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Abstract Large language models have garnered significant attention due to their strong generative and comprehen-
sion capabilities. However, they still face limitations in accessing real-time information and performing complex cal-
culations. To better address user needs, empowering large language models with tool use capabilities has become a
major topic of current research. Firstly, we clarify the fundamental concepts of tool use in large language models
and then trace its developmental trajectory in chronological order. Subsequently, we summarize the datasets and
technical approaches related to tool use, and analyze their applications in fields such as agent and embodied intelli-
gence. Finally, we present an outlook on future research priorities and development directions in the field of tool use
in large language models.
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Fig.2  An example of multiple tool invocations
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Table 1 The development of tool use in large language models

RAGEAY ey TH A SRR IR THHE KR B R0 RO3REU 12
2022 4E TALMP BEOXRT A BV ] ZTH (EEXERR) A B
2022 4F PALY Python 5% &% ALK ) 2T H T2
2023 4E Toolformer! ZEOXT A PR ) BT A 5 W5 B RO
2023 4 GPT4-Plugin® BEOXTA EZ 30N ZTH AR EHOR 4+ s
2023 4F HuggingGPT!! I o % BV ] ZTH (BHEKR) 45 2
2023 4 ViperGPT® Python Bi%{ BRI 7] ZTH (BEKKR) it
2023 4E MOSS!™ O TH ZRNE EN:N A B
2023 4 API-Bank!" BORTA ZRNHE ZTH A B
2023 4 APIBench?! Python ML BRI i) 1] BTH A B
2023 4F GPT4Tools!" PR I 2% B ZRNHE EN:N 455 2
2023 £F ToolkenGPT* AR TA BRI ] ZTH (BEXRKR) A B
2023 4 TRICE!™ O TA Y ) ZTE (GHRXR) AHISBROR + sRik
2023 4 CRITICH Python B % BV ] ZTH g2 3]
2023 4 LATM®! Python B&%L A 1) BT A ] + I T A
2023 4E CREATOR®! Python B % BV ] ZTH IEEES] + Al LA
2023 4 ToolBench!"” EO(TH HLK A BTH i
2023 4E ToolAlpaca® ZEOAT A ZHRHE ZTH A B
2023 4 Tool LLM™ O TA BRI ] ZTH A B
2023 4F Confucius™ EOTHE BV ) ZTH Z M B B RO
2023 4 ToRAP Python 2% B ] ZLTR (EEXERR) A B
2023 4 CRAFT® Python M%L BRI i) 1] ZTR (FEMKLR) T8
2023 4E MetaTool ™ BORTA BV ] ZTH g
2023 4 ToolChain® BEOXRTA BRI I ZTH T3] + R
2023 4 Tool Talk Python %L EZ ¥ ZTE (GERXKR) i e
2023 4 CLOVAP Python B % LY 1] L TR (FHER) f kg2
2023 4 T-Eval™ EOTH ZHXE ZTH(FEEKR) 5]
2024 4 ToolEyes™ BT A BRI ] ZTH B
2024 4F MLLM-Tool™! 22 [ 245 A BV ] ZTH (BEXRKR) A B A
2024 4F TroVE! Python %L YA 2T A TS + AT A
2024 4F EasyTools"! BEOXTH ALY ] £ZTH S + RSO ESR
2024 4E AnyTool™ BOXTAR ALY ] ZTH 5] + MR R
2024 4 SciToolBench'! Python BA%L BV ) ZTH B R
2024 £ ToolRerank!" BEOXTA B YD ] ZTH TH8E2E] + RS
2024 4E STE!! ZEOAT AR LY 1] BT A A NBIA -+ SRR R A
2024 £F Seal-Tools'"” AR TA BRI ] ZTH (BEXRKR) A B
2024 4 ToolPreference!*” BEOXRTA BA Y ) 2T H HIRBEHOE + Rt
2024 4 UltraTool ™" AR TA E2 PR ZTH (EEXERR) g
2024 4 GTA™ O TA BRI i) 1) ZTH (FHEMKR) TEEE 2]
2024 4E Llama-3.1% BEOXRTAR LR XHE ZTH A WBIA + R
2024 4F AppWorld®! FHLRH BV ] ZTH (BEXRKR) T8 o
2024 4 ShortcutsBench™ FHLN YR ) 2T A iR 5]
2024 4 ToolSandbox™ FHURH ZHNHE ZTH (BEKKR) A B
2024 4E ToolACEP O THE ZHX T ZTH (FE1KR) B
2024 4F StepTool™” FEOAT AR B ] £TH [t
2024 4 MTU-Bench?” O TH ZHE ZTH(FEEKR) A B OR
2024 4E ToolGen! ZEOAT AR LY 1] ZTH G WEMA + THSO R4
2024 4 AndroidWorld®” FHUN A LN ZTE (GERXKR) TE5E 2]




