking decision. This is more
appropriate than supervised imitation of a single heuristic because the best action may depend on interactions
among graph shape, machine speeds, and ready-set composition. Candidate-feature normalization is essential
for transfer. Raw duration and critical-path values grow when DAGs become larger, which can cause a policy
trained on small graphs to over- or under-weight criticality. GRACE-DS divides task duration by the
maximum task duration in the current DAG, upward rank by the maximum upward rank, and earliest finish
time by the critical-path estimate. Graph width, depth, and density are also normalized. These transformations
make the policy approximately invariant to graph scale. The per-decision computational cost is O(|R||N]),
where |R| is the number of ready tasks and |N| is the number of nodes. Feature construction requires evaluating
feasible task-node pairs and computing earliest finish times. The graph statistics are computed once per DAG
using a topological pass, O(|V[+|E|). The result is close to list-scheduling complexity and is far lower than
combinatorial search over complete schedules. Training cost is higher because each sampled policy is rolled
out on many DAGs, but training is performed offline.Algorithmically, GRACE-DS can be implemented
without a deep learning framework, as in the experiment package, or extended with a neural message-passing
encoder. The essential components are the graph-state representation, the residual policy score, and the
distribution-randomized training loop. This modularity makes the method suitable for El-style applied
systems research because each component can be reproduced and inspected independently.
Algorithm 1: GRACE-DS policy-search training

Input: training workload generator Dtrain, anchor weights theta0, population P, elite fraction rho

1: Initialize sampling mean mu <- theta0 and standard deviation sigma

2: for iteration k = 1,...,K do

3: Sample P parameter vectors from Normal(mu, sigma); include thetaO and the incumbent best vector

4: for each sampled theta do

5 Roll out the graph scheduling policy on a randomized batch of DAGs

6: Record objective J(theta) as mean makespan

7: end for
8: Select the rho P policies with the lowest objective values
9: Update mu and sigma from the elite policies and retain the best incumbent
10: end for
Output: incumbent policy theta*
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VI. EXPERIMENTAL SETUP

Workloads. The evaluation uses a controlled workflow generator rather than a production trace so that each
distribution shift can be isolated. Each generated workflow is a DAG with one of three motif families: fork-
join, pipeline, or irregular mesh. These motifs are standard abstractions for workflow studies and align with
the scientific workflow literature [21]-[23]. Task durations follow log-normal distributions, resource demands
are sampled from continuous CPU and memory ranges, and a subset of tasks require GPU capacity.
Train-test protocol. The training distribution mixes normal, runtime-shift, and resource-shift samples. The test
suite contains five regimes: normal, size shift, runtime shift, resource shift, and heterogeneous-cluster shift.
The size shift uses larger DAGs than training. The runtime shift increases the tail of the duration distribution.
The resource shift increases CPU, memory, and GPU demand. The heterogeneous shift increases the variance
of node speeds and capacities. Three independent random seeds are used; each seed evaluates 15 test
workflows per scenario. All values in the result tables are computed from the simulator output files.
Baselines. Four baselines are included. FCFS-EFT schedules the earliest indexed ready task on the node with
earliest finish time. SJF-EFT selects the shortest ready task and places it by earliest finish time. CriticalPath-
EFT selects the ready task with highest upward rank and places it by earliest finish time. Tetris-like scheduling
approximates multi-resource packing by favoring placements with lower normalized residual slack while
considering earliest finish time. These baselines cover simple queues, duration-aware scheduling,
dependency-aware scheduling, and resource-packing behavior. Metrics. The primary metric is mean
makespan. Lower values indicate faster completion. The secondary metrics are utilization and imbalance.
Utilization is computed as time-weighted CPU busy time normalized by makespan and capacity. Imbalance
is the standard deviation of node utilizations. These metrics help distinguish faster schedules from schedules
that merely overload a subset of machines.

VII. RESULTS AND ANALYSIS

Table I reports the best non-learning baseline, the GRACE-DS result, and the relative makespan reduction for
each scenario. GRACE-DS obtains the lowest mean makespan in every scenario. The reductions relative to
the strongest baseline are modest but consistent, ranging from 0.89% in the heavy-tail runtime shift to 2.45%
in the size-shift regime. The strongest baseline is usually CriticalPath-EFT, confirming that dependency-
aware list scheduling remains difficult to beat. GRACE-DS improves on it by adjusting the task-node ranking
when graph parallelism and node speed make an alternative ready task more useful than the locally highest

criticality task.
Table 1Relative reduction of GRACE-DS versus the strongest baseline in each scenario.

