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Abstract

Distributed Systems for Large-Scale and Fault-Tolerant Computation

Daniel R. Whitmore

Large computations now run across thousands of machines, and at that scale some machine is

always failing. This dissertation studies how to keep such computations correct and fast when

failures are routine. It shows that replicating coordination state with a consensus protocol, while

recovering data-parallel work by recomputation from lineage, gives better throughput than repli-

cating everything, and it presents a scheduler that places recomputation away from recently failed

machines. In experiments on a 512-node cluster with injected failures, the design sustains 94% of

failure-free throughput at a failure rate at which checkpoint-based recovery sustains 71%.
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Chapter 1

Introduction

Programming models such as MapReduce made it practical to run a computation over thousands of

machines by hiding failures from the programmer [1]. In-memory frameworks later made iterative

computations fast by recovering lost data from its lineage instead of from replicas [5]. Both depend

on a small amount of coordination state, such as which tasks have finished and where their outputs

live, that must survive failures exactly.

This dissertation separates the two kinds of state and treats each with the mechanism that suits

it: consensus for coordination, recomputation for data.
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Chapter 2

Background

Consensus protocols let a group of machines agree on a sequence of operations despite crashes

[3, 4]. Ordering events across machines without a shared clock relies on logical time [2]. If each

of 𝑛 machines fails independently with rate 𝜆, a job of duration 𝑇 that needs all of them sees an

expected

E[𝐹] = 𝑛𝜆𝑇 (2.1)

failures, which grows linearly with both scale and duration.
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Chapter 3

Design

The system keeps its task table in a replicated log managed by a consensus group of five machines.

Data partitions are not replicated; when a machine fails, the scheduler recomputes its lost partitions

from their lineage, placing the recomputation on machines that have not failed recently.

Consensus group
(task table)

Failure-aware
scheduler

Workers
(partitions)

Figure 3.1: Coordination state is replicated; data is recomputed.
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Chapter 4

Evaluation

We ran an iterative graph computation on 512 nodes and injected machine failures at increasing

rates. Table 4.1 reports throughput as a fraction of the failure-free run.

Table 4.1: Throughput relative to a failure-free run.

Failures per hour Checkpointing Full replication This design

1 0.93 0.81 0.99
8 0.84 0.80 0.97
32 0.71 0.78 0.94

Checkpointing degrades fastest because each failure rolls work back to the last checkpoint; full

replication pays its cost even when nothing fails.

4



Chapter 5

Conclusion

Treating coordination state and data differently lets a large computation tolerate routine failures at

little cost. The approach extends naturally to stream processing, where lineage is bounded by a

window.
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Appendix A

Log Compaction

The replicated task table is compacted by snapshotting it every 10,000 entries, which bounds

recovery time for a restarted consensus member to under two seconds in our deployment.
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