ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 39,No. 3,May2024,pp. 502—523 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2024. 03. 002 Tel/Fax: +86-025-84892742

RKIBE R ERARMRHER
REZ', dA%', KEX, Ir', /EK, AXR', & B

(1. At Bt P AR K ARS8, J6 5T 100854 ; 2. R KL A% 5 TR b B 211189)

W OB MAERETHEEN 2R AN K ETEAN PR IEETRELETE, RTRETHERE
TFTHAES LG EANEANEZRE, L AEG - LB ERNK L E L4 FleREFZHETRETA

ROMBENFEMEEMANFFINRALARAT, AXLABI ;M EARMS REFIHEE L KA 0
EME EZF BEEAKRENFRRE S I ERFAGIARR R, KK E R AR AR

3‘ P Fe R AR UG TAER AT R P KRB R AR FAL., RERIBA

ARG BHAEGIB Fo Pk, s REFHAFERAR T G L RN THATTRZ

KR KB AN iR 4F AR IR AF 5T R AE B AR

FESES. TP1S3 MHERARERG A

Research Progress in Evaluation Techniques for Large Language Models
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Abstract: With the widespread application of large language models, the evaluation of large language
models has become crucial. In addition to the performance of large language models in downstream tasks,
some potential risks should also be evaluated, such as the possibility that large language models may
violate human values and be induced by malicious input to trigger security issues. This paper analyzes the
commonalities and differences between traditional software, deep learning systems, and large model
systems. It summarizes the existing work from the dimensions of functional evaluation, performance
evaluation, alignment evaluation, and security evaluation of large language models, and introduces the
evaluation criteria for large models. Finally, based on existing research and potential opportunities and
challenges, the direction and development prospects of large language models evaluation technology are
discussed.
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Table 5 Large language models evaluation benchmark
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