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- What powers today’'s LLM agents?
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- What powers today’'s LLM agents?
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- What powers today’'s LLM agents?
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- What powers today’'s LLM agents?
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- What powers today’'s LLM agents?
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Is having tools enough?

o ERELSExMoZ l:}-?-lll AAR 2H|E sllEsl= Tool LLM
. ZofH

-4 -
« "AlZ(reasoning) > WS (acting) > &E (observation)"S EtEstH HHQI X|

|'-||:|
g
Lot
Tt
mlrl
rﬂ
H1
-1
i
Jal
A
r>—

Agent
___________________________ OUTSIDE WORLD
’ ! <— RESPONSE — Reasoning -
) (-v-)) .
‘ + —> Action
v .
USER — PROMPT — LLM Planning

— Observation

Q.. Daota Mining
ob Quallity Anailytics



Intro ReAct ToolLLM Conclusion

] ToolLLM

HuggingGPT

o EIE ==MOR [IEH AAR 2/ siASH= Tool LLM
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@TOOLLLM: FACILITATING LARGE LANGUAGE
MODELS TO MASTER 16000+ REAL-WORLD APIS

REACT: SYNERGIZING REASONING AND ACTING IN

LANGUAGE MODELS HuggingGPT: Solving AI Tasks with ChatGPT and its

Shunyu Yao*!, Jefirey Zhao?, Dian Yu?,

'Department of Computer Science, Princeton University
'Cmglc Research, Bmln team

edu
'k,yua cao)@google.com

Nan Du?, Izhak Shafran?, Karthik Narasimhan', Yuan Cao®

Friends in Hugging Face

Yongliang Shen'?*, Kaitao Song®* !, Xu Tan?,
Dongsheng Li’, Weiming Lu' ', Yueting Zhuang'
Zhejiang University!, Microsoft Research Asia’

Yujia Qin'*

3 Sihan Zhao', Lauren Hong', Runchu Tian
Ruobing Xie®, Jie Zhou”, Mark Gerstein’, Dahai Li**, Zhiyuan Liu'', Maosong Sun'!
VTsinghua University ?ModelBest Inc. Renmin University of China

“Yale University *WeChat Al, Tencent Inc. “Zhihu Inc.

{syl, luwm, yzhuang}®zju.edu.cn, {kaitaosong, xuta, dongsli}@microsoft.com ABSTRACT
s et Despite the advancements of open-source large language models (LLMs),
https://github. £t/JARVIS
ABSTRACT Ps://gitbub;con/miceasote/. LLaMA, they remain significantly limited in tool-use capabilities, i.¢., using ext
nal tools (APIs) to fulfill human instructions. The reason is that current instruction
While large language models (LLMs) have erfi tuning largely focuses on basic language tasks but ignores the tool-use domain.

across tasks in ]‘mgudg. understanding and mln‘NLll\c d\.u\lull making, lh r
abilities for (e.g. f-though pting) and acting (e.g. action
plan generation) have primarily been studied a~ separate topics. In this paper, we
explore the use of LLMs to generate both reasoning traces and task-speci tions
in an interleaved manner, allowing for greater synergy between the two: reasoning
traces help the model induce, track, and update action plans as well as handle
exceptions, while actions allow it to interface with and gather additional information
from external sourc uLh as knowledge bases or environments. We apply our
Jppm.uh named 10 a diverse set of language and decision making tasks
and its over state-of-the-art baselines in addition to

I human i ility and tr Concretely, on question
answering (HotpotQA) and fact verification (Fever), ReAct overcomes prevalent
issues of hallucination and error propagation in chain-of-thought reasoning by
interacting with a simple Wikipedia API, and generating human-like task-solving
trajectories that are more interpretable than baselines without reasoning tr:
Furthermore, on two interactive deci
WebShop), ReAct outperforms imitation and reinforcement learning methods by
an absolute success rate of 34% and 10% respectively, while being prompted with
only one or two in-context examples.

2023 ICLR

n making benchmarks (ALFWorld and

Abstract

licated Al tasks with different domains and modalities is a key s!
al general intelligence. While there are numerous Al models
able for various domains and modalities, they cannot handle complicated Al tasks
autonomously. Considering large language models (LLMs) have exhibited excep-
tional abilities in language understanding, generation, interaction, and reasoning,
we advocate that LLMs could act as a controller to manage existing Al models to
solve complicated Al tasks, with language serving as a generic interface to em-
power this. Based on this philosophy, we present HuggingGPT, an LLM-powered
nt that leverages LLMs (e.g., ChatGPT) to connect various Al models in ma-
chine learning communities (e.g., Hugging Face) to solve Al tasks. Specifically,
we use ChatGPT to conduct task planning when receiving a user request, select
models according to their function descriptions available in Hugging Face, execute
each subtask with the selected Al model, and summarize the response according to
the execution results. By leveraging the strong language capability of ChatGPT
and abundant AT models in Hugging Face, HuggingGPT can tackle a wide range
of sophisticated Al tasks spanning different modalities and domains and ac!
impressive results in language, vision, speech, and other challenging tasks, which
paves a new way towards the realization of artificial general intelligence.

2023 NeurlPS

This is in contrast o the excellent tool-use capabilities of state-of-the-art (SOTA)
closed-source LLMS, e.g., ChatGPT. To bridge this gap, we introduce ToolLl
a general tool-use data model training,
and evaluation. We first present ToolBench, an instruction-tuning dataset for tool
use, which is constructed automatically using ChatGPT. Specifically, the con-
struction can be divided into three stages: (i) API collection: we collect 16,464
real-world RESTful APIs spanning 49 categories from Rapid API Hub: (ii) instruc-
tion generation: we prompt ChatGPT to generate diverse instructions involving
these APIs, covering both single-tool and multi-tool scenarios: (iii) solution path
annotation: we use ChatGPT to search for a valid solution path (chain of API
calls) for each instruction. To enhance the reasoning capabilities of LLMs, we
develop a novel depth-first search-based decision tree algorithm. It enables LLMs
to evaluate multiple reasoning traces and expand the search space. Moreover,
10 evaluate the tool-use capabilities of LLMs, we develop an automatic evalu-
ator: ToolEval. Based on ToolBench, we fine-tune LLaMA to obtain an LLM
ToolLLaMA. and equip it with a neural AP retriever to recommend appropriate
APIs for each instruction. Experiments show that ToolLLaMA demonstrates a
remarkable ability 10 execute complex instructions and generalize to unseen APIs,
and exhibits comparable performance to ChatGPT. Our ToolLLaMA also demon-
strates strong zero-shot ability in an tool-use
dataset: APIBench. leusde» trained models. and demo are puhhd ailable at
htt github. ToolBench.

2024 ICLR

ihao Liang'", Yining Ye', Kunlun Zhu', Lan Yan', Yaxi Lu', Yankai Lin*',
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- ReAct

% ReAct: Synergizing Reasoning and Acting in Language Models (2023 ICLR)
e 20233 ICLR, 2184 12559%3]

+ ‘dZf(Reasoning) 1t &S (Acting)S EHF5HH 0[S MZ E2th= tool-use OO ES| tHEN £7| =&

REACT: SYNERGIZING REASONING AND ACTING IN
LLANGUAGE MODELS

Shunyu Yao®!, J effrey Zhao?, Dian Yu?, Nan Du?, Izhak Shafran?, Karthik Narasimhan!, Yuan Cao?

'Department of Computer Science, Princeton University
2Google Research, Brain team
1{shunyuy,karthikn}@princeton.edu
2{jeffreyzhao,dianyu,dunan,izhak,yuancao}@google.com
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- Background
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- Background
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- Background

< Reasoningz®} Acting?| =2|
«  FE0SH= LLM(CoT) - 2|2t THEE! X 442tk

- WSOt SH= LLM(planning, acting) - ff SH=X| 22 & WS 0.
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..:.. gigﬁlnh;l/r\‘r‘::ﬁy’rics Ahn, Michael, et al. "Do as i can, not as i say: Grounding language in robotic affordances." arXiv preprint arXiv:2204.01691 (2022).
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- Method
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Method

<lnput Prompt>

ReAct

Question What is the elevation range for the area that the eastern sector of the
Colorado orogeny extends into? Colorado orogeny? S% X|0| 0] Q= X|Ho| T&E HQ|= HOlQIT}?