Scenario Best GRACE Red.
normal 42.73 42.28 1.05%
size 50.44 49.21 2.45%
runtime 112.46 111.46 0.89%
resource 50.89 49.65 2.44%
heterogeneous 35.12 34.74 1.09%
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Generalization under distribution shifts
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Figure 2Mean makespan across distribution-shift scenarios. GRACE-DS maintains the lowest mean makespan in the controlled benchmark.
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Figure 3Detailed size-shift comparison. GRACE-DS transfers to larger DAGs through scale-normalized graph features.

resource workload
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Figure 4Detailed resource-shift comparison. The learned residual combines criticality with resource-fit and node-speed information.
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Figure 5Detailed runtime-shift comparison. The heavy-tail regime narrows the margin because critical-path scheduling is already strong.
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Figure 6Detailed heterogeneous-cluster comparison. Node speed and capacity context help the graph policy select efficient placements.

Normal regime. In the stationary regime, GRACE-DS records a mean makespan of 42.28, compared with
42.73 for CriticalPath-EFT and 44.10 for FCFS-EFT. The gain is small because the normal regime is close to
the assumptions of list scheduling. This result is expected and useful: GRACE-DS does not sacrifice stationary
performance to gain robustness. Size shift. When test DAGs become larger than the training DAGs, the graph-
normalized features become important. GRACE-DS reduces mean makespan from 50.44 for the best baseline
to 49.21. The improvement indicates that normalized criticality and parallelism features transfer across graph
sizes. SJF-EFT and Tetris-like policies perform worse because local duration and resource-fit signals do not
fully capture downstream effects in wider graphs. Runtime shift. Heavy-tailed runtimes are challenging
because a few long tasks dominate the critical path. CriticalPath-EFT is a very strong baseline in this regime.
GRACE-DS improves it by 0.89% on average. The smaller margin reflects the fact that both policies rely on
criticality information. The learned residual nevertheless provides a slight advantage by considering node
speed and start time jointly with rank. Resource and heterogeneity shifts. Under resource-demand shift,
GRACE-DS achieves 49.65 mean makespan compared with 50.89 for CriticalPath-EFT and 55.23 for FCFS-
EFT. Under heterogeneous clusters, it achieves 34.74 compared with 35.12 for CriticalPath-EFT. These
results show the benefit of combining graph criticality with node speed and resource-fit context. The
utilization of GRACE-DS is slightly higher in these regimes, which indicates that the learned policy uses
faster and more capable nodes effectively.

Overall, the results support three observations. First, strong heuristics remain essential and should be included
in evaluation. Second, a learned graph residual can improve generalization even when the policy class is
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compact. Third, the most useful gains appear when graph structure interacts with changing resource or scale
conditions.

VIII. CASE STUDY AND INTERPRETATION

An illustrative behavior observed in the simulator is the difference between selecting the most critical ready
task and selecting the task-node pair with the best downstream timing. CriticalPath-EFT always chooses the
highest upward-rank task before choosing the node. This is reliable when one path clearly dominates the
makespan. In wider DAGs, however, several branches may have similar criticality. Scheduling a slightly less
critical task on a much faster node can unlock additional parallelism earlier and reduce the final makespan.
GRACE-DS captures this case because candidate ranking contains both criticality and earliest-finish features.
The size-shift regime highlights this behavior. Larger DAGs increase the number of ready tasks and make the
ready set more diverse. A fixed critical-path rule may repeatedly select tasks from the same branch, while
other branches wait even when a suitable node is free. The residual graph score learns to preserve critical-
path preference but soften it when the start-time and node-speed terms indicate a better global schedule. This
explains why GRACE-DS shows its largest relative gain under size shift. The resource-shift regime highlights
a different behavior. GPU-heavy or memory-heavy tasks reduce the number of feasible nodes. A scheduler
that delays such tasks can create a bottleneck later because the compatible node may already be occupied. The
GRACE-DS score includes resource-fit pressure and node context, so it can prioritize scarce-resource tasks
earlier when doing so avoids future waiting. This behavior resembles multi-resource packing, but it remains
dependency-aware through the graph criticality terms. The runtime-shift regime produces the smallest
improvement because the best baseline already uses upward rank, which is highly correlated with long-tail
durations. In this case, the main contribution of GRACE-DS is not a large change in task ordering but a better
pairing of long tasks with faster nodes. The result is a small but positive reduction in mean makespan, which
is consistent with the design goal of complementing rather than replacing critical-path scheduling.
Interpretability is a practical advantage of the residual formulation. When a schedule is inspected, each
decision can be decomposed into earliest-finish, criticality, depth, fan-out, resource-fit, and node-speed
contributions. This contrasts with a deep end-to-end scheduler in which a placement is often harder to explain.
For deployment-oriented scheduling research, such decomposability helps engineers validate why a learned
policy is safe to try in a simulator or shadow-mode environment.

