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Negotiation Brain Science

Reasoning is the cognitive process of drawing inferences or conclusions
from observations, experiences, or information available to us. It involves
the ability to analyze information, identify patterns and relationships,
and make logical deductions based on those patterns and relationships.
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Emergent Abilities

Emergent Abilities of Large Language Models, TMLR 2022
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Standard Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

g

»

A: The answer is 27. x

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

Co they have? J
A \
Cnswer is9. ‘)

Chain of Thought

Chain of thought prompting elicits reasoning in large language models, NeurIPS 2022
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Taxonomy
of Methods

(83)

Contrastive (Paranjape et al., 2021), POTTER (Rajagopal et al., 2021), CoT (Wei et al., 2022bi
Single-Stage ZeroCoT (Kojima et al., 2022), Complexity (Fu et al., 2023b), Multilingual (Shi et al., 2022),

] Auto-CoT (Zhang et al., 2023b), Table (Chen, 2022), AlgoPrompt (Zhou et al., 2022),
Active-Prompt (Diao et al., 2023), Automate-CoT (Shum et al., 2023)

_[Prompt Engineering
§3.1.1) s
¢ iCAP (Wang et al., 2022a), SI (Creswell et al., 2022), Least-to-Most (Zhou et al., 2023),

MAIEUTIC (Jung et al., 2022), Faithful (Creswell and Shanahan, 2022), Decomposed
] (Khot et al., 2023), Self-Ask (Press et al., 2022), Successive (Dua et al., 2022), LMLP
(Zhang et al., 2022), LAMBADA (Kazemi et al., 2022), Iter-Decomp (Reppert et al., 2023)

Multi-Stage

Self-Optimization )—[Calibrator (Ye and Durrett, 2022), Human-Al (Wiegreffe et al., 2022)

Strategy Enhanced Process Optimization 2 P Self-C (Wang et al., 2022e), DIVERSE (Li et al., 2022d), Complexity (Fu et al., 2023b),
—[Reasoning (§3.1) ]"‘[@3_1,2) B Ensemble-Optimization — ¢y (Weng et al., 2022), MCR (Yoran et al., 2023)

fterative-Optimization STaR (Zelikman et al., 2022), LMSI (Huang et al., 2022),
] Reflexion (Shinn et al., 2023), Self-Refine (Madaan et al., 2023), REFINER (Paul et al., 2023)

Gy ey ) W

Physical Simulator J—[Mind‘s Eye (Liu et al., 2023)

($3.13) Code Interpreter }— Faithful-CoT (Lyu et al., 2023), Versa-Decomp (Ye et al., 2023), SynPrompt
s (Shao et al., 2023), MathPrompter (Imani et al., 2023)

_[Extemal Engine COCOGEN (Madaan et al., 2022), PAL (Gao et al., 2022), PoT (Chen et al., 2022b),

Tool Learning HToolformer (Schick et al., 2023), ART (Paranjape et al., 2023), Chameleon (Lu et al., 2023a)

Tmbhicit Knowledee GenKnow (Liu et al., 2022c), RAINIER (Liu et al., 2022b), MT-CoT (Li et al., 2022b), PINTO (Wang et al., 2023), TSGP
(§3P2 1) g (Sun et al., 2022), DecompDistill (Shridhar et al., 2022), Teaching (Magister et al., 2022), Fine-tune-CoT (Ho et al., 2022),

Reasoning (§3.2)

_{Knowledge Ehiaesd Specializing (Fu et al., 2023a)

(§3.2.2) RR (He et al., 2023)

U Gy U U G

Explicit Knowledge ‘LogicSolver (Yang et al., 2022b), Vote-k (SU et al., 2023), PROMPTPG (Lu et al., 2023b), IRCoT (Trivedi et al., 2022),

