7 J»
z 4
B YA S

NANJING UNIVERSITY

ATERESE

Introduction

g; p—7
FARAF HeeRl=5RARER

https://www.lamda.nju.edu.cn/guolz/IntroAl/fall2025/index.html

Email: guolz@nju.edu.cn



https://www.lamda.nju.edu.cn/guolz/IntroAI/fall2025/index.html
https://www.lamda.nju.edu.cn/guolz/IntroAI/fall2025/index.html
mailto:guolz@nju.edu.cn

KN

O RiZEE

O FNEEARAS



~E
R

ENY]

]

=
= =

AT EgE

AT

= HERY

FEE— JEWERE

ERRS AR
BT LA



REEE

\ v

O _F5RAY(E]:

o 2025R- AT EEES

v J%_—LZ'ZI'% 1'18J% _"Eg‘ﬁ_'_/nc 209 - BtS: 285851583 o m4l

O 1%*5: :F'_l .

v http://www.lamda.nju.edu.cn/guolz/introai.html

v IRTE1J18QQEE: 285851583


http://www.lamda.nju.edu.cn/guolz/introai.html

RIZER

O FH20m:
v Bi=#, EEERER, LS
e
v Hss I S520EIZTEIASFT (LAMDA)
VIiRAGMR: BEFSFY. KRR/ ZSIESHESHK
v HBF5: guolz@nju.edu.cn

i

I

v INPAZERR: https://www.lamda.nju.edu.cn/guolz/
VIIMVAE: FEFERE-ZR523



mailto:guolz@nju.edu.cn
https://www.lamda.nju.edu.cn/guolz/

RIZER

OffRAE: HEAFEFY, KRE/SERSHIESHIK

i

1
ID

\)

Neuro-Symbolic Learning
How to bridge data-drive machine learning with knowledge-driven symbolic reasoning?

e g

Multi-Modal Data Symbolic Knowledge

Language Vision Action | | ... Logic Rule Search | | ...

Multi-Modal Reasoning and Planning
Perceive the Environment via Multi-Modal Input
Think, Reason, and Plan with the Environment Perception
Take Actions to Change the Environment

L 3 L e L 3

Al4Math Visual Reasoning Agent Embodied Al
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What is the shape of the object Are there more trees than
closest to the large cylinder? animals?

How many blocks are on the Will the block tower fall if
right of the three-level tower? the top block is removed?
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Optimal Action I "Rln ﬁ: m n I | II'I h ﬂ: m k r"
. . - . . se off a mug and place it in the coffee make
e e e @ | @ | :
@ @ & -~ @ @ "pick up the dirty mug '
= Q ® @ e +@ ® = = e from the coffee maker"
Q J 4 v

"walk to the coffee |

rt @ . S . @ (2% ] ] | maker on the right" |
Invalid Action: o ik
Move Through Wall

I I I =21 ﬂ g
[_...._.; P QI E_--_.; |# © P | o P w[ o visual navigation
I | TR | Lo * |

—— p— pum— P—

== = e = "pick up the mug and go ' "put the clean mug
I | I I back to the coffee maker" & in the coffee maker"
Constraint: Invalid Action:

The agent is not allowed to enter table cells. Violation of Physical Constraint

object interaction

state changes

object interaction
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Generalist Agent

Open-ended Environments

Craft Glass Bridge Build Oak House Make Ice Igloo

Combat Zombie

Treasure Hunt
in End City

Find Ocean
Monument

Explore
Desert Temple
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Internet-scale Knowledge Base

YouTube

_m Festures

Water, Sand,
‘.' # Clay, Sugar

Description

Temperature: 0.5. Rainfall: 0.5. A biome that

3 consists of water blocks in an elongated,
Cane, Seagrass, . o " :

e X curving shape similar to a real river. Rivers are a
8 Salmon, Squid, i
- reliable source of clay. They are good for
Drowned B :
fishing, but drowned can spawn at night.

River

Reddit

.
85

e always bringing blocks to

Ornpicte the staircase A )
J1, stairsin the end city

ﬁ i dig a staircase in the wall A

@ Or just use enderpearl.

