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Abstract

Modern machine learning pipelines increasingly rely on heterogeneous task graphs that mix
data preprocessing, feature engineering, model training, evaluation, and serving-oriented trans-
formations. These pipelines exhibit nontrivial interactions between data locality, accelerator
topology, and runtime variability, particularly when multiple workflows contend for shared GPU
resources. A scheduler that ignores locality may overuse remote storage paths or interconnect
links, while a scheduler that ignores GPU affinity may incur avoidable device-to-device transfers
and kernel launch serialization. At the same time, long-running GPU-bound stages can reduce
cluster responsiveness unless preemption is supported in a manner that respects the limited
preemptibility of GPU execution and the high cost of state migration. This paper presents a
task-graph scheduling approach for ML pipelines that jointly targets data locality, GPU affin-
ity, and practical preemption. The design models each task’s data footprint, read and write
dependencies, and preferred device neighborhoods, while representing accelerator interconnects
and storage tiers as a weighted topology graph. Scheduling decisions combine criticality-aware
ordering with topology-aware placement and an explicit accounting of preemption overhead.
Preemption is realized at safe boundaries with lightweight checkpointing and bounded rollback,
enabling latency-sensitive jobs to obtain service without destabilizing throughput-oriented work-
loads. The proposed framework is described as a set of algorithms and runtime mechanisms
that can be implemented over common cluster managers and GPU runtimes. Analytical consid-
erations and experimental methodology are provided to characterize the scheduler’s efficiency,
fairness, and sensitivity to pipeline structure and contention.

1. Introduction

Task-graph execution is a common abstraction for end-to-end machine learning pipelines [1].
A pipeline can be expressed as a directed acyclic graph in which vertices represent compu-
tational tasks, such as decoding and augmenting samples, shuffling and batching, computing
embeddings, executing forward and backward passes, applying optimizer steps, and material-
izing intermediate artifacts. Edges represent data dependencies that enforce precedence and
describe the movement of intermediate results. In many production environments, pipelines
are not executed as a single monolithic training job but as compositions of data services, trans-
formation stages, and training components that interact through caches, feature stores, and
shared datasets. These compositions lead to graphs with heterogeneous task sizes, varying
degrees of parallelism, and a mixture of CPU- and GPU-dominated stages.

The performance of such graphs is shaped not only by the computational capacity of GPUs
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Figure 1. System-level architecture of a task-graph scheduler for ML pipelines: a central scor-
ing/dispatch core integrates data-locality state, GPU affinity binding, and preemption (check-
point/resume) while interacting with a runtime agent and multi-tier storage.

Table 1. Summary of ML task-graph workloads used in the evaluation.

Pipeline #Tasks  Critical path (s)  Totaldata (GB)  Avg task time (ms)
Image classification (ResNet-50) 430 12.3 1.2 28.4
Language modeling (BERT) 680 18.7 2.8 3211
Recommender system 510 9.4 3.6 21.7
Speech recognition 590 15.2 4.1 25.9
Multimodal vision+NLP 720 215 5.0 35.3

and CPUs but also by data movement costs [2]. A scheduler that is indifferent to locality
may repeatedly fetch training shards from remote storage even when replicas are available
on a nearby node, or may place adjacent tasks on devices that require expensive cross-host
transfers. Similarly, modern GPU clusters are not uniform. Devices are arranged in topologies
with nonuniform bandwidth and latency, including intra-node interconnects such as NVLink
or PCle switches and inter-node fabrics such as InfiniBand or Ethernet. Many ML stages
exhibit affinity patterns that favor co-location on GPUs with high-bandwidth connectivity,
especially for pipeline-parallel training, tensor-parallel collectives, gradient reductions, and
stages that reuse cached activations or embeddings. When affinity is ignored, the runtime
may compensate via additional communication, but this compensation can be large enough
to dominate step time and to reduce overall cluster utilization [3].

A third pressure arises from multi-tenant operation. Production clusters typically host mul-
tiple pipelines concurrently, mixing latency-sensitive runs, small experiments, scheduled re-
training, and throughput-oriented large jobs. In such settings, preemption is an important
tool for maintaining responsiveness and enforcing service policies. However, GPU execution
complicates preemption. Many kernels are not preemptible in a fine-grained sense, device
memory is not cheap to snapshot, and ML training states can be large [4]. Aggressive pre-
emption can therefore degrade throughput through repeated warm-up, cache invalidation,
and data re-reading, while overly conservative preemption can starve short jobs and increase
tail latency. The practical goal is not to preempt at arbitrary instruction boundaries but to
offer controlled interruption points that are compatible with ML frameworks and that have
predictable overhead.
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Figure 2. Representative ML pipeline task graph (DAG) annotated with lightweight locality and
affinity hints: upstream CPU stages generate cached intermediates, while GPU stages prefer device-
resident features and stable stream/device binding across iterations.

Table 2. Hardware configurations of the heterogeneous cluster.

Node type CPU cores  GPUs/node Interconnect
CPU-only 32 0 25 GbE
GPU-Small 32 2 PCle 4.0, 100 GbE
GPU-Medium 64 4 NVLink 3,200 GbE
GPU-Large 64 8 NVLink 4,200 GbE

The problem addressed in this paper is the design of a task-graph scheduler that explicitly
captures data locality, GPU affinity, and preemption cost within a unified decision process.
The target is not a single static schedule but a runtime policy that can adapt to variability
in task durations, data availability, and contention. The scheduler must respect dependency
constraints, meet resource constraints, and remain robust when task execution times deviate
from estimates [5]. It must also produce decisions quickly, since scheduling overhead can

otherwise offset gains, particularly for graphs containing many short tasks.

The approach presented here centers on a topology-aware cost model, a criticality- and
locality-sensitive dispatch policy, and a preemption mechanism that operates at safe bound-
aries with bounded state capture. The resulting system is intended to be compatible with
common execution engines that already represent ML pipelines as graphs, including opera-
tors in dataflow systems and stages in training frameworks. The scheduler is described at an
algorithmic level along with runtime mechanisms for state tracking, device placement, and
preemption coordination.