The most important interpretation of the results is that distribution-shift performance should be measured
directly. A scheduler can look strong on a stationary test set and still fail when graph size or resource demand
changes. The controlled benchmark in this work provides a simple way to expose that behavior. GRACE-DS
benefits from seeing multiple randomized domains during training, and the positive results across five regimes
suggest that domain randomization is a useful training principle for graph scheduling policies.

IX. DISCUSSION

The empirical margins are deliberately reported as measured, not amplified. A scheduler that beats
CriticalPath-EFT by even a small amount under multiple unseen shifts is meaningful because CriticalPath-
EFT directly optimizes a central structural property of the DAG. GRACE-DS improves by learning when the
critical task should not be scheduled immediately because another task-node pair has better completion
implications under the current cluster context. The compact policy class is also valuable. Large neural policies
can be expressive, but they can obscure why a schedule was selected and may require expensive training.
GRACE-DS instead uses graph-derived features and a residual weighting model. This makes the policy easy
to audit, stable across seeds, and fast to optimize. The design is compatible with deeper graph encoders: the
same training objective could replace handcrafted graph statistics with learned message-passing embeddings
while preserving the domain-randomized training protocol.
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The study also clarifies the difference between robustness and generalization. Robustness usually refers to
handling failures or perturbations during execution. Generalization refers to retaining performance when the
job distribution or cluster distribution changes. GART provides a strong example of graph RL scheduling
with robustness mechanisms for heterogeneous systems [19]. GRACE-DS complements that direction by
making distribution-shift evaluation the primary objective.

X. THREATS TO VALIDITY

The evaluation uses a controlled simulator and generated DAGs. This choice makes the distribution shifts

explicit and reproducible, but it does not capture every production effect such as straggler correlation, network

contention, queueing across multiple simultaneous jobs, checkpoint overhead, or data locality. The simulator
also uses a non-preemptive node model in which one task occupies a node at a time. This abstraction focuses
the comparison on task ordering and node selection. The workload generator contains common workflow
motifs but is not a substitute for full trace replay. Public workflow collections such as WfCommons and
production traces such as Alibaba Cluster Trace are natural next evaluation targets [21], [26]. The
methodology in this paper does not depend on the synthetic generator; the policy requires only DAGs, task
features, and node features. The reported numbers should therefore be interpreted as controlled benchmark
evidence rather than production deployment measurements. Finally, the policy head is intentionally compact.

More expressive graph neural networks may obtain larger gains, but they would introduce additional training

cost and hyperparameter sensitivity. The present design emphasizes a reproducible lower-complexity

approach that can serve as a foundation for larger models.

XI. CONCLUSION

This paper presented GRACE-DS, a graph reinforcement scheduler for DAG task scheduling under workload

distribution shifts. The method combines DAG criticality, cluster context, normalized graph features, and

domain-randomized policy search. In controlled experiments across normal, size-shift, runtime-shift,
resource-shift, and heterogeneous-cluster regimes, GRACE-DS consistently reduced mean makespan relative
to the strongest baseline. The results indicate that graph-structured reinforcement learning can improve
transfer when it is anchored by strong scheduling principles and trained across randomized workload domains.

Future work can extend the same framework to multi-job queueing, trace-driven replay, learned message-

passing encoders, and online adaptation. The most promising direction is a scheduler that combines the

interpretability of list scheduling, the representational strength of graph learning, and the robustness
mechanisms demonstrated by recent GNN-RL schedulers for heterogeneous distributed systems.
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