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Abstract

Data centres allocate processors, memory and network bandwidth to thousands of jobs whose
demands are uncertain and change over time. Hand-designed scheduling heuristics work
well for the conditions their designers anticipated and poorly for the rest. This thesis studies
reinforcement learning as a way to learn allocation policies from experience. It formulates
cluster scheduling as a Markov decision process whose state encodes queued jobs and free
resources, trains policies with a graph-structured network that generalizes across cluster sizes,
and adds a constraint layer that guarantees no allocation exceeds capacity. In simulations driven
by production traces, the learned scheduler reduces average job completion time by 19% relative

to the best heuristic while never violating a capacity constraint.
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Lay Summary

Computing centres run thousands of programs at once and must decide which program gets
which machine, and when. The usual rules of thumb are written by hand and can make programs
wait longer than they need to. This thesis trains a computer program to learn better decisions
from practice runs, much as a person learns a game by playing it. The learned program finished
work about a fifth faster than the best hand-written rules in our tests, and it was built so that it

can never assign more work to a machine than the machine can hold.
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Preface

This thesis is original, unpublished, independent work by the author. The simulator in Chapter 3
was built by the author on an open workload model; the production traces used in Chapter 4

are public and required no ethics approval.
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Chapter 1
Introduction

A cluster scheduler decides, many times per second, which queued job to start and on which
machines. Good decisions shorten how long jobs wait; poor ones leave machines idle while
work queues up. Production schedulers rely on heuristics such as shortest-job-first or dominant
resource fairness, which are simple to reason about but cannot adapt to a particular workload.

Deep reinforcement learning has learned control policies for games [3] and early work
showed it could learn simple packing policies [1]. This thesis asks whether it can produce

schedulers that are both better than heuristics and safe to deploy.



Chapter 2
Background

A Markov decision process is a tuple (S, A, P,r,y). A policy mg(a | s) is trained to maximize

the expected discounted return
J(O) = Eny | ) ¥'r (100 . @1
=0
here by proximal policy optimization [4]. For scheduling, the reward at each step is the negative

number of jobs in the system, so maximizing J minimizes average job completion time by
Little’s law [5].



Chapter 3

A Constrained Graph Scheduler

We encode the cluster as a bipartite graph between queued jobs and machines, and a graph
neural network produces a score for every feasible job-machine pair, following the design of
Mao et al. [2]. A constraint layer masks any pair that would exceed a machine’s capacity before

the softmax, so infeasible actions have probability zero rather than being penalized after the

fact.
Clust i
uster Graph neural Capacity Allocation
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Figure 3.1: The masked scheduling policy.




Chapter 4
Experiments

We replayed four weeks of public cluster traces through the simulator. Table 4.1 reports average

job completion time relative to shortest-job-first.

Table 4.1: Average job completion time relative to shortest-job-first (lower is better).

Scheduler Relative completion time Capacity violations
Shortest-job-first 1.00 0
Dominant resource fairness 1.07 0
Learned, unmasked 0.79 312
Learned, masked (this work) 0.81 0

The unmasked policy is slightly faster only because it overcommits machines; the masked

policy keeps almost all of the gain with no violations.



Chapter 5
Conclusion

Learned schedulers can beat hand-written heuristics on realistic workloads, and masking infea-
sible actions makes them safe by construction. Transferring a policy trained in simulation to a

live cluster, where the workload drifts, remains the main open problem.
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Appendix A

Simulator and Hyperparameters

The simulator models machines with processor and memory capacities and jobs with stochastic
durations drawn from the traces. Policies were trained for 2 x 107 environment steps with a

discount factor y = 0.99.
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