% Water is useful in a lot of situations.
Early game, and late game

£\ (@) r/Minecraft . Posted by u/Anim

e-ghostGirl 6 days ago

190 I present to you me struggling to get up

Jay
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20225F11H, OpenAl&ZTh T AN iEIRE

ChatGPT, P AAIEseEIEEIVAIN

OpenAlZFAIRTIEIEEIChatGPT, FiRERMLAIRIALFIHIE ...
20225125198 — ZithAdE]11 8308, EEATEREASOpenAlRHEHFRChatGPT, —5K
HETGPT-3.5/% 23 EER, ASICEOSamAltmaniEE A RIZIERNLSIKEFHE ...

AT : ChatGpt A= LEFERESIEBuUg - BEUEF

20226E12811H — GPT-3875F20204F, {EA— M ESEEE, LFaLERERE=IEN
HKERMES, TEBHE, GPTABETIATIZASE, GPT2EET15ZA8%, TGPT-3 ..
ChatGPT @13 7TEEMBA. AEFEZ%1 - Showmetech
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vibrant portrait painting of Salvador Dalf with a robotic half face a shiba inu wearing a beret and black turtleneck
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Rockefeller center is overrun by
golden retrievers! everywhere you
look, there are golden retrievers
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Challenge Match
8 - 15 March 2016
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At last — a computer program that
can beat a champion Go player PAGE484

ALL SYSTEMS GO
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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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Structures:
Ground truth (green)

Predicted (blue)
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Coastal Battlefield Reconnaissance and Analysis (COBRA)
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http://'www.navy.mil/navydata/fact _display.asp?cid=2100&ti
d=1237&ct=2

http://www.navysbir.com/nl5 1/N151-049.htm

2015 US Navy Official

HybridLogic Navy:
—EHINETIEFINRE, FHA
;}-é %‘j i—‘[‘:‘ /\ *)‘L E‘iﬁ‘ ﬁg éﬁ 7“( )Vi \\/HJ ’ & E—\j> T& L-ILB EEK /fi AN/DVS-1 COASTAL BATTLEFIELD RECONNAISSANCE AND ANALYSIS - (COBRA)

B, AR ZE AR R B e misinf e AMDYS 1 Coml Bttt o s Al COBEA) st s ot

. . . . . and obstacles in the surf zone and beach zone prior to an amphibious assault. The COBRA airborne payload
http://menVasolutl()ns. C())n/lndex_ph_n[p()rl‘ﬁ)llo/hybnd_loglc_navy will be carried on the MQ-8 Fire Scout unmanned air system. This allows operators and other personnel to Q zﬁ a # ,[/
Z \

remain at a safe distance from the mine and obstacle belts and enemy direct and indirect fire. COBRA will be
20]6 Comme}"clal embarked in the Littoral Combat Ship (LCS) as part of the Mine Countermeasures (MCM) Mission Package

- | —_— ﬁ@Mvu&

DESCRIPTION: The Coastal Banlefeld and Recon sance (COBRA) program (Ref 1) is interested in technologies that

facilitate target (ATR) ies in aerial multi-spectral images for prewously unseen environments ~ \\ N
and target types. Targets of interest include minefields and obstacles in various land and marine environments. Typically. é ~N
ATR are ped offline (post-mission) using previously acquired test data sets. These algorithms are based = % e

on supervised learning methods (Ref 2) that incorporate data from a limited set of test fields. When data is acquired in new

\ N2 N environments, the algorithms often must be imized to have good in that envi , as well as maintain N N A \
/ ~ ﬁ N, n] performance in previously seen environments. The process for performing this offline re-optimization is often costly since it S ;‘ /h\
; ; :7 <~ N )\ N requires the efforts of expert analysts to assimilate data sets, determine target truth, analyze target features, train the ATR

classifiers and evaluate performance.