Thought 1 I need to search Colcrado orogeny, find the area that the eastern sector
of the Colorado orogeny extends into, then find the elevation range of the
area. =H 2

Action 1 Search[Colorado orogeny] 1AM

Observation 1 The Colorado orogeny was an episode of mountain building (an orogeny) in
Colorado and surrocunding areas. z Zat =0l

Thought 2 It does not mention the eastern sector. So I need to look up eastern
sector. Ml 4H

Action 2 Lookup[eastern sector] Mg HE et

Observation 2 (Result 1 / 1) The eastern sector extends into the High Plains and is called
the Central Plains orogeny. Z7tChM &A

Thought 3 The eastern sector of Colorado orogeny extends into the High Plains. So I
need to search High Plains and find its elevation range. MZ23}9 25 4F

Action 3 Search[High Plains] =% A

Observation 3 High Plains refers to one of two distinct land regions #M Zae 2oy 2ol

Thought 4 I need to instead search High Plains (United States) .Z0| 74t

Action 4 Search[High Plains (United States) ] ®ustel z4

Question

MR
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o
- Experiments
s Settings
« FE SO AS S HOIHME E2X]0 £

« H|O|AZI2l: Standard(At2-HS-2E 2 K| A), CoT(HS 2= &|7H), CoT-SC(CoT Lt
. ALFWorld: BUTLER (2% St 100t 42

&), Act(At2t HjAH)
2 IL

—

N—

ot

*  WebShop: IL(Imitation Learning), IL+RL(Reinforce Learning), Human Expert

N

EISE x| PNE: i Thought Action Observation
HotpotQA HE|IZ QA EM Standard X X X
FE 34
FEVER A AS Acc CoT V X X
e ALFWorld HAE 7|8t 718 &t Success Rate Act X V V
s S
WebShop Ax 2210 A% AE Score/SR ReAct Vv Vv Vv
Dataset Baseline
Daota Mining M
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Experiments

% Qualitative Results
« CoTe WE X[AIDIOZ B FESHT Act-Only= A ZHE offA6HX| 2t

A
*  ReAct= #M ZUE HIYOZ FEN HSS = +FHol JE =2

- { (1) Hotspot QA } ' { (1d) ReAct (Reason + Act) } ™~
Question: Aside from the Apple Remote, what other device Thought 1: I need to search Apple Remote and find the

program it was originally designed to interact with.
Act 1: Search[Apple Remote]
i Obs 1: The Apple Remote is a remote control introduced in

October 2005 bi Aiile .. originally designed to control the
/—___{ (la) Standard } N [ (1c) Act-Only }———————\ IZhsiore e e

can control the program Apple Remote was originally
designed to interact with?

Answer: iPod )( Act 1: Search[Apple Remote] Thought 2: Apple Remote was originally designed to control
Y J Obs 1: The Apple Remote is a the Front Row media center program. I need to search
remote control .. - next and find what other device can control it.
/{ (1b) CoT (Reason Only) J\ Act 2: Search[Front Row]
. . . Obs 2: Could not find [Front Row]. Similar: ['Front Row
Thought: Let's think step e Seat to Earth', 'Front Row Motorsports'
by step. Obs 2: Could not find [Front (software) ', ..]

Row]. Similar:

Act 3: Search|FECHENESH
(software) |

- So the answer is Obs 3: Front Row is a
iPhone, iPad, and iPod discontinued media center
Touch. software ..

Thought 3: Front Row is not found. I need to search -
Act 3: Search]| ]

Obs 3: Front Row is a discontinued media center software ..

Thought 4:
So the answer is

keyboard function keys.

Rnswer: ifhone, ifad, 1¥ ini : Finish[KSyboardlEuncEIonIkeys|
swer: iPhone, iPad, iPod Act 4: Finish([E) x Act 4: Finish]| ] \/
\ Touch v L J

2
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Experiments

++ Qualitative Results
« Act-Only= 2t Z1IE DE{d}X| tn Mijst =g vt

o
*  ReAct= SHS HAEZ Al=lot 2H20] L2} Ch2 HSS =T HYUS 2=

[ ) [ 1
L (2) AlfWorld ) 4 L (2b) ReAct (Reason + Act) J N\
You are in the middle of a room. Looking quickly arocund Act 1: Think[First I need to find a pepper shaker...more
you, you see a cabinet 6, a cabinet 1, a coffee machine 1, likely to appear in cabinets (1-6), countertops (1-3), ... 1
a countertop 3, a stove burner 1, and a toaster 1. Act 2: Go to cabinet 1
Your task is to: Put some pepper shaker on a drawer. Obs 2: On the cabinet 1, you see a vase 2.
(Here the agent go teo cabinet 1, then cabinet 2, 3, then countertop 1 and 2)
[ 1
" 1- d 1 L (2a) Act-Only J A Act 6: Go to countertop 3
Act 1: Go to drawer ] Obs 6: COn the countertop 3, you see a apple 1, a bread 1,
Obs 1: The drawer 1 is closed. | a pepper shaker 1, and a vase 3.
Act 2: Open drawer 1 ) ) Act 7: Take pepper shaker 1 from countertop 3
Obs 2: You open the drawer 1. The drawer 1 is open. In it, Obs 7: You pick up the pepper shaker 1 from the countertop 3.

you see a dishsponge 2, and a spoon 1.

Act 8: Think[Now I find a pepper shaker 1. Next, I need to

Act 3: Go to sinkbasin 1 put it in/on drawer 1. ]
Obs 3: On the sinkbasin 1, you see a dishsponge 3, a Act 9: Go to drawer 1
spatula 1, and a spoon Z. Obs 9: Drawer 1 is closed.
Act 4: Take peppershaker 1 from sinkbasin 1 Act 10: Open drawer 1
Obs 4: Nothing happens. Obs 10: You open Drawer 1 ..
Act 5: Take peppershaker 1 from sinkbasin 1 Act 11: Put pepper shaker 1 in/on drawer 1
L Obs 5: Nothing happens. x ) \Obs 11: You put pepper shaker 1 in/on the drawer 1. \//

MR
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- Experiments

+» Quantitative Results
« ReActvs Act: & ItX| 25 ReAct7t ActEL M5 RUE EL

%
+  ReActZt A% LI CoT-SC(Self-Consistency)E Z&MS I 71E =2 Hs

[0
L
oo

a HotpotQA | Fever 65.0
Prompt Method (EM) (Acc) » __ s
Standard 28.7 57.1 3 60.0
CoT (Wei et al., 2022) 29.4 56.3 E E s
CoT—SC (Wang et al., 2022a) 334 60.4 %) 30 s '
Act 257 589 § E 55.0 CoT-SC -> ReAct
ReAct 27.4 60.9 28 52.5 — EE_‘T_‘C;; CoT-3C
CoT-SC — ReAct 34.2 64.6 50.0 —— ReAct
ReAct— CoT—-SC 35.1 62.0 26 —— CoT

47.5
Supervised SoTA” 67.5 89.5 0 5 10 15 20 0 5 10 15 20
#CoT-SC trials #CoT-SC trials

1) ReAct > CoT-SC: HX| ReAct=E E0{211 &l tHA| otof| HS ZUH CoT-SC= Hzt
2) CoT-SC > ReAct: HX| CoT-SCEZ ntH EUS M Ct~Z EO0| n/2 O|TtOo|2tH (Fol| 2l giZ) ReActE Het

|_

Q.. Daota Mining
ob Quallity Anailytics




ReAct

- Experiments

++ Quantitative Results
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« ReActvs Act: &= ItX| 25 ReAct?t Act2Lt s 29UE EY
e ReActZt AtES MHLC CoT-SCE 222 W 71 =2 M2
o 5 AT 2A0| CoT-SC7t 217Hel MEZ L= 852 T 3~5M
4 HotpotQA | Fever
Prompt Method (EM) (Acc) 24
Standard 28.7 57.1 _ 2
CoT (Wei et al., 2022) 29.4 56.3 >
CoT—SC (Wang et al., 2022a) 334 60.4 % 30
Act 257 58.9 S
ReAct 27.4 60.9 28
CoT-SC — ReAct 34.2 64.6
ReAct— CoT—-SC 35.1 62.0 26
Supervised SoTA®” 67.5 89.5 0