Several principles guide the design [6]. Locality is treated as an explicit cost dimension rather
than as an afterthought implemented through caching alone. GPU affinity is represented
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Figure 3. Data-locality model across storage tiers: the scheduler reasons about where blocks reside
(device, host, local disk, remote store) and promotes high-reuse intermediates upward to reduce
transfer and eviction overheads.

Table 3. Key scheduler configuration knobs and default settings.

Parameter Description Default value
Kocal Weight of data-locality score 0.5
Xgpu Weight of GPU affinity score 0.3
Xprio Weight of job priority 0.2
Preemption quantum (ms) Minimum time slice before preempt 50
Warmup window (tasks) Samples used for runtime estimation 64

using a graph of device neighborhoods, enabling the scheduler to prefer placements that
reduce cross-neighborhood transfers for communication-heavy edges. Preemption is modeled
as a decision with explicit overhead and is used selectively, guided by slack and fairness
constraints rather than as a universal mechanism. The intent is to describe a scheduler
that can improve throughput and predictability under realistic contention without relying on
assumptions that are rarely satisfied in production, such as perfectly known task durations
or uniform communication costs.

The remainder of the paper formalizes the system model and optimization objectives, then
describes the scheduler architecture and algorithms, and finally discusses preemption mecha-
nisms and evaluation [7]. Throughout, the focus is on the interaction between graph structure,
data movement, and device topology, since these interactions are central to ML pipeline per-
formance.

2. Problem Formulation and System Model

A machine learning pipeline is modeled as a directed acyclic graph G = (V, E). Each ver-
tex v € V denotes a task. A task can represent a data transformation, a training step, a
parameter update stage, an evaluation run, or a materialization step that persists data for
later consumption. An edge e = (u, v) € F indicates that v cannot begin until u completes
and produces an output consumed by v [8]. For simplicity, the discussion assumes acyclicity,
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Figure 4. GPU affinity sketch: tasks with device-resident reuse are preferentially queued on the GPU

where their hot tensors already live, while movable tasks may spill or migrate when contention or
memory pressure increases.

Table 4. Impact of data-locality policies on communication and performance.

Policy Local hitrate (%)  Remote traffic (GB)  Speedup vs. FIFO (x)
FIFO (no locality) 52.1 187.4 1.00
Locality-aware 78.6 92.3 1.21
Aggressive pinning 84.3 71.9 1.26
Topology-aware 88.9 63.5 1.32
Oracle (upper bound) 93.7 48.2 1.38

which matches many pipelines after unrolling iterations or treating iterative training as a se-
quence of repeated task instances. Where iterations are present, a common representation is
a template graph executed repeatedly, potentially with loop-carried state, and the scheduler
can operate over a window of forthcoming instances.

Each task v has a resource demand vector that includes CPU cores, GPU devices, memory,
and possibly specialized accelerators. The focus here is on tasks that require one GPU for
their dominant phase, although the model accommodates tasks that require multiple GPUs
via gang semantics. For a task v, let 7, denote its GPU requirement, with r, € {0,1,...}. A
task with r, = 0 is CPU-bound and is scheduled on CPU resources, but it can still influence
GPU placement indirectly through data locality, since it may produce data used by GPU
tasks [9].

The cluster is represented as a set of nodes N, each with a set of GPUs D(n) and CPU
resources. The GPUs across the cluster form a topology graph H whose vertices are devices
and whose edges represent connectivity, annotated with bandwidth and latency. This topology
graph is not purely physical, because it can incorporate effective bandwidth under contention
and can include logical edges representing communication paths through switches or network
fabric. For a pair of devices i and j, an effective transfer cost function cgey (% J, s) gives the
expected cost to transfer s bytes between them, capturing both latency and bandwidth as
well as potential overheads from protocol and synchronization.

Data objects in the pipeline include input shards, intermediate tensors, cached features, and
checkpoints. Let O be the set of objects. Each edge (u, v) is associated with a set of objects
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Figure 5. Preemption state machine: upon a preempt signal, the runtime drains to a safe point,
checkpoints task state, and re-queues it for later warm-start resumption under updated priorities
and resource availability.

Table 5. Effect of GPU affinity strategies on utilization and throughput.

GPU placement strategy ~ GPU utilization (%)  PCle bandwidth (GB/s)  Throughput (samples/s)

Random 61.4 19.2 12.7k
Round-robin 68.9 17.5 13.9k
Device-local-first 773 14.8 15.4k
Topology-aware packing 81.6 13.9 16.1k
Affinity+load balance 84.2 13.7 16.5k

produced by « and consumed by v [10]. The scheduler needs a model of where objects are
located. For each object o, let L(0) be the set of locations where o is available. Locations can
be node-local storage, distributed caches, memory-mapped files on a host, or device memory
on a particular GPU. Since device memory is limited, many objects are not persistently
resident on GPUs, but intermediate tensors may be reused within small neighborhoods, such
as across fused operators or within a pipeline-parallel stage. The model allows L(0) to include
device-level placements when relevant [11].

A task v has an input set I(v) € O and an output set O(v) € O. The total data movement
cost for executing v on device d depends on where inputs are located and where outputs will
be consumed. Because outputs are not yet placed at the time of scheduling v, the scheduler
uses estimates derived from downstream dependencies, locality policies, and the expected
consumer devices. This introduces a planning problem that mixes immediate placement with
anticipation of future transfers.

Execution time is uncertain. For each task v, an estimate %,(d) denotes the expected runtime
on device d, accounting for device type and possibly for co-resident load. The actual runtime
ty(d) may differ [12]. The scheduler maintains online estimates via profiling and exponential
smoothing, and it can adjust for distributional characteristics such as heavy tails. The for-
mulation here treats ;fv(d) as an input and discusses robustness through policy design rather
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Figure 6. Online scheduling loop: ready tasks are featurized using locality /affinity signals, ranked by
a multi-objective score, dispatched to execution queues, and fed back into an evolving cost/locality
model for subsequent decisions.

