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Parallel training and communication

« LLM training incorporates multi-dimension parallelisms
« Data-, Tensor-, Pipeline-, Expert-parallelism, etc.
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How to ensure the reliability of large-scale training in mega-scale cluster?




Reliability of LLM training

 Existing approaches focus on addressing failures during training
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« Checkpointing mechanisms
* CheckFreq (FAST'21)
« Gemini (SOSP’23)
« Check-N-Run (NSDI'22)

« Reliable/Elastic training mechanisms
* Oobleck (SOSP’23)
« Parcae (NSDI'24)
« Bamboo (NSDI'23)
» Tenplex (SOSP’24)



Iteration time Is expected to be stable
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Irregularity: abnormal spikes

Network issues
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Abnormal spikes: severe impact on individual iteration time




Irregularity: performance fluctuation and persistent
degradation
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Irregularity impacts the training process

4 )
Definition: Oo-Irregularity refers to the phenomenon where training
continues uninterrupted, but the training iteration time, is & times

longer than the average value within a given time window.

0.201 . ]
EZA Frequency g 60'17D —~ 30 Z2A Failure 1.00
s Irregularit
§0.15 T é/\% o Iiiatity 0.75
S 410 090 10 7 ? NEE 20 L
o A AN o 3 0.50-
= 0.057 ZR7H71IRY: | |
? ? ; s 0.25 m= Failure
0. 00 \\0. , , | 0.00 Irregularity
II 351 ga.% 011 09661&&%192 \ 252 ,Lga‘agoﬁb‘og%xngql 00 25 50 75
II Number of GPUs \ Number of GPUs Manual diagnosis time (h)
— A N A —
VA K he ‘,——
Frequency of Irregularity increase Irregularities waste lots of training

with number of GPUs and operation time




Challenges on pinpointing irregularity

C1: Irregularities behavior can
propagate
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Localizing irregularity with Holmes

* Workflow: localizing the irregularity using communication
operators and communications during training.
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Detect abnormal operators

* Network operator logger

Communication
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* How to confirm an abnormal operator?
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Detect abnormal operators

* How to mitigate the precision degradation brought by
distribution drift?
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Localizing root cause devices

* How to represent the relationship between operators and GPUs?

Communication operator graph
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Localizing the root cause

* Observation: “Abnormal” communication operators can be
waiting for the straggler.

“Abnormal” because of waiting

All-Reduce
GPU 0 | Comp iti Comm

GPU 1 | Comp ! Wa.iﬂng—i_Comm
GPU 2 | Comp [ Waiting I Comm

GPU 3 Comp Comm

N

Communication of root cause GPU behaves “normally”




Localizing the root cause

1. For prolonged communication operation, if any participating GPU shows
normal operator status while all others exhibit abnormal, that specific
GPU with normal communication operators is identified as the root cause.

2.1f all GPUs involved in the communication show abnormal operator
status, we conclude that the communication itself is the source of the

problem.
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Case Study

 Training with 3072 GPUs
« Degrees: DP(96), PP(8), TP(4)
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Cross-iteration analysis
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« Quantify the influence of abnormal operator (X) on training within time window T
« Accumulation of device irregularity rate cross-iteration

* Identifies the Top-2 anomalous device candidates



Evaluation setup

Setup

« Large-scale trace driven simulation
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Metrics
« Accuracy and Latency

Models




End-to-end localization accuracy

« Overall accuracy up to 97.2%
« 88.2% of accuracy when training with 8192 GPUs
« Median accuracy of 86.0% when 6-d parallelism enabled
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End-to-end localization latency

« Overall latency within 30.3s
« An 87.8% reduction compared to full GPU log analysis (baseline)
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Modular study

« Per-operator logging time is less than 2us.

 Better detection accuracy against distribution drift

* 96.6% reduction of the log data transmission
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More experiments in our paper

End-to-End evaluation
« Accuracy over different types irregularity
 Impact of delta on accuracy

Study of abnormal operator detection
 RF compared to other ML models
« Abnormal operator detection latency
 Auto tuning features study
« Parameter search for RF model

Multi-node monitoring for improving localization accuracy

Impact of cross-iteration diagnosis



Conclusion

« We systematically measure and analyze the irregularity phenomenon in
LLM training

 We design a localization system for irregularity from network perspective
and experimentally demonstrate its effectiveness

* We hope our early attempts can inspire more innovations for LLM OPS!



Thank You!

Contact email: ydxu@fudan.edu.cn