1) ReAct > CoT-SC: HX| ReAct=E E0{211 &l tHA| otof| HS ZUH CoT-SC= Hzt
2) CoT-SC - ReAct: HX| CoT-SCZ nH E2 | Ct+Z EO| n/2 O|THO|2pH (Bhofl =t
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- Experiments

++ Quantitative Results
s F4 txl= 2PEo| 20 FZHof| & S5t QX 24| 7|0 I o2 EfA =
IM(Inner Monologue): LH || FAF S, OO|HET} "&So = ESHH"

3H
ReAct(71)7F Act(45)2t, &€ BUTLER(37)2 Bt 452 57Ie > Hlw YHE2 ALl 50| glo] 5t¢| HAISE 725K 2&

I

il
Jin
1=
pu)
D

>
S
o

Method Pick Clean Heat Cool Look Pick?2 | All
ACT (bestof 6) 88 472 74 67 72 41 45
ReAct vy 65 39 83 76 55 24 57
ReAct (bestof 6) 92 58 96 86 78 41 71
ReAct—-IM (avg) 55 59 60 55 23 24 48
ReAct—IM (bestof6) 62 68 87 57 39 33 53
BUTLER; (bestof 8) 33 26 70 76 17 12 22
BUTLER (est of 8 46 39 74 100 22 24 37
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- HuggingGPT

s HuggingGPT: Solving Al Tasks with ChatGPT and its Friends in Hugging Face (2023 NeurlPS)

« 20234 NeurlPS, 2124 23033

. LLMO| ALBX} @K 98l EfATE &)1, Hugging Face ZHS EfAT0f 2| B2t Aesio] A5 HtE S8t
x (¥ HuggingGPT [ LLM as Controller ] ~ HuggingFace

0] Can you describe this picture and count how
@ many objects in the picture?

] Task |- A
Planing i =
Prediction % facebook/.
TIN= detr-resnet-101 l

Model
]SIeIe;i:n III Task Execution

HuggingGPT: Solving Al Tasks with ChatGPT and its
Friends in Hugging Face

A text can describe the give age: a herd of
giraffes and zebras grazing in a fields. In @
addition, there are five detected objects as

giraffe with score 99.9%, zebra with score 99.7%, zebra
with 99.9%, giraffe with score 97.1% and zebra with

e < nlpconnet/
Prediction . vit-gpt2-image-captioning

Yongliang Shen'2*, Kaitao Song>* ', Xu Tan?,

2 o e 1, . 1,
DongSheng Ll H Welmlng Lu T’ Yuetlng Zhuang T score 99.8%. The bounding boxes are shown in the
Zhejiang University', Microsoft Research Asia? R et s i e IV Response T| I —
. . . . etection and image caption on this image. Combining a
{syl, luwm, yzhuang}@zju.edu.cn, {kaitaosong, xuta, dongsli}@microsoft.com the predictions of & < Generation i
i and /¥
models, | get the results for you.

https://github.com/microsoft/JARVIS
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Background

< dio| XSt Xz of2] 5tel EHAIE 0|F0{H UC}
U HE|ZE DL sub-task X Z &E0| 022
=P S LLMES SEE 252 oi9l Bel 2ot ANz oA 05t 522X

|

- HuggingFace?| 2 HIAE MHS 2t235}A}

Main (QEHEP Libraries Languages Licenses Other

=]
=)

Multimodal | - detr-resnet-50T like Follow ' Al at Meta
*  Audio-Text-to-Text % Image-Text-to-Text
) ImageTestto-lmage & Image-Text-to-Video F5  Object Detection % Transformers () PyTorch £ Safetensors & coco detr
Visual Question Answering l
B, Document Question Answering % Video-Text-to-Text . i
B Visual Document Retrieval 3 Any-to-Any Model card Files and versions = << xet Community

Computer Vision

€ DepthEstimation 7  Image Classification |

[y o0t etection ) |l Imac= Segmentotion DETR (End-to-End Object Detection) model with ResNet-50 backbone
[ Text-to-lmage & Image-to-Text E  Image-to-lmage

E.  Image-to-Video B Uncenditional Image Generation

% Video Classification @ TexttoVideo DEtection TRansformer (DETR) model trained end-to-end on COCO 2017 object

B zero Shotimage Classification ) Rl ik Gerertion detection {118k annotated images). It was introduced in the paper End-to-End Object

4 Zero-Shot Object Detection @ Text-to-3D

Detection with Transformers by Carion et al. and first released in this repository.

® Imageto-30 [ Image Feature Extraction

%  Keypoint Detection [  Video-to-Video

Natural Language Processing Disclaimer: The team releasing DETR did not write a model card for this model so
) To Classifiction ) iy Token Oasefication this model card has been written by the Hugging Face team.
B Table Question Answering  #9  Question Answering
#  Zero-Shot Classification %, Translation

T Summarization [ Feature Extraction

Q.. Daota Mining
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- Method

Please generate an image where a girl is reading a book, and her pose is the same as the boy in the image
example.jpg, then please describe the new image with your voice.

(. -
. IL Request J' .
Stage #1: Task Planning Stage #2: Model Selection
L ml__ . S f e .
task: pose-det. task: image-class. | task: image-to-text i task: pose-det. /| In-context task-model assignment: -

0 hustvl/yolos-tiny
facebook/detr-resnet-101
0 TahaDouaji/detr-doc-table-detection

Miodel Cards in HuggingFace

I
I
| args:
1 image: example.jpg
[}

““““““““ L’*f;f—#**’::j‘_‘_;—“‘ Tttt L-
L L fask dependeficy | task: object-det.
I A 6] | args:

i
1

a i 5

args: || args:

image: <resource-2> :l image: <resource-2>

[}

| args: | task: obiect-c;e_t. _____ I__q“f?jf'_“f‘i”_"i“_%i_\
: text: a reading girl }: args: B R — X
| image: <resource-1> || jmage: <resource-2> source-5> task: image-class. | Y
' 3\
- Stage #3: Task Execution Stage #4: Response Generation
{T1] pose-det. HT4] object-det.
T i ' Hybrid Endpoints | ] per facebook/detr-resnet
| task, args, model ] i Gy DildEndpoln .y i Bounding boxes O,]EmDSE o D? resne
Lo ' q 5 - o [image-2] [bounding box]
- 1| HuggingFace Endpoint |, with probabilities N L
e E [ HT2] pose-to-image  HT5] image-to-text
B —— Iym/sd-ctl-pose nipconnect/vit-gpt2
| facebook/detr-resnet-101| | } [image-3] “agirl sittingon ...”
::::‘_'—:'—:‘_'—:'—:::. i Local Endpoint HT3] image-class. HT6] text-to-speech
{ task, args, model ] : (facebook/detr-resnet-101) google/vit facebook/fastspeech
b D et [classes with prob] [audio-1]
J
“\

"agirlsitting on a bed !
L reading a book )

[Text-1] = <resource-5>

a(p)

[Image-1] = example.jpg [Image-2] = <resource-1> [Image-3] = <resource-2> [Image-4] [Audio-1]

The image you gave me is of "boy". The first thing | did was use = to analyze the pose of the boy in the image. |
fed that image, specifically located at [Image-1], into the model to get an output image of the pose, located at [Image-2]. Then | take that
pose and generate a new image, located at [Image-3], using ¥ and the instruction "a girl is reading". Next, |
ran object detection on the image generated in the previous step, to get predictions of the objects present in the image, including the box
location. These predictions were run through the = model. The box was drawn on the image, which is located at
[Image-4]. Then, | used the predictions of a image classification model = and a image caption model a

= model to generate the caption for newly generated image. It generated text: "a girl sitting on a bed
\_reading a book". Lastly, | ran the = model to convert the generated text into audio, located at [Audiu-l].)
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Please generate an image where a girl is reading a book, and her pose is the same as the boy in the image
example.jpg, then please describe the new image with your voice.

| S |
1 neque,g I j
TT

of9l EfA 3 A=l HE

-

ot%l EfA3 2 Hi A

—

| Response |

[Image-1] = example.jpg [Image-2] = <resource-1> [Image-3] = <resource-2>

The image you gave me is of "boy". The first thing | did was use = to analyze the pose of the boy in the image. |
fed that image, specifically located at [Image-1], into the model to get an output image of the pose, located at [Image-2]. Then | take that
pose and generate a new image, located at [Image-3], using ¥ and the instruction "a girl is reading". Next, |
ran object detection on the image generated in the previous step, to get predictions of the objects present in the image, including the box
location. These predictions were run through the = model. The box was drawn on the image, which is located at
[Image-4]. Then, | used the predictions of a image classification model = and a image caption model a

= model to generate the caption for newly generated image. It generated text: "a girl sitting on a bed
reading a book". Lastly, | ran the =

model to convert the generated text into audio, located at [Aucﬁu-l].)J

MR
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Method

< 1. Task Planning: 59| E{A3 A2 =2
« Specification-based Instruction: AF2Xt LES o1 EHAIE £2
o JSON HIZSICZ TA

1k OflAIS

. ZLEJAIE g 22

TEDEZ ol

P— e ——

« Demonstration-based Parsing: 24 & It4 Z

Prompt

Please generate an image where a girl is reading a book, and her pose is the same as the boy in the image
example.jpg, then please describe the new image with your voice.