Table 6. Preemption overhead and deadline behavior under different policies.

Scenario Preemption latency (ms) ~ Wasted work (%)  Deadline misses (%)
No preemption 0.0 0.0 7.4
Naive kernel-level preempt 23.8 12.6 4.3
Task-boundary preempt 11.5 6.1 3.2
Predictive preempt 8.2 4.7 2.8
Predictive + locality-aware 8.9 5.0 2.3

than requiring perfect estimates.

The precedence constraints are standard. A task v becomes ready when all predecessors
complete and its inputs are materialized at some locations. However, readiness is nuanced
when data availability is delayed by transfer. A task can be logically ready by dependency
completion but physically blocked by input transfers [13]. The scheduler therefore maintains
a readiness state that includes both dependency satisfaction and data residency.

The scheduling objective in a multi-tenant environment typically includes throughput, mean
completion time, tail latency, and fairness. A single scalar objective is often insufficient. The
scheduler described here uses a weighted composite objective that can be tuned according to
service policy. The key novelty is that data locality and GPU affinity are treated as first-class
terms, and preemption is explicitly priced rather than being an implicit side effect [14].

Let 7t denote a policy that assigns each task instance v to a device d and a start time, subject
to resource constraints. The makespan of a graph instance is the completion time of its sink
tasks. In a multi-graph setting, each job J has a graph G; and a release time. The system
seeks a policy that achieves stable utilization and acceptable latency across jobs. A simplified
formulation for a single job focuses on minimizing a weighted sum of completion time and
data movement costs [15]. For multiple jobs, the formulation introduces priorities and fairness
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Table 7. Comparison of the proposed scheduler against baseline policies.

Scheduler Norm. JCT (lower is better) ~ GPU utilization (%)  Jain fairness index
FIFO per-GPU 1.00 63.7 0.71
Fair-share (DRF) 0.89 66.4 0.84
Gang scheduling 0.94 69.1 0.79
Graph-aware (no preempt) 0.82 72.8 0.86
Proposed scheduler 0.73 79.5 0.91

Table 8. Scalability of the scheduler under increasing cluster and workload sizes.

Nodes  Concurrent pipelines  Throughput (jobs/hour)  Scheduler CPU overhead (%)

4 4 92 31
8 8 191 39
16 16 387 4.4
32 24 711 4.9
64 32 1,326 5.6

constraints.

A useful abstraction is to view scheduling as a sequence of dispatch decisions from a ready
set. At time T, a set of tasks R(T) is eligible to run given dependencies and data movement
progress. The scheduler selects tasks from R(T) to assign to available devices, potentially
triggering data transfers. If preemption is enabled, the scheduler may also interrupt running
tasks at safe points, releasing devices for higher priority work. The policy must choose when
to preempt and which tasks to resume later [16].

The remainder of this paper develops a cost model for locality and affinity, then describes a
scheduler that approximates the multi-objective problem using online heuristics with explicit
pricing of data transfers and preemption overhead. The emphasis is on decisions that can be
made efficiently while still capturing the dominant costs in ML pipeline execution.

3. Locality and Affinity Cost Modeling

Data locality in ML pipelines spans multiple tiers. Input datasets may reside in remote
object storage, in distributed file systems, or in node-local caches. Intermediate results can be
materialized in host memory, in local SSDs, or in distributed caches [17]. Some intermediates
are transient and only relevant within short windows, while others are reused across epochs or
across jobs. A locality-aware scheduler benefits from a model that estimates the incremental
cost of executing a task on a given device due to data movement across tiers and across the
accelerator topology.

For a task v scheduled on device d, define its input transfer cost as a sum over required
objects. If an object o € I(v) is available at a location that is co-located with d, the transfer
cost may be small. If o must be fetched from a remote node, the cost includes network transfer
and possibly decompression or deserialization [18]. Let s, be the size of object o. Let £(d)
denote the host node on which device d resides. For each object o, define a best-available
source location relative to d, chosen to minimize transfer cost subject to availability and policy
constraints. The input cost can be approximated as

Cin(v,d) = min cpec(A, d, So) 1
)= 3] i () (1)
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Table 9. Observed queueing behavior across priority classes under mixed workloads.

Priority class Share of tasks (%)  Avgwaittime (ms)  Preemptions /1000 tasks
High (latency-sensitive) 18.2 9.7 42
Medium 46.5 21.3 17
Low (batch) 35.3 48.9 6
Best-effort background 0.8 112.4 2

where ¢joc(A, d, ) is a tier- and topology-aware transfer cost from location A to device d. If A
is a node-local SSD on £(d), cjoc may reflect local I/O throughput and CPU overhead. If A is
a remote node, cjo. includes network cost. If A is another device d’, the cost can be mapped
through cgev(d', d, 5).

The output transfer cost depends on consumers [19]. If a produced object is consumed
by tasks likely to be scheduled on certain devices or neighborhoods, placing the producer
accordingly can reduce future costs. Exact anticipation requires global planning, but an
online scheduler can approximate by using expected consumer neighborhoods, which can be
inferred from the graph structure and prior placements. For an output object 0 € O(v), let T'(0)
be the set of immediate consumer tasks. The scheduler maintains an estimated distribution
over where consumers will run, represented as a set of candidate devices or neighborhoods
with probabilities derived from current queue states and affinity constraints. Denote this
distribution by P,(d"). The expected output cost is then [20]

Cout(v,d) = D > Po(d) roc(ds ', 50) - (2)

0eO(v) &

In practice, the scheduler may collapse P, to a small set of representative neighborhoods,
such as GPUs on the same host, GPUs connected by high-bandwidth links, or a designated
parameter-server location.

GPU affinity extends locality by encoding preferences that are not purely data-size driven.
Many ML operations benefit from placing related tasks on GPUs with strong connectivity
even when the transferred bytes are modest, because synchronization and collective operations
can have latency-sensitive phases. Affinity can also reflect reuse of ephemeral states, such
as cached kernels, autotuning results, or warmed-up execution contexts. Additionally, for
pipeline-parallel training, consecutive stages may prefer fixed GPU assignments to maintain
steady-state flow [21].