N N
N, L7 E
There is a need for innovative methods that can 1) incorporate information from new data sets into the ATR system as they 7[( }.F g \//\ 15 &
are acquired, and 2) re-optimize ATR algorithms quickly across all known environments, including those of newly acquired )E

data. Online Machine Learning (OML) algorithms (Ref 3-5) can potentially be used to "learn™ in the field based on operator-

kA

D provided results without affecting prior performance. The information collected online can be used to refine the prediction
J= =1 \] S— ”}, /_F > N hypothesis (classifier) used in the ATR algorithms. In addition, the information may provide input for automated methods of
i ‘],']' ﬂa {T _nﬁ_ é 'I)l N optimizing ATR performance across all known data sets.
The proposed effort will develop i ive OML i for ATR that can i human operator decisions to
optimize probability of detection and ility of false alarm p in new envil and for new target types.
These i will be i d into mission and post-mission analysis systems in which operators review acquired
images. The i will be impls as object-oriented C++ code for insertion into the operator systems.
Development of the online learning i must be i with i ification of how the operator will interact with
]"] pl them to provide updated decision i ion. Robust optimization of the ATR i may be performed post-mission,
» & I which will require the development of separate software tools for processing historical data sets. The OML algorithms and
g Y optimization tools developed in this effort will reduce program costs by minimizing the time required for optimizing ATR

algorithms to perform well in unseen operational environments.
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http.//www.telegraph.co.uk/news/2016/09/05/navy-unveils-robot-spy-

speedboat/ 2016 Royal Navy Official /Commercial
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https.//phys.org/mews/2016-09-software-
ship-maintenance.html

2016 Royal Navy Official / Commercial
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Software to transform ship maintenance

September 21, 2016

SEA-CORES. Credit: University of Southampton

Researchers from the University of Southampton are to develop software that can monitor the equipment, fuel
and energy performance of a ship at sea

The University s part of the Ship Energy — Condition O & Routing E: System
(SEA-CORES) consortium, which provides a live model of ship performance on global operations. The
development of the software is led by BAE Systems and is sponsored by Innovate UK

SEA-CORES is able to correlate variables that could affect a ship's such as energy
and different weather conditions. Using genetic algorithms to track and capture the live data, SEA-CORES
provides those on board with a greater understanding of the vessel's capabilities across a wide range of

Researchers from Electronics and Computer Science at the University of Southampton will work on monitoring J,H:A
loads on the ship and applying novel machine learning techniques to a domain that has largely been data poor. _— %‘g Jj

Dr Sarvapali Ramchurn, who is leading the Southampton research group, said: "Unleashing such technologies
on the marine sector is likely to have a huge impact. The work we are doing at Southampton in terms of

> é =

F 3 >
autonomous systems and machine learning will help improve the efficiency of ships and detect potential issues W j\_ E/j< jz
before they cause major damage.”
BAE Systems is developing and testing SEA-CORES on a commercial tanker provided by James Fisher Marine ':l I=—4 n éﬁ\
Services. The trial will analyse the vibration and trim performance of the vessel, its hull state and monitor the E N N / N =
integrity of the ship's superstructure.

A 2
KELB TS

Chris Courtaux, Head of Engineering and Energy Services at BAE Systems, said: "SEA-CORES is able to
consider all of the important components which affect the performance of a vessel during deployment

"For instance, reducing speed may save fuel but increase the wear to the engine if below its optimum
performance. This could in turn increase the maintenance requirements for these vessels and reduce their
availability. It is crucial that we continue to analyse what more can be done to maintain these vessels in an
efficient manner and increase the number of ships available for the Royal Navy fleet.”

The software connects technologies in delivering fuel and engine optimisation through the use of the BAE
Systems' Ship Energy Assessment System (SEAS), together with big data analysis by using System Information
Exploitation (SIE) technology.

SEA-CORES has been developed in response to the increasing complexities of modern warships and the
amount of data their systems produce. The technology could transform how the Royal Navy and BAE Systems
maintain and support warships in the future by using the genetic algorithms to identify the relationships between
a ship's systems, calculate their different permutations and ultimately recommend a strategy to optimise the
vessel's performance.
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Computing Machinery and Intelligence

s o b propose to consider
ap

itBH=58E6 the question;'Can

machines think?’