Reasoning with Language Model Prompting: A Survey, ACL 2023
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Stage-1 Stage-2 Stage-n
Q: There are 3 cars in the parking lot and 2 Q: There are 3 cars in the parking lot and 2 Q: There are 3 cars in the parking lot and 2 more
more cars arrive. How many cars are in the more cars arrive. How many cars are in the cars arrive. There are 3 cars in the parking lot
parking lot? parking lot already? already. 2 cars arrive. How many cars are in the
C: We should first know "How many cars are in C: There are 3 cars in the parking lot already. parking lot?
i i C: There are 3 +2 =5 cars in the parking lot.
the parking lot already?" How many cars arrive? !
L e e eeee e s > A:Theansweriss.  _ _ _ _ _ _ ____ ___
Q: Roger has 5 tennis balls. He buys 2 more Q: Roger has 5 tennis balls. He buys 2 more Q: Roger has 5 tennis balls. He buys 2 more cans
cans of tennis balls. Each can has 3 tennis balls. cans of tennis balls. Each can has 3 tennis of tennis balls. Each can has 3 tennis balls. He has .
How many tennis balls does he have now? balls. How many tennis balls does he have 5 tennis balls already. He buys 2 x 3 = 6 tennis balls. Mu l'l' |- S 'I'ag e
already? How many tennis balls does he have now?
Language Model Language Model Language Model
C: We should first know "How many tennis [ J C: He has 5 tennis balls already. How many _J C: He has 5 + 6 = 11 tennis balls now.

balls does he have already?" tennis balls he buys? A: The answer is 11.
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/ Q: There are 3 cars in the parking lot and 2
more cars arrive. How many cars are in the
parking lot?

C: There are 3 cars in the parking lot already.
2 more arrive. Now there are 3 + 2 = 5 cars.
A: The answer is 5.

Q: Roger has 5 tennis balls. He buys 2
more cans of tennis balls. Each can has 3

| tennis balls. How many tennis balls does
he have now?

(
..I.)
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Self-Optimization

{{_______—

Roger started with5 | &

balls. 2 cans of 3 > E The answer

tennis balls eachis 6 = § is 11. 1
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Roger has 5 balls already.
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he has 5 + 6 = 11 balls now.
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Roger has 5 tennis balls.l TR anewer
“——> He buys 2 more cans. So is7
he has 5 + 2 =7 now. \ a
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Strategy Enhanced
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Q: Roger has 5 tennis balls. He buys

2 more cans of tennis balls. Each can

has 3 tennis balls. How many tennis
alls does he have now?

External Engine

limizationl process Optimization
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LM Q: Roger has 5 tennis balls. )

Implicit/E icit He buys 2 more cans of tennis — [.M
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Corpus \does he have now? Y

Knowledge Enhanced

/Roger started with 5 balls.
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§ = 11. The answer is ﬂ./
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(CoT (Wei et al., 2022b), Self-C (Wang et al., 2022f), STaR (Zelikman et al., 2022), LogicSolver (Yang et al., 2022b), Least-to-Most
(Zhou et al., 2022a), ZeroCoT (Kojima et al., 2022), DIVERSE (Li et al., 2022d), Minerva (Lewkowycz et al., 2022), PROMPTPG
— Arithmetic = (Lu et al., 2022b), Complexity (Fu et al., 2022), Multilingual (Shi et al., 2022), Auto-CoT (Zhang et al., 2022c), LMSI (Huang et al., 2022),
AlgoPrompt (Zhou et al., 2022b), PAL (Gao et al., 2022), PoT (Chen et al., 2022b), DecompDistill (Shridhar et al., 2022), LMP
(Beurer-Kellner et al., 2022), Teaching (Magister et al., 2022), Self-V (Weng et al., 2022), Fine-tune-CoT (Ho et al., 2022)
prompt
| Contrastive (Paranjape et al., 2021), POTTER (Rajagopal et al., 2021), CoT (Wei et al., 2022b), GenKnow (Liu et al., 2022¢), Self-C
— (Wang et al., 2022f), STaR (Zelikman et al., 2022), Calibrator (Ye and Durrett, 2022), MAIEUTIC (Jung et al., 2022), ZeroCoT (Kojima et al., 2022),
+— Commonsense ——{DIVERSE (Li et al., 2022d), Vote-k (Su et al., 2022), RAINIER (Liu et al., 2022b), Self-Ask (Press et al., 2022), Auto-CoT (Zhang et al., 2022c),

