SpareTrain: Fault-tolerant LLM Training via Low-Cost Dual Modular Redundancy

Rihae Park, Yeonjae Kim, Seung Yul Lee, Yeonhong Park, Jae W. Lee
Seoul National University

Silent Data Corruptions (SDC): How can we make DMR practical for large-scale LLM training?
A Real Threat in Large Model Training _ . ,
Key Observations and Proposed Methods SpareTrain Training job . —

e o . 2 Configurations ~)( staticPl Y code ddd . )
What is Sllen’F Data Corruptlo.n (SDC): o o . * Assigns every op to one of four sets: P-DMR, D-DMR. ..., oo —’[me"erJ - i lc anner\ [Gence)raetor Execution Engine
* A hardware-induced computation error that a Activation Checkpointing = Piggyback-DMR (P-DMR) D-DMR, ..., or Naive-DMR. e | —— ’(}’}Zﬁ — |/|((ovnamic Planner

escapes built-in detection. _parallelism Profile . M— | Phase3
* Two planners work together: a Static Planner (offline) | cror budget | resuits :\ _(Dynamic)J )

SDC in Accelerators * Activation checkpointing: a memory-saving technique that drops forward and a Dynamic Planner (online).
activations and recomputes them in the backward pass.

e |tis standard practice in large-scale LLM training: the freed memory enables larger
batch sizes, which are critical for high training throughput.
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» Offline: Profiler collects AC config, op time/memory, idle windows - Static Planner builds a DMR plan - Code
Generator rewrites training code.
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SDC detection at minimal cost!

but it is too costly (2 x).

Figure 10. Training throughput of No-DMR, Naive-Only and SpareTrain.