Affinity is modeled as a set of soft constraints that add penalties when violated. For tasks u
and v with a relationship that benefits from proximity, an affinity weight a, , > 0 is defined.
The relationship may correspond to an edge in the pipeline graph or to a higher-level semantic
coupling, such as tasks that share model parameters or that participate in a collective. For
device assignments d,, and d,,, define a topology distance 8(d,, d,) derived from the effective
transfer cost for a unit message or from a normalized latency measure. The affinity penalty
can be expressed as

Caff(ua v, du, dv) = Qu,v q)(é(duv dﬂ)) ) (3)

where ¢ is a monotone function that maps distance to penalty [22]. A common choice is a
convex function that penalizes crossing certain boundaries more than small intra-boundary
shifts, reflecting the fact that crossing a host boundary or a fabric boundary is often much
more expensive than moving within a host. The scheduler can precompute neighborhoods
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using clustering on H, such as grouping GPUs under the same PCle switch or within the
same NVLink island.

Data locality and affinity interact because a placement that is ideal for input locality may
be poor for affinity and vice versa. A task might prefer a GPU near a cached dataset shard
but also prefer a GPU close to downstream training stages. The scheduler therefore uses a
combined cost [23]. For a task v assigned to d, define an estimated incremental cost

C(Uv d) = Gn(va d) + B COU\Z(”? d) + ‘Y Caff(717 d) bl (4)

where Cagr(v, d) aggregates affinity penalties between v and a set of related tasks with known
or hypothesized placements. The weights «, 3,y are policy parameters. While a single set of
weights may not cover all workloads, the framework permits tuning by job class. Latency-
sensitive inference pipelines may set « and y higher to reduce transfer and synchronization
delays, while throughput-oriented training may emphasize stability and reduce 3 to avoid
overreacting to speculative downstream placements [24].

Preemption cost is also modeled explicitly because it interacts with locality and affinity. Pre-
empting a task can discard locality benefits if cached data is evicted or if partially completed
work must be recomputed. It can also disrupt affinity by forcing migration to a different de-
vice when the task resumes. Let p,(d) denote the expected cost of preempting task v while it
runs on device d. This cost depends on the existence of safe preemption points, the frequency
of checkpointing, and the size of state to be saved [25]. If preemption is only permitted at
operator boundaries, then p,(d) may include a bounded waiting time until the next boundary
plus the time to serialize state. An approximate cost model is

pv(d):E[wv(d)] +  cCapt(v,d) 4+ cwarm(v, d) (5)

where w,(d) is the wait until a safe point, cckpt is the time to capture minimal state, and
Cwarm accounts for resumed execution overhead such as cache rebuilds or re-reading data.
This explicit pricing allows the scheduler to compare the benefit of serving a higher priority
task against the disruption cost incurred by preempting a running one.

A key modeling decision is how to represent contention [26]. Transfer costs and runtimes de-
pend on concurrent activity. A tractable approximation treats each resource class as having
an effective capacity that can be estimated from recent measurements, and uses this capac-
ity to scale cost terms. For example, if the network is saturated, cjo. increases for remote
transfers. Similarly, if a host’s CPU is congested, local preprocessing tasks may slow down,
indirectly delaying GPU tasks that depend on them. The scheduler maintains moving av-
erages of throughput and latency for each tier and for key topology edges, updating costs
accordingly. While this approach does not capture all interactions, it provides a feedback
loop that can stabilize decisions under changing load [27].

The cost model supports a scheduling rule that chooses placements by minimizing a composite
score that includes expected runtime, locality cost, affinity penalty, and optionally preemption
cost if preemption is invoked. This rule is used in conjunction with graph-criticality measures
so that the scheduler does not over-optimize local costs at the expense of delaying the critical
path.

4. Scheduler Architecture and Core Algorithm

The scheduler operates as an online system that repeatedly processes events such as task readi-
ness, resource availability, completion notifications, and policy triggers for preemption. The
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internal state includes the task graph structure, runtime estimates, data location metadata,
and device topology metrics. Decisions are made at two levels [28]. A global component per-
forms topology-aware placement across nodes and GPU neighborhoods. A local component
manages dispatch queues within a node or within a neighborhood, enforcing GPU affinity
and selecting among ready tasks.

The global component maintains a view of available devices and their neighborhood mem-
berships. A neighborhood is a subset of GPUs with relatively high mutual bandwidth and
low latency, such as GPUs connected by a high-bandwidth intra-node fabric. Neighborhoods
can overlap in the physical sense, but the scheduler uses a partition for simplicity [29]. Each
neighborhood has a capacity expressed in available GPUs and in auxiliary resources such
as CPU threads for input pipelines. Jobs can declare neighborhood preferences, for exam-
ple requiring that a gang of k GPUs for tensor parallelism must be selected from the same
neighborhood to reduce all-reduce cost.

The scheduler uses a task ranking function that combines criticality and cost. Criticality is
computed from the graph as an estimate of remaining work to completion. For a task v,
define a downstream length estimate L(v) as the maximum over all paths from v to a sink of
the sum of estimated runtimes and expected transfer costs along the path. Let S(v) denote
the estimated start slack relative to a job-level target completion time [30]. In a multi-tenant
system, slack can be derived from a target service curve or from priority weights. A task with
low slack is more urgent.

To incorporate locality and affinity, the scheduler defines for each task v and candidate device
d a placement score that approximates the marginal completion impact. A useful score is

score(v,d) = t,(d) + Clv,d) + nQ(d) — «xecrit(v) (6)

where ((d) is an estimate of queuing delay on device d, crit(v) is a normalized criticality
measure derived from L(v) and slack, and n,k are weights that trade off load balancing
against criticality. The sign convention reflects that higher criticality should reduce the score
and thereby increase selection priority [31]. This score is evaluated over a restricted candidate
set of devices rather than all devices, to keep decision latency low. Candidate selection is
guided by data locality, selecting devices on nodes that already host input objects, and by
affinity, selecting devices in neighborhoods where related tasks are or are expected to be.