Human-Al (Wiegreffe et al., 2022), MT-CoT (Li et al., 2022b), COCOGEN (Madaan et al., 2022), LMSI (Huang et al., 2022), PINTO GPT_ 3
Taxonomy (Wang et al., 2022b), TSGP (Sun et al., 2022), Teaching (Magister et al., 2022), Fine-tune-CoT (Ho et al., 2022), RR (He et al., 2023) Lef s think
| of Tasks = - : s'rep by step! 3
55 L |SI(C Il et al., 2022), Faithful (C Il and Shanahan, 2022), LMLP (Zhang et al., 2022¢ COdex
) Logical (Creswell et a 22), Faithful (Creswell and Shanahan, 2022), (Zhang et a 22a),
Wk | Self-V (Weng et al., 2022), LAMBADA (Kazemi et al., 2022)
: ' ChatGPT

. CoT (Wei et al., 2022b), Self-C (Wang et al., 2022f), STaR (Zelikman et al., 2022), Least-to-Most (Zhou et al., 2022a),
b= Symbolic pit ZeroCoT (Kojima et al., 2022), Decomposed (Khot et al., 2022), Auto-CoT (Zhang et al., 2022¢), PAL (Gao et al., 2022),
: | Teaching (Magister et al., 2022), Fine-tune-CoT (Ho et al., 2022)
) %{ed:e

— Multimodal f—— ScienceQA (Lu et al., 2022a), MarT (Zhang et al., 2022b) ] prompT

* ThoughtSource: a central, open resource for data and tools related to chain-of-thought

reasoning in LLMs.

* LangChain: a library designed to help developers build applications using LLMs combined with
other sources of computation or knowledge.

* LogiTorch: a PyTorch-based library for logical reasoning on natural language.

* Aprompt: a library that allows for building a full large LM-based prompt machines, including

ones that self-edit to correct and even self-write their own execution code.

[=]

Preprint

* Promptify: Prompt Engineering, Solve NLP Problems with LLM's & Easily generate different

NLP Task prompts for popular generative models like GPT, PaLM, and more with Promptify.

* Easylnstruct: A package for instructing Large Language Models (LLMs) like GPT-3 in your
research experiments. It is designed to be easy to use and easy to extend.
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Shortcomings of LLM LLM Powered Autonomous Agents

* Lack of ability to handle complex planning [ st memor || Longtom marer |
I
Calculator() 1
° Limi+ed Conll-ex fual memory leng"-h CodeInterpreter() [« Tools [« Agent |[—> Planning
...more Action Subgoal decomposition |

» Some basic abilities are weak



Agent

Short-term memory

Long-term memory

Calendar ()

Calculator()

CodelInterpreter()

Search ()

...more

Andrew Karpathy, co-founder of OpenAl, said, "Compared to model training methods,
OpenAl currently focuses more on changes in the agent field internally. Whenever a
new AI agent paper is published, the internal team is excited and discusses it seriously.

A 4
Memory |-~~~ e e e
! Y
|
T ; —»{ Reflection
Tools |[«+— Agent [—»| Planning —»| Self-critics
I
| l —» Chain of thoughts
|
****** »| Action —»| Subgoal decomposition

https://lilianweng.qithub.io/posts/2023-06-23-agent/

(4


https://lilianweng.github.io/posts/2023-06-23-agent/

Task Decomposition T
4—|_4

1. Chain-of-thought & Tree-of-Thoughts e
CodeInterpreter () Il#
« CoT: "think step by step” decompose hard tasks into =
smaller and simpler steps
* ToT: tree structure BFS or DFS (the search process)

Memory

Reflection

Tools [«— Agent > Planning Self-critics

Chain of thoughts

Action

Subgoal decomposition |

2. LLM+P

___________ Module Generated Text Provided Text

i l:l i Context Ex. P & Ex. Sol
@  thought | f '
Problem (P) Problem (P)
}, &  Plan jl—» -+ Plan
- - Domain 1M Domain TLM

1
1
1
1
1
1
1
1
1
- ................. ! - - J
| } } : - LLM-As-Planner LLM-As-Planner (In-context Learning)
SA e . N
- l | Context = Ex. P & Ex. PDDL Domain PDDL
1
1
1
1
1
1
1
1

...... v v
Y Majority vote C Ve
CD) —» —»>
Output @ @ Problem (P) —» «(E)D Plan
LLM Planner LLM
(TD)annﬁuE;r?u(tlpc))lJ)t (C)PChalntc?F TFé)u_?)ht (C).tSheg (_Zro(nCSls_F_egg (d) Tree of Thoughts (ToT) v +
PRI I rompiing Los " © 0 Problem PDDL PDDL Plan
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Agent