#1 Task Planning Stage - The Al assistant performs task parsing on user input, generating a list
of tasks with the following format: [{"task": task, "id", task_id, "dep": dependency_task_ids,
"args": {"text": text, "image": URL, "audio": URL, "video": URL}}]. The "dep" field
denotes the 1d of the previous task which generates a new resource upon which the current task
relies. The tag "<resource>-task_id" represents the generated text, image, audio, or video from
the dependency task with the corresponding task_id. The task must be selected from the following
options: {{ Available Task List }}. Please note that there exists a logical connections and order
between the tasks. In case the user input cannot be parsed, an empty JSON response should be
provided. Here are several cases for your reference: {{ Demonstrations }}. To assist with task
planning, the chat history is available as {{ Char Logs }}, where you can trace the user-mentioned

In-context task-model assignment: (o »
© hustvl/yolos-tiny
facebook/detr-resnet-101
43 TahaDouaji/detr-doc-table-detection

Model Cards i HuggingFace.

image: <resource-2> |

} task: chjecl -det.
! task: pose-to-image l,[T_"_l ____________________________
| ares: .. task: object-det.

1 text: a reading girl Ilargs

Stage #4: Response Generation

_____________________ , Il oce st WRICLEECED resources and incorporate them into the task planning stage.
| Bounding b Pl T
Foggingce Encpore Lwith prabasities Toligad Demonstrations

T5] image-to-text
ﬂ\pr:nrcrt’\. t-gpt2

ok/detr-resnet-101)

Can you tell me how many [{"task": "object-detection”, "id": 0, "dep": [-1], "args": {"im

J | Predictions

Task Planning

[image-3] “a girl sitting on ..
ocal Endpoin image-class. 1 i ‘gD W o] g
s ens o W;zﬁ?ﬂa“ Tﬁlrti’:]"jspfich objects in el.jpg?’ age": el.]pg HH
[classes with prob] [audio-1] ) [{"task": "1mage-t0-text", "ig": 0 lldepll:[_l], "args"' {"im
age": "e2.jpg" }}, {"task":"image-cls", "id": 1, "dep” [1]

In e2.jpg, what’s the animal  "args": {"image":
and what’s it doing? 2, "dep": [-1], "args": {"image": "e2.jpg" }], {"task": "vi-
sual-quesrion-answering”, "id": 3, "dep":[-1], "args": {"text":

"e2.jpg" }}. {"task":"object-detection”, "id":

a»

ob

The image you gave me is of "boy". The first thing I did was use

pose and generate a new image, located at [Image-3], using &

location. These predictions were run through the =
[Image-4]. Then, | used the predictions of a image classification model

| reading 2 book". Lastly, I ran the =

[Image-1] = example.jpg [Image-2] = <resource-1> [Image-3] = <resource-2>

[Audio- l]

[Image-4]

to analyze the pose of the bcy in the image. \

fed that image, specifically located at [Image-1], into the model to get an output image of the pose, located at [Image-2]. Then | take that

and the instruction "a girl is reading". Next, |

ran object detection on the image generated in the previous step, to get predictions of the objects present in the image, including the box

model. The box was drawn on the image, which s located at
and a image caption model a

= model to generate the caption for newly generated image. It generated text: "a girl sitting on a bed

model to convert the generated text into audio, located at [Audio-1].

First generate a HED image
of e3.jpg, then based on the
HED image and a text *
girl reading a book”, create
a new image as a response.

"what’s the animal doing?", "image": "e2.jpg" }}]

[{"task": "pose-detection”, "id": 0, "dep": [-1], "args": {"im
age": "ed.jpg" }}. { "task": "pose-text-to-image", "id": I, "dep":
[0], "args": {"text": "a girl reading a book", "image": "<re-
source>-0" } }]

Daota Mining
Quallity Anailytics
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% 2. Model Selection: 52| H|A3 D HYX™

« HuggingFaced| 240 Q= RH MHEZ J|FO 2 HiHE

. DE U0l MHS QI3 4 YO0 FjAT ERICE HEY > CIREC 4 7|F Top-kat $HE KA
> D HH0t HTotE EO2 & 0|

Please generate an image where a girl is reading a book, and her pose is the same as the boy in the image
example.jpg, then please describe the new image with your voice.
a [

Stage #1: Task Planning Stage #2: Model Selection
ie) m3) s W Prompt

/
task: pose-det. In-context task-model assignment: (o » i
| € hustvl/yolos-tiny i

e e e | #2 Model Selection Stage - Given the user request and the call command, the Al assistant helps the
‘ user to select a suitable model from a list of models to process the user request. The AT assistant

task: image-to-text
args:
image: <resourc

Task dependency

! “task: pose-to-image 3 |74]

ook/detr-resnet-101)

{"model_id": model id #1, "metadata": meta-info #1, "description": description of model #1}
{"model_id": model id #2, "metadata": meta-info #2, "description": description of model #2}

nlpconnect/vit-gpt2

! arg5“a[ea i ii :a:\; object-det. i : . . - M
| st | “oage: e | " <rssurce - g merely outputs the model id of the most appropriate model. The output must be in a strict JSON
@ g format: {"id": "id", "reason": "your detail reason for the choice"}. We have a list of models for
%) Stage#3: Task Execution \ Staselil R BaslCeneration o) you to choose from {{ Candidate Models }}. Please select one model from the list.
{T1] pose-det. TA] object-det. |79
T e o T Hybrid Endpoints 4 unding boxes openpose facebook/detr-resnet —_— Candldate MOdelS
wetnarae Endpn. | oot T 3
<}

3 lym/sd-ctl-pose
PO | Premcuon:s> [image-3]
T3] image-class.
google/vit facebook /fastspeech
[classes with prob] [audio-1]

{"model_id": model id #K, "metadata": meta-info #XK, "description": description of model #K '}

[Text-1] = <resource-5>

a»

[Image-1] = example.jpg [Image-2] = <resource-1> [Image-3] = <resource-2> [Image-4] [Audio-1]
The image you gave me is of "boy". The first thing I did was use & to analyze the pose of the boy in the image. |
fed that image, specifically located at [Image-1], into the model to get an output image of the pose, located at [Image-2]. Then | take that
pose and generate a new image, located at [Image-3], using and the instruction "a girl is reading”. Next, |
ran object detection on the image generated in the previous step, to get predictions of the objects present in the image, including the box
location. These predictions were run through the = model. The box was drawn on the image, which is located at
[Image-4]. Then, | used the predictions of a image classification model = and a image caption model a
model to generate the caption for newly generated image. It generated text: "a girl sitting on a bed
model to convert the generated text into audio, located at [Audio-1].

| reading 2 book". Lastly, I ran the =

Q.. Daota Mining
ob Quallity Anailytics
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< 3. Task Execution: 2|ZM 12{s}0] Al
o MAEfATO =0 SHOZ WH > A
« <resource>-task_id: Planning TH#|0f| A

d d
> A TAOM M EfAT O MF| B2 SH X

ot

Please generate an image where a girl is reading a book, and her pose is the same as the boy in the image
example.jpg, then please describe the new image with your voice.

