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The Three Paths to Achieving Al
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Learn From Data
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What Are Large Language Models?

THMEESER (LLM) 2EF Transformer ZEMR0EE, S(@ BRESEBEEITLE
EEEE?EEEZKLHEr 24, IXLEAER SR REAES F XN A, ERTEH
JYL n*” |:|I~o

Artidles, Blogs, Journals

L

Cutput

https://becominghuman.ai/

| 1
NI 1.

Poems, MNews, Posts
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Language Models

s Input layer Hidden layer Output layer
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N-gram LM

LLM Transformer
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Large-scale PLMs become the foundational infrastructure of Modern NLP

BAE
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The timeline of existing LLM

O T5 G GShard Publicly Available
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(Xin Zhao et al., 2023)
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The EV0|Ut|0nary Of I—I—M *GPTImproving Language Understanding by Generative Pre-
Training. 2018
Evolutionary » ‘ *GPT-2Language Models are Unsupervised Multitask Learners. 2018.
Tree Lo MG @;wog“"“ S 4@‘ s o ‘GPT-3"Language Models are Few-Shot Learners". NeurlPS 2020.
) { — *OPT"OPT: Open Pre-trained Transformer Language Models". 2022.
) *————*‘?‘L l-i 00 o -PaLM"PalLM: Scaling Language Modeling with Pathways".
G S0 basis Aakanksha Chowdhery et al arXiv 2022.
| | czal *‘BLOOM"BLOOM: A 176B-Parameter Open-Access Multilingual
e G | | \ @ ) =2 Qpﬁ:&:@" Language Model".2022.
| | m@m@m |/~ P ‘MT-NLG"Using DeepSpeed and Megatron to Train Megatron-
) STHEG : \ | 3G W Turing NLG 5308, A Large-Scale GenerativeLanguage Model". 2021.
LS9 MTNLGFGL‘*‘;”’\ =1y R 3a{l ‘)CoherqP -GLaM"GLaM: Efficient Scaling of Language Models with Mixture-
B \ | lmlc -2 f‘//f"" : | of-Experts". ICML 2022.
| ~—— ¥ *Gopher"Scaling Language Models: Methods, Analysis & Insights
G N from Training Gopher", 2021.
|

2021

«chinchilla "Training Compute-Optimal Large Language Models".
2022.

A 4 B 2 | -LaMDA"LaMDA: Language Models for Dialog Applications".2021.
x a e ‘LLaMA"LLaMA: Open and Efficient Foundation Language Models".
e g = 2023.
e — 2 *GPT-4 "GPT-4 Technical Report".2023.
) 0o ‘BloombergGPTBloombergGPT: A Large Language Model for
= Finance, 2023,

*GPT-NeoX-20B: "GPT-NeoX-20B: An Open-Source Autoregressive

(Yang etal., 2023) Language Model".2022.
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The Development History of GPT (Generative Pre-Trained Transformer)

@ GP1-3

OpenAl GPT

2018 2019 2020 2022 2023
GPT-1 GPT-2 GPT-3 ChatGPT GPT-4
Decodersity HZHIE B AEIE(45TB) BRERE ZIRS
PEiESIEE BEFIEES B AIREL(175B) RLHF Tools/Plugins
EH117TM £#1.58 M AMeta-Learning IESETERED Z1EidBHA S
Few/Zero-shotgg XhiEge SXABEXIEIEE
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Existing

Models

IEFRAMRESERE (ERIR
EEPAEEE 100{ZR9REY)
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http://www.miradeljan.com

Model Release Size Base Adaptation Pre-train Latest Data Hardware Training Evaluation

Time (B) Model IT RLHF Data Scale Timestamp (GPUs/TPUs) Time ICL CoT
T5 3 Oct-2019 11 - - - 1T tokens  Apr-2019 1024 TPU 3 - Iy -
mT5s Oet-2020 13 - - - 1T tokens - - - "y -
PanGu-cx Apr-2021 13+ - - - 1.1TB - 2048 Ascend 910 - vy -
CPM-2 Jun-2021 198 - - - 26TB - - - - -
TO 28] Oct-2021 11 Ta s - - - 512 TPU w3 ¥ h s -
CodeGen [77] Mar-2022 16 - - - 577 B tokens - - - "y -
GFT-MeoX-20B Apr-2022 20 - - - 825GB - 96 400G A 100 - s -
Tk-Instruct Apr-2022 11 TS v - - - 256 TPU v3 4h o -
ULz May-2022 20 - - - 1T tokens  Apr-2019 512 TPU w4 - e s
OPT [81] May-2022 175 - - - 180B tokens - 2 B0G A100 - e -
MNLLB Jul-2022 545 - - - - - - - W -
Fublicly GLM Oct-2022 130 - - - 400B tokens - 7H8 405 A100 &0 d W -

Available Flan-T5 [64] Oct-2022 11 5 o - - - - - "y

BLOOM Mow-2022 176 - - - 366B tokens - 384 580G A100 105d Iy -
mT0 Mow-2022 13 mT5 v - - - - - " -
aLig MNow-2022 120 = - = 105B tokens - = = i I
BLOOMZ Mow-2022 176 BLOOM - - - - - v -
Dec-2022 175 OPT s - - - 128 40G A100 - o y
Feb-2023 65 - - - 14T tokens - 2048 S0G AL00  21d & -
C Sep-2022 13 - - - 8508 tokens - 1536 Ascend 910 &0 d " -
Pythia Apr-2023 12 - - - 300B tokens - 256 406G A100 - ¥ -
GPT-3 [55] May-2020 175 - - - 300B tokens - - - W -
GShard Jun-2020 600 - - - 1T tokens - 2048 TPU v3 4d - -
Codex Jul-2021 12 GPT-3 - - 100B tokens  May-2020 - - W -
ERNIE 3.0 [90 Jul-2021 10 - - - 375B tokens - 384 V100 - Iy -
Jurassic-1 [&1] Aug-2021 178 - - - 300B tokens - 800 GPU - " -
HyperCLOVA Sep-2021 &z - - - 300B tokens - 1024 A100 1344 « -
FLAN Sep-2021 137 LaMDA-PT - - - 128 TPU v3 h o -
Yuan 1.0 [%3] Oct-2021 245 - - - 1808 tokens - 2128 GPU - s -
Anthropic [94] Dec-2021 52 - - - 400B tokens - - - Iy -
WebGFPT 721 Dec-2021 175 GPT-3 - - - - - s -
Gopher [59] Dec-2021 280 - - - 300B tokens - 4096 TPU w3 920 h o -
ERMIE 3.0 Titan [95] Dec-2021 260 - - - - - - - e -
GLaM Dec-2021 1200 - - - 280B tokens - 1024 TPU w4 574 h e -
Closed LaMDA Jan-2022 137 - - - 76488 tokens - 1024 TPFU w3 77 d - -
Source MT-NLG [57] Jan-2022 530 - - - 270B tokens - 4480 80G A100 - W -
AlphaCode [7E] Feb-2022 41 - - - 967 B tokens  Jul-2021 - - - -
InstructGPT [&1] Mar-2022 175 GPT-3 ¥ - - - - W -
Chinchilla [34] Mar-2022 7 - - - 1.4T tokens - - - W -
Pal.M [56] Apr-2022 540 - - - 7HOB tokens - 6144 TPU w4 - W o
AlexaTM [5] Aug-2022 20 - - - 1.3T tokens - 128 A100 120 d "y o
Sparrow Sep-2022 7 - - - - &4 TPU v3 - "y -
WelLM [101] Sep-2022 10 - - - 300B tokens - 128 A100 40G 24d o -
U-PalM Oct-2022 540 PalM - - - - 512 TPU w4 5d o y
Flan-Fal.M Oct-2022 540 PalM o - - - 512 TPU w4 37 h s "
Flan-U-Fal.M Oct-2022 540 U-PalM - - - - - o v
GPT-4 [458] Mar-2023 - - v - - - - o v
PanGu-% [103] Mar-2023 1085 PanGu-a - - 3298 tokens - 512 Ascend 910 100 d o -

(Xin Zhao et al., 2023)
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Dataset Statistics

- (SEEfGit:
- A—EZRANE 5TB

Statistics of commonly-used data sources.

e ot C Si S Latest Update Ti
. ﬁﬁﬁl‘gﬁﬁl‘JW|k|§$4 5PB (1 PB=1 024TB) Drp(ira | | 1fe ource atest Up a.e ime
. ﬁﬁﬁiﬂiEgE J:EI’\JP\JE 200PB EiDOk(_.Ol‘puS [122] 5GB Book% Dec-2015
. — o4 (2= B (_Tut_t:“.-nberg [123] - Books Dec-2021
YouTubeFrEflsR 400PB, FacebookZHER ¢y 73 800GB CommonCrawl Apr-2019
= 500PB CC-Stories-R [124] 31GB CommonCrawl Sep-2019
+ 2000 BB DUOIRRE 1000PB, 2010 NEWS(125] 1008 CommonCrawl  Apr2019
HEXMW(EE & 450EB; BRIEEKMEEEE it pr==_
= ! = OpenWebText [126] 38GB Reddit links Mar-2023
3600EB (1EB=1024PB) Pushift.io [127] OTB  Reddit links Mar-2023
- R EFTERIEFEUEZ 100ZB Wikipedia [128] ~ 21GB  Wikipedia Mar-2023
(1ZB= 1 024EB) BigQuery [129] - Codes Mar-2023
the Pile [130] 800GB Other Dec-2020
. N ROOTS [131] 1.6TB Other Jun-2022
« LLMiJliZx (ChatGPT) BT 320TBX=ER,
293000{Z28218)/=F (Xin Zhao et al., 2023)

« 320T/5T=641A

https://www.zhihu.com/question/365920362
http://www.miradeljan.com KIRFE S35T 2024/10/24 12
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Dataset Distribution

T5 (11B) mT5 (13B)
100% 100%
GLaM (1200B) PaLM (540B)
22 % 31y
48%

Li]

30% 50%
Webpages

LLaMA (65B)

3
2% 8%
SD

87%

LaMDA (137B)

38%

50%

Conversation Data

GPT-3 (175B)

16%

84%

Galactica (120B)
8%

86%

Books & News

Fig. 2. Ratios of various data sources in the pre-training data for existing LLMs.

http://www.miradeljan.com

AKI/RFE 15T

MT-NLG (530B)

T
26% 470

0
- 62%
GPT-NeoX (20B)
30%
38%
10%
15%

Scientific Data

Gopher (280B)

=)

37%
60%

CodeGen (16B)

20%

10%
25%

O Code

6%

Chinchilla (70B)

40%
’ 56%

AlphaCode (41B)

(Xin Zhao et al., 2023)
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Dataset Preprocessing

e InstructGPT: IX2GPT-39—"1ZMK, T JEIXBFIESHIT T IUit. BE2021EEAG

WLFNA,

« WebGPT: #&ZF20225F1H, WebGPTIALTHFIIAARMNER. BIARYAMATEIABEE20225F

23,

e ChatGPT 3.5: 2022FF|K A%

Raw Corpus Quality Filtering

* Language Filtering
* Mletric Filtering

* Statistic Filtering
+ Kevword Filtering

+ a paper about LLMs.

http://www.miradeljan.com

E Alice is writing a paper about :
 LLMs. #5& Alice is writing |

De-duplication Privacy Reduction

« Detect Personality
Identifiable
Information (PIT)

« Sentence-level
* Document-level

+ Set-level
+ Remove PIT

___________________________

| Beplace ("Alice") is

___________________________

i Alice 13 wrtting a paper about |

E LLMs%ee—ta-“ﬁHﬂg-ﬂ-pﬂp&' : writing a paper about LLMs. '
, about B ; : i
K /R B] 3@ 1351

Tokenization

« Reuse Existing
Tokenizer
+ SentencePiece

* Byte-level BPE

i Encode ( ' [Somebody] is '
E writing a paper about LIMs ") '

Ready to
pre-train!