19506F

- ~'Alan Turin
e-ER b

Carnegie Mellon University

Machine-tearning

““Can machine think?”
t=2aeB=E05? Te-ER
1912-1954
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* “We may hope that machines will eventually compete with men in all
purely intellectual fields. But which are the best ones to start with? Even this
is a difficult decision. Many people think that a very abstract activity, like the

playing of chess, would be best.”

* “l believe that in about fifty years time it will be possible, to program
computers, with a storage capacity of about 1079 [one gigabyte], to make
them play the imitation game so well that an average interrogator will not
have more than 70% chance of making the right identification after five

minutes of questioning.”
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A Proposal for the

» Automatic Computers Dartmouth Summer
Research Project on
Artificial Intelligence

» How Can a Computer be Programmed to Use a Language August 31, 1955
» Neuron Nets

» Theory of the Size of a Calculation
» Self-improvement

> Abstractions

» Randomness and Creativity
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« 1ZIFIEIE3R (Logic Theorist)
- EEMNAERERES "SXL  (FEFRR)
- IEBEHEIENN (bban "MRANE, BABEH
HB, NBAE" ) fEA "BFE" (W)
- E—1MEXH "HRetER EHITER, &

Bertrand Russell Alfred Whitehead

EMNAEBYHE, — S ESHEREE PRINCIPIA
MATHEMATICA
I; } € - TO 56

ALFRED NORTH WHITEHNEAD

ble B RS
ARS5AR/RINZIEIRIL SR (Logic Theorist) |,
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- 1 IaREKERSS (General Problem Solver): FER-BIRI9tr (Means-Ends Analysis)

Problem Solving
is a search
problem

bie B
1. E5E SRS BIRASHEVELR
2 3EI— 1 Eeda/ X N EIERIIRE
3. M FIXMEE

4 B2 P, BEIXAEIBR

Search Space
Initial

state

Goal
state
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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.
IERRRL E AR AR,

— —Bruno Buchberger (##ifN#&/R)

https://www.ituring.com.

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

Published as a conference paper at COLM 2024

A Survey on Deep Learning for Theorem Proving

Zhaoyu Li!, Jialiang Sun!, Logan Murphy!, Qidong Su!, Zenan Li?, Xian Zhang?

Kaiyu Yang*} Xujie Si'”®

1University of Toronto, 2Nanjing University, 3Microsoft Research Asia, *“Meta FAIR,

>CIFAR Al Chair
{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.

https://machine-learning-for-theorem-
proving.qgithub.io/

NeurlPS Tutorial on Machine
Learning for Theorem Proving

Video Recording
f <& | in

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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SHRDLUZ A -- FRARTHER

Person: Pick up a big red block. .
Computer: OK.

Person: Grasp the pyramid.

Computer: | don’t understand which pyramid you mean.
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« HAVRGEIRENIRAN "Every treeis a Plant” B (1950-)

"BRERE—TFASEH! ~

“People die eventually”ZF
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e 1997: IBM ;%15 (Deep Blue)
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* IBM Waston (2011)

* |IBM Watson defeated two champion contestants on the American quiz show Jeopardy!

N $77.147
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a]l|3(Linear Regression)

o JREEPY (Decision Tree)

» 1FE=EH(Support Vector Machine)
* Adaboost

o FRZZMIZE(Neural Network)
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MEZ 3] (supervised learning)
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19435, ZRKi&5a(Warren mcCulloch)f0FZ % (Walter Pitts)

e THZITRIEERE: M-PESITIRE — /-
v
X1 ‘
. W1 Warren mcCulloch Walter Pitts
W, x; €{0,1}andy € {0,1}
X7 Z ) y € {011} d
Z(X1s K5y ey X ) = 2(X) = z W« Xj
j=1
Wq
1 ifzx)=>T
Xd = =
Y g(z(x)) {O ifz(x)<T
x; € {0,1} Threshold Activation

function
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* Paul Werbos (1974) : fEETFANENFE RIEN AR FERE LIS, BEE
H—iEIREERARZ ENENERN A
 David Rumelhart, Geoffrey Hinton 0 Ronald Williams1986F A& E {Learning Representations

by Back-Propagating Errors) 5|& TH28FIUBAVINER, R 7 HREMBRIEN, EREE
BRIER/IHENBIGHIRED R, HRE FINREFINEM