1. Task Planning

I In-context task-model assignment: (= a" |
| args: 0
i

5 {"task": "pose-detection”, "id": 0, "dep": [-1],
. - hustvl/yolos-tiny 1 . .
e R ”i | Qi | "args": {"image": “example.jpg"}}

12 ! args i

| task: pose-to-image

ol Cards nluggnerace
! args: 1 ==
| text: a reading girl

| image: <resource-1
L

|| task: text-to-speech
|| args:

{"task": "pose-to-image", "id": 1, "dep": [0],
"args": {"text": "a reading girl", "image": "<resource>-0"}}

Stage #4: Response Generation

{T1] pose-det. T4] object-det.
facebook/detr-resnet
[bounding box]

T5] image-to-text .
nlpconnect/vit-gpt2
3. Task Execution

T3] image-class. T6] text-to-speech
google/vit facebook /fastspeec

S L) J {"task": "pose-detection”, "id": 0, "dep": [-1],
: B (i on i "args": {"image": "example.jpg"}}

| Bounding boxes
| with probabilities

dictions )

HuggingFace Endpoint
(facebook/detr-resnet-101)

: _g- a» {"task": "pose-to-image", "id": 1, "dep": [0],

{Image-1] = example.jpg [Image-2] = <resource-1> [Image-3] = <resource-2> [image-4] [Audio-1] ||ar sn. {ntextn. ||a readln irln "ima en. ”/ima e/ ose 2b3f : ||}}
The image you gave me is of "boy". The first thing I did was use = to analyze the pose of the boy in the image. | g ¢ * g g I g ¢ g p - J pg
fed that image, specifically located at [Image-1], into the model to get an output image of the pose, located at [Image-2]. Then | take that
pose and generate a new image, located at [Image-3], using and the instruction "a girl is reading”. Next, |
ran object detection on the image generated in the previous step, to get predictions of the objects present in the image, including the box
location. These predictions were run through the
[Image-4]. Then, | used the predictions of a image classification model

model. The box was drawn on the image, which is located at
and a image caption model a
model to generate the caption for newly generated image. It generated text: "a girl sitting on a bed
model to convert the generated text into audio, located at [Audio-1].

| reading 2 book". Lastly, I ran the =

Q.. Data Mining it
ob Quallity Anailytics
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< 4.Response Generation: %|Z 2¢& MM gl Q0of
X

ol
o MEX RH + 5t EfA3 + A B + =2 21t D> 2T S Ad

b

Please generate an image where a girl is reading a book, and her pose is the same as the boy in the image
example.jpg, then please describe the new image with your voice.
| Request |
Stage #1: Task Planning Stage #2: Model Selection

oW ) e e e
| task: pose-det. || taskiimage-class. || taskimage-to-text | /I In-context task-model assignment: (a »
| ares: il args: 1) args: i 5/ € hustvl/yolos-tiny v,
i i
1 i

:
'
image: example.pg |1 image: <resource-2> |1 image: <resource-2> |

facebook/detr-resnet-101

= "];;}ZE“};;;, ”””””””” P ———— | 49 TahaDouaji/detr-doc-table-detection i
! task: pose-to-image 4 /T4l____ ¥ _______ Te)__ ! args: Mo Cortin g i
! args: ! task: object-det. || task: text-to-speech 1| | | _image: ' = P
| textiareading @il ! args: ! args: | H o rompt
L_imege sresource 1 I} imege spesouce2; ) et oo 2 ; =
g #4 Response Generation Stage - With the input and the inference results, the Al assistant needs to
% Stage #3: Task Execution \ Stage #4: Response Generation 5 describe the process and results. The previous stages can be formed as - User Input: {{ User Input
; YA 1 e @] }}, Task Planning: {{ Tasks }}, Model Selection: {{ Model Assignment }}, Task Execution: {{
: S o — - , -
Foggtace e bt proseiies IS 8 L 4 Predictions }}. You must first answer the user’s request in a straightforward manner. Then describe
(facebook/detr-resnet-101; Y —————————————————— . . .
Joo\ | s cipose ELE T e the task process and show your analysis and model inference results to the user in the first person.
[image-3] a girl sitting on ... o,
WIS el E If inference results contain a file path, must tell the user the complete file path. If there is nothing in
[classes with prob] [audio-1]

the results, please tell me you can’t make it.

| | agirsittingonabed |
l\ reading a book )

a»

| e
[Image-1] = example.jpg [Image-2] = <resource-1> [Image-3] = <resource-2> [Image-4] [Audio-1]
The image you gave me is of "boy". The first thing I did was use & to analyze the pose of the boy in the image. |
fed that image, specifically located at [Image-1], into the model to get an output image of the pose, located at [Image-2]. Then | take that
pose and generate a new image, located at [Image-3], using and the instruction "a girl is reading”. Next, |
ran object detection on the image generated in the previous step, to get predictions of the objects present in the image, including the box
location. These predictions were run through the = model. The box was drawn on the image, which is located at
[Image-4]. Then, | used the predictions of a image classification model = and a image caption model a
v model to generate the caption for newly generated image. It generated text: "a girl sitting on a bed
L reading a book". Lastly, | ran the = model to convert the generated text into audio, located at [Audio-1].

MR
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N

s Settings
Task planning S22 "7t - HA| mo|Z2telol|A o EfA I T MM EX| ANSH= THE

Single Task: EfA=3 ot 7 @8 > F1, Accuracy
H

Daota Mining
Quallity Anailytics

Sequential Task: (2] A{

Graph Task: &/&FA H

|43t Jejo 2 2EE= @K S GPT4E IIKIR AR

Dataset: GPT-42 M5t Pseudo-label + human-annotated dataset

S0t

EfA37 =XECE 2ollEl= 28 > F1, ED(S A|RAE OHE A|RAE Hi = O HRo X

Task Type Diagram Example Metrics
_ Show me a funny image of  Precision, Recall, F1
T k 1 ? 2 2
Single Task a cat Accuracy
. Replace the cat with a dog Precision, Recall, F1
Sequentla] Task [ Task 1 H Task 2 |—'| Task 3 ] n example.jpg Edit Distance
Given a collection of image
A: ajpg, B: b.jpg, C: c.jpg, Precision. Recall. Fl
Graph Task please tell me which image T

1s more like image B in
terms of semantic, A or C?

GPT-4 Score

EN

Hzl

sio

)
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- Experiments

++ Qualitative Results

Query: based on the pose image of examplel.jpg and the description of example2.jpg, please generate
anew one.

Response: Based on the pose image of B examplel.jpg and the description of [ example2.jpg, | have
generated a new image | Il s58.jpg for you. The process of generating this image involved using the

v model to extract the pose information from the basketball image, and then using the
= to generate a description of the boy in the image. Finally, | used
the = model to combine the pose information and the description to

generatz the final image. The complete path of the generated image is | 1 s5f8.jpg. If you hzve any othar
questions, please let me know.

Task Planning:

'1: {'task': 'pose-detection’, 'id": 0, 'dep': [-1], 'args": {'image": '
I i'examplel.jpg'}}

52. {'task': 'image-to-text', 'id": 1, 'dep': [-1], 'args": [
5{'image': ‘example2.jpg'}} !
3. {"task': "pose-text-to-image", "id": 2, "dep": [0, 1], "args":

{"text":"<resource>-1", "image": "<resource>-0"}}

Execution Results:

<resource>-0

lllyasviel/
sd-controlnet-
openpose

a young boy is
riding a bike with a basket

<resource>-1

MR
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- Experiments

++ Quantitative Evaluation

MO Z GPT-3.57t LEAA LLME Z& EjAT FAHUM I A &

II_-|I:|
« SZTHEIAI(Graph)¥£2E APV H HO{E

LLM AcctT PreT Recallt? F17 LLM ED| PrefT Recall?T F11
Alpaca-7b 648  35.60 6.64 4.88 Alpaca-7b  0.83 2227 23.35 22.80
Vicuna-7b  23.86  45.51 26.51 29.44 Vicuna-7b  0.80  19.15 28.45 22.89
GPT-3.5 52.62 62.12 52.62 54.45 GPT-3.5 0.54 61.09 45.15 51.92
Single Task Sequential Task