S e I F— R e FI e C 1- i O n | Short-term memory | | Long-term memory |
4—'_4
1. ReAct ey —

Reflection

HotpotQA AlfWorld Env Calculator () :

4{ (1d) ReAct (Reason + Act) }— (2b) ReAct (Reason + Act) \ | CodeInterpreter ()

Act 1: Think[First I need to find a pepper shaker...more

Tools [«—{ Agent | Planning Self-critics

T

Thought 1: I need to search Apple Remote and find the

T
program it was originally designed to interact with. likely to appear in cabinets (1-6), countertops (1-3), ... ] ' Chain of thoughts
Act 1: Search(Apple Remote] Act 2: Go to cabinet 1 :

Obs 1: The Apple Remote is a remote control introduced in Obs 2: On the cabinet 1, you see a vase 2. |

October 2005 by Apple .. originally designed to control the Action

Front Row media center program ..

Subgoal decomposition |

(Here the agent go to cabinet 1, then cabinet 2, 3, then countertop 1 and 2)

Yy

Act 6: Go to countertoo 3

Thought 2: Apple Remote was originally designed to control Obs 6: On the countertop 3, you see a apple 1, a bread 1,
the Front Row media center program. I need to search FErom# || ...... a pepper shaker 1, and a vase 3.

ROW next and find what other device can control it.

Act 2: Search(Front Row) Act 7: Take pepper shaker 1 from countertop 3 3 ch M F I I' d H h.l.
Gbe 2: Could not find (Front Row]. Similar: ['Front Row Obs 7: You pick up the pepper shaker 1 from the countertop 3. . a'n O ln Slg

Seat to Earth', 'Front Row Motorsports',' EEORERRON

e 5+ e o e oo || B AN e e e | improve on its own outputs by explicitly presenting it
Row (software) . Act 9: Go to drawer 1

Ry I | Rt with a sequence of past outputs, each annotated with

Act 10: Open drawer 1

Thought 4: Front Row is led by an Apple Obs 10: You open Drawer 1 ..
Rémote or the keyboard function kKeys:s So the answer is ee ac
.
kpyb:‘.“: r“-"':‘ ion keys. 8 Act 11: Put pepper shaker 1 in/on drawer 1
Act 4: Finish|Keyboardifunctiontkeyss) v | Obs 11: You put pepper shaker 1 in/on the drawer 1. \/)

How do I explain

2 o R eFl eX i O n neural networks to

a 6 year old? User: How do I explain neural networks to
to a 6 year old? A helpful answer: An
g0 ) r .P’ m’ unhel yful answer: ep o
8 ‘ Query |— LLM — | Action —»[Environment]—» Reward J .G:_’/. p :
x l o > 0 User: How do I explain neural networks to
l l Neural networks to a 6 year old? An unhelpful answer: e
{a,,0,,2,,0,,2,,0,,..., 3,,0,} \USLITLA e A helpful answer:
F;
=
[
©

Neural networks
Reflection < are like ...
(LLM) <
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Types of Memory e |t

Calendar ()

Memory

Calculator()

Reflection

Iconic memory (visual)

Self-critics

CodeInterpreter () | Tools [«— Agent > Planning

r Sensory memory Echoic memory (auditory)

Haptic memory (touch)

Search() Chain of thoughts

Action

Subgoal decomposition l

Memory Short-term memory (Working memory)

Explicit / Declarative memory

{ Episodic memory (life events)
(conscious)

Semantic memory (facts, concepts)

. Long-term memory
Implicit / Procedural memory (unconscious; skills)

* Sensory memory: learning embedding representations for raw inputs, including text, image or
other modalities

* Short-term memory: in-context learning. It is short and finite, as it is restricted by the finite
context window length of Transformer.

