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Abstract: Large language models have proven highly capable across a wide range of applications.
However, as these models continue to scale up, the training-cost them has become one of the main ob-
stacles to their further development. This paper describes Galaxy scheme, a production-grade cluster we
built for large-scale LLLM training, and covers how it was designed and optimized and how it is operated.
We first build a training-cost model and uses it to identify the factors that really determine whether
training remains low-cost and efficient. Guided by this model, we improve cost efficiency from a full-
stack perspective. At the infrastructure level, device selection and the network architecture are co-
designed across layers so that computation and communication efficiency are maximized without driving
up cost. At the software level, we jointly optimize the collective communication library and the training
framework across layers, alleviating performance bottlenecks and improving both training throughput
and stability, and we introduce techniques for intelligent fault tolerance and stable operation. On the
operations side, a fine-grained full-stack monitoring system and a standardized diagnosis procedure allow

us to pinpoint performance anomalies quickly. Finally, we draw on our experience with clusters of this
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scale to distill a number of practical lessons that we hope will be useful to both the research community and in-

dustry.

Key words: cost-effectiveness; network architecture; collective communication; cluster construction;

large language model training;distributed systems
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Figure 1 Monthly statistics of hardware failures
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