- -
-
-
___________________________

(Xin Zhao et al., 2023)
2024/10/24 14
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The Main Architecture of GPT 228 82000
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Outline

e Introduction of LLM

e LLM Performance in NLP
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LLM performance on NLP down-stream tasks

Information
extraction

Large Language Model Instruction
following

Object
recognition

Training » Adaptation

>3 Image
} captioning

Sentiment
analysis

https://blog.gopenai.com/

http://www.miradeljan.com KIRFE S35T 2024/10/24 18
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Basic Fact - foundational models is rapidly evolving

IBSRENC RS —IERESHMIBRERERLEASS

Instruction data  Parameter-Efficient
EACL WEMNLP mCOLING mNAACL Fine-tuning Fine-funing

140 -
‘ 5N ChatGLM 6B
120 N :
100 )
80 i
6 ) V - -

0
40
Ml I
0 O
2019 2020 2021 2022 2023 . . .
High Quality ~ Multi-Modal  Tool & Plug-in Human Feedback
HEERSEHEIACL Anthology: https:/ /www.aclweb.org/anthology/ Instruction data  Fine-tuning Learning  Reinforcement Learning

(Ding et al., CCL2023)
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ChatGPT 40 J, H=

LLM Everywhere --- Conversation

http://www.miradeljan.com
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LLM Everywhere --- Conversation, QA SR ANIRATES
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LLM Everywhere --- Conversation, QA
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LLM Everywhere --- Conversation, QA, Outline
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IR A SRS IR ©® You
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- RIS, STESEE. HENS, FREFIS
* BEMEENESARENNERES
6. €T H &: BURAMBEHFAE T2
- HiETUNENSEEME
- B BEEFEHER
- SO SR BRI
7. 4K/ T IEEF S R0 SC PR R FA EE 5

v

o]

98]
%)

* TEICRAENERE! (WIGPTZEZI, BERT, T5%) HUAEEMELE
* REASSERIOIET R
. KSRGS
* BEAESAE (NLP)
* BEiRFIF0E
« SIENNE (NET. S5 )
- REUSERIL A
* SNBSS ZEIEFI A EUEEREEN
* SRR IAN{CERE
- FEEEIES
- SRR IR EE
6. AkRBER ¢
* REABIERFIEELL
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LLM Everywhere --- Conversation, QA, Outline, Recommend

o You

You SIEXATIEY, SETHA TES, BRENAIETSEE?

NN EATESERAZTWANS, AT TAENET?
ChatGPT

ChatGPT

NEATES (A) FEE ARSI, MFRARSR, L FE Sy [romu e, cnmevmns e mmonmE) R oEE

Python) FSEAVIESCER, EEFRNEBEARTEIR,

2. THREARFSEE: ATEEaEsTHSEYSY, BEFES. BRAESAE, (TENRES T,
FEE T RIS T4, B GEnsE,

3. ZfilCoursera, edX, UdacityZ=F& ERIATIRE, fli0Andrew NgRY (#1855
=) B2, HEGoogleHIHEEFEIIHALIRE,

4. TRESLER: EY/NaEAASRE, thilERPython®ES—MEIRNEIRSIHHE, B EEE

FEFelliscikit-learn>EITE B SER,

SR TR TEMZ S, TLAETEINBE. SENHERRVEERENSE, 7l

IGRESE., B SEEAETIE,

6. [Z5FHEIRA | GitHub PEFEARBXATIERE, £ 5Xm AL S IR IR AR
iR, FHESEREEEET.

7. EBNTRIES . 0 AIREFRYICIEINE, f0RedditA9r/Machinelearning, KaggleZk, SHEftbp =

1. Bi#E: FITENRS. SNt aElR, S FATEREENSATImS, £
PERE. RS, RERSTIEZRIFESEN,

0. IRIZEGE | IBEE—FRIEIES, Python EESWIIANES > —, FEAEHEEASNARITE

| FEHE, |’I§H§lDTensorFIOW$DPyTDrcho

TR | RIS/ T & Coursera, edX, Udacityss, SAIARHESIIEE, |

4. SR E BT SRAEENERAANR. GitHub PEREFERE, (RS SHEPEESR
AYiZEE.

S [TEARANPREATRE, FE s RaI S S AR, |

6. RSN FhEMEANEENSTEI, WEarXiv EAMRNEI, RS RaEss

5]

FJ'I

o

™

AEME,
THE, s TREEIBNHSEm: AREANERSSReEnESEE, BEsam T aSE s
RFBAIRAREE,

=]

. FMEHHIX . &Meetups, Conferences, WorkshopsZs, EVENIMLE, SEI{TAEHR.
CHEHITERSE . SRR AR, WEUE. EERIER T TES.
o. {CIBHGEEANR: BES A TEREACEIIAZNE, fnEiERfA. SR
10. FEF Y] ASETIRERRE, BESIFEA. FEEEIFESEN,

0. FAER: AR INTETEENGE, FFFEFONTIEE, TUTEEAEIRREE,
10. BENMISSECHER: BESEZaRWTIHERMAIRNASALES, TEANMERERE
1, BT WALRA SRk A ERITET=,

[as]

BTRAMET e RIS SRR, EENEESHL, TEES, HRTEMNEE,

iCiE, BV—MNETHER, AR TIFINTREXE, 8N ANFIREMRNSH, K
EEGIRISEREIRE,
0 Message ChatGPT..

ChatGPT can make mistakes. Consider checking important information.
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LLM Everywhere --- Conversation, QA, Outline, Recommend, MT

o You
BEWHEIGE, SEIFMAA, BT, RIMSEIT, " \n\n BB DX ST
=E, @5, HE, FRmE, tEmE, masAkE.

You

B EaF IS FR ARt K L NESRANE SIS ?

ChatGPT ChatGPT
=R, ARSI TR TR SRR A 108, BTSRRI S FEIER RS e RESAES:
HGE:

HEEmIE:

"l really like the northern part of Xinjiang. The scenery is very enchanting and incredibly beautiful, . . .
Y P ang v v g Y "Saya sangat suka bagian utara Xinjiang. Pemandangannya sangat memukau dan sangat indah,

though I've never been there.” i
meskipun saya belum pernah ke sana.”

=i
OkE:

"Saya sangat suka bahagian utara Xinjiang. Pemandangannya sangat menarik dan sangat cantik,

"lch mag den Morden von Xinjiang sehr. Die Landschaft ist sehr bezaubernd und unglaublich

walaupun saya belum pernah ke sana.”
i&ib:

"J'aime beaucoup le nord du Xinjiang. Le paysage est trés charmant et incroyablement beau, bien ﬂ@iﬁ
que je n'y sois jamais allé.” "T6i rat thich ph&n phia bic cda Tan Cuang. Canh quan & da rat hap d&n va cuc ky dep, mac do téi

chua tirng d&n dé.”

) = = = P o v ! o &
"Jurausatiilauasduissuna Miamintuiadduasalazaouunn winauag e s lalnmw"

FRHAE:
" cllia ol el ol il e asdl wle dslel) dliasg 8=l s JBliall TS gileiuh Jlad csl”

+HHA:

"Xinjiang'in kuzeyini gok seviyorum. Manzara ¢gok bluyuleyici ve inanilmaz guzel, ama hig oraya

_ : FEER
gitmedim."”
"Gusto ko talaga ang hilagang bahagi ng Xinjiang. Ang tanawin ay napaka-kaakit-akit at lubos na

maganda, bagaman hindi pa ako nakapunta doon.”

A

"Sunauniamilanasduiissuna Animiiduiiaieazaraainun widnduaylives lalddu."

E&@E@ﬂﬁ&?&ﬁ@iﬂ%?ﬁﬁ{ﬁﬂ%ﬂﬁ[%@o ]

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
schon, obwohl ich noch nie dort war.” 1
|
|
|
|
|
|
|
|
|
|
|
|
I
|
|
|
|
|
|
|
|
EERE RN AREA T R A EEER. Y }

|
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LLM Everywhere --- Conversation, QA, Outline, Recommend, MT, Coding

‘I' You ‘I' You

R ES—python I, EEiBtsv FETLAIS{EE R json 18T AT, S TERFEwIth open TEEISCCHRE. E5— !

ChatGPT
ChatGPT 2ok, BAILUSIEEEIE SRS, JE with open  SSHITIICHERIE. ENEE., B85 with
Wwak AT iRt — 1 Python B ASEE TSVIE S B Al ISONEE SRS, LU open” SIESEAT., ERTELISsE T, (BEmRCCSERT, TLIEEEE
B—A BT “open”F" close  SEFEShEE r{4a0fTFIRE. FESEHUSsaR=E:

[ Copycode
7] Copy code

(tsv_file_path, json_file_path):

SO #F¢E 3 {tsw_file_path, « encoding=
(tsv_file_path, Jjson_file_path): DictReader(tsvfile, delimiter=

n{tsv_file_path, , encoding= )
reader = csv.DictReader(tsvfile, delimiter= row [ —

data.append{Trow)

FrE1TR IR

TOowW reader:
data.append(xow)
Json_file path, « encoding=
# json.dump({data, jsonfile, indent=1, ensure_ascii=
n{json_file_path, . encoding= ) jsonfile:

json.dump(data, jsonfile, indent=4, ensure_ascli= )

# TP #

tsv_file =

tsv_file = B i
Json_file =
json_file =

tsv_to_json(tsv_file, json_file)

http://www.miradeljan.com KRR 35T 2024/10/24 26
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LLM Everywhere --- Conversation, QA, ... , MT, Coding, Reading Paper

ChatGPT 40 & = o

ToolLLM.pdf

what is the main idea of this paper? BTW, Could you
please summarize the prons and cons of this paper?

ChatGPT 4o

GPT-40 ) ©
T T Main Idea of the Paper:
ERTAENES P
The paper "ToolLLM: Facilitating Large Language Models to Master
16000+ Real-World APIs” introduces a novel framework aimed at

GPT-40 with canvas =

enhancing the tool-use capabilities of open-source large language madels

SERBLETEME (LLMs), particularly focusing on API integration. The authors propose
ToolLLaMA, an enhanced version of LLaMA, trained using their ToolBench
. dataset. ToolBench includes instructions and real-world APIs, generated and
ol -preview annotated with the help of ChatGPT. They also propose a decision tree-

EREEE

based reasoning strategy (DFSDT) to improve complex decision-making

and reasoning. A neural API retriever is integrated to recommend relevant
. APIs for each task, making the model effective in multi-tool scenarios.
o1-mini
HEEEER

Pros:

EHEE GPT-40 mini

EAHEHERE 1. Extensive API Collection:

= The paper collects over 16,000 real-world APIs across 49 categories,
enabling LLMs to generalize to diverse, practical applications.

8 i

2. Multi-Tool Scenarios:

= ToolLLaMA can manage complex tasks invelving multiple tools,
surpassing existing solutions that only support single-tool
operations.

