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Problems & Ideas

* Problems of existing reviews on memory-efficient LLM training:

— Existing reviews lack a dedicated and comprehensive focus on memory-
efficient training specifically for large-scale transformers in scientific Al.

— There is a notable absence of a comprehensive review that summarizes
the application of memory-efficient training techniques within the
domain of Al for Science.

* |deas: We present a systematic review to bridge the gap
between memory-efficient training methodologies and the
needs of scaling scientific models.
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Left: Al memory wall. The growth of model parameters has surpassed the increase in memory capacity of accelerators;
Right: Applications of LLMs in biology field and corresponding training optimization strategies.



Main Contributions

Contributions:

— We comprehensively summarized the applications of LLMs across
various scientific domains, including biology, medicine, chemistry,
meteorology, and geoscience;

— We offered a systematic taxonomy on memory-efficient pre-training
techniques for transformers, covering algorithm-level, system-level,
and hardware-software co-optimization;

— We emphasized the specific memory-related challenges and
opportunities for transformer-based models in Al for science.

Mixed Precision
Training [75-7%]

Compression (§3.1.1)
Quantization-

s Tk LLM-QAT [ /9], BitNet [50], BitNet b1.58 [%1], EfficientQAT [=]

Adafactor [23], SM3 [#4], CAME [£5], Lion [%5], Adam-mini [%7]

Memory Efficient
Optimizers (§3.1.2)

Algorithm (§3.1)

Zeroth-Order MeZ0 [52], DeepZero [29], ZO-AdaMU [20]

Gradient Check-

pointing (83.1.3) Full Checkpointing [©1], Selective Checkpointing [©7] |

Gradient Accu-
mulation (§3.1.4)

Data Parallelism

Tensor Parallelism
Pipeline Parallelism

Sequence Parallelism

Pytorch DDP [73], ZeRO [94], FSDP [25]

— — Megatron-LM [%6], 2D-TP [97], 2.5D-TP [2%], 3D-TP [2Y]
Distributed Training

(§3.2.1)
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GPipe [100], TF1B [101=107], Interleaved 1F1B [107], Zero Bubble [ 1074, 107]

Ring Self-Attention [106], Megatron SP [V7], Ulysses [107], Ring Attention [ 1 0%]

Offloading (§3.2.2) SwapAdvisor [109], ZeRO-Offload [ 1 10], ZeRO-Infinity [111]

FlashAuention [1 1 7], FlashAuention-2 [! | 7], FlashAuention-3 [114], MPress [117]

Hardware-Software

Co-Optimization (§3.3)

The overview of memory-efficient training techniques for transformers.