11 3

AT KR S R TR A 2rid

2375

TR 215 5 (Domain-specific language, DSL)
PAZE 7 T LR FH TR] R SGIBRES). 7238 SR N B L 75
BT Z TR T s, XF &1 1R
DSL M w] DA B B T 38 F 4 A2 75 5 AACRS X0 C 2 AE
P S I E SR (B fE R — B OO B TR, JFR
PEAT— 2B T H W& R8T — 27 3h i
T, AR AR A A Ay Lk Sk DSL A, fi
T BRKANER.

3 T EERANBIESTEN

AT AN I A T L O SR R A
HEATVAZE, B AR N SR s —ANV7 I i 4 T AR .
G, FRATTIB 43 A7 I w45 A S I 5 v, 4Rt
HAEFRTF RE B0 T BAF A 1P e .
3.1 HiEE

H Toolformer® KH H B kb EE AN T H
155 BB B2 DAk SRR 22 I 0N B3 TR BIKS:
KBS S T B S &g S e REH,

FF A 3G KR T BAE A SR Bl 4. sk 2 P,
FATI AR T AR Hi R R 15 SR 2 X
W RS2 TR L2 TRERRFR R R
UL, X 24 DN TR AR R AT ARG A4 H
t, CCHER AR E D RSN TR B R,
I K 45 MoE 5 P S 1 B 0RO R RoR
JUGRIE F R 2 18] A AT RS L 2R 4R A
IAESPN R Eichd RS e 2 O RAT I Fi A
LT HPACRM W R A A A TR <%
THEIAERM i F5 2 2 A TR, mx T
% THMEE, BATIER A i1 o R AT 2L 45
Horpr, “PRALR R RN 2 TR Z AL HAT; Ut
KR RN TR AT T ZMM 5 — L T AR
ITIRMEE R “RE R AR RN R T HAERAT M
fe 2 U HoAh TR BRiEZ 4k, BATIEAR 4 Ho i 5
ISR 7t T DA KK
BATRAMARNBIEE. REW T RIE SR
T HAEFIRE T RE NS 8 3 40 R FL N Va2 TRl
FH AR A2 25 A AT R R A X — A R 2R T, R 20

® 2 LR HHEREM

Table 2 The overview of tool use datasets

Hym e THAHE et Bt L EZ BTA ZTH HAL R FR IR R WEXRR
Toolformer!” 5 12 500 N X N X X X X
API-Bank!" 2211 2 202 v N ~ ~ N X X
APIBench™ 11 645 16 450 V X \ X X X X
ToolBench!"” 232 2 764 N X v X X X X
ToolAlpaca® 426 3938 N N v A v X X
RestBench®™ 94 157 v x N x x X X
Tool QAP 13 530 v X v N N X X
ToolLLM!"! 16 464 126 486 N X ~ N ~ X X
MetaTool" 199 21 127 V X \ \ Y Y X
TaskBench?™ 103 28 127 v X N N ~ ~ X
ToolTalk?® 28 78 v ~ ~ N N N X
T-Eval® 15 533 X ~ X N ~ ~ X
ToolEyes™ 568 382 N X N N ~ X X
UltraTool!"” 2 032 5 824 N X N N N N N
MLLM-Tool™ 932 11 642 V X \ v Y X X
SciToolBench!* 2 446 856 v X N N X N X
Seal-Tools!" 4076 14 076 v x N N N N N
ShortcutsBench™ 1414 7627 V X \ v Y X X
GTAM 14 229 v X N N V’ N X
AppWorld?" 457 750 N X N N N N N
ToolSandbox®! 34 1032 N N N N N N x
CToolEval® 398 6 816 v X N N ~ ~ X
ToolACE? 26 507 11 300 N N y N ~ ~ ~
MTU-Bench™ 136 159 061 x/ N \/ N N ~ ~
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