3. Depth-First Search Decision Tree (DFSDT):

L e e e e e

Fo] 38 /75T 2024/10/24 27
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LLM Everywhere --- Conversation, QA, ... , MT, Coding, Reading Paper

Cons:

please summarize shortly

1. Dependence on ChatGPT for Dataset Construction:

« The reliance on ChatGPT for instruction generation and annotation
& [ Main Idea: ]

The paper introduces ToolLLM, a framework to improve large language
models® (LLMs) ability to use over 16,000 real-world APIs. It develops
ToolLLaMA, trained on a new dataset called ToolBench. The framework

integrates a neural API retriever and introduces a DFSDT reasoning

raises concerns about bias or limitations inherent in ChatGPT's

outputs.
2. High Computational Costs:

« Using DFSDT and multiple API calls increases computational
. . . . strategy to handle complex, multi-tool tasks efficiently.
overhead, especially compared to simpler baseline methods like

ReACT.

3. Context Length Limitation:

« Supports complex multi-tool scenarios.

= Despite extending context length to 8192 tokens, some long API
responses may still exceed the limit, requiring further truncation or

compression. L
P Strong generalization to unseen APIs.

4. Complex Implementation: « DFSDT improves decision-making compared to ReACT.

« The multi-step reasoning process and decision-tree-based strategy « API retriever automates tool selection.

may complicate practical implementation and increase latency. - Publicly available dataset and code for community use.

« Relies heavily on ChatGPT for dataset creation.

5. Limited Evaluation Metrics:

« While pass and win rates provide useful insights, other aspects like

user experience or system efficiency are not thoroughly evaluated.
« High computational cost due to DFSDT and API calls.

« Some responses may exceed the model's context length.
« Implementation complexity increases latency.

This summary captures the core contributions and trade-offs of the ToolLLM = Limited focus on efficiency and user experience metrics.

framework. Let me know if you need more detailed insights or further [LEJE me know if you need further clarifications! ]

analysis on specific sections!

dn @ & P S~
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LLM Everywhere --- Conversation, QA, ... , MT, Coding, Reading Paper

please translate the shortly summarization into the
chinese!

RS — FRAAETtool learning EXRIESFRIFFST LT
YE (ZF=RigsraksEslides) ~

S FTEAE:
ZEIE T8 T ToolLLMEEZE, B HEFENESEE! (LLM) (=381 16,000fhE
SCHHERAPIRNEES . BidEEdEEToolBenchilllZrHToolLLaM AT, (ZiEEassrk
THIEEAPIRSERE, HS | T DFSDTHEHESREE, LlamurEsSnds T 8{FsE.

S  BiEE4 RS v
Here are some of the latest research papers and resources on tool learning

with large language models (LLMs):

1. "Tool Learning with Large Language Models: A Survey”

[This paper, published in May 2024, brovides a comprehensive overview
of how LLMs are augmented with external tools to handle complex
tasks. It covers the full lifecycle of tool integration—task planning,

fhisa: selection, calling, and response generation. The paper also highlights
- ZFISEEZFRIETEHIRS.

- AFERIERIAPIESEABIZ{(LEEN.
= DFSDTEBEReACTIE 5 EEMEE,
« APIHEE=sssLllBaME T RisiE,

- FHAESCRELFF, BRI EEalF.

several benchmarks and evaluation strategies and discusses the
challenges and future directions in this field.

Link to the survey eapers wirn cooe

2. "Large Language Models as Tool Makers (LATM)"
This research introduces a framework where powerful models like GPT-
4 generate reusable tools (Python functions) from task demonstrations,
which smaller models (e.g., GPT-3.5) can later utilize efficiently. The
tool-making process involves proposing, verifying, and wrapping tools
for reuse across various tasks. This setup demonstrates how tool

ke
- FHIESEAEEH F{EChatGPT,
- DFSDTROIAPRERISIN T itEEA.
= ERSSIEA O EEERIETUAY F TR SR,
- SCHIEZRES, IEINTIER.
= HBREARERTO AR RS0 S.

creation and usage can improve efficiency and adaptability.

Explore the LATM paper s=sw .

These resources represent cutting-edge directions in tool learning,
focusing on creating reusable tools and improving reasoning abilities by
augmenting LLMs with external functions or frameworks. This research
demonstrates promising steps toward enhancing efficiency and flexibility

N —25iHEE, EEIRER!

http://www.miradeljan.com KIRFE S35T 2024/10/24 29
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LLM --- Image Generation (DALL-E)

o  EmEER I ESHENER? RS TAREN, NZEOE—2/VEmEE!

%;i?”‘ WJ; Ait
o T j\>
U i b , '
o ‘ Axcshdassd ‘\ y

21 53 _-
] - f -
- YIRSERNRS J
. i it A
- - T \‘ \ \
- 3 Y .
- " ’:.T- (R

CIRBERASEN 7 ESHBAAS, IATHVINVENHESE. TEEES
BR, wAEEH—SaENEKR, BERR!

ERIERAER T SKRBFEESHENRNER. BEELHERKR, MELE
EfbZskagel, E5FR!

OO P
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T T
FerOrEBGKEBUERY Fin—RA], | fERvma A O, 18
e Ty

@ Currently,[l cannot directly edit or combine the uploaded imagd with a new
gate. However, you could take the following steps to achieve the desired

result:

1. Use a Photo Editing Tool:

= Tools like Photoshop, GIMP (free), or Canva allow you to add a
gate image as an overlay on top of the original image.

=  Y¥You can select and position the gate at the entrance to align it
perfectly with the street layout.

[ 2. Al-based Image Editors: ]

= You could use DALL-E’s inpainting feature to introduce a gate
directly into the existing image. Inpainting allows you to modify
parts of an image seamlessly by masking an area where you want
the gate to appear.

[ 3. Send Back to Me: ]

= If you'd like, you can use a masking tool to mark where you want

the gate, upload that version, and | can generate a gate-focused

image c—verlay[ using DALL-E to fit that space.]

This way, you can hawve the entrance gate integrated professionally and
aligned with the lively street view of Changji. Let me know if you'd like

specific steps for one of the tools or more help with inpainting instructions!

http://www.miradeljan.com

B E KFEESEESEN SO ERNET!

O

XE—IEEUNES S ARERSCNERR. FENKREREESENPERL,
RIEESEEEAEE, BEOEIESRIER T —MNEESFENSE. /)
BEEEL, AMYSRES LB, E8TNLTSHHENEMRRS, X8
ERBESEGZENTE, RS EMRETSaISae,

MBELEEH K, BEFE!
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Training Procedure of LLM (GPT)

....................................................................................................................................................

Mg @ ENERE | REEE | EeES
el BT '

vt Al RRES
BAREIRERILERY +THRERAFES

o b
SRR Bz @B [ S5 EFIESTIRI
: Bl MRS i HOE s

BICFITTiE

CP N s=enys [l ssemis W

= I GO T

pEmsg | 1000+GPU i 1-1006GPU i  1-100GPU i  1-100GPU
: BRI EE & AEHIERESE B KRB ERETE) B PSR

....................................................................................................................................................

RL t&REY

(Prof. Huang., CCL2023)

http://www.miradeljan.com K IRBA[E 15T 2024/10/24

32



o7l

XTIPCZiBiERRMHAE

Knowledge Representation

EEEFE | /A
B | BERE

£ 72 =

iﬂlﬂﬂFﬁ lFJFﬂT:"l‘.
SQLiE

Oracle
Microsoft

DBMS

=163 | 77 14 & ESicit o ERm mEmig | Coodle

Microsoft
B RS OpenAl

Kiggd St (K BAES = %;E': ChatGPT Microsoft
Google

(Prof. Liu., CCL 2023)

http://www.miradeljan.com KRR 35T 2024/10/24 33



o7l

XTIPC ZiBiERBRMHRE

Outline

* Introduction of LLM

e LLM Performance in NLP

* Fine-Tuning Strategies & Challenges for LLM

http://www.miradeljan.com KIRFE S35T 2024/10/24 34
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What Is the Instruction Tuning?

» Instruct tuningisESMES L, (ERHBAESHIFIVAEIESEIES

.+ InstructB R AR EIRIE S A SESIAFHETAL
. REATIOEHESHR, IO ASARMHESTIATEAESES

2 Ewvarybody wanted to —\ the concert was
Hﬁ!: S';'c:‘l"l‘omhzrtlz:itt-he g'-t nto the concart exce.”ent
= bacausa it was sxcellant
FZESRELLM
. Translate the follow : iR¥F
HlakEE: text to Chinese: e
What is the I like this N
i & 4T emotion of the next book . positive
sentence:
Sk Categorize the The cake was Food

following text good

EEInstruct tuningrl, YIMEE (L) FEHISSERE. SROTSS
MES HIGISEOHIALLM, HRTNER () MZHEIAD KIS L

http://www.miradeljan.com AKI/RFE 15T

FISERLA TR

FRM4EES
Template 1 Template 3

<premise> Read the folowing and
Based on the paragraph determine if the hypothasis can
above, can we conclude that be inferred from the premise:

<hypothesis>? Premise: <premise>

Coptions} /| Hypothesis: <hypothesis>
Emmﬂl_‘-’ Z <options>
<premise= i
Can we infer the following? Template 4. ...
<hypothesis> (
}rp'o osi C _')
=
N options> Y,
bt T 1 =
AIB#AEEES
Use-case Prompt
Brainstorming List five ideas for how 1o regain enthusiasm for my
career
Generation Write a short story where a bear goes 1o the beach,

makes friends with a seal, and then returns home.

Rewrite This is the summary of a Broadway ['lil_\:
[ summary |

This is the outline of the commercial for that play:

RERIE: NFEFE-EMALLMARFI B, 588, X

2024/10/24 36
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Why Instruction Tuning?
« (FEXEERMMASAXIE "XE

- IEMIETLIRSRERIES

XI M HIHER(E

IBfRRE], (EEEEEERIEM AR Instruction BEIRBNES R, HiffT

« Instruct tuningX%5lFfine-tuningflprompting, FEE/RIEEEED, ATERES LIESiZK

(A) Pretrain—finetune (BERT, T5)

I Pretrained Finetune on .

« Typically requires many
task-specific examples

* (One specialired mode
for each task

Infersnce
on task A

(B) Prompting (GPT-3)

mprove performance
via few-shot prompting
or prompt engineering

Pretrained
LM
e

.,

_ Inference

on tas

(C) Instruction tuning (FLAN)

-
|
Premned hm&‘:ﬁ?&?"{: . , |nference
B,CD,..

MOdel l2arms [0 permomn
many tasks via natural
| language instructions

on task A

Inference on
unseen task

—

Instruction tuning 5 fine-tuning #0 prompt X3tk

http://www.miradeljan.com

Normalized average on
held-out tasks (%)

WEIEEE, MERMETA, MERRNTES TS
L, ENSHASHEE,

G0

51::5? I
E T 40| —
= —
L] -
Bl -
- s —
a5 T
—e— 1,536 tasks 2B
/ ' |4 20| ———"
- —a— 282 tasks £ = P
e 89 tasks E = _—
o 9 tasks < —
—e— Mo finetuning ol
L 1 1 - L 1 L L 1 il
BB 628 5408 0 9 B9 2582 682 1,836

Model size (# parameters) Number of finetuning tasks

Flan-PaLMA&R EVZE AN[E]scale N3 {Tinstruct tuning £ BEXTEE
RAXKE NFEFE-E M LLMRS B, 58, XFF

Fo] 38 /75T 2024/10/24 37
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What Is the RLHF (Reinforcement Learning with Human Feedback)?