£~
David Rumelhart Geoffrey Hinton Ronald Williams
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20065, Hinton £ Science KRN &= ((Reducing the dimensionality of data with

neural networks) , IRHIREESMZ (Deep Belief Networks, DBNs)
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Input Output
Layer Hidden Layers Layer

Deep means many hidden layers

Deep = Many hidden layers

Layer L Output

—
D
Special
structure / ;
3.57% =
7.3% ? 6.7% &
16.4%

AlexNet VGG GoogleNet Residual Net
(2012) (2014) (2014) (2015)
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2024 TFAY Turing Award (BIRIZ) X1E5&
Andrew Barto , Richard Sutton

‘ Reinforcement
. Learning
ANDHEW BAH“] | An Introduction /‘
AN[] b second edition
RICHARD SUTTON o

Richard S. Sutton and Andrew G. Barto / TANAY

- 2024 ACM A.M. TURING AWARD
RECIPIENTS
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ChatGPT Invents a Lot of Nonsense

By Herbert Bruderer
June 19, 2023
Comments (1)

viewas: B[] | sHARe

coneooa

ad

especially when they seem to make sense. One can hardly understand where the flaws come from; see also

I asked ChatGPT who wrote the book "Meilensteine der
Rechentechnik." The program returns many different answers, all
of them are wrong. Most frequently, Friedrich Bauer (University
of Miinchen), Horst Zuse (son of Konrad Zuse), and Konrad Zuse
(German computer inventor) are mentioned. Other well-known
names appear, such as Heinz Rutishauser (ETH Zurich), Martin
Campbell-Kelly (British technology historian), and William Aspray
(U.S. technology historian). However, completely unknown names
appear.

If one wishes information like "Who was Albert Einstein?", the
results seem quite credible. If one inquires about lesser-known
researchers, ChatGPT spreads a lot of false news. Those who are
not in the know cannot recognize the erroneous statements,

https://cacm.acm.org/blogs/blog-cacm/273583-what-does-ai-powered-microsoft-bing-say/fulltext.
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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

~ Internet. 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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ICML (International Conference on Machine Learning)

E PR =3F I SN
BIS: Hlss=xIHid&=(Machine Learning Workshop)
19884, IEZVERAICML

FESRRREMHEEN—R, —HASET-88%

54

ICML 2025, InEXESE, 2025.07.13-2025.07.19

ICML

International Conference
On Machine Learning




ICML (International Conference on Machine Learning)

EfFtNesF IS

- g5 : Ylgg=JHid&=(Machine Learning Workshop)
+ 19884, IEXEZAICML

» BHEESKAREWHED—IR, —RAZF7-8BD

Topics of interest include (but are not limited to):

 General Machine Learning (active learning, clustering, online learning, ranking, supervised, semi- and self-supervised learning, time series analysis, etc.)
« Deep Learning (architectures, generative models, theory, etc.)

e Evaluation (methodology, meta studies, replicability and validity, human-in-the-loop)

 Theory of Machine Learning (statistical learning theory, bandits, game theory, decision theory, etc.)

* Machine Learning Systems (e.g., improved implementation and scalability, hardware, libraries, distributed methods)

 Optimization (convex and non-convex optimization, matrix/tensor methods, stochastic, online, non-smooth, composite, etc.)

* Probabilistic Methods (Bayesian methods, graphical models, Monte Carlo methods, etc.)

* Reinforcement Learning (e.g., decision and control, planning, hierarchical RL, robotics)

* Trustworthy Machine Learning (causality, fairness, interpretability, privacy, robustness, safety, etc.)