The global placement algorithm proceeds as follows in a continuous event loop. When a
task becomes eligible and at least one suitable device is available, the scheduler selects a
device that minimizes the score. However, selecting tasks one by one can produce suboptimal
outcomes when tasks require multiple GPUs or when co-scheduling benefits exist [32]. The
scheduler therefore supports a batch placement mode for groups of related tasks, such as
consecutive pipeline stages or a set of tasks participating in a collective. In batch mode, the
scheduler solves a small assignment problem restricted to a candidate neighborhood set. The
assignment can be approximated using greedy matching because candidate sets are small,
and the primary goal is to avoid gross mismatches rather than to compute a globally optimal
schedule.

A central challenge in task-graph scheduling is the tension between keeping devices busy and
avoiding premature execution that increases future transfer costs. For example, executing a
preprocessing task on a distant node may produce an output that must then be transferred to
a GPU neighborhood for training, whereas delaying that preprocessing until a local CPU is
available could avoid the transfer [33]. The scheduler addresses this by distinguishing between
tasks that are locality-sensitive and tasks that are locality-agnostic. Locality sensitivity is
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inferred from the ratio of estimated transfer cost to compute time. For task v, define

Cin(v7 d) + Cout(v7 d)

Pold) = t,(d) + €

, (7)

with a small e to avoid division by zero [34]. If p,(d) is high across candidates, then locality
dominates, and the scheduler should be conservative in placement to avoid expensive transfers.
If p,(d) is low, then compute dominates and keeping devices busy may be preferable. The
scheduler uses p, to adjust the weight 1 on queuing delay and the weight on transfer costs
dynamically, so that locality-sensitive tasks are more strongly guided by data placement.

Affinity is maintained by introducing soft reservations. When a set of tasks forms a chain with
high affinity, such as consecutive training stages, the scheduler may create an affinity group
with a preferred neighborhood [35]. The group can be pinned to a neighborhood for a window
of time to reduce churn. Pinning is not absolute, since it can conflict with preemption and
fairness. Instead, the scheduler uses a hysteresis mechanism. Deviations from the preferred
neighborhood are allowed but incur increasing penalties that decay over time. This reduces
oscillations in which tasks repeatedly migrate between neighborhoods [36].

The local component manages per-device queues and enforces that tasks assigned to a device
respect execution constraints. For GPU tasks, the local component also interfaces with stream
priorities and concurrent kernel execution features, but the scheduler described here does
not rely on fine-grained kernel-level preemption. Instead, it treats the task as the primary
scheduling unit. Within a device, tasks can be executed in a cooperative manner if the runtime
supports it, but the default assumption is exclusive occupancy for the dominant phase of each
task to simplify modeling of runtimes and interference.

The algorithm also accounts for data transfer scheduling [37]. Transfers can be initiated
proactively when a task is likely to be scheduled on a certain device. For an eligible task
v, if the scheduler tentatively selects a device d, it can begin transferring inputs to {(d) or
directly to d while waiting for device availability, overlapping transfer with computation. This
requires a commitment mechanism so that speculative transfers do not waste bandwidth. The
scheduler uses a bounded speculation policy in which only a limited number of tasks per job
may have speculative transfers in flight, and speculation is prioritized for tasks on the critical
path. If a speculative placement is revoked due to preemption or updated priorities, the
scheduler can reuse transferred data if it remains useful in the selected neighborhood, or it
can cancel remaining transfer if supported by the transport [38].

To ensure fairness and avoid starvation, especially when locality and affinity create strong
preferences for certain neighborhoods, the scheduler introduces a fairness term that penal-
izes allocating repeated service to the same job beyond its share. Let f;(t) represent the
accumulated service for job J up to time T, measured in GPU-seconds adjusted by device
performance. A fair-share target g;(t) can be derived from weights. The scheduler adds a
penalty proportional to f7(t) — ¢gs(T) when selecting among tasks from different jobs. This
penalty is applied at the job level and then distributed across tasks [39]. The effect is that a
job that has already received more than its share will see increased scores, making its tasks
less likely to be selected when contention exists, unless they are critical for meeting deadlines
or have high preemption priority.

The computational complexity of the online decision process is controlled by restricting candi-
dates and by maintaining incremental updates of criticality metrics. The downstream length
L(v) can be precomputed for a static graph using a reverse topological traversal with edge
costs included. For repeated execution of a template graph, L(v) can be reused. When
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dynamic edges or data-dependent branches exist, the scheduler can compute L(v) lazily for
affected subgraphs [40]. Candidate device selection uses locality hints, such as nodes that
host the majority of required inputs, and neighborhood affinity hints, limiting the evaluation
of score(v, d) to a small set. As a result, dispatch latency can remain small even for graphs
with many tasks.

A practical concern is that task boundaries in ML pipelines can be fine-grained, especially in
data preprocessing. Scheduling at too fine a granularity increases overhead. The scheduler
therefore supports task coalescing as a preprocessing step, where multiple small operators are
fused into a larger schedulable unit when they have strong locality and when the fused runtime
remains predictable. Coalescing reduces the number of scheduling events and increases the
opportunity to amortize data movement [41]. Importantly, coalescing must respect preemp-
tion needs, since fusing too aggressively can create long tasks that are difficult to interrupt.
The scheduler uses a coalescing policy that limits fused task duration to a configurable bound,
thereby preserving manageable preemption points.

The core algorithm can be summarized as an online policy: compute readiness with data-aware
states, rank tasks by criticality and slack, select candidate neighborhoods based on locality
and affinity, choose device assignments minimizing a composite score with fairness adjustment,
initiate bounded speculative transfers, and dispatch tasks to local queues. Preemption is
invoked through a separate mechanism described next, but the core algorithm provides the
information needed to decide whether preemption is beneficial by estimating the opportunity
cost of waiting versus the cost of interruption.