+ RLIHFR—MBFARRIRIEACFITGE, ERETAgentiRAFIERFTRESERIEH
- BURBEFREHTHD, EERETLUFIBASKRIGHTES

- FRER) TR, TSERIEREGETIR, FeRLLMABYIIZk
PPOEMFx®wE
7/ g - ~
Input \
m Rilg a Fooo (3 w M .

‘ *fi EEEE struetion poieaupet UL A e —

Output1 = ’i:n:.:; thebollowing news articdes y  summary I ﬁﬁ]ﬂjﬂh
- < S 155 e

faticle] -
—y < A 4 8| & _1'/>

Qutput2 — EEEE*EEE %‘ﬁ'
SFT %%

Output3

T \ BHEH | womm

e \non )| NS
o N Ot/ #TH5, W

Reward1 ﬁ Afﬁ -
. o = '
Reward?2 — ]}—Fﬁj\ﬁgﬁ L]’)%% e - 1_&-_% !
Reward D A
Reward3 S _7

RAERE: NFEFE-ERLLMAR S E#%, 581, T
http://www.miradeljan.com KRR 35T 2024/10/24 38
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Why RLHF?

- [EXRRERVMES ASKHAE "5
- RLHFAILURSRERIGEESZ LI,
- RLHF&{S&ELE T 1 Say noHJRE
Explain the moon landing to a 6 year old in a few sentences.
GFT-3
Explain the theory of gravity to a & year old.
Explain the theory of relstivity to a 6 yesr old in a few sentences,
Explain the big bang theory to a 6 year ald.

Explain evolution to a 6 year old.

IrebruckGRT

People went to the moon, and they tock pictures of what they saw, and sent them back to the earth se
we could all see them,

{7 RLHFHInstructGPTELGPT-3E N &S S

||||||

m (FHE/0 =R EE T EIE ST HEAEL?

(R, BEATIARNSATISS, 03T REESEIRANTENEREEE, —
RAEETASRETERAMAT. SELLCTEA IS SN, LS
BBEE,

BILAEAEIE
http://www.miradeljan.com

AK /R[] 1d

(EISERMERENNERISSTIEL,

Cratacet

RealToxicity
GPT

Supervized Fine-Tuning
I

InatructGPT

AP Diatacet

Hallucinations

GPT

Supervised Fine-Tuning
—

InatructGPT

HXRIBER D ESHT

0126

Diztacet
TruthfulQA
GPT 0.234

Supervised Fine-Tuning

InatructGFT 0.H3

AP Datacet

Customer Assistant Appropriate
GPT

Supervised Fine-Tuning

InstructGFT 0802

{5 F§ 7 RLHFAYInstructGPTHE X T GPT-3/2 4E i1 = = /D (TruthfulQA), &=
4 8 /> (RealToxicity), BB ASINE 4I5S ST (hallucinates)

RABERR NFEE-EALLMARSI B, 58, T

yapil
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What Is the Scaling Law?
+ IBE&EEIScaling lawE—%&log-linearfiizk, fEfRE M REE EREIMIREIaEI IR g
- RENREETERR. SEHRLIL SIS

Scaling lawpV&incAET, EENERUFFE— SEE X LR.
BRI i EENEIRER, TEBEEHIR.

7 12
61 S — L=(D/5.4-10")7%%% | 5.6 —— L=(N/8.8-10")"%07®
3.9 \
51 4.8
@ 3.6
, : 3. 4.0
Fine-tuning g 4
SRl ek R ‘g‘; 3.3 3.2
il =3
~ Prompting 3.0 -
L = (Cinf2.3 + 108)-0-0%0 '
; : : : 2 = x — : 2.7 : . s = - :
0.1B 1B 10B 100B 10-¢ 1077 10 102 10-! 10! 108 109 10° 107 10
. Compute Dataset Size Parameters
Scalmg Law (NZOZO B 2021) PF-days, non-embedding tokens non-embedding

RNEKR NEFE-ERRALLMA S E3%, 551, XUHT

http://www.miradeljan.com KIRFE S35T 2024/10/24 40
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Making the LLM getting Larger

@ EHmGPT-2 EfInstructGPT
> : 151283 FEZinstruct- . _
?ﬁﬁfggﬁ SRR 40G EHGPT-3 tuningIRLHF EFGPT-4
OpenAl - 17502858 {EFIAGIE: 800G +70k Decoder
EREUE: 16 Decoder . . |
! F=REIE: 800G Decoder ZChatGPT :
Decloder : D_ecloder : Decloder :
I I : I I I
| | | | | |
2017/6 | 2018/10 ! 201_ '_9!1 0 ! 202__‘_1 /10 2021/11 2022/1 B 2022}4 ! 2023/2 i
® @ ® ‘® @ - - o ® ® - ® - - *>—o—>
G | 2018/6 | 201972 | 2020/5 | ! ©2022/3 | 2022/12 | 2023/3
1 | | I | 1 1 1
I I I I I I I I
Google ! : ! : ! ! ! i
En-De | ! : Decoder : ! :
& Transformer, Bk : En-De : fEREE: 1.3T : Decoder Decoder
B iR A | R 800G | DeepMindm® | wErRE: 31 —
P ! Encoder — : Gopher (2800‘{21) : - T =Jie LaMDABJBARD
- EFRT5, FEESBert L B, BnLLMzZAR ' Eﬁiﬁgﬁﬁm@ a
ERREME: 166G TﬂGPTE}EI—FﬁE% Decoder a Decoder FHES
L?‘V_:}’EBert; Ej\ffﬁ EﬁFLAN, %l-lﬁ_l {FREEEE: 1.56T
?R.S_‘IFZ%E;THIJ% decoder-onlyigH GoogleE
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Scaling Law
» Scaling Law BT EANITEE—ESFRKEFHINER (BRaYFlIgin%k)

> BERT S GPT-3 S PALM
ZS¥NE: 1.091Z SHE: 175012 ZS¥NE: 540012
HiIEE: 250012 EIEE: 300012 EIESE: 780012
FLOPs: 1.6e20 FLOPs: 3.1e23 FLOPs: 2.5e24
T B> & -
2018 2020 2022
641IRTPU v2_LijllZr4ax< ~BERTHY10001% ~BERTHI 100001
A B iy AHEsT N
B AINTEESTmREFA TFHES TN
TS A AT | 2535 = A T mRpE B R K
: = B ER i) ieormmm
SEERE Fle .E.{. e MEBE  ---> SO THEAE
=S = N2 L O mme s mEsT

----------------------------------------

PhD. Ding CCL2023
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Big Model Fine-tuning Task

» BERTEJURURENROAE: XTSRS EES ISR A 1T2SEME
- ROZSAESZIARNZILEES

FEREEHEHE? o\ e
15 Q Nl aX® =
5 A L:Q : .x\{: o :é(. Jez
55 @ DFRHISAEILL. M A,
- - Fedle —— R
IR HREROINT .. -’é:/'\:/- HAER
55 C = S N e a
PRI @E AUWHE :,zé.ﬁ.é.\}x: L BRI

\. ./

Prof. Liu CCL2023
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Main Challenge --- Difficult to fine-tune LLM
- KREEMEFREFEESH, FEETEFSARKNER
« NEEEMBATENE—MISFEE—ANERE, FE2LRBARIEFESTE

l NLPT#ESS J

Switch-Transforszr
e (1.75T)
10000
PanGu-a
(200B) . ¥ v v ¥ v
1000 Megatront Turing
. ) T, e [s‘czisrm] [Scztﬁas] [f’é‘%*ﬁi ‘raammz} ‘mzﬁ,\z’
I £ 100 o —— I I
T 5 CPM-2
" % ey e |® Tuingnie | (1989 HIRERE  EWMH%E XRECE O SEERE) ALSSENE
B S L ¢ | | | |
1K o (118
< _of cer2 BN BEOE  XHHF XA XERE
e | } | } |
01 |~ _— BERT-Large .
* (340M) B EEHERT XHEHDE HERSR E{FHhEX BB LK
ELMo
0.01 [ (9am)
2018 2019 2020 2021 2022 e
=) IJ > kY Y L P4 \ N —_— e N
RELA AR ESTRES, ELURIFEES TS5
RPN S AR, (2 EINMELAGIAE Prof. Liu CCL2023
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Key Points for Fine-tuning the LLM

- KEAETRUEERNRE . B8R, P22 BIESRIZIRE
« DEHIRE FRURTGIE
- LESH FRERSERIE
.« SWMES ERHESHIE

IRESMMESINET SERNZFHMESS
5 A i) iy
s % GEmomen At
@
T 1 R s RN R AV I
AR WREROINT ... o® 'é./ \.é('

PRIEDD
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Prof. Liu CCL2023
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Fine-tuning the LLM
» MARKREIERCEI A RAIRERAR

- BHRERA: (ERRTHRURZALS)GAMES S
- FIRIGS THESA
+ (NBOBHAHAIERHES

- SR (ERBERIEETEXRERESD
- ITHE & FEEH
- NBLESHH A SESEEES

- (E55iZ16: (FRESHIRITHRISEER
- RKIER T KRB E LS
« FIEEChatGPTHIKE—E
http://www.miradeljan.com K IR P38 /75T

#ti (Finetune)
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#5% (Prompt Tuning)

o HEEAATHAR

FAERALE EHALRK

#4%7 (Instruction Tuning)
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Outline

e Introduction of LLM

e LLM Performance in NLP
* Fine-Tuning Strategies & Challenges for LLM

« (Categorization of Tools

http://www.miradeljan.com KRB 7751 2024/10/24 47
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Tools and Intelligence

 Tools are extensions of human capabilities designed to enhance productivity,
efficiency, and problem-solving

« Throughout history, humans have been the primary agents in the invention and
manipulation of tools

 Question: can artificial intelligence be as capable as humans in tool use?

Image from Internet

http://www.miradeljan.com KIRFE S35T 2024/10/24 49



o7l

XTIPC ZiBiERBRMHRE

Tools and Intelligence

* The answer Is yes with foundation models
« Strong semantic understanding
 Extensive world knowledge
* Powerful reasoning and planning capabilities...

Google <X

@G openAI nNVIDIA
© vecpming SV
OQOMeta  HoAwE

Noam Edward Robert Yoshua (2 Alibaba.com
Chomsky Feigenbaum Mercer Bengio
o—°—~0
Gy — £ — k2 — ¥ — %%
~= g @=—eo— O
Modern Expert Statistical Neural Foundation
Linguistics Systems Models Networks Models

Image from Internet
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Tools and Intelligence

 Tool Learning [1]: foundation models can follow human instructions and manipulate

tools for task-solving

Please recommend
some books on
personal finance

and investing.

Please make a
?amana yogurt |

or me.

Please draw a
watercolor style

Eiffel Tower
.'\'

painting.

http://www.miradeljan.com

N
\)s
q}‘Q‘
QO
&
)

FOUNDATION 2

MODEL
.

N

+Co0kiy g Robot
/_\_/

[1] Qin, Yujia, et al. "Tool Learning with Foundation Models." arXiv preprint arXiv:2304.08354 (2023).

Search

www.google.com

p Investment Book

et

[

Plan

1/ Slice the banana.
2/ Blend the banana
slices with yogurt.

Reply

I would recommend:
1. The good Investor
2. Simple Wealth

3. ..

Execute

= =
|| Il

Ny

Here is a watercolor
Eiffel Tower painting
generated by diffusion

|
* //ﬁ-,o /
T .
>
Z Use diffusion model Reply
</
Prompt (EfFFe! Tower, Waterco(or)
model.
Stable
Diffusion
N VY A N
AKI/RFE 15T

2024/10/24
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Categorization of Tools

e Deterministic tools: &z (O
 Tools with fixed functionalities and stable input-output mappings
* e.g., calculator, clock...