LLM GPT-4Scoret PretT Recall!T F17

Alpaca-7b 13.14 16.18 28.33 20.59

Vicuna-7b 19.17 13.97 28.08 18.66

GPT-3.5 50.48 54.90 49.23 51.91

Graph Task

Q.. Daota Mining
ob Quallity Anailytics
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++ Quantitative Evaluation
Abzho| 21 epzlor 1EXE & O {22 [O|HZ I}

—
THO| F24E M5 At

SFX|2H GPT-4L OFA] 2HHSHX| 42 > OFAEA| 217t Bt Gap ZXH

Sequential Task Graph Task
AccT ED| Ace | F171

Alpaca-7b 0 0.96 4.17 4.17
Vicuna-7b 7.45 0.89 10.12 7.84
GPT-3.5 18.18 0.76 20.83 16.45
GPT4 41.36 0.61 58.33 49.28

LLM

Human-annotated dataset

Q.. Daota Mining
ob Quallity Anailytics
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Experiments

% Ablation study

« Demonstration(Gi[A]) CtFM: M2 CIE EHAS EIRIS| BF +E s2HTE s T4

(@]
« Demonstration(¢A]) 7i==: 47H0l|M s E2}

4
«  JlisHECH A0 OIS RES BHOA EHE AXIPIEH 2

)
)

Single Task s tial Task Graph Task
Demo Variety LLM Single Task Sequencial Task  Graph Task 70- e e quennal 22 1apn a2
# task t -
(# task types) Acct F1t ED(%)| F1+ F11 o 70 .
) GPT-35 4331 4820 7127 3215 4342 g 607 o
GPT-4 6559 67.08  47.17  55.13 53.96 ; 50 wetric | 50 Metric
Accuracy ED LM
¢ GPT3.5 5131 5181 6081  43.19 58.51 £ 407 Flscore | 40- Ko || 407 GPT3.s
GPT4  66.83 68.14 4220  58.18 64.34 . -crmas | - omas | Metric
—#— GPT-4 7 —#— GPT4 T —&— Fl-score
0 GPT35 5283 5370 5652  47.03 64.24 T 1 1 1 1 T T 1 1 1 — T 1 1 1 I
GPT-4 67.52  71.05 39.32 60.80 66.90 Number of Shots Number of Shots Number of Shots
Variety of demonstrations Number of demonstrations
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Jl ToollLM

s+ ToolLLM: Facilitating Large Language Models to Master 16000+ Real-World APIs (2024 ICLR, spotlight)
« 20244 ICLR, 9184 20053

« QEAALLM(LLaMA)ZF 2| APIS CHE 5= JU== O[B4l 1= Sl E=| B 7|8 2E(DFSDT)2Z ChatGPT& tool-use 53 &5

-1

w /

@ TOOLLLM: FACILITATING LARGE LANGUAGE
MODELS TO MASTER 16000+ REAL-WORLD APIS

Yujia Qin'*, Shihao Liang!*, Yining Ye', Kunlun Zhu!, Lan Yan', Yaxi Lu!, Yankai Lin®T,
Xin Cong', Xiangru Tang*, Bill Qian*, Sihan Zhao', Lauren Hong', Runchu Tian',
Ruobing Xie®, Jie Zhou®, Mark Gerstein?, Dahai Li>-®, Zhiyuan Liu'’, Maosong Sun'f

1 Tsinghua University 2ModelBest Inc. *Renmin University of China

*Yale University ®WeChat A, Tencent Inc. Zhihu Inc.

yujiaginlb6lgmail.com
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- Background

& QEAA LLM2 tool A2 S2i0| B E3iC}
« LLaMA Z2 QEAA LM instruction tuningdl| &S E[0] A0, =7 E AHESH= ST EfA3 sHA0= oHAl =X
«  ChatGPT 22 EE2 =+ ALE0]| Fo{LICtD 22 UKD LHE HIFLIE S7H X > LEAA ZEIS &

I'_._
Rl
N
N
2
L
o

Ny & S A &
x

e

| HolE{Hjo] 2 - B AMZL | | API | HlOJE{H|0] A |

BRI

|
TV ' A7

TOOLS TOOLS
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- Background

& 7|E @70 B
«  HgtEl APL: X APIE HESHXA| 210 A|Z2(|0| M0l O X| AL, HESIHEE CHFd BF > ZH2 =7 A X
Z: CoT &2 ReAct Y42 ot YAO 2 FZo6t0 0f[2{7 TIE| LT =~1otX| 2t

. TR ETHISAR Jh: O/ E7E AHBSHE multi-round EATS CHX| 2510, ALBAI} AIE KIS WAL SAI0[X| 812

OII

. Ofst

0noJ
r
i
:

N H|O|E 1=
X|etEl API - » ToolBench

19
rot
ks
rHu

> DFSDT

» API Retriever + ToolLLaMA

i
o
7
-1
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- Method

s+ ToolBench

- S50 2ottt 2 O[S M THA(API 5=
« M IHE ChatGPTE Xta%}5H0] AFEH 7HE! X

API Collection

Tool: Flight Search

- API: search_flights (params: from, to, date)

Tool: Hotel Booking

- API: search_hotels (params: city, checkin, checkout)

Tool: Weather API
- API: get_forecast (params: location, date)

Tool: Currency Exchange
- API: convert_currency (params: from_cur, to_cur, amount)

RapidAPI ZE&!

Q.. Daota Mining
ob Quallity Anailytics

Conclusion

Instruction Generation

search_hotels, get_forecast, convert_currency

"0| SR B 4 = B Y

o oo

rr

T "L F oE| g0 2elstn, 53 o™ HorF.”
- API: get_forecast, search_hotels

HE2: "1002H0| REZ L0OIRIX| 2 A|&HStL,

3 ofj&hof| Sh= == RO

- API: convert_currency, search_hotels

[H™-APIs] C|O[E{All ‘4
{[Inst;, APIs; ], [Inst,, APIs,], [Inst3, APIs5], ..

-}

{[Instq, Path,], [Inst,, Path,], [Inst3, Paths], ..

Solution Path Annotation

messages: system TEIE + HZ1
functions: {get_forecast, search_hotels} + Finish 2%

R R EF

[Step 1]

Thought: H1A Ij2| ZM|E =2tISER}

Act: get_forecast(location="Paris"”, date="2026-07-16"
Observation: {temp: 24, condition: “sunny"}

[Step 2]

Thought: ...

[EF-Ci=t=] Ho]E{ Al A

3
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Method

s ToolBench
o S50 Lot T2 IO|E|MIS M| THA(API 2 > BE MM > E0| ZE FAM)E 715
« ™ IIHE ChatGPTE XI5 315H0] AFZE 70! X

API Collection

\
( Q Rapidari

| 1 |
Tool: Flight Search CF‘mance) (Movies) Jobs ) (Top QR Code APIS) ---

- API: search_flights (params: from, to, date)
Tool: Hotel Booking

[ I
- API: search_hotels (params: city, checkin, checkout) ") 1)
Star Wars Characters Streaming Availability IMDB Search
I I

Tool: Weather API

- API: get_forecast (params: location, date) C ST Services ) GETSG"’““ By T“'O

API Documentation '\

APl Name: Search By Title APl Description: Search movies and series by title, ...
Required Parameters: (1) title (string, title to search for), (2) country (string, ...)
Optional Parameters: (1) show_type (string, Type of shows to include in the results,
either “mavie”, “series”, or “all”. Default is “all”), (2) output_language (string, ...)
Code Snippets: GET /v2/search/title?title=batman&country=us&show...

Example Response: type:"movie", title:"Batman", overview:"Japanese...