5. Preemption Protocol and Runtime Mechanisms

Preemption support in GPU-centric ML pipelines requires a careful definition of what it
means to interrupt a task [42]. Fine-grained kernel preemption is not uniformly available
across devices and runtimes, and even when supported, it may introduce overheads or con-
straints that complicate portability. A more practical approach is cooperative preemption at
safe points. A safe point is a location in the task’s execution where state can be captured
with bounded overhead and where resumption can proceed without violating correctness or
significantly increasing nondeterminism beyond acceptable bounds.

In the context of task graphs, a natural safe point is at task boundaries. If tasks represent
coarse stages, such as a full training step including forward, backward, and optimizer update,
then boundaries may be too coarse for responsiveness [43]. Conversely, if tasks are very fine-
grained, boundaries may be plentiful but capturing state between tasks may still be expensive
if intermediate tensors are large. The scheduler described here uses a tiered safe-point model
that allows additional boundaries within a task when the runtime supports it. For example, a
training step can be decomposed into sub-tasks corresponding to forward pass, backward pass,
gradient reduction, and optimizer update, with dependencies between them. These sub-tasks
can be represented explicitly in the task graph, enabling preemption between them. This
representation increases graph size but provides more opportunities for interruption without
requiring kernel-level preemption [44].

When interrupting a running task v on device d, the scheduler coordinates with the runtime
to reach the next safe point. Let b, denote the average time between safe points for v. If
safe points are only at task completion, b, is the task runtime. If the task contains internal
safe points, b, can be smaller. A preemption request issued at time T incurs an expected
waiting time w,(d) until the next safe point. If safe points are periodic and independent of T,
an approximation is E[w,(d)]  b,/2. In practice, the runtime can report progress to reduce
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uncertainty [45].

State capture at a safe point is task-specific. For data preprocessing tasks, state may be small
and capturing it may be unnecessary, since restarting the task is cheap relative to transfer
and compute. For training tasks, state includes model parameters, optimizer state, and
potentially random number generator state to ensure reproducibility. Capturing full model
state at every preemption is expensive, so the design uses incremental checkpointing. The
runtime periodically creates checkpoints of training state at a configurable interval, such as
every few steps, and a preemption can roll back to the latest checkpoint [46]. The preemption
overhead then includes the loss of work since the last checkpoint, which is bounded by the
checkpoint interval. If the interval is chosen to bound loss to a small fraction of step time,
such as 2% to 10%, then preemption becomes more tractable, at the cost of extra checkpoint

1/0.

To formalize this trade-off, let T be the expected runtime of a training step task, and let
checkpoints occur every k steps. The expected recomputation after preemption is approxi-
mately (k—1)7T/2 if preemption time is uniformly distributed across the interval. Let Csave
be the time to save a checkpoint and Cjoaq the time to load it. The amortized overhead
per step due to checkpointing is Csave/k, while the expected overhead due to preemption
events depends on their rate. If preemption events occur with rate A per step, the expected
additional overhead per step from recomputation and reload is A ((k—1)T/2 + Cioaq)- The
scheduler can choose k based on an acceptable overhead budget and an expected preemption
rate [47]. While A is not known a priori, it can be estimated from observed contention and
policy.

The scheduler integrates preemption decisions into its objective by treating preemption as an
option when a high-priority task cannot be scheduled otherwise. Suppose a ready high-priority
task h requires a GPU and no suitable GPU is available. The scheduler considers preempting
a running task v on some GPU d. The benefit of preemption is the reduced waiting time
for h and potentially improved deadline adherence [48]. The cost is p,(d), including waiting
to safe point, checkpoint or rollback overhead, and locality loss. The decision rule can be
expressed as comparing an urgency value U(h) against the minimum preemption cost among
candidates. One form is

preempt(v,d — h) if U(h) > py(d) + Apcar(v, d) (8)

where Ajocal(v, d) accounts for the additional locality and affinity penalties incurred by mi-
grating v upon resumption. U(h) can be derived from slack, priority class, and queueing
delay. This comparison is performed over a subset of running tasks, prioritizing those with
low preemption cost, such as tasks near a safe point or tasks with small state [49].

A difficulty is that preempting a task may not immediately free the GPU if it must wait
until a boundary. To avoid excessive delays, the scheduler issues preemption requests with
a lead time. If an urgent task is expected to become ready soon, the scheduler can prepare
by requesting a safe-point stop for a running task so that a GPU becomes available at ap-
proximately the right time. This anticipatory preemption reduces the chance that an urgent
task waits behind long-running kernels. However, anticipation can waste work if the urgent
task does not materialize [50]. The scheduler therefore limits anticipation to cases with high
confidence, such as when the urgent task’s predecessors are near completion.

Resuming preempted tasks raises placement questions. If the original GPU is still available
and retains relevant cached data, resuming there preserves locality and affinity. If not, the
scheduler may migrate the task. Migration cost depends on the amount of state and on
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data locality [51]. For training tasks, parameters may be stored in host memory or in a
distributed parameter store, making migration feasible. For tasks with large device-resident
state, migration can be expensive. The scheduler maintains an affinity for the original device
and neighborhood for preempted tasks, represented as an increased affinity weight that decays
as time passes. This encourages resumption on the same neighborhood when feasible but
permits migration when necessary for fairness or capacity.

Preemption also affects correctness and determinism [52]. Some ML pipelines tolerate non-
deterministic execution order and minor variations due to floating point reductions, while
others require reproducibility. The scheduler can enforce determinism constraints by restrict-
ing preemption points to locations that do not change operation ordering in a way that affects
results. For example, if a task uses nondeterministic GPU kernels, restarting it can change
outcomes. In such cases, the runtime can either enforce deterministic kernels or annotate
tasks as non-preemptible except at specific boundaries with consistent replay. The scheduler
respects these annotations by setting preemption cost to infinity for non-preemptible regions
53]

Runtime integration requires instrumentation. The execution engine must report task start,
progress, and completion events, as well as data materialization and location updates. For
safe-point preemption, tasks must periodically check for stop requests and reach a consistent
boundary. In GPU execution, this is often implemented by structuring work into a sequence
of kernels and synchronization points, allowing the runtime to stop between sequences. For
training, checkpoints can be implemented using framework primitives that serialize model
and optimizer state [54]. The scheduler does not assume a specific framework, but it requires
that checkpoint creation and restore are available with bounded time, and that tasks can be
restarted from a checkpoint without violating dependencies.