ICML

Infernational Conference
On Machine Learning

* Application-Driven Machine Learning (innovative techniques, problems, and datasets that are of interest to the machine learning community and driven by the needs of end-users in applications such as

healthcare, physical sciences, biosciences, social sciences, sustainability and climate, etc.)

ICMLigEE !

https://openreview.net/group?id=ICML.cc&referrer=%5BHomepage%5D (% 2F)



https://openreview.net/group?id=ICML.cc&referrer=%5BHomepage%5D(%2F)

NeurlPS (Conference on Neural Information Processing Systems)

Wg{ﬂﬁ-uuﬂﬂﬁ -gﬁ*A V ® '
1987-2000: Denver, Colorado, United States ,.“.
D, NEURAL INFORMATION
2001-2010: Vancouver, British Columbia, Canada %<)-,, PROCESSING SYSTEMS
v,
l‘. ]

2024: Vancouver, British Columbia, Canada
1987 - 2017, NIPS; 2018 — now, NeurlPS
MIT Press (1994-2004) and Curran Associates (2005—pre

EHA NeurlPS i®E&E 7T iZHEM, MR TR ARBIERTTETUREENIERE
EYRLEFNTE, RAEERRES. ATEEFRITEHEINENES




NeurlPS (Conference on Neural Information Processing Systems)

N O L0
*Elif_éfﬁ "U‘%E !%ﬁ*% ol :'\.I‘E.U RAL INFORMATION
.. PROCESSING SYSTEMS

18X & https://papers.nips.cc/ LA P
Main Track
Dataset and Benchmark Track (2021 -)

he Thirty-Eighth Annual Conference on Neural Information Processing Systems (NeurlPS 2024) is an interdisciplinary conference that brings together researchers in machine learning, neuroscience, statistics,
ptimization, computer vision, natural language processing, life sciences, natural sciences, social sciences, and other adjacent fields. We invite submissions presenting new and original research on topics
including but not limited to the following:

* Applications (e.g., vision, language, speech and audio, Creative Al)

* Deep learning (e.g. architectures, generative models, optimization for deep networks, foundation models, LLMs)
e Evaluation (e.g., methodology, meta studies, replicability and validity, human-in-the-loop)

 General machine learning (supervised, unsupervised, online, active, etc.)

* Infrastructure (e.g. libraries, improved implementation and scalability, distributed solutions)

» Machine learning for sciences (e.g. climate, health, life sciences, physics, social sciences)

 Neuroscience and cognitive science (e.g.. neural coding, brain-computer interfaces)

 Optimization (e.g. convex and non-convex, stochastic, robust)

* Probabilistic methods (e.g., variational inference, causal inference, Gaussian processes)

* Reinforcement learning (e.g., decision and control, planning, hierarchical RL, robotics)

* Social and economic aspects of machine learning (e.g. fairness, interpretability, human-Al interaction, privacy, safety, strategic behavior)
 Theory (e.g. control theory, learning theory, algorithmic game theory)


https://papers.nips.cc/

ICLR (International Conference on Learning Representations)

ElfFRRFEIRIN
« |ICLR 2013, Scottsdale, Arizona

International Confererice on

...... Learning Represéntatibns 2013

« ICLR 2023, Kigali, Rwanda -
« |ICLR 2024, Vienna, Austria People
« ICLR 2025, Singapore

« Yann LeCun, New York University

ICLR

Jl Qe




ICLR (International Conference on Learning Representations)

Many computer Science researchers are complaining that our emphasis on
highly selective conference publications, and our double-blind reviewing
system stifles innovation and slow the rate of progress of Science and
technology.

This pamphlet proposes a new publishing model based on an open
repository and open (but anonymous) reviews which creates a "market"
between papers and reviewing entities.

——A New Publishing Model in Computer Science

Yann LeCun

OpenReview R4

OpenReview.net

Q Notifications (2226 Activity IENS Han-Jia Ye ~

Open Peer Review. Open Publishing. Open Access. Open Discussion. Open Recommendations. Open Directory. Open API. Open Source.