+ Black-box API: [l B
* Tools with their internal workings undisclosed
* ¢.g., Bing search API, Google Translation API...

* Neural models: @

 Neural networks optimized for specific tasks

* Robots: % é

* Tools that interact with the physical world through actuators, sensors, and
control systems

http://www.miradeljan.com KIRFE S35T 2024/10/24 52
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Categorization of Tools
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Categorization of Tools

* Tool-augmented learning

« Augment foundation models with the execution results from tools
* Tools are viewed as complementary resources that aid in the generation of high-

quality outputs

. Instruction - _ Tool
Answer > Fﬂllndatinn Call APL -

= | B [

Human L :

Result

-

Twitter Trending is

1. Hot Weather

2. NBA PLAYOFFS
3.

1. Hot Weather

2. NBA PLAYOFFS
3. ...

Image from Internet
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Tool-augmented learning

Tool Documentation Enables Zero-Shot Tool-Usage with Large Language Models Preprint 2023.
Cheng-Yu Hsieh, Si-An Chen, Chun-Liang Li, Yasuhisa Fujii, Alexander Ratner, Chen-Yu Lee, Ranjay
Krishna, Tomas Pfister [pdf]

ToolQA: A Dataset for LLM Question Answering with External Tools Preprint 2023._
Yuchen Zhuang, Yue Yu, Kuan Wang, Haotian Sun, Chao Zhang [pdf]

Toolformer: Language Models Can Teach Themselves to Use Tools Preprint 2023.
Timo Schick, Jane Dwivedi-Yu, Roberto Dessi, Roberta Raileanu, Maria Lomeli, Luke Zettlemoyer, Nicola
Cancedda, Thomas Scialom [pdf]

Generalization through Memorization: Nearest Neighbor Language Models ICLR 2020.
Urvashi Khandelwal, Omer Levy, Dan Jurafsky, Luke Zettlemoyer, Mike Lewis [pdf]

Improving Language Models by Retrieving from Trillions of Tokens PMLR 2022.

https://github.com/thunlp/ToolLearningPapers
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https://arxiv.org/pdf/2306.13304.pdf
https://camo.githubusercontent.com/be7575ff21c8e87b7b93ff606b1e365c9a35954805ce26c0091cd97cf41b9d50/68747470733a2f2f696d672e736869656c64732e696f2f62616467652f5365617263685f456e67696e652d6f72616e6765
https://arxiv.org/abs/2302.04761
https://camo.githubusercontent.com/89f3410a4812bee7bf00187024a0d0bfa5111c0434fb518d590caa626e008425/68747470733a2f2f696d672e736869656c64732e696f2f62616467652f546578745f5265747269657665722d6f72616e6765
https://openreview.net/pdf?id=HklBjCEKvH
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https://camo.githubusercontent.com/89f3410a4812bee7bf00187024a0d0bfa5111c0434fb518d590caa626e008425/68747470733a2f2f696d672e736869656c64732e696f2f62616467652f546578745f5265747269657665722d6f72616e6765

o7l

XTIPC ZiBiERBRMHRE

Categorization of Tools

* Tool-oriented learning
« Utilize models to govern tools and make sequential decisions in place of humans

 Exploiting foundation models' vast world knowledge and reasoning ability for
complex reasoning and planning

Planning

1. Open browser.
Tweet “I LOVE PLZZA" 2. Login Twitter.

A Create a tweel.

. Tool
Instruction Fnundaﬁnn Call API =

- S G

Human

G cf'ﬁ*we >

1. Open browser 2. Login Twitter 1. Create a tweet

Image from Internet

http://www.miradeljan.com KRR 35T 2024/10/24 56



o7l

XTIPC ZiBiERBRMHRE

Tool-oriented learning

ToolLLM: Facilitating Large Language Models to Master 16000+ Real-world APIs Preprint 2023._
Yujia Qin, Shihao Liang, Yining Ye, Kunlun Zhu, Lan Yan, Yaxi Lu, Yankai Lin, Xin Cong, Xiangru Tang, Bill Qian,
Sihan Zhao, Runchu Tian, Ruobing Xie, Jie Zhou, Mark Gerstein, Dahai Li, Zhiyuan Liu, Maosong Sun [pdf]

TPTU: Task Planning and Tool Usage of Large Language Model-based Al Agents Preprint 2023.
Jingging Ruan, Yihong Chen, Bin Zhang, Zhiwei Xu, Tianpeng Bao, Guoqging Du, Shiwei Shi, Hangyu Mao, Xingyu
Zeng, Rui Zhao [pdf]

WebCPM: Interactive Web Search for Chinese Long-form Question Answering Preprint 2023.
Yujia Qin, Zihan Cai, Dian Jin, Lan Yan, Shihao Liang, Kunlun Zhu, Yankai Lin, Xu Han, Ning Ding, Huadong Wanq,
Ruobing Xie, Fanchao Qi, Zhiyuan Liu, Maosong Sun and Jie Zhou [pdf]

CREATOR: Disentangling Abstract and Concrete Reasonings of Large Language Models through Tool
Creation Preprint 2023. Cheng Qian, Chi Han, Yi R. Fung, Yujia Qin, Zhiyuan Liu, Heng Ji [pdf]

Describe, Explain, Plan and Select: Interactive Planning with Large Lanqguage Models Enables Open-World
Multi-Task Agents Preprint 2023.

https://github.com/thunlp/ToolLearningPapers
http://www.miradeljan.com KIRFE S35T 2024/10/24 57
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https://arxiv.org/pdf/2308.03427.pdf
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https://arxiv.org/abs/2305.06849
https://camo.githubusercontent.com/a5fdaffe70c8e4cb96584f66931cfb8a7df62e9ee4a1e4446e6cdad46c3c6ce0/68747470733a2f2f696d672e736869656c64732e696f2f62616467652f4d6174685f536f6c7665722d6f72616e6765
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Inability of Foundation Models

« Models cannot provide real-time information
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Inability of Foundation Models

« Models cannot handle specialized tasks

Input: Please calculate 12321 /23432

without tools

Model —> (0.00236 x

with tools

Model —FE—F 0.526 \/

http://www.miradeljan.com KRR 35T 2024/10/24 59
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Tool Creation

* From Tool User to Tool Creator

« Humans are the primary agents that created and used tools from Stone Age to
21st century

 Most tools are created for humans, not Al

e Tools Made for Models

* Modularized: compose tools into smaller units
« New input and output formats: more computable and suitable for Al

http://www.miradeljan.com KRR 35T 2024/10/24 60
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Tool Creation

* Limitations of Existing Works
» Most existing work tends to concentrate on a limited number of tools

 The reasoning process employed by models for determining the optimal utilization of
tools is inherently complex

 The current pipelines lack an error-handling mechanism after retrieving execution
results

* Instead of letting LLMSs act as the users of tools, we enable them to be the
creators [1]

[1] Qian, Cheng, et al. "CREATOR: Disentangling Abstract and Concrete Reasonings of Large Language Models through Tool Creation."
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[r Query ]

I . Throwing a ball upward from a 40m tall building, its height relative to time is represented1
TOO C re atl O n by h(t) = -5t*2 + 20t + 40. When will it reach the ground?
e »
[ Creation ] I [ External API Platform h
P FO u r P r O Ced u r e S Abstraction: Quadratic Equation Solving i
solve_quadratic(a, b, c): I b
. h. [ Search Math T
¢ C re atl O n - I Engine Solver )
Decisi
» Decision rooten | . *
Concretization: Tool Calling I 1. Use Math Solver to do query.
. ans = solve quadratic(-5,28,40) . 2. Apply Info Extractor to get the answer.
¢ EXGCUtIOﬂ = [x X ans x > @e][e] Selection:
.. . print( » ) i WolframAlpha, Info Extractor
* Rectification . : ' ’
Execution
: ! ,
Execute the program after @ WolframAlpha Query:
concatenating tools and their calls Solve Eq {-5t"2 + 20t + 40 = 0}

L

[ Rectification ]

[ Error - Rectify Creation / Decision
| Success = Render Answer

Answer ]

Output from Exec: The time is 5.46 «

WolframAlpha Returns: -1.46,5.46 >

CREATOR (Ours) Tool-Use

Qian, Cheng, et al. "CREATOR: Disentangling Abstract and Concrete Reasonings of Large Language Models through Tool Creation."
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Tool Creation

* EXperiments
 Datasets: MATH, TabMWP
« Significant improvements over PoT and pure CoT

Itmd. Number Pre- Pre- Average

. Counting &

Method  Setting  Algebra o .} .5 Geometry 1 ochra Theory Algebra Calculus (weighted)
Standard /0 CoT 257 258 22.4 13.9 18.5 40.9 21.8 25.3
w/ CoT 50.9 36.1 24.5 17.5 23.2 58.6 16.7 37.9
PoT w/o CoT 58.2 48.5 35.4 25.8 53.1 66.8 25.0 49.8
(w/o Rectify) w/ CoT 54.0 47.8 32.5 22.3 48.9 64.5 19.9 46.5
PoT w/o CoT 63.8 51.9 35.9 28.6 59.2 70.0 28.2 53.9
(w/ Rectify)  w/ CoT 61.4 48 .8 34.6 23.7 545 67.6 34.6 51.2
Tool U w/o CoT 473 35.1 27.0 20.5 30.8 56.8 31.4 39.0
ool Lse w/ CoT 55.3 37.8 28.7 20.5 34.8 61.8 26.9 43.0
Tool Create /0 Demo  58.0 53.3 34.2 21.8 55.7 63.4 33.3 49.6
(whole) w/o CoT 64.1 55.7 35.9 42.7 61.6 69.0 37.2 57.2
w/ CoT 62.7 50.9 33.8 31.4 61.4 68.7 31.4 54.0
w/o Demo  66.6 53.6 33.8 29.4 59.8 68.7 34.6 54.9
C‘;E‘“;’R w/o CoT 715 55.3 41.4 41.9 60.4 71.7 35.3 59.7
ours w/ CoT 63.1 58.1 34.6 35.0 61.8 69.7 32.1 55.7

[1] Qian, Cheng, et al. "CREATOR: Disentangling Abstract and Concrete Reasonings of Large Language Models through Tool Creation."
http://www.miradeljan.com K IRBA[E 15T 2024/10/24 63



o7l

XTIPC ZiBiERBRMHRE

WebCPM

* Motivation
* WebGPT is not public, and its inner workings remain opaque

e WebCPM’s Efforts

« Open-source interactive web search interface

 The first public QA dataset that involves interactive web search, and also the first
Chinese LFQA dataset

« Framework and Model Implementation

WEBCPM:
Interactive Web Search for Chinese Long-form Question Answering

Yujia Qin', Zihan Cai', Dian Jin', Lan Yan', Shihao Liang’, Kunlun Zhu®,
Yankai Lin**, Xu Han!, Ning Ding!, Huadong Wang', Ruobing Xie*, Fanchao Qi',
Zhiyuan Liu'*, Maosong Sun'*, Jie Zhou"

INLP Group, DCST, IAI, BNRIST, Tsinghua University, Beijing
“Gaoling School of Artificial Intelligence, Renmin University of China, Beijing
SModelBest Inc. *Pattern Recognition Center, WeChat Al, Tencent Inc.
gyj20@mails.tsinghua.edu.cn
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WebCPM