* Long-term memory: the external vector store that the agent can attend to at query time,
accessible via fast retrieval.
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Agent Tool Use

| Short-term memory || Long-term memory |

Use External Tools/API

1. Toolformer | :
LM Dataset —> 1 e~ 2 I 3 N LM Dataset B . eflection
Sample API Calls Execute API Calls Filter API Calls with API Calls | CodeInterpreter() | Tools («— Agent [—| Planning
:
X, , = Pittsburgh is ¢;* = What other name is r,! = Steel City Lc;' — Steel City) X" = Pittsburgh is 1 A
e Pittsburgh known by? <min(L(c —¢), L(€)) ?(l)s»o(«)(l\;\;]f?\Atln ;;s ,,,,,, e Sibgoal ecompostton |
: ares:
X;., = the Steel City  ¢.2= which country is r2 = United States L/c?— United States) — Steel City)]
Pittsburgh in? >min(L(c?—¢), L(e)) the Steel City.
2. HuggingGPT
x (¥ HuggingGPT [ LLM as Controller “ HuggingFace

Can you describe what this picture depicts
and count how many objects in the picture?

I Task e
Planing v
Prediction = facebook/
T detr-resnet-101 |
III Task Execution

v

“ nlpconnet/
Prediction vit-gpt2-image-captioning

II Model
Selection

I:,|w

A text can describe the given image: a herd of
giraffes and zebras grazing in a fields. In A
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
score 99.8%. | have generated bounding boxes as above
image. | performed image classification, object
detection and image captain on this image. Combining
the predictions of =
, and ¥
models, | get the results for you.

IV Response
Generation 1

A
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Agent Existing Works

1. Auto-GPT DW%F" 2. CAMEL CAMEL

a N B

Instruction: Install the necessary Python libraries for
sentiment analysis and stock trading.
Input: None

Idea: Develop a trading | | |

bOt for the StOCk market Solution: To install the necessary Python libraries for

Task Specifier sentiment analysis and stock trading, we can use pip,
the package installer for Python. Here are the libraries
1 we need to install:
A 1. tweepy - for accessing the Twitter API
2. textblob - for sentiment analysis
s eciﬁed Task' DeVelOp 3. yfinance - for accessing Yahoo Finance API
a trading bot with a ;I'o in_stalllth:setlibrt:riefs,“ope_n the comm‘ajn.d prompt or
HamanUzor Sontetanalveistas] erminal and enter the following commands:
M y pip install tweepy
that can monitor pip install textblob
. . ip i Il

social media platforms B et e
Role Assignment: for positive or negative Hext mauest

comments about a etruction: Imoort oraries in Poth

A . q nstruction: Import the necessary libraries in on.

Al Assistant: particular stock, and input: None Y Y
Python Programmer execute trades based on

Sentiment analySiS E iolu!ian: Here's the code to import these libraries:

. ' import tweepy

AI L reSUItS from textblob import TextBlob
Stock Trader import pandas as pd

Al Assistant import numpy as np
import yfinance as yf

Next request.

Human Input Role Playing Session

_ J\ : J

The task is made more specific using task
specifier agent, leading to a well-defined task
for the assistant to solve.

THE POWER OF AUTO-GPT: SUPERCHARGING
YOUR TASKS AND PROJECTS
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Agent Existing Works

3. AutoKG 4. MachineSOM

1) Recent Capabilities of GPT-4 for KG Construction and Reasoning 2) Discussion: Do LLMs have memorized knowledge or

truly have the generalization ability?

1. Relation Extraction(RE) @OPenAl
ég 2. Event Detection(ED) _ Construction . oseon. Knowiotee
S0 3. Link Prediction(LP) & Reasoning ® . | O | ------- 'g’
4. Question Answering(Q4) VINE
Virtual Knowledge Large Language
Input Knowledge Graph Extraction Models

RlE_ £°'5h°t) 3) Future Opportunities: Automatic KG Construction

12 and Reasoning
QA (1-shot) : RE (1-shot)
1 Hello! T

0.6

0.4

0.2 AI User AI Assistant

QA (0-shot) 0 ED (0-shot)

Please construct and complete the knowledge graph
about the movie "Green Book".

Cast Awards
Crew Critical Reception
LP (1-shot) ED (1-shot) £
Plots Historical Background
LP (0-shot) c—

Fine-Tuned Sota | GPT-4  ChatGPT [ text-davinci-003



Existing Works

5. Chameleon

i -
What is the direction of this push?
(A) away from the baseball bat
(B) toward the baseball bat

[194, 21]: Earthzy paper
[244, 70]: plates now

[172, 112): carry the Sierra
[231, 159): Club seal of
[275, 198]: approval

Analyze the advertisement to determine which persuasive appeal is used. The
ad mentions that Earthzy paper plates carry the Sierra Club seal of approval.
This implies that the product is environmentally friendly and has been endorsed
by a reputable organization. This appeal is primarily based on the credibility
and authority of the Sierra Club, which is an example of ethos (character).