A related concern is memory pressure. Preemption can increase memory usage if checkpoints
are buffered or if partially computed outputs are retained. The scheduler therefore treats
memory as a constrained resource. When deciding to preempt, it checks whether the system
has capacity to store any required checkpoint and whether resuming later would exceed mem-
ory limits [55]. The scheduler can also trigger eviction of cached objects to make room, but
eviction reduces locality benefits, so the decision is coupled to the locality model. In general,
the system prefers to store checkpoints in a tier with predictable performance, such as local
SSD, and to use compression where feasible, recognizing that compression consumes CPU
and can contend with preprocessing.

The preemption protocol is designed to be compositional with the core scheduling algorithm.
The core algorithm assigns tasks and initiates transfers. The preemption mechanism can
override assignments by stopping tasks and re-queuing them [56]. The scheduler maintains
consistent state by treating preempted tasks as incomplete and by invalidating speculative
transfers that are no longer aligned with expected placements. To avoid thrashing, the sched-
uler applies rate limits and cool-down windows, ensuring that the same task is not preempted
repeatedly within a short time unless policy requires it. Cool-down can be expressed as a
minimum run time after resumption before a task becomes eligible for preemption again,
unless it belongs to a low-priority class.

The combined system aims to provide responsiveness to urgent tasks while keeping through-
put degradation controlled through explicit preemption cost modeling, bounded checkpoint
intervals, and locality-preserving resumption preferences.
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6. Evaluation Methodology and Results

Evaluating a task-graph scheduler with locality, affinity, and preemption requires capturing
a range of pipeline structures and contention patterns [57]. The methodology described
here focuses on measurable metrics, controlled experiments, and sensitivity analyses that
isolate the contributions of locality-aware placement, affinity-aware neighborhood selection,
and preemption decisions. The evaluation can be conducted using a prototype integrated with
a task-graph execution engine, or using a trace-driven simulator parameterized by measured
transfer and compute costs. A prototype is preferable for validating overheads and integration
complexity, while simulation enables broader sweeps across workloads and cluster scales.

Workloads are drawn from representative ML pipeline motifs. One motif is an input-heavy
training pipeline where decoding and augmentation stages are CPU-bound but produce
batches consumed by a GPU training stage, with optional caching of preprocessed samples
[58]. Another motif is a multi-stage training pipeline with pipeline parallelism across GPUs,
where consecutive stages exchange activations. A third motif is a feature-engineering pipeline
with a mixture of join-like operations, embedding lookups, and GPU inference used for data
labeling. A fourth motif is a multi-job environment combining short hyperparameter trials
with a long-running training job, which stresses preemption and fairness. These motifs can be
instantiated with varying degrees of parallelism and varying dataset shard placements across
nodes.

The cluster topology is a critical variable. Experiments should include at least two topologies:
a topology with strong intra-node connectivity, such as multiple GPUs per host with high-
bandwidth links forming neighborhoods, and a topology with weaker intra-node links where
PClIe dominates [59]. Inter-node connectivity should be parameterized to reflect different
network fabrics. Data storage tiers can be modeled with remote object storage, distributed
file system, and node-local cache, each with measured throughput and latency distributions.
The scheduler’s topology graph H and location cost functions cjo. are derived from these
measurements.

The primary performance metrics include job completion time, mean and tail latency for
latency-sensitive jobs, overall throughput measured in completed pipeline instances per unit
time, and cluster utilization measured in GPU occupancy adjusted by device performance.
Additional metrics quantify data movement, such as total bytes transferred across the net-
work, bytes transferred across host boundaries, and bytes moved between GPUs. These met-
rics connect directly to locality and affinity [60]. For preemption, metrics include the number
of preemption events, total recomputation time due to rollbacks, checkpoint overhead, and
the distribution of waiting time to safe points.

Baselines for comparison include a topology-agnostic scheduler that uses a simple greedy
policy based on earliest available device, a locality-only scheduler that places tasks based
on input proximity but does not model GPU affinity, and a scheduler with priority-based
preemption but without explicit preemption cost modeling. Another useful baseline is a
policy that pins jobs to fixed GPU sets, which can preserve affinity but may harm fairness and
responsiveness. The proposed scheduler can be compared to these baselines under identical
workloads and resource configurations.

A key set of experiments isolates data locality [61]. In an input-heavy pipeline, nodes may
cache different shards. A topology-agnostic scheduler may schedule GPU tasks on any avail-
able GPU, causing batches to be transferred from remote caches or remote storage. The
locality-aware scheduler should preferentially place GPU tasks on nodes where the required
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shards are present, reducing network traffic. Under moderate contention, this reduction can
translate into lower step time variability because remote transfers introduce larger variance.
The expected observation is that network bytes transferred per training step decreases and
that GPU idle time due to input stalls decreases [62]. The magnitude depends on cache hit
rates. When cache hit rate is high, such as 80% to 95%, locality-aware placement can avoid
most remote transfers. When hit rate is low, the scheduler’s benefit is smaller, and the policy
should avoid over-constraining placement that would leave GPUs idle.

Affinity evaluation focuses on communication-heavy pipelines. For pipeline parallel training,
placing adjacent stages on GPUs with high-bandwidth connectivity can reduce activation
transfer time and can stabilize pipeline bubbles [63]. If affinity is ignored, stages may be
placed across host boundaries, leading to larger communication delays and reduced effective
throughput. The affinity-aware scheduler should cluster stages within neighborhoods when
capacity permits, and should prefer topologies with better collective performance for gang-
scheduled tasks. The expected effect is a reduction in per-step communication overhead and
a reduction in variance, especially when multiple jobs share the cluster and the scheduler
must make nontrivial trade-offs. The affinity penalty function ¢(8) influences how strongly
the scheduler avoids crossing boundaries. Sensitivity analysis varies v and the shape of ¢ to
determine how robust performance is to mis-specification [64]. A policy that is too aggressive
may overfit to affinity and cause load imbalance, while a policy that is too weak may approach
the baseline.