* Interface (search mode) and pre-defined actions

Question | EAEERMTA? ENRUAIAZEI? What are crop circles? How are they made? Action Name Functionality

Q Query | EREBAERAR? How do crop circles form? O Undo Q Reset Q search <query> Call Bing search with <query>
< Go Back Return to the previous window

Window (search mode) by o R CHIot l Merge i]f) Load Page <1> Load the details of page <1>

EANE: SARBRS2MEARMN? B Page <1> Fact #1 2023-01-21 19:59:00 {5 Load Page <2> Load the details of page <2>

Unsolved mysteries: How did crop circles form? = MBS EET ERRIEW =

EHRELNESHETSEEANER, ALY, B R LAER.. ) Load Page <3> Load the details of page <3>
RIEMAEE, BERRENEENERRE... Crop circle refers to a geometric

The crop circles appear most often in spring and summer. pattern produced by flattening 4 Scroll Up Scroll up for a pre-set stride
Some people think that the weather in summer is erratic, and crops ...

tornadoes are the main cause of the strange circles... * Scroll Down Scroll down for a pre-set stride

Fact #2 2023-01-21 20:05:12
Content of Eact #2 ’5 Quote Extract <content> from the

<content> current page as a supporting fact

Title of page <2> & Page <2>
A snapshot of the page content

Title of page <3> I page <3> . .
A SnapS:O tgo f the page content Y Pag X Merge Merge two facts into a single fact
- D Finish
& Go Back Number of remaining actions (86/100) () Finish O End the search process

https://github.com/thunlp/WebCPM
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WebCPM

* WebCPM contains 5,500 high-quality question-answer pairs, together with
14,315 supporting facts and 121,330 web search actions

 Data format: <question, web search actions, supporting facts, answer>

Resomree IWSQA DuReader CMRC (0% WebGPT GopherCite
(this work) (Heetal.,,2018) (Cuietal,2019) (Sunetal,2020) (Nakano etal.,2021) (Menick et al., 2022)

Language? ZH ZH ZH ZH EN EN

Is Public? v v v v X X

Targets long-form QA? v X X X v v

Has free-form answer? v v X X v v

Has web search behavior? v X X X v X

" Avg. questionlength 290 96 63 22 - -

Avg. supporting fact length 512.5 187.3 495.5 116.9 - -

Avg. answer length 2444 104.9 17.0 5.5 - -

https://github.com/thunlp/WebCPM
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Question:

ZHEEREMT A7 BRI RR?

Action Sequence:

Search — Load Page <1> — Scroll Down X 5 — Scroll Up — Scroll Down X 11 — Go Back —
Search — Load Page <1> — Go Back — Load Page <3> — Scroll Down X 4 — Scroll Up X 3 —
Quote — Scroll Down — Quote — Scroll Down — Quote — Scroll Down — Quote — Finish

Supporting Facts:

1. 2HEM (Crop Circle) , BFEALZHMACHM L, EIdEMRMNE (REBEBRARN) ERIEDEF
ﬁg; %ﬁ?g;%g B o X NHRRELSRE 3 A 18R 2 “Crop Formation” - 22 FHEERE I HHER4E | X SCFFINENFFLE
WHINI 1A

2. AR AR —#iAs, ZHEBEERAARRERR . KRRF LR FETEREBE, FEHfER, —RBRAERR i
IAWREEZ T, FRoEda s HORRFEE MR, ZHRA IEM— BB . 8T BTHE, EERRITEE
B AT ELTZ AR AT DABROPRR « LA 942 I VR 22 FH A 2 TR 3, VeSS (A BB A TR

3. HEA: WA AN, ZHEAR M, BEEREARLZI . sUREE, HTRRAREE DOV B EE
i, NTEZHEPEEHIIAEERIER, MITAX 2R SRR EERAIEE K -

4. #esHit: BRFKINA, WG HE-MHENBsN], A E—RER, ERIEY Fhn e f . RET RN
B BUREMIFR T 1302 1N E HER, AIM90% K E B EE &R kB e ER, FE270KNEE — 17K -
T2, ZHEMNNERNHE 2 E0R, SRERSMHEENZESNFEEIER, A IERNE
[Ea e e, NGB/ NEEREE -

Answer:

ZHEESEEZHEE CHM F, BdEMRONE (REHEEZARN) TERVEYIEF™ £ R LA
BR. (1] MEEEEOERE =13, A BRESHSU . \yii—8i\y, ZHEEHARNRESR -
AL R LR FREREE, EFERN, —HBRERR AR IREREZ T, HhadasE O RFEEHIER,
ZHRL A IR — EE - 8T TG, EERREITAREENERE A LgePRR . (2] BREMUIANZ HE
B IR AR AR LI - BARE R, HITRARME DA FMEEMER, T & B2 LA B
., MATARX RRAMTEARNE BRI R - (3] BZUHIAN, BT E—fmEn®shh, e —ka
U, ERIEY)Fii-fEm . (4]

https://github.com/thunlp/WebCPM

http://www.miradeljan.com KIRFE S35T 2024/10/24 67



o7l

XTIPC ZiBiERBRMHRE

WebCPM

e WebCPM'’s framework consists of two models:

« Search model, consisting of:
« Action prediction module
 Search query generation module
 Supporting fact extraction module

* Information synthesis model

https://github.com/thunlp/WebCPM
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WebCPM

For an action sequence of T steps, the search model executes actions to
collect supporting facts, which are sent to the synthesis model for answer
generation.

Web Search Environment

—— N BEA: Qg A & |
= .. S st
= 1= ﬁl’ﬁf% Ar = {ai}i<t — #Query:
= wmill— — 7ok (Wilizt . 2(\.\_\.{_3;;(: . #EE.
—— B —*‘ t ‘ — gﬁ{;&}' /A ) N N\ T #h4E: |
, o Rk Fr = Uibigry ]
: SN t MLLM
1
= =
= == B EL AR
—m— . 2R BN s
— T — FRE:F =(f) AW,
LLM
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WebCPM

Holistic Pipeline Evaluation (based on human preference)

Model-generated Answer v.s. Human Annotation

Three sources of supporting facts are sent to the synthesis model

(1) pipeline-collected, (2) human-collected, (3) non-interactive search (TF-1DF)

(a) Pipeline Evaluation on Our Test Set

lm Prefer Pipeline Equivalent Prefer Annotation
80% _"""’"’""""”"’"’"""""""""’""""’""""""’""’"’""""”""”’""""’"""""”7’2‘:5 ””””
67.5
§ 60% g 545
5
o
E 0
29.5
4 190  aaAl 180 |
20% 135 16.0
. 7-5
0% : : ] :
Pipeline-collected Human-collected Non-interactive Search

http://www.miradeljan.com KIRFE S35T 2024/10/24 70
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Outline

e Introduction of LLM

e LLM Performance in NLP
* Fine-Tuning Strategies & Challenges for LLM
» (Categorization of Tools

« Benchmarking Tool Use

http://www.miradeljan.com KRB E f75T 2024/10/24 71
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Tool Bench

» Open-source, e.g., LLaMA & Vicuna, remain significantly limited in
performing high-level tasks, such as tool use

 Reason: current instruction tuning largely focuses on basic language tasks
Instead of the tool-use domain

* Thisis in contrast to SOTA LLMs, e.g., ChatGPT, which have
demonstrated excellent tool-use capabilities

* How to bridge the gap?

http://www.miradeljan.com KIRFE S35T 2024/10/24 73
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Tool Bench

* Introducing ToolBench, an instruction-tuning dataset for tool use
* Elicit tool-use capabilities within open-source LLMs

Edit Pins ~ Watch 13 ~ Fork 32 W Starred 548

& < .
2 ToolBench®®

Tool Num 3451 API Num 16464 | Current Dataset Size [ 12K Total API Call |37K  Average Reasoning Traces 4.1

Tool LLaMA -

https://github.com/OpenBMB/ToolBench
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Tool Bench

* Introducing ToolBench, an instruction-tuning dataset for tool use
* Elicit tool-use capabilities within open-source LLMs

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

Yujia Qin'*, Shihao Liang!-?*, Yining Ye!, Kunlun Zhu'2, Lan Yan'-?, Yaxi Lu!,
Yankai Lin®', Xin Cong', Xiangru Tang, Bill Qian*, Sihan Zhao', Runchu Tian!,
Ruobing Xie®, Jie Zhou®, Mark Gerstein®, Dahai Li*-%, Zhiyuan Liu'’, Maosong Sun'f
! Tsinghua University ?ModelBest Inc. *Renmin University of China

4Yale University "WeChat Al, Tencent Inc. ®Zhihu Inc.

yujiaginlé@gmail.com

https://github.com/OpenBMB/ToolBench
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Tool Bench

= e e e e e e e e e e e e mm mm e Em Em e e Em Em e e e Em Em Em Em Em e Em Em Em Em Em Em Em Em Em M Em Em Em Em Em e Em e Em e Em M Em M Em Em M M Em e Em Em Em Em Em Em e e e e e e Em e e e e Em Em e Em e e e e e e e e e e e e e e e e ey
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Tool Bench

 Highlights:
» 16000+ real-world APIs gathered from RapidAPI
Real API call for building this dataset
Support single-tool and multi-tool scenarios
API retriever
Complex multi-step reasoning

Resource ToolBench APIBench API-Bank ToolAlpaca T-Bench
(this work)  (Patil et al., 2023) (Lietal,20232) (Tangetal.,2023) (Xu etal., 2023t)

Real-world API? v X v X v

Real API Response? v X v X v

Multi-tool Scenario? v X X X X

API Retrieval? v v X X X

Multi-step Reasoning? v X v v v
 Number of tools . 3451 3 53 400 ¢ 8

Number of APIs 16464 1645 53 400 232

Number of Instances 12657 17002 274 3938 2746

Number of Real API Calls 37204 0 568 0 0

Avg. Reasoning Traces 4.1 1.0 2.1 1.0 5.9

https://github.com/OpenBMB/ToolBench
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Tool Bench

 Highlights:
« Enhanced reasoning strategy: DFSDT
(ours) >> ReACT
« Automatic Evaluator ToolEval

* ToolLLaMA performs on par with
ChatGPT (turbo-16Kk)

* Robust generalization to unseen
APIs

0.8
ChatGPT-DFSDT
ToolLLaMA-DFSDT

0.6
o ChatGPT-ReACT
©
Dc: 0.4 Davinci-DFSDT
; Davinci-ReACT

A
0.2

Vicuna & Alpaca

0.0 *
0.0 0.2 0.4 0.6 0.8
Pass Rate
https://github.com/OpenBMB/ToolBench
http://www.miradeljan.com KIRFE S35T 2024/10/24 78
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Tool Bench Construction --- Overview

* Three phases for constructing ToolBench

4 D

——
-
—
-~

’_.---
-

Instruct:on Answer )
Collect:on Generat:on Annotation Ty
~"

Instructlons & / relevant APIs

_V w /
Q Rapidari E_@ (i ‘
RapidAPI API Retriever ToolLLaMA

o

https://github.com/OpenBMB/ToolBench
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Tool Bench Construction --- Overview

* Inference and evaluation of the pipeline
4 )

= OmD -
API Retriever Retrieved APIs
Instruction  /
\_ J (‘g)
Final Answer ﬁ
=
@ ToolEval
\

https://github.com/OpenBMB/ToolBench
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Constructing Tool Bench

» API Collection

e RapidAPI Hub
https://rapidapi.com/hub
Filter from 50000+ APIs
Retain 16000+ APls
49 categories

http://www.miradeljan.com

-

(o] Rapld API

Car Wars CharacteD Ctreamlng Avallablllt> IMDB Search

( GET Services ) (GET Search By Title) C GET Genres )

API Documentation \“—\
______________________________ N o -

i APl Name: Search By Title i
i API Description: Search movies and series by title, ... !
. Required Parameters: Title (string, title to search for), Country (string, ...) !
i Optional Parameters: Show type (string, Type of shows to include in the results, !
! 1
: :
L 1
L I
E I

either “movie”, “series”, or “all”. Default is “all”), ...
Code Snippets: GET /v2/search/title?title=batman&country=us&show...
Example Response: type:"movie", title:"Batman", overview:"Japanese...