Earthzy paper

siaes row| (A) pathos (emotion)

carry the Sierra

\ = (B) ethos (character)

— t
LText Detector O]—b[KnowIedge Tetrieval @]—»[Solution Generator @]—»[Answer Geferator]
ethos (character)

approval

e (C) logos (reason)

Which is the main persuasive
_appeal used in this ad?

Which animal’s skin is adapted
for survival in cold places?

(A) Eurasian lynx
(B) Thorny Devil

- The question is about identifying the main persuasive appeal used in an advertisement.
- There are three main types of persuasive appeals: ethos, pathos, and logos.

- Ethos is an appeal to the speaker's or writer's credibility, character, or authority.

- Pathos is an appeal to the audience's emotions, feelings, or sympathies.

- Logos is an appeal to logic, reason, or rationality, using facts, statistics, or arguments.

6. Gorilla

PYTORCH

HUB

GORILLA

|

Dataset curation: 1,645 AP calls. 94 from Torch
Hub (exhaustive), 626 from TensorFlow Hub v2
(exhaustive) and 925 from HuggingFace (Top 20
in each domain).

This is then used to
train Gorilla-7B

Self-instruct with in-context
examples to generate
16,450 [instruc}tion,API} pairs

API Database

%
[P torch hub oadl) ] -

API:StableDiffusionPipelin
e.from pretrained(stabilit
yai/stable-diffusion-2-1)

Input:

###Task: Generate image

from text >

#itHReference API:

StableDiffusionPipeline.from_ GORILLA

pretrained (...)
| Results!

®

“I want to see
some cats dancing
in celebration!”

Information
Retriever

Execution

Zero-shot
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Tool

The agent learns to call external APIs for extra information that is missing from the
model weights (often hard to change after pre-training), including current information,
code execution capability, access to proprietary information sources and more.

When and how to properly use which tools ?
General steps to use a tool:
1. Which tool to use ?
2. What information to give the tool ?

3. How to use the returned results of the tool ?

planning the complex
procedure
VS.
directly answer




Stage-I: Behavior Cloning ,7 Stage-ll: RLEF
/ ¢ LRLEF = Lsff +a- I"mnk <o \
N
[ Output ] Tone \
label = T H H L rank R H H
. ] (=
answer use_tool = false [calculafor(7-2-4)]
t00lname (t001input) use_tool = true LLM Feeiba‘:k T T
Label d
(From ChatGPT)
M )| um [ 1 ]—> Reward
/—/\ Gold Answer
t~ T (——
o Instruction: | Eg: :' 1]
Given a math problem, solve it and you can 1 I | I
use a calculator for help. | @ ' |3 l'
Es Input: L_Execute ' !
=" Jerry had 7 action figures and 2 books on a I & 1 I [
shelf in his room. Later he added 4 more : < : . @E] : Z]:
books to the shelf. How many more action . I I I I .
figures than books were on his shelf? Candidate @ I ‘@ '| 7 |i Execution
Responses IouRr T 1= Results /
\ ools

framework of TRICE (Tool Learning with Execution Feedback)
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Tool

Math Reasoning

Question Answering LAMA Multilingual QA

Model Avg.
ASDiv. SVAMP GSMS8K WebQ NaturalQ TriviaQA T-REx MLQA
GPT-3.5 646 620 198 464 15.0 413 58.7 344 42.8
ChatGLM (Zero-Shot) 308 30.5 6.3 12.1 1.6 3.9 21.8 36.5 17.9
ChatGLM (TRICE-SPLIT) . _72.9 _ _640 _ _ 124 _ 152 _ 96 _ _ 152 _ 327 __ _ _ 373 _ _ 141326
hChatGLM (TRICE-MIX) 75.6 65.5 15.8 18.5 1857 29.0 34.7 41.7 118936.81
) Alpaca (Zero-Shot) 312 220 3.5 32.8 5.3 15.0 39.7 37.7 23.4
main results Alpaca (TRICE-SPLIT) 734 450 163 382 18.6 37.8 54.6 482 1181415
I Alpaca (TRICE-MIX) 752 58.0 215 414 20.7 41.4 55.2 52.0 1223457
“Vicuma (Zero-Shot). 504 330" T 64 T WMIT T TIT T T T6T T T4isT T T B T T T4
Vicuna (TRICE-SPLIT) 726 49.0 166 432 20.7 40.8 54.1 42.6 1042 AN
(Vicuna (TRICE-MIX) 812 605 218  44i ~ 212~ ~ 416 554~ 207 ~ = Thksde9)\