Your Active Consoles

AAAI 2025 Conference Authors

AAAI 2025 Conference Senior Program
Committee

ACM TheWebConf 2025 Conference Authors
ACML 2024 Conference Area Chairs

ACML 2024 Journal Track Authors

ICLR 2025 Conference Area Chairs

ICLR 2025 Conference Authors

KDD 2025 ADS Track August Authors
NeurIPS 2024 Conference Area Chairs

Open for Submissions

ACM ICAIF 2024 Workshop SDGenAIF

© Due 22 Oct 2024, 20:00 China Standard Time

SoCalNLP 2024 Symposium

© Due 23 Oct 2024, 07:59 China Standard Time

IEEE EMBS BHI 2024

© Due 23 Oct 2024, 15:59 China Standard Time

HAI 2024 Workshop CHOPP-HRI

© Due 25 Oct 2024, 08:00 China Standard Time

IEEE RoboSoft 2025 Conference

© Due 26 Oct 2024, 00:00 China Standard Time

UFRJ Lafusion 2024 Workshop

© Due 26 Oct 2024, 08:00 China Standard Time

ICAPS 2025 Conference

Reply Type: Author: | everybody v | Visible To: Hidden From: 9 Replies

- submission review by Aaron Courville ¢
Aaron Courville
18 Mar 2013, 00:01 ICLR 2013 submission review  Readers: @ Everyone  Show Revisions
Review: Reviewer c1e8,

Please read the authors' responses to your review. Do they change your evaluation of the paper?

review of Complexity of Representation and Inference in Compositional Models with Part Sharing
anonymous reviewer a9e8

07 Mar 2013, 06:45  ICLR 2013 submission review  Readers: @ Everyone  Show Revisions

Review: This paper explores how inference can be done in a part-sharing model and the computational cost of doing so. It relies on 'executive

summaries' where each layer only holds approximate information about the layer below. The authors also study the computational complexity of this
inference in various settings.

I'must say I very much like this paper. It proposes a model which combines fast and approximate inference (approximate in the sense that the global
description of the scene lacks details) with a slower and exact inference (in the sense that it allows exact inference of the parts of the model). Since I am
not familiar with the literature, I cannot however judge the novelty of the work.

Pros:
- model which attractively combines inference at the top level with inference at the lower levels
- the analysis of the computational complexity for varying number of parts and objects is interesting



ICLR (International Conference on Learning Representations)

EfFRRE I8N

B3 EE:
https://openreview.net/group?id=ICLR.cc&referr
er=%5BHomepage%5D(%2F)

non-exhaustive list of relevant topics explored at the conference include:

e unsupervised, semi-supervised, and supervised representation learning

* representation learning for planning and reinforcement learning

* representation learning for computer vision and natural language processing

e metric learning and kernel learning

e sparse coding and dimensionality expansion

e hierarchical models

e optimization for representation learning

 learning representations of outputs or states

e optimal transport

 theoretical issues in deep learning

 societal considerations of representation learning including fairness, safety, privacy, and interpretability, and explainability
e visualization or interpretation of learned representations

* implementation issues, parallelization, software platforms, hardware

e climate, sustainability

e applications in audio, speech, robotics, neuroscience, biology, or any other field



https://openreview.net/group?id=ICLR.cc&referrer=%5BHomepage%5D(%2F)
https://openreview.net/group?id=ICLR.cc&referrer=%5BHomepage%5D(%2F)

Others

> ZBAISIY

>

AAAI (Association for the Advancement of Artificial Intelligence)

IJCAI (International Joint Conferences on Artificial Intelligence)
HaaFIEN

AISTATS (International Conference on Artificial Intelligence and Statistics)
COLT (Conference on Learning Theory)

SHEIZTEIN

KDD (SIGKDD Conference on Knowledge Discovery and Data Mining)
T ETMRTE I

CVPR (Conference on Computer Vision and Pattern Recognition)

ICCV (International Conference on Computer Vision)
BRESESN

ACL (Annual Meeting of the Association for Computational Linguistics)

EMNLP (Conference on