}K

JRFA)3E £33 2024/10/24
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Constructing Tool Bench

* Instruction Generation
* Single-tool + Multi-tool
(1) sample a few APIs
* (2) generating instructions and their relevant APIs

ChatGPT  ({[SY,Inst1],-- - ,[SK, Insty/]}|APIy, - - - , APy, seedy, - - - , seeds).
{APII PR :APIN}ESAPI:
{seedq,--- ,seed3 } €S¢eeq

Single-tool instructions

h d
cetesony > OO . D Vi@ APIS&API  (“ampled | APiNamenex )

L |
Tool > 55D Ot — o -0 .
I Documentation ' 11 API Description: xxx I
AL > OO OO ®O0O-O 1 S Required Parameters: xxx |
".; A I q |
Intra-category multi-tool instructions - ‘\-_\_'\'; : . - :
Category —» S é -,| ample APl Name: xxx !
o 55 cg;:, 58 S = |
Too -> D -/ ittt
APl > @@ OEO.& . | Instruction We are planning a movie !
. . . . ST T night in the mountains. Can 1
Intra-collection multi-tool instructions Instructions & vy M — :
_ L] i
Crl S = Relevant APIs | Relevant APIs APi avi2 pvis. |
Sampled T'°° > OO .. OCD..CD
T APIs APl > ab@d. OEdH. @ cOho.OD

http://www.miradeljan.com KIRFE S35T 2024/10/24 82
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Constructing Tool Bench

 Answer Annotation
* gpt-3.5-turbo-16k: function call feature

e Failure of ReACT / CoT

 Error Propagation: a mistaken action may propagate the errors
further

 Limited Exploration: although the action space is infinite, CoT
or ReACT only explores one possible path

Method Single-tool (I1) ~ Category (I2) ~ Collection (I3)  Average

ReACT 43.98 23.62 20.42 29.34
ReACT@N 50.80 36.14 32.87 39.94
DESDT 54.10 41.35 44.80 48.75

http://www.miradeljan.com KRR 35T 2024/10/24 83
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Constructing Tool Bench

 Answer Annotation

~ N\
Reasoning Chains of Different Methods { User: | want to give my friend a birthday surprise. | know her
+" | favorite actress is Hailee Steinfeld. Help me please!
CoT / ReACT DFSDT (ours) y )
!
. . |
Instruction Instruction I Selected Path | Thought: | will first get some information )
H b7 R < about Hailee Steinfeld.
1 Yoo A APl Name: get_extra_character_details Y
Normal | 4 Arguments: {“name”: “Hailee Steinfeld”} ) Y
]
Normal [ Normal ] ‘L Error ] :
Normal | T Observation: {“age”: 28, “recent g
i .- movies”: [“Spider-Man: Across the - ’;'
: ! Spider-Verse”, ...]} '\ . 7
_ — ! P s (TR Q Rapidapi
L Error J L Normal J Normal ¢ /

Observation: {“message”: “server "
/| isnotavailable.”}

N

SX s

| | APl Name: Finish with Final Answer
' Arguments: {“Final Answer”: Hailee Steinfeld

| 'L Fail ] [ Fail ] | Success Y
3 L recently voiced Spider-Woman in "Spider-
""""""""""""""""""""""""""""""""""""""" . N Man: Across the Spider-Verse”. You could
. . i buy a Spider-W k as a gift, and sh
Normal | API Call with Normal Response Success | Final Answer i or | Puyaspideriioman maskas a giit, and she
1
1 v
I A
1
1
1

would probably like it.}
API Call with Error Give Up s[ API Name: Finish by Giving Up ]

v

il
1
1)
1
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Tool Eval

* An automatic evaluator based on ChatGPT

 TwO metrics:

* Pass Rate: the proportion of completing an instruction within
limited OpenAl API calls

 Preference: the quality/usefulness comparison between two
answers, 1.e., which is better?

 High-correlation with human experts (~80%)

http://www.miradeljan.com AKI/RFE 15T
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Tool Eval

* An automatic evaluator based on ChatGPT

http://www.miradeljan.com

=" ToolEval Leaderboard

() star 550 ) watch 13
An Automatic Evaluation for Tool Learning

Win Rate of Methods vs. chatGPT-DFSDT v

ToolLLaMA

ToolLLaMA-API Retriever

ToolLLaMA-LoRA |

ChatGPT-ReACT |

Text-Davinci-003-ReACT _

0 5 10 15 20 25 30 35 40 45 50

Win Rate of Methods vs. chatcPT-DFSDT ~+ on Each Subsets

[ chatGPT-DFSDT [] ToolLLaMA ToolLLaMA-API Retriever
[1 ToolLLaMA-LoRA [l Text-Davinci-003-DFSDT [__] ChatGPT-ReACT

AKI/RFE 15T

2024/10/24
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Tool LLaMA

* Excellent generalization to unseen instructions and APIs

« Significantly better than ChatGPT+ReACT

Model 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 56.0 62.0 66.0 28.0 22.0 30.0 44.0
Vicuna (ReACT & DFSDT) | 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 -
Text-Davinci-003-DFSDT 53.0 46.0 | 58.0 38.0 | 61.0 39.0 | 38.0 46.0 | 38.0 45.0 | 39.0 48.0 | 47.8 43.7
ChatGPT-DFSDT 780 68.0 | 840 59.0 | 89.0 57.0 | 51.0 78.0 | 580 77.0 | 57.0 77.0 | 69.6 69.3
ToolLLaMA-DFSDT 68.0 68.0 | 80.0 59.0 | 75.0 56.0 | 47.0 75.0 | 56.0 80.0 | 40.0 72.0 | 61.0 68.3
« DFSDT >> ReACT
Method Single-tool (I1) Category (I2) Collection (I3)  Average
ReACT 43.98 23.62 20.42 29.34
ReACT@N 50.80 36.14 32.87 39.94
DESDT 54.10 47.35 44.80 48.75
http://www.miradeljan.com K IRBA[E 15T 2024/10/24
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APl Retriever

* Despite sifting through a large pool of APIs, the retriever exhibits

remarkable retrieval precision, returning APIs closely aligned

with the ground truth
Instruction API Retriever (ours) BM25 Ada Embedding
NDCG1 NDCG3 NDCG5 | NDCG1l NDCG3 NDCG5 | NDCG1 NDCG3 NDCGS5

Single-tool (I1) 84.20 89.59 89.65 18.37 17.97 19.65 57.52 54.90 08.83
Category (I12) 68.24 77.43 77.90 11.97 9.85 10.95 36.82 28.83 30.68
Collection (I3) 81.65 87.24 87.13 25.23 18.95 20.37 54.59 42.55 46.83
All 75.73 83.19 83.06 15.84 13.98 15.63 46.59 41.06 43.95

Model I1-Inst. I1-Tool I1-Cat. I2-Inst. I12-Cat. I3-Inst. Average
Pass Win | Pass Win | Pass Win | Pass Win | Pass Win | Pass Win | Pass Win

ToolLLaMA 68.0 - 80.0 - 75.0 - 47.0 - 56.0 - 40.0 - 61.0 -
—API Retriever | 62.0 54.0 | 62.0 39.0 | 72.0 49.0 | 45.0 54.0 | 55.0 51.0 | 47.0 52.0 | 57.2 49.8
—ReACT 19.0 21.0 | 21.0 13.0 | 240 16.0| 6.0 9.0 | 140 9.0 | 6.0 10.0| 150 13.0
—LoRA 51.0 34.0 | 63.0 44.0 | 61.0 39.0 | 38.0 38.0 | 42.0 42.0 | 45.0 54.0 | 50.0 41.8

http://www.miradeljan.com K IRBA[E 15T 2024/10/24 88
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Multi-type Tool Collaborative Learning Framework

#Lﬁ_iiﬁx %ﬁ{ﬁ n._;

*'Iﬁﬁ(Report&r)
@ o] @
c*, " )
O '
LLM-KG LILM-Web LILM-API 4----- KG-APIs  Web-APIs tool-API
e~ W W
bk A £ b AT ETRANG D 2 FAPMEA# 5 —# D
5] A 7R 4k 7 (Unified Interface) (Unified Interface)
| sETAKmAELRE
(Planner)
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Outline

* Introduction of LLM

e LLM Performance in NLP

* Fine-Tuning Strategies & Challenges for LLM
» (Categorization of Tools

« Benchmarking Tool Use

* Open-source Tool-Kit

http://www.miradeljan.com KRR 35T 2024/10/24 90
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ChatGPT Plugins

* OpenAl’s official tool library

« Empower ChatGPT with broader applications

« By simply providing APIs with descriptions, ChatGPT is enabled to call applications
and complete more complex tasks

Expedia
Ering your trip plans to life—get there, stay there, find
things to see and do.

K.

Klarna Shopping

Search and compare prices from thousands of online
shops.

Speak
Learn how to say anything in another language with
Speak, your Al-powered language tutor.

http://www.miradeljan.com

~~
FN
s
FiscalNote
Provides and enables access to select market-leading,

real-time data sets for legal, political, and regulatory
data and information.

Milo Family Al

Giving parents superpowers to turn the manic to
magic, 20 minutes each day. Ask: Hey Milo, what's
magic today?

Wolfram

Access computation, math, curated knowledge & real-
time data through Wolfram|Alpha and Wolfram
Language.

AKI/RFE 15T

<4

Y
Instacart

Order from your favorite local grocery stores.

OpenTable

Provides restaurant recommendations, with a direct
link to book.

Zapier

Interact with over 5,000+ apps like Google Sheets,
Trello, Gmail, HubSpot, Salesforce, and more.

2024/10/24
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ChatGPT Plugins

D Can you tell me what person/movie won the oscar for these categories?

- Best Actor

* Plugin: web browsing - Best soundirack

- Best picture
- Best supporting actor

And then come up with a poem linking them together

Finished browsing -

Searched: "Oscar winners Best Actor Best Soundtrack Best Picture Best
Supporting Actor"

Clicked on: [l Oscar winners 2023: See the full list | CNN 7
Going back to last page

Clicked on: [l Oscar winners 2023: See the full list | CNN 7
Going back to last page

Clicked on: @ List of 2023 Oscar Winners - ABC News (4
Reading content

Finished browsing

L iwrina VY, O IVl LU Gl WIdLE O Wy @ usadt.
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ChatGPT Plugins

- - Jw a brick weighs 30% of a brick plus five GPUs
o P I ug I n . COde I nterp rEter there are 100 bricks and 200 GPUs in a metric ton

how much does a brick weigh?

@

Let's call the weight of a brick "B" and the weight of a
GPU "G". We can set up an equation based on the
information given:

from sympy import symbols, Eg, solve

n the total
_ Jal to 1
200 * G, 1000)
solution = solve((eql, eqg2), (B, G))
solution[B]
| the
(G).

