STUDY %R

79

ARENTHEFERS
PEkSHE AL R

I B, EK, SRR
THERA TR SEOR R, JEat 100084

=

RNESRYU (BIfARI) EXANNTGRMESERESPRINEE, SEITWRNZARE ZXE.
KELWNGSEEBESERB T GPURT], MGPUNETESEERERTZRMEENR, MLUREKX
B IR R PEIEIE TR RADHT T AR M ERF BB : ——RANRIBEE
SNSERAKRHIE, BEXRUMEENBRICEE, XBRITEBARFONER; —2ARIIGSH
EBYNRENESHRRKRS, BROEENTRBNEEEREETER, XN ITNERDEENRY =
GPU B8R —BREIIFIEPHNBEFRKS, BEEERLBLUCPUNPILNBERAZTHRSH
B, Tt ERBEER, MEBIEEIR. ST SHEESEI TOHERES SUENMRDE, RE, BE
TARRARERA B ARFNREES

Xiia
KB, SRAL; SUEEE; iEY 5; LESHE

OEDHZES . TP391 NERSS: A doi:10.11959/j.issn.2096—0271.2025001

Challenges and technical development of
storage systems in the era of large
language models

I FENG Yangyang, WANG Qing, SHU Jiwu
Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China

Abstract

Large language models have shown exceptional performance in complex tasks, such as text and visual processing,
drawing significant attention from industry and academia. Both the training and inference phases of large language
models are heavily reliant on GPU computational power. However, the limited capacity and volatility of GPU memory
pose significant challenges in meeting the storage demands during these phases. This paper conducts an in-depth
analysis of the challenges faced by storage systems in the era of large language models: (1) the data of large language
models exhibits a high degree of fragmentation, and sparse semantic representation further reduces storage system
efficiency; (2) large language model training and inference demand high data read/write bandwidth, but the high
communication overhead associated with data transfer across heterogeneous storage media complicates the expansion
of GPU memory using these media; (3) the fault tolerance requirements during large language model training are

stringent, yet directly applying CPU-centric fault tolerance techniques incurs prohibitive costs. To address these
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challenges, existing solutions are summarized from three perspectives: data management, storage expansion, and fault

tolerance. Finally, the future development trends of storage systems in the era of large language models are discussed.
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