N4
Table 3: Performance of TRICE across various tasks with different backbone models. Zero-Shot: models are
directly evaluated without training. During this process, the model does not rely on tools. TRICE-SPLIT: models
are trained separately for each task. TRICE-MIX: models are trained by combining training data from all tasks.

unseen

Unseen Dataset Unseen Tool
Midel Calculator QA Model  Retriever
MultiArith AddSub  SQuAD HotpotQA
GPT-3.5 51.1 59.5 45.2 36.7
Vicuna (Zero-Shot) 423 44.1 28.6 19.7
Vieuna (TRICE-SPUI) _ a6l _euits2 _mad09 | _—
Vicuna (TRICE-MIX) 124.366.6 136.480.5 @m35.7 17.627.3 1

Table 5: Performance to unseen datasets and tools.



Tool

Math Reasoning Question Answering LAMA Multilingual QA

Model Avg.
ASDiv.  SVAMP GSMS8K WebQ NaturalQ TriviaQA T-REx MLQA

Vicuna (Zero-Shot) 50.4 33.0 6.4 34.9 7.7 16.7 42.5 359 28.4
Vicuna (TRICE-I) 117668.0  114548.5 13599  12737.6  112320.0 t17934.6  110853.3 12.838.7 110438.8
SPLIT  Vicuna (TRICE-II) 12653.0  13536.5 +077.1 16.941.8 1106.7 14.621.3 19.451.9 13.739.6 13.832.2
. Vicuna (TRICE-ALL) 122272.6 116049.0 110216.6 18343.2  113020.7 124140.8  t11654.1 16.142.6 114042.4
abla.hon SfUdY Vicuna (TRICE-I) 125275.6 125558.5 3177 114363 111919.6 123340.0  112655.1 110646.5 115343.7
Mix Vicuna (TRICE-II) 12352.6  15038.0 110216.6 16.040.9 1096.8 14621.3 18.050.5 14240.1 15.033.4

[ Vicuna (TRICE-ALL) 7505812 1275605 1154218 12441 155212 1as0dl6 1120554 1sd97  1ssd69 |

Table 4: Ablation Study: performance of TRICE across all tasks at different training stages. TRICE-I: only train by
Behavior Cloning (instruction-tuning) stage. TRICE-II: only train by RLEF (reinforcement learning with execution
feedback) stage. TRICE-ALL: train by both TRICE-I and TRICE-II.

[ Zero-Shot TRICE-l % TRICE-AIl

100

97 7
93|,

80_. D PP

M e
b
a0l

/

selective tool
usage

Tool Usage Rate

204

M

S\

Multilingual LAMA Question Math
QA Answering Reasoning

Making Language Models Better Tool Learners with Execution Feedback, 2023
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Tool

Instruction: Given a math problem, please solve it and you \ [

can use a Calculator for help.
Input: Diane wants to buy a package of cookies. The cookies
cost 65 cents. Diane has 27 cents. How much more money
does she need?

Gold Answer: 38

TRICE-I Response: Diane needs 37 cents to buy the
package of cookies.

TRICE-I Pred: 37 ¥

TRICE-All Response: calculator(65-27)
TRICE-All Pred: 38

K Instruction: Given a question, please answer it and you carm

\TRICE—AII Pred: France +/

use a QA model for help.

Input: Mongolia competed at the 1992 Winter Olympics in
Albertville, ?

Gold Answer: France

TRICE-I Response: QA(Where were the 1992 Winter
Olympics held?)

TRICE-I Pred: bobsleigh 3¢

Case 1 E/k TRICE-All Pred: Jenny Slate Vv

K Instruction: Given a context, please answer the question in\

TRICE-AIll Response: France

Case 3

~

Instruction: Given a question, please answer it and you can
use a WikiSearch for help.

Input: Who plays Harley Quinn in the Lego Batman movie.
Gold Answer: Jenny Slate

TRICE-I Response: WikiSearch(Harley Quinn)

TRICE-I Pred: Rosario Dawson 3¢

TRICE-All Response: WikiSearch(Harley Quinn Lego Batman

Movie)
Case 2 Q

€

kmrce-m Pred: aging «/

English and you can use a Translator for help.

Input: There are a number of risk factors for fungal
meningitis, including the use of and the loss of

immunity associated with aging. .....ft 454 EZEHE X ?
Gold Answer: aging

TRICE-I Response: translator(ft A5k EEHEX?)
TRICE-I Pred: immunity 3¢ "
TRICE-All Response: translator({+4 5%k %z NE* ?)%

Case 4

f Instruction: Given a math problem, please solve it and you can use a calculator for help.

Input: Bryan fook a look at his books and magazines. If he has 27 books and 80 magazines in each of his 23 bookshelves How

many books does he have in total?

Gold Answer: 621

TRICE-I Response: calculator(27+80*23)
TRICE-I Pred: 1867 ¥

TRICE-All Response: calculator((27+80)*23)

\ TRICE-All Pred: 2461 X

Case 5 h ﬁ ﬁ

case study
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Tool

Project: https://zjunlp.qgithub.io/project/TRICE/

Code: https://qithub.com/zjunlp/TRIC

* We focus on addressing the challenge of selective

utilization of tools by LLMs and propose a two-
stage end-to-end training framework dubbed
TRICE to make LLMs better tool learners with
execution feedback.

Through comprehensive experiments on various
tasks and models, we have shown that our method

can achieve better performance compared to the
zero-shot manner and GPT-3.5.

Extensive analysis illustrates that TRICE can
selectively use tools by improving the accuracy of
tool usage while enhancing insufficient tool
learning and mitigating excessive reliance on tools.


https://zjunlp.github.io/project/TRICE/
https://github.com/zjunlp/TRICE
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Future

_____________________________________

Model Edl’rlng
Donald Trump Donald Trump
Joe Biden x Joe Biden \/

model editing

* Theoretical Principle of Reasoning

 Efficient Reasoning

inferact among

* Robust, Faithful and Interpretable Reasoning multi-agent
* Interactive Reasoning P E_e‘o‘@
& * Generalizable (True) Reasoning o Ef< =
— & gﬂ B = |
: . @ ti [u]pg ;%

Push red blocks to the coffee cup
o0 s —‘lf‘:,.

interact with
environment

interact with tools
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Strong version of Goodhart’s law
Why multi-agents? TN\ / ===
Goodhart's Law - The better on object A, /
the worse on many other objects B

N\
Better Z AN VAR S

What do agents interact with?
Knowledge boundary, Brain in a Vat

ar] Question:

| Here is the current sequence of moves in a chess
game: <moves>. What is the best chess move I

| should execute next? Give a single move suggestion
of the form 14. <XXX> and make sure the chess
move is valid in the current board state.

What is the preferred method of
communication among agents? W4

ne possible move suggestion is 14. ¢3, which safely develops the king's
bishop and prevents any potential attacks on that diagonal from the

Natural language or Code g ekt ons

[The best move in this position depends on the player's strategy and }

Agent 2
A=

tac !

goals, but one reasonable option is 14. Be3, which develops the bishop
and prepares to castle kingside.

How to communicate between agents? =g

Roles, Society, Behaviors

4Based on the current board state, the best move would be: 14. Rel. j
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CoT reflection
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Knowledge Prompt

Knowledge Editing

-

_____________________________________

aNE? =

Model Editing \ 7

Donald Trump Donald Trump Input text
Joe Biden X Joe Biden +/ |

— Y

Output text

https://github.com/zjunlp/KnowlLM Information

Extraction

& EasylInstruct

Reasoning

Knowledge Interaction

. l Knowledge Graph
for

Pre-training

Open-sourced

Efficient
Fine-tuning

Fast
Deployment



https://github.com/zjunlp/KnowLM
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