Finished calculating ~

The weight of a brick is 7.8125 kg.

http://www.miradeljan.com KIRFE S35T 2024/10/24 94
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Open-Source Solution

» LangChain ‘&&

* Integrated library to “chain” language models
« Also the first library to leverage tools

SimpleSequentialChain W & LangChain
N N

ain 1 (Output) chain 2 (Inpuf) chiin 2 (Output) chain 3 (Input)

-

"This is the simplest form of sequential chains,
where each step has a singular input/output,

and the output of one stepis the input to the next."

https://langchain.readthedocs.io/
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Open-Source Solution

* BabyAGI
o Pull the first task from the task list

 Send the task to the execution agent, which uses ChatGPT to
complete the task based on the context

* Enrich the result and stores it in Pinecone

 Create new tasks and reprioritizes the task list based on the
objective and the result of the previous task

BabyAGiI

| Discover the
@ <A Power of Task-Driven
q% Autonomous Agents!

&

- I
" o

. _A/

https://github.com/yoheinakajima/babyagi
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Open-Source Solution
* BMTools Q < Edit Pins ~ Watch 31 -~ Fork 175 # Starred 2k

« An open-source repository that extends language models to use tools and serves as a

platform for the community to build and share tools
% BMTools

Read this in

.@ Search '@ Reply

Please recommend e 900qTe cov [ would recommend:

some books on D Craesiment Gock 1. The good. Investor

personal finan 2. Simple Wealth
Boee

and investing. g e .
— < O
N
& -
FOUNDATION 9,
MODEL @ Plan @ Execute
9.3 Please make a I +C00King, oot 1/ Slice the banana.
banana yogurt —_ D [] — RoZ= 2/ Blend the banana
orme. ~ slices with yogurt. . . "
1 0 / == Y

~
/ Z, (@) Use diffusion model (@) Reply
>,

(-‘/ .
Please draw a B Eitel Tower viatarcobr Here is a watercolor

watercolor style Eiffel Tower painting

~

Eiffel Tower i generated by diffusion

painting. i\ model.
\ Stable - %
A Diffusion - ;

https://github.com/OpenBMB/BMTools/tree/main
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e Features:

 Users can easily build a new plugin by writing python functions and use external
ChatGPT-Plugins

 Users can host their local models (e.g., LLaMA, CPM) to use tools

Stanford £ ggi;ee o

Alpaca %y .'7
-
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 Features:
» 30+ tools tools supported, welcome contributing!

database Weather API

£ 2 43 =2
Google Siri ~ | Hugging Face

[
o FREE ) WEFATCEE ) EBREEZER H u ggl N gfa ce M (0) d e | S

Google Scholar Image Generation
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* AgentVerse
* From individual intelligence to collective intelligence

* Provide a flexible framework that simplifies the process of building custom
multi-agent environments for LLMSs

* Will support multi-agent collaboration for tool learning

m AgentVerse &

A Framework for Multi-LLM Environment Simulation

python 3.8+

https://github.com/OpenBMB/AgentVerse
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* AgentVerse
* From individual intelligence to collective intelligence

AgentVerse: Facilitating Multi-Agent Collaboration
and Exploring Emergent Behaviors in Agents

Weize Chen'*, Yusheng Su'*, Jingwei Zuo', Cheng Yang?*=, Chenfei Yuan',
Chen Qian’, Chi-Min Chan!, Yujia Qin', Yaxi Lu', Ruobing Xie?,
Zhiyuan Liu'®, Maosong Sun', Jie Zhou®
1 Department of Computer Science and Technology, Tsinghua University
2 School of Computer Science, Beijing University of Posts and Telecommunications
3 Pattern Recognition Center, WeChat Al, Tencent Inc.
chenwz21@mails.tsinghua.edu.cn, yushengsu.thu@gmail.com
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 Tool Learning paper list

ToolLearningPapers Edit Pins ~ Y Starred 271

master ~ ¥ 1 o Go to file Add file ~ <> Code ~ About

#) thuqinyj16 Update README.md 17

assets
.DS_Store
LICENSE

README.md

README.md

Releases

% Tool Learning Papers

Must-read papers on with foundation models.
Packages

Content

Contributors s

20000

https://github.com/thunlp/ToolLearningPapers
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Future Research Topic for LLM
NLPAERSERI TAER B I 20T . L,

hEFE . FERE

e n — « Challenges
SCIENTIA SINICA Informationis .
R e Opportunities
» Future Directions

- + - * [ J
KSR B RIES A Bk, VB5ER 43 Pages
 NLP down-stream tasks
£, EERD, LER, A, HARY, FIRES, KRR, REF « MARDHE
i'] ,;%u. 7,}3%4 ;"J %Uii“*. 7{_;:‘,_\—;2\_4 _ﬁr; é%ﬂﬂ%z 7‘7/J~$’. 1?#{'“, xﬂi r.-.ll I]E :‘é:n. . éi*ﬁ{tfﬁ U
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Towards a comprehensive understanding of the impact of large language models on natural language processing: challenges, EE}J —_]’&
opportunities and future directions”t (sciengine.com) ||:I
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Future Research Topic for LLM

1v:2305.12544v1 [cs.CL] 21 May 2023

| A PhD Student’s]PersEective on Research id N LPl

in the Era of Very|Large Language Models

Oana Ignat®, Zhijing Jin®, Artem Abzaliev, Laura Biester, Santiago Castro,
Naihao Deng, Xinyi Gao, Aylin Gunal, Jacky He, Ashkan Kazemi, Muhammad Khalifa,
Namho Koh, Andrew Lee, Sivang Liu, Do June Min, Shinka Mori, Joan Nwatu,
Veronica Perez-Rosas, Sigi Shen, Zekun Wang, Winston Wu, Rada Mihalcea
LANGUAGE AND INFORMATION TECHNOLOGIES (LIT)

UNIVERSITY OF MICHIGAN
{oignat, jinzhi,mihalcea}fumich.edu

Abstract

Recent progress in large language models has
enabled the deployment of many generative
NLP applications. At the same time, it has also
led to a misleading public discourse that “it’s
all been solved.” Not surprisingly, this has in
turn made many NLP researchers — especially
those at the beginning of their career — won-
der about what NLP research area they should
focus on. This document is a compilation of
NLP research directions that are rich for explo-
ration, reflecting the views of a diverse group
of PhD students in an academic research lah.
While we identify many research areas, many
others exist; we do not cover those areas that
are currently addressed by LLMs but where
LLMs lag behind in performance, or those fo-
cused on LLM development. We welcome
suggestions for other research directions to in-
[ clude: https://bit.ly/nlp-ara-1lm ]

1 Background

Language models represent one of the fundamental
building blocks in NLF, with their roots traced back
to 1948 when Claude Shannon introduced Markov
chains to model sequences of letters in English text
(Shannon, 1948). They were then heavily used in
connectmn tc: the early research on stamucal ma-

http://www.miradeljan.com

idea: given a series of previous words or charac-
ters, we can predict what will come next. The new
large language models (LLMs) benefit from two
main developments: (1) the proliferation of Web
2.0 and user-generated data, which has led to a
sharp increase in the availability of data: and (2) the
growth in computational capabilities through the
introduction of Graphics Processing Units (GPUs).
Together, these developments have facilitated the
resurgence of neural networks (or deep learning)
and the availability of very large training datasets
for these models.

Current LLMs have output quality comparable
to human performance, with the added benefit of in-
tegrating information from enormous data sources,
far surpassing what one individual can accumulate
in their lifetime. The number of applications that
benefit from using LLMs is continuously growing,
with many cases where the LLMs are used to re-
place entire complex pipelines. LLMs becoming

“lucrative™ has led to a surge in industry interest and

funding, alongside a sharp increase in the number
of research publications on LLMs. For instance,
a search on Google Scholar for “language mod-
els” leads to 50,000 publications over the past five
years, a third of the roughly 150,000 papers pub-
lished during the past 25 years.

=R B

o BXAREXTKNES
lI:I; b_qﬁﬂ EIJT‘ %

e 2305.12544 . pdf (arxiv.org)

| T

« Multilinguality and Low-Resource
Languages
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Choose Your Weapon:
Survival Strategies for Depressed Al Academics

Julian Togelins and Georgios N. Yannakakis*

April 14, 2023

Abstract

Are you an Al researcher at an academic institution? Are yvou anxious you are not coping
with the current pace of Al advancements? Do vou feel yvou have no {or very limited) access
to the computational and human resources required for an Al research breakthrough? You are
not alone; we feel the same way., A growing number of Al academics can no longer And the
means and resources to compete at a global scale. This is a somewhat recent phenomenon, but
an accelerating one, with private actors investing enormous compute resounces into cutting edge
Al research. Here, we discuss what yvou can do to stay competitive while remaining an academic.
We alzo briefly discuss what universities and the private sector could do improve the sitnation, if
they are 20 inclined. This is not an exhaustive list of strategies, and vou may not agree with all of
them, but it serves to start a discussion.

1 Introduction

As someone who does Al research in a university, you develop a complicated relationship to the corpo-
rate Al research powerhouses, such as DeephMind. Open Al Google Brain and Meta Al Whenever vou
see one of these papers that train some kind of gigantic neural net model to do something yon weren't
even sure a neural network could do, unguestionably pushing the state of the art and reconfiguring
your ideas of what is possible, yon get conflicting emotions. On the one hand: it's very impressive.
Good on you for pushing Al forward. On the other hand: how conld we possibly keep up? As an Al
academic. leading a lab with a few PhD students and (if you're lucky enough) some postdocs, perhaps
with a few dozen (GPUs in vour lab, this kind of research is simply not possible to do.

To be clear, this was not always the case. As recently as ten years ago. if yon had a decent desktop
computer and an internet connection you had everything you needed to compete with the best of
researchers out there. Ground-breaking papers were often written by one or two people who ran all
the experiments on their regular workstations. It is useful to point this out particularly for those
who've come into the research field within the last decade. and for which the need for giant compute
resources is a given.

http://www.miradeljan.com KRB 7751

« Try Scaling Anyway

« Scale Down

* Reuse and Remaster

« Analysis Instead of Synthesis

 RL! No Data!

« Small Models! No Compute!

« Work on Specialized Application Areas
or Domains

» Solve Problems Few Care About (For
Now!)

e Try Things that Shouldn’t Work

* Do Things That Have Bad Optics

e Start it Up; Spin it Out!

« Collaborate or Jump Ship!

2304.06035.pdf (arxiv.org)
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Future Research Topic for LLM
ENHM—EHLFERY Survey SLEABEAREM

A Survey of Large Language Models

» Harnessing the Power of LLMSs in Practice: A Survey on ChatGPT and Beyond

» Tool Learning with Foundation Models

« Evaluating Large Language Models: A Comprehensive Survey

* Siren's Song in the Al Ocean: A Survey on Hallucination in Large Language Models

* Interactive Natural Language Processing

* A Survey on In-context Learning

» Large Language Models: A Comprehensive Survey of its Applications, Challenges, Limitations, and future Prospects

* Aligning Large Language Models with Human: A Survey

A Comprehensive Survey of Al-Generated Content (AIGC)

« Explanation-Based Human Debugging of NLP Models: A Survey

 Augmented Lanquage Models: a Survey

* Training language models to follow instructions with human feedback

* Deep reinforcement learning from human preferences

« AREVIEW ON LARGE LANGUAGE MODELS: ARCHITECTURES, APPLICATIONS, TAXONOMIES, OPEN
ISSUES AND CHALLENGES
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Thank Youl!
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