Tool: Currency Exchange
- API: convert_currency (params: from_cur, to_cur, amount)

RapidAPI ZE&!
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- Method

s ToolBench
Qot 72 HIO[HAIE M| THA|(API =& > HH MM 5 20| H=2 FM) 2 Ax
ChatGPTZ X525t At 7HR) X

st
M1

|
=
M2

p N Instruction Generation
Single-tool instructions
Category > -
ool > 50585 5T sampling tools
L > OO OO0 O0-O [ search_hotels, get_forecast, convert_currency ]

Intra-category multi-tool instructions

~ . M s " = I AL L ~
. Intra-collection multi-tool instructions " EREZE ZF U FHE MM

Category / Collection >

sampled Tl > OO .2 OO.CO ‘
APIs APl > @@ O . o.O
@, APIS&API  (“ompled  AvNamew ) H21: "Ch2 F o] gM 2olstn, 82 S AtotF.”
! Documentation | AP e o | > API: get_forecast, search_hotels
.- \ ! equired Parameters: xxx | e N o o = N
VooNDio e o ; 222: “1008HI0] REE ADLOIX| B H Ak},
& ame: Xxx -
G  me ; 2 ojtol 2= 29 Hofal.
et VSl s - API: convert_currency, search_hotels
_. 1 Instruction We are planning a movie ]
" \‘A,-: night in the mountains. Can ]
Instructions & = | you suggest ... :
Relevant APIs | Relevant APIs API1, API2, APIS... !
L BRI A J [H&-APIs] O[E{A 444

{[Inst, APIs; ], [Inst,, APIs,], [Inst3, APIs5], ...}
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Conclusion

% DFSDT (Depth-First Search-based Decision Tree)

* ReAct= Thought = Action = Observation

« oo =T HMoIEZ TA| ds S HM

FE22 E8| HMOR B3t
Zo|L diLtet o

|2 = BFS CHA DFS > API =& H| 8 EH<F

of YO Z Tt Atst7| HZ0f| off2f A< Mt

-

CoT / ReACT

Instruction

Normal

|
1

1

1

1

1

1

0 Error

\

API Call with Normal Response

API Call with Error

Reasoning Chains of Different Methods

DFSDT (ours)

R e
M

'L Normal L Normal ] 'L Error ]
I_I_I I !
Error ] 'L Normal J | Normal
| I i

'L Fail ] I Fail ] —l Succless

Success Final Answer

User: | want to give my friend a birthday surprise. | know her
/' favorite actress is Hailee Steinfeld. Help me please!

Thought: | will first get some information
about Hailee Steinfeld.

API Name: get_extra_character_details
Arguments: {“name”: “Hailee Steinfeld”}

Observation: {“age”: 28, “recent
.- movies”: [“Spider-Man: Across the N
7 Spider-Verse”, ...]} "\ . .
i B b [T Q Rapid i

i
7
’

API Name: Finish with Final Answer

X Arguments: {“Final Answer”: Hailee Steinfeld
recently voiced Spider-Woman in "Spider-
Man: Across the Spider-Verse”. You could

\ or | buyaSpider-Woman mask as a gift, and she
! would probably like it.}

Observation: {“message”: “server
/| is not available.”}

\
\)[ APl Name: Finish by Giving Up J

Daota Mining
Quallity Anailytics

Solution Path Annotation

messages: system ZTEIE + HZH1
functions: {get_forecast, search_hotels} + Finish 2%

"H12

&A= Zoi=t”

[Step 1]

Thought: H1A Ij2| ZM|E =2tISER}

Act: get_forecast(location="Paris"”, date="2026-07-16"
Observation: {temp: 24, condition: “sunny"}

[Step 2]

Thought: ...

[E™--CH2t= 0] HIO|E{ Al A
{[Instq, Path,], [Inst,, Path,], [Inst3, Paths],...}
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- Method

«» ToolLLaMA + API Retriever

« DFSDTZ ZH= H|0|E{Z LLaMA-2 7BE fine-tuning = HAH0| o|&oHX| 1 E =315

_ITI_
T
4>
g0
rir
10)
=
>
| >
0
&
ot
I

«  HHOIME= AFEOl =2l API B 2Rt AS Y XEY = S

> B o= A APIE XI5 FM5= Sentence-BERT 7|8t retriever St&

AE2X HH API Retriever

=M 2015t 1 S Ell AHofF”

Functions(tools)

/ get_forecast

» ﬁ search_hotels

BERT get_city_info

search_flights

\convert_currency
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- Method

«» ToolLLaMA + API Retriever

DFSDTZ 2HE H|0|E{Z LLaMA-2 7BE fine-tuning = HMY0|| Q&otX| YN E ERAE CHE £

T U= LELL HH 2S
«  HAOM= AHEO| £TUHS[ API & Rt As 2H T == 8l3
> ™ Qo2 A APIE At& FH5H= Sentence-BERT 7|t retriever &&
AEXEY ~—— APIRetriever ——
search_hotels
Functions(tools) o get_forecast N
A / get_forecast / :

‘ » ﬁ search_hotels .\‘ "SI el | golst el AHofF|” !
BERT < get_city_info 2t 71 2
“Ltg F o] Y 7t=d), . J

LU Bolstn S5 &0k

search_flights search_movies translate_text
\convert_currency \\\\ ’/,x’
_ Y, [P
ToolBenchO|M THE HO|E{ MO 2 CHXshE
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- Method

<+ ToolLLaMA + API Retriever
« DFSDTZ ZH= H|0|E{Z LLaMA-2 7BE fine-tuning = HAH0| o|&oHX| 1 E =R E CHE £ Q!
o A= AMREO| £0H7HO| API & TRt A2 2™ K-S £+ QIS

> ™ Qo2 A APIE At& FH5H= Sentence-BERT 7|t retriever &&

rr

MEX EE API Retriever —— ToolLLaMA —

Functions(tools) ﬁ

..A. / get_forecast m O
‘k » &< search_hotels »

BERT get_city_info

=i 2tolsta S ZFofs]” search_flights

\convert_currency
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o
- Experiments

s+ ToolEval
« RapidAPI= X3 HoHH, ME Z0|E oiLtz 1™t

2 90 AIEe| WIt=H|E 2% - ChatGPTE WIIKIZ &8
« Pass Rate: M|ot=l X}&l L H& 2b4~5t H|& / Win Rate: ‘ChatGPT-ReACT'?t H| Wl I LI E0|2 W=l H|Z

« ToolBench?| BE |40 w2t st& o EX| ot W tool-7HH| 1 2|0 [HE UHISH M5 =H
3 ChatGPT(gpt-3.5-turbo), GPT-4, Claude-2, Text-Davinci-0030{| ReACT2 DFSDTE M &

fo]3

« QI A A Vicuna, Alpaca®t |2

0

2| sjel | =
Inst. SHE0| £ tool2 X2t 2 2 HH St
Tool &2 7He|n2] ere| R & tool =
Cat. Ot CHE(2 2) ZHH|22]2] tool 4
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- Experiments

++ Quantitative Evaluation

«  2QE AA Vicuna, Alpaca= pass rate 0.0% - instruction tuningR 2= =+t AFHR S8 2 CHEX| &

Model Method I1-Inst. 11-Tool I1-Cat. I2-Inst. 12-Cat. I3-Inst. Average
Pass Win | Pass Win | Pass Win | Pass Win | Pass Win | Pass Win | Pass Win
ChatGPT ReACT 41.5 - | 44.0 - | 44.5 - | 42.5 - | 46.5 -1 22.0 - 1 40.2 -
DFSDT 54.5 60.5 | 65.0 62.0 | 60.5 57.3 | 75.0 72.0 | 71.5 648 | 62.0 69.0 | 64.8 64.3
Claude-2 ReACT 5.5 31.0 3.5 278 5.5 33.8 6.0 35.0 6.0 31.5 | 14.0 47.5 6.8 34.4
DFSDT 20.5 380 | 31.0 44.3 | 185 43.3 | 17.0 36.8 | 20.5 33.5 | 28.0 65.0 | 22.6 43.5
Text-Davinci-003 ReACT 12.0 285 | 20.0 35.3 | 20.0 31.0 85 29.8 | 145 29.8 | 24.0 45.0 | 16.5 33.2
DFSDT 43.5 40.3 | 44.0 43.8 | 46.0 46.8 | 37.0 40.5 | 42.0 43.3 | 46.0 63.0 | 43.1 46.3
GPT4 ReACT 53.5 60.0 | 50.0 58.8 | 53.5 63.5 | 67.0 65.8 | 72.0 60.3 | 47.0 78.0 | 57.2 64.4
DFSDT 60.0 675 | 715 678 | 670 665 | 79.5 733 | 775 63.3 | 71.0 840 711 704
Vicuna ReACT & DFSDT 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Alpaca ReACT & DFSDT 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ReACT 25.0 45.0 [ 29.0 42.0 | 33.0 475 | 30.5 50.8 | 31.5 41.8 | 25.0 55.0 | 29.0 47.0
ToolLLaMA DEFSDT 57.0 55.0 | 61.0 55.3 | 62.0 54.5 | 77.0 68.5 | 77.0 58.0 | 66.0 69.0 | 66.7 60.0
DFSDT-Retriever | 64.0 62.3 | 64.0 59.0 | 60.5 55.0 | 81.5 68.5 | 68.5 60.8 | 65.0 73.0 | 67.3 63.1
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- Experiments

