
CDS: Deadline-Aware, Multi-Chiplet GPU
Scheduler in gem5

Tanmay Anand∗, Matthew D. Sinclair†, Michael Swift†
∗Microsoft Corporation

tanmayanand@microsoft.com
†University of Wisconsin-Madison

{sinclair, swift}@cs.wisc.edu

I. INTRODUCTION

The shift towards multi-chiplet GPU architectures intro-
duces new complexities in task scheduling across distributed
compute and memory resources. Moreover, modern real-time
applications place stringent demands on GPUs for low-latency
execution. Unlike single-die GPUs, multi-chiplet designs [1]–
[7] must coordinate work across chiplets with varying latency
and bandwidth, making the round-robin scheduling used in
modern GPUs [6] inadequate for real-time guarantees.

In this work, we apply hardware–software co-design to
address these challenges and sustain performance scaling in
future GPGPUs. Modern GPGPUs include embedded RISC
cores, known as command processors (CPs), which handle
stream scheduling and kernel context parsing. However, cur-
rent CPs are limited to parsing kernel contexts and scheduling
GPU streams, treating the GPU as a monolithic unit rather
than a collection of chiplets. Our core idea is to design two-
level GPU scheduler called CDS (Cross-Die Scheduler) that
coordinates work across chiplets while meeting deadlines. We
realize CDS by enhancing CPs: because they are co-located
with the GPU, CPs can access fine-grained, microsecond-level
runtime data while retaining a global view across chiplets.

Our scheduler prioritizes queued jobs based on laxity [8],
[9] and selects chiplets for kernel dispatch using a worst-fit
strategy over available resources. We also incorporate next-
kernel prefetching to eliminate communication delays between
consecutive kernels within the same stream. A key contribution
of this work is enhancing the capabilities of both local and
global CPs to intelligently schedule kernels by monitoring
chiplet-level compute resources and workload characteristics.

II. PLATFORM AND INTERFACE.

We extend gem5 v21.0 to support local and global CPs
and integrate CDS. Real-time scheduling requires knowledge
of deadlines. gem5 v21.0 supports ROCm 1.6, in which we
modify the HIP interface to support per-stream deadlines.
ROCm passes them to the simulator, which stores it in tables
for scheduling.

III. METHODOLOGY

Our key metrics for the scheduler are (i) completion rate,
meaning what fraction of kernels complete before their dead-
line, (ii) response time, meaning how long after submission

did kernels complete, and (iii) chiplet utilization. We evaluate
CDS against a round-robin policy used in current GPUs.

We evaluate across a set of single- and multi-kernel work-
loads [10]–[12]. We initially populate the system with a batch
of jobs and then periodically submit subsequent batches with
a controlled inter-arrival interval, referred to as the arrival
delay. We categorize the workload behavior at an arrival rate
into different regimes. We assign deadlines to each job by
scaling its standalone runtime with a tunable factor, which
we relax progressively during evaluation until the scheduler
reaches 100% on-time completion rate for steady state jobs
within a regime.

These regimes reflect the level of system contention and
the corresponding difficulty for a scheduler to meet deadlines.
We use a t-test to categorize the outcome, identifying higher
arrival rates when response time distributions vary over time
and lower arrival rates when response time distributes re-
main stable. This evaluation methodology establishes a robust
framework for assessing schedulers across diverse scenarios
and is also a key contribution of this work.

IV. RESULTS

Figure 1 shows the steady-state completion rate for the
medium regime at an arrival rate of 48 jobs/ms. CDS achieves
a 100% completion rate, while round-robin scheduling meets
deadlines for only 78% of jobs, at an average per-job deadline
of 1.4 ms for GMM scoring. Round-robin achieves 100% com-
pletion at 1.6 ms deadlines. This shows CDS can handle much
tighter deadlines while achieving near-ideal completion rates
compared to round-robin. Going forward, we aim to redesign
the CP’s queue scheduler so that CDS can dynamically adapt
to changing GPU conditions while effectively accounting for
locality.

V. CONCLUSION

Evaluating schedulers is difficult, especially under tight
deadlines or high contention. As workloads grow more com-
plex, we need policies that are robust, efficient, and low-
overhead. In this work, we introduce our proposed algo-
rithm for reliably meeting real-time guarantees, outline our
evaluation methodology for testing schedulers across diverse
scenarios, and present results across a range of workloads.
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Fig. 1: Steady-state completion rate for GMM [10].
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