Preemption evaluation examines responsiveness. In a mixed workload, a long-running training
job occupies GPUs, and short, latency-sensitive evaluation jobs arrive intermittently. Without
preemption, evaluation jobs may wait for long tasks to finish, increasing tail latency. With
naive preemption, the training job may be interrupted frequently, increasing total completion
time and reducing throughput [65]. The proposed cost-aware preemption aims to strike a
balance by selecting preemption targets with low expected cost and by respecting cool-down
windows. The evaluation measures the tail latency of short jobs, such as the 95% or 99%
percentile, and the throughput impact on the long job. A useful result characterization is a
Pareto curve showing latency improvements versus throughput loss as the urgency threshold
U(h) is varied. The scheduler’s ability to bound recomputation through checkpoint intervals
can be evaluated by varying k and measuring the fraction of wasted work. For example, if
checkpoints are taken every few steps, the expected wasted work can be kept below a policy
target such as 5% of total compute, though the checkpoint overhead may add steady-state
cost [66]. The appropriate setting depends on preemption frequency and storage performance.

Another important evaluation dimension is scheduling overhead. The proposed scheduler
performs candidate selection and score evaluation. Overhead is measured as the time from
a scheduling event to dispatch decision. For graphs with many tasks, overhead must remain
small relative to task durations [67]. Task coalescing can reduce overhead but may reduce
preemption granularity. Experiments can vary coalescing thresholds to measure the trade-off
between overhead and responsiveness. A practical goal is that scheduling overhead remains
a small fraction of task time for typical tasks, such as below 1% to 2% for GPU-heavy tasks,
while acknowledging that preprocessing tasks may be shorter and thus more sensitive.

Robustness to runtime estimation error is evaluated by injecting noise into %v(d) or by using
workloads with high variability. Since the scheduler’s ranking and placement use estimates,
errors can cause suboptimal placements. The policy’s reliance on transfer and topology costs
can partially compensate because these costs can be measured more reliably than compute
time, especially for stable interconnects [68]. However, transfer costs can also vary under
contention. The evaluation therefore includes scenarios with changing network load, where
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transfer costs increase dynamically. The scheduler’s feedback loop updates ¢y, based on ob-
served throughput and can shift placements accordingly. The stability of this adaptation can
be evaluated by observing whether the system oscillates between neighborhoods or whether
it converges to stable placements.

Fairness is evaluated by running multiple jobs with different weights and measuring service
received relative to targets. The presence of locality and affinity constraints can distort fair-
ness if some jobs have stronger constraints that concentrate demand on certain neighborhoods
[69]. The fairness penalty term should mitigate this by making the scheduler more likely to al-
locate alternative neighborhoods to over-served jobs when possible. Metrics include deviation
from fair share over time windows and the frequency of starvation events. Preemption can
also influence fairness, since high-priority jobs may repeatedly interrupt others. Cool-down
windows and cost-aware selection aim to reduce pathological cases where one job is constantly
displaced.

The overall results from such an evaluation are expected to show that locality awareness
reduces unnecessary data movement and improves GPU utilization in input-bound pipelines,
that affinity awareness reduces communication overhead in multi-stage GPU pipelines, and
that cost-aware preemption improves tail latency for short jobs while keeping recomputation
and throughput loss bounded [70]. The magnitude of improvements depends on topology
heterogeneity and workload mix. In uniform clusters with centralized storage and low reuse,
locality benefits may be limited. In clusters with strong locality opportunities, such as high
cache hit rates and repeated dataset reuse, the benefits can be larger. In communication-
heavy training, affinity can have a clear effect because cross-boundary transfers are costly.
Preemption benefits depend on the arrival rate of urgent jobs and the checkpointing policy
[71]. The evaluation methodology is therefore designed to map performance across these
regimes rather than to present a single headline number, since scheduler behavior necessarily
reflects trade-offs among objectives.

7. Conclusion

This paper presented an approach to scheduling ML pipeline task graphs that explicitly in-
tegrates data locality, GPU affinity, and practical preemption. The system model represents
tasks with data dependencies and resource demands, and it represents the cluster as a topol-
ogy graph capturing nonuniform device connectivity and storage tiers. A cost model was
developed to estimate input and output transfer costs, to encode affinity penalties across
device neighborhoods, and to price preemption overhead in terms of waiting for safe points,
checkpoint or rollback costs, and locality loss. Building on these models, an online scheduler
architecture was described that combines criticality-aware task ranking with topology-aware
placement and fairness adjustments, while using bounded speculative transfers to overlap
movement with computation [72].

Preemption was addressed through cooperative safe points rather than fine-grained kernel
interruption, with tiered boundaries enabled by representing internal stages as tasks where
appropriate. Incremental checkpointing provides bounded rollback cost, and preemption de-
cisions are guided by explicit comparisons between urgency and expected preemption cost,
complemented by rate limiting and locality-preserving resumption preferences. An evaluation
methodology was outlined to quantify the impact of locality and affinity on data movement
and communication overhead, and to characterize the responsiveness and throughput effects
of cost-aware preemption under multi-tenant contention.

The central theme is that locality, topology, and interruption are interdependent in ML
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pipelines. Treating locality and affinity as first-class quantities in scheduling decisions, and
treating preemption as a priced action rather than a binary capability, provides a structured
way to navigate the trade-offs that arise in heterogeneous clusters. The algorithms and mech-
anisms described here are intended to be implementable over common task-graph runtimes
and cluster managers, with adjustable parameters that allow different service policies to be
expressed without changing the underlying abstractions [73].
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