++ Quantitative Evaluation

« DELLMO|A DFSDT7t ReACT H5S 57} ChatGPT+DFSDT(64.8) > GPT-4+ReACT(57.2)

> ofst D 4+ 2B F2f > 2T DY 4+ Ofpt M2
I1-Inst. 11-Tool I1-Cat. I2-Inst. 12-Cat. I3-Inst. Average
Model Method Pass Win | Pass Win | Pass Win | Pass Win | Pass Win | Pass Win | Pass Win
| ChatGPT ReACT 41.5 - | 44.0 - | 44.5 - | 42.5 - | 46.5 - | 22.0 - | 40.2 -
DFSDT 54.5 60.5 | 65.0 62.0 | 60.5 57.3 [ 75.0 72.0 | 71.5 64.8 | 62.0 69.0 | 64.8 64.3 |
Claude-2 ReACT 5.5 31.0 3.5 278 5.5 33.8 6.0 35.0 6.0 31.5 | 14.0 47.5 6.8 34.4
DFSDT 20.5 380 | 31.0 44.3 | 185 43.3 | 17.0 36.8 | 20.5 33.5 | 28.0 65.0 | 22.6 43.5
Text-Davinci-003 ReACT 12.0 285 | 20.0 35.3 | 20.0 31.0 85 29.8 | 145 29.8 | 24.0 45.0 | 16.5 33.2
DFSDT 43.5 40.3 | 44.0 43.8 | 46.0 46.8 | 37.0 40.5 | 42.0 43.3 | 46.0 63.0 | 43.1 46.3
| GPT4 ReACT 53.5  60.0 | 50.0 58.8 | 53.5 63.5 [ 67.0 65.8 | 72.0 60.3 [ 47.0 78.0 | 57.2 64.4 |
DFSDT 60.0 675 | 715 678 | 670 665 | 79.5 733 | 775 63.3 | 71.0 840 711 704
Vicuna ReACT & DFSDT 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Alpaca ReACT & DFSDT 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
ReACT 25.0 45.0 [ 29.0 42.0 | 33.0 475 | 30.5 50.8 | 31.5 41.8 | 25.0 55.0 | 29.0 47.0
ToolLLaMA DEFSDT 57.0 55.0 | 61.0 55.3 | 62.0 54.5 | 77.0 68.5 | 77.0 58.0 | 66.0 69.0 | 66.7 60.0
DFSDT-Retriever | 64.0 62.3 | 64.0 59.0 | 60.5 55.0 | 81.5 68.5 | 68.5 60.8 | 65.0 73.0 | 67.3 63.1
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- Experiments

++ Quantitative Evaluation

« ToolLLaMA(66.7)7} Claude-2(22.6)2} Text-Davinci-003(43.1)2 3| &AM, &4 HI0|E{E THEO{F ChatGPT(64.8)1 LIS

> SN 2X 2ot B, =7, FHE| 220 & &S50 dist 45 ¥

Oy

Model Method I1-Inst. I1-Tool I1-Cat. I2-Inst. 12-Cat. I3-Inst. Average
Pass Win | Pass Win | Pass Win | Pass Win | Pass Win | Pass Win | Pass Win
ChatGPT ReACT 41.5 - | 44.0 - | 44.5 - | 42.5 - | 46.5 - | 22.0 - | 40.2 -
DFSDT 54.5 60.5 | 65.0 62.0 | 60.5 57.3 | 75.0 72.0 | 71.5 64.8 | 62.0 69.0 | 64.8 64.3
| Claude-2 ReACT 5.0 31.0 3.5 27.8 5.5 33.8 6.0 35.0 6.0 31.5 | 14.0 47.5 6.8 34.4
DESDT 20.5 38.0 [ 31.0 443 | 185 433 [ 17.0 36.8 | 20.5 33.5 | 280 65.0 | 22.6 43.5 |
| Text-Davinci-003 Re ACT 12.0 28.5 | 20.0 35.3 | 20.0 31.0 85 298 | 145 298 | 24.0 45.0 | 16.5 33.2
DFSDT 43.5 40.3 | 44.0 43.8 | 46.0 46.8 | 37.0 40.5 | 42.0 43.3 | 46.0 63.0 | 43.1 46.3 |
GPT4 ReACT 23.5  60.0 | 50.0 58.8 | 83.5 63.5 | 67.0 65.8 | 72.0 60.3 | 47.0 78.0 | 57.2 64.4
DFSDT 60.0 675 | 715 678 | 67.0 665 | 795 733 | 775 633 | 71.0 840 711 704
Vicuna ReACT & DFSDT 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Alpaca ReACT & DFSDT 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0 0 0.0 0.0
ReACT 25.0 45.0 [ 29.0 42.0 | 33.0 475 | 30.5 50.8 | 31.5 41.8 | 25.0 5.0 | 29.0 47.0
[ ToolLLaMA DESDT 57.0 55.0 | 61.0 55.3 | 62.0 54.5 | 77.0 68.5 | 77.0 58.0 | 66.0 69.0 66.7 60.0 |
DFSDT-Retriever | 64.0 62.3 | 64.0 59.0 | 60.5 55.0 | 81.5 68.5 | 68.5 60.8 | 65.0 73.0 | 67.3 63.1
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Conclusion

«» Whatis Tool LLM?

- STt EHHES 26 LLMO| 2|2 =712 SSHOE AIE5HH 1 ZRE HIECZE FES 0[07l= A

1) ReAct 2) HuggingGPT 3) ToolLLM

Thought-Action-Observation X2 LLMe| A2l s3e=z CH= API Cl|O|E{ Azt SH&5 2 S5t

q
o
X210 27 A8 2t Clerst Al £ 70| 91 X8 T M U SB 52 8%

Please generate an image where a girl s reading a book, and her pose is the same as the boy in the image
example jpg, then please describe the new image with your voice.

)
IL Request )l
Stage #1: Task Planning Stage #2: Model Selection
T4, ) ITs)
Actions ke

[ ares:
| text:a reading gl

11 task: image-dlass. task:image-totext | In-context task-model assignment:
s args:

@ mlonos § AL8XH HE API Retriever ToolLLaMA
et o ‘
o H

‘ : Functions(tools) "
‘ . e 1 A — o
Reasonin ) = @ -
Traces g I I Environment R Stage #3: Task Execution \ Stage #4: Response Generation = earcrIneTee
T1] pose-det. T4] object-det. h
H openpose facebook/detr-resnet
} Boundin bores
Language Mode| et I s N BERT get_city_info
\_/ \_/ | : '

B Freicion | et s “LIS F Bfe] o S/
Observation

image: <resour image: <rcso

task dependency

g

Hybrid Endpoints

T3] image-class. T6) text-to-speech il 2rolal T SE AOfE"

google/vit facebaok
[classes with prob] [audio-1]

search_flights

— convert_currency

{agirisitting on a bed |
{__readingabook |

a»

[Audio-1]

Image-1] = example.jpg

= <resource-1>  [Image-3] = <resource-2>

to analyze the pose of the boy in the image. |
image of the pose, located at [Image-2]. Then | take that
and the instruction "a girl is reading”. Next, |

tep, to get predictions of the objects present in the image, including the box

model. The box was drawn on the image, which s located at
and a image caption model a
model to generate the caption for newly generated image. It generated text: "a girl sitting on a bed
model to convert the generated text nto audio,located at (Audio-11. |

The image you gave me is of "boy". The first ting 1 did was use =
ted at (Image-1],
pose and generate a new image, located at [Image-3], using
ran in the
location. These predictions were run through the
(Image-4]. Then, | used the predictions of a image classification model &

reading a book". Lastly, | ran the &
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