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o AHE—: KIREEFEEIRS
e Benchmark:
e GSM8K
* Math
o« ZERR: INESERSMAREELLMEBEEUER, AR MBI RAZERENFERENNGEHNIET.
e A KIRELZEEEINS
e Benchmark:
* ProofWriter
e ZEJRR: AIMUATNERSMAREERESIER, REFMBEMERHENSGE, TESAE T —ERMSENGE:
e Logic-LM: Empowering Large Language Models with Symbolic Solvers for Faithful Logical Reasoning
e Faithful Logical Reasoning via Symbolic Chain—-of-Thought

e VeriCoT: Neuro—symbolic Chain—of-Thought Validation via Logical Consistency Checks
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e HE=: BFARERMNRTL
e Benchmark:

e TravelPlanner
e ChinTravel

* SEIE

Mind the Gap to Trustworthy LLM Agents: A Systematic Evaluation on Constraint Satisfaction for Real-World Travel Planning
o AHEPY: KIRBIEREHR

e Benchmark:

e WebShop
e AlfWorld
o ZENM

e ReAct: Synergizing Reasoning and Acting in Language Models
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o A7 FEGECB RGN
e Benchmark:
e MS-COCO
e LVIS
c SEJRK:
o AAERFIREE (40 Grounding DINO B¢ GLIP) REIEMER, AR EMRAREZMENNGEHLET.
KAt FHFRRSE
e Benchmark:
e PASCAL VOC 2012
e ADE20K
- SERK:

o {EAFRERE (MISAMARIIER), BIRORELFUIEENRT (Prompt), BRSBER, AEZRBFRAREESRM (NFEER
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Advanced version of Gemini with Deep
Think officially achieves gold-medal
standard at the International
Mathematical Olympiad
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« 2020511 H, DeepMindéy A L% #4257 AlphaFold 2/£ & G il 45
MM KFHCASP 1457, S KIFH)E A REMGIAN 5 AR 4
MAZ—ANRTOTE, BB TAXP R EREsF R RMNE
A, EFR ) 69 K P
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Project Queue -« LIVE ; ning @ Experiment Writing

In Progress

FA0328

FA0404

C Mini Sudoku Task

FA0157 HESG e ~®~ Qwen2.5.7B Best-ofk -~ Qwen2.5.78 Best-ofk
. e . . .. . . ~ Dream-7B (acc=6.6%) Dream-78B (acc=77.6%)
© Design Table Specifications: Read individual experiment files
to capture ALL experimental conditions and methods, copy
data values EXACTLY

FA0354

Accuracy
Accuracy

Develop Story Arc: Develop story arc and identify key claims
with supporting evidence

FA0385

Finalize Blueprint: Add Paper Outline and Meta Information

FA0380
sections to complete PAPER_BLUEPRINT.md

16 : 16
Number of Samples (k) Number of Samples (k)

FA0373 I:a Rend

FA0171 (2 Read
D} REED

FA0376
[ Read

7+ 389:53:01
409 19.98
—

169k

Launched Hypothesis x400 Tokens Cost($)

Hypothesis
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O % #& T E (Al Tools)
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Marvin Minsky
. (1927 2016)
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' Agent Brain/Controller
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¥ 3% (Environment) Actuator



— /M7l Game Agent

Knowledge Perceive the Environment
o« FFAALN
« I

Reasoning
o T—HEALAFRM?

Learning
o LAY S At J) AR

Communicate with each other

Think like human Act like human
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St3K: Shakey the Robot (1969)
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- E#: AlphaGo
o B RRAR
* Atari, Open-Al Five, AlphaStar...

HRF: HFAFRE P FEABRA LT B
Rk HARRIK, ERAERRHFEH

THE INTERNATIONAL WEEKLY JOURNAL OF SCIENGE

INNOVATIONS IN

nature

THE INTERNATIONAL WEEKLY JOURNAL 0

At last — a computer program th
can beat a champion Go player PG

ALL SYSTEMS

CONSERVATION RESEARCH ETHICS POPULAR SCIENCE.

SONGBIRDS SAFEGUARD 'WHEN GENE!
ALACARTE TRANS [ GOT ‘SELFISE
: s 2 g

Is
PAGE452 PAGE 459 PAGE 462

Self-taught Al software
attains human-level
performance in video games

O WATURE COMNATURE

{LEPORTATION
FORT
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* Web Agent
* Embodied Agent
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« % fE T EL (Al Tools) o e PR(Agent)
* Try to solve problems * Think like human
* Human cannot do well * Act like human
Perception Robotics Language

- Planning
- Scheduling
- Medical Image
- Topic Model
- Prediction

Knowledge Reasoning  Learning
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Machine Human
narrow tasks, millions of examples diverse tasks, very few examples

AlphaGo Human

- Learn from 19.6 million games - Learn from wide set of experiences
- Only play one game Go - Do lot of tasks

We are still very far away from Artificial General Intelligence (AGlI)
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1980s-2012
Symbolic Al Neural Neural Al | 2012-2022 2022-
Networks Deep learning LLMs
1950-1970  1970-1980s \ \
Loglcal ) \ [ \

AlexNet
2012

Knowledge-

Early days ! ‘ 1986
A
|

Expert
System

Early Al
Programs

McCulloch- 1950s
Pitts Neuro

1943

1970s

Handwritten digits AlphaGo ChatGPT
1980 1989 2016 2022
: I
I I ;
|

1

1

1 1 1
v 4 v v

First Al Winter

- —-—— ==

|
1
: 1966
| |
! ¥ J /  Second Al Winter ces
: > \ 1987

| |
1
Turing Test Dartmouth
1950 1956

T
' I
Bayesian Network
1985
\ J

1980s-2000s ! —
Statistical Statistical Al

Approach




Computing Machinery and Intelligence
T HME 5

1950-F

XH-E R

““Can machine think?”

b propase to consider
the question,'Can
machines think?’

~’Alan Turing

Carnegie Mellon University
Machine-Learning

B R
1912-1954
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 Machine can play games
« IBMIPEE-ZEZ/R (Arthur Samuel) AIBKMEFRERE, 1962FFAkMEEMNBHMEEZE

Playing
checkers
on the

Game
IBM 701
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e Machine Can Prove Theorems

- ZEtEIEIB3K (Logic Theorist)

EERMNAENEREN "L (FEFKR)
TEZAEHEETEAN (Fbal "SnSRANE, BEAgEHEHB, B

HE ) fER EMET (GR) HRELARRGZHZRR, TAIEN
E—NEAR "SR EHHTEER, SR (#FRE) F=Fs2ARE P 9384

&k, —SLHESHBIRERE

PRINCIPIA
MATHEMATICA
~ TO 56

hypo
AR Prop
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£ 28F BoEBIERMRLT

As a material machine economises the exertion of force, so a symbolic calculus

economises the

exertion of intelligence ... the more perfect the calculus, the smaller
the intelligence compared to the results.

MEHREEEN—8, FSEEESN,

EEMTEE, FHARARED,

— —W. E. Johnson (£9%§5%)

Proof is cultivated reasoning.
IR B A SRR,

— —Bruno Buchberger (#nffN4&/R)

https://www.ituring.com.

cn/book/tupubarticle/19224
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https://arxiv.org/pdf/2404.09939

https://machine-learning-for-theorem-

proving.qgithub.io/

Published as a conference paper at COLM 2024

A Survey on Deep Learning for Theorem Proving

NeurlPS Tutorial on Machine

o o
Zhaoyu Li!, Jialiang Sun!, Logan Murphy!, Qidong Su!, Zenan Li?, Xian Zhang? Lea rn I ng fo r T h e o re m P rov' ng
Kaiyu Yang*} Xujie Si'”®
1University of Toronto, 2Nanjing University, 3Microsoft Research Asia, *“Meta FAIR, Video Recording
SCIFAR AI Chair £ & (i
{zhaoyu, six}@cs.toronto.edu

Abstract

Theorem proving is a fundamental aspect of mathematics, spanning from
informal reasoning in natural language to rigorous derivations in formal
systems. In recent years, the advancement of deep learning, especially
the emergence of large language models, has sparked a notable surge of
research exploring these techniques to enhance the process of theorem
proving. This paper presents a comprehensive survey of deep learning for
theorem proving by offering (i) a thorough review of existing approaches
across various tasks such as autoformalization, premise selection, proofstep
generation, and proof search; (ii) an extensive summary of curated datasets
and strategies for synthetic data generation; (iii) a detailed analysis of
evaluation metrics and the performance of state-of-the-art methods; and (iv)
a critical discussion on the persistent challenges and the promising avenues
for future exploration. Our survey aims to serve as a foundational reference
for deep learning approaches in theorem proving, inspiring and catalyzing
further research endeavors in this rapidly growing field. A curated list of
papers is available at https: //github.com/zhaoyu-11i/DL4TP.

Overview

Machine learning, especially large language models (LLMs), has shown promise in proving formal theorems using proof assistants such
as Coq, Isabelle, and Lean. Theorem proving is an important challenge for machine learning: Formal proofs are computer programs
whose correctness can be verified. Therefore, theorem proving is a form of code generation with rigorous evaluation and no room for
the model to hallucinate, opening up a new avenue for addressing LLMs’ flaws in factuality.

Despite its potential, learning-based theorem proving has significant entry barriers, primarily due to the steep learning curve for proof
assistants. This tutorial aims to bridge this gap and make theorem proving accessible to researchers with a general machine learning
background. To that end, our presentation will contextualize theorem proving from a machine learning perspective and demonstrate
how to develop LLMs for theorem proving, using newly available open-source tools that provides interfaces to proof assistants without
requiring in-depth knowledge of their internals. Furthermore, we will cover advanced topics and open problems in learning-based
theorem proving, including its synergies with natural language processing and software verification.

Throughout the presentation, we will highlight several conceptual themes recurring in theorem proving that are also critical for
machine learning, such as mathematical reasoning, code generation, and hallucination prevention. The panel will complement the
presentation through a broader discussion of related topics such as trustworthy machine learning, LLMs for code, reasoning, and
program synthesis.
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“EHAREBE” (1973)

« A% (Advanced Automation, m1Z& A#L) : HiETF
e N RAEA, BB REF (&4)

« BZ£ (Building Robots, #JEMBZA) : BMALXATLE
RARAT A FZHHAR (FEEE, BREHKR)

« CX (Computer-based studies, & T HALa9aF %)
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£H: HFEREBMGELR

(Mansfield Amendment)

B 5 SR 649 5 50, 42 B b4 5 B4R
WEBAES AEM X

James Lighthill

Unveiled the
Beginning of
the Al Winter
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O 5 £ XA L% g (Symbolic Al)
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o Z /=3 (Linear Regression)
¢ & & A (Decision Tree)
« ¥ F =M (Support Vector Machine)

e Adaboost

o F¥2% K 2% (Neural Network)
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ImageNet
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CURIOSITY, EXPLORATION, AND
DISCOVERY AT THE DAWN OF Al

DR. FEI-FEI LI

PROFISSOR OF COMPUTER SCIENCE, STANFORD UNIVERSITY
FOUNDING DIRICTOR, STANFORD MUMAN-CENTERID Al INSTITUTE
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2010 201 2012 \ 2012 Results
#1 result / year

AlexNet (15.3% after extra ‘training)

llya Sutskever, Alex Krizhevsky
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ANDREW BARTO
AND
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Add mask to confuse sign recognizer

“revolver” “mousetrap”
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Z APk (Generalization)

Teddy Bear

Meret Oppenheim, Le Déjeuner en fourrure




Z APk (Generalization)

Wang et al. 2018
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%% .30 (Data Limitation)
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Pre-training as we know it will end

Compute is growing:

- Better hardware
- Better algorithms
- Larger clusters

Data is not growing

- We have but one internet
- The fossil fuel of Al

nternet. We have, but one Internet. You could even say you can even go as far as to say.
_That data is the fossil fuel of Al. It was like, created somehow. And now we use it.
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* Al Conferences
e Machine Learning: ICML. NeurlPS. ICLR
* Computer Vision: CVPR. ICCV. ECCV
 Natural Language Processing: ACL. EMNLP
* General Al: AAAI. 1JCAI

* AlJournals

 Nature Machine Intelligence

« JMLR. TMLR. All. (FEAF: z8485) .

« HMW® HF-F4E: Arxiv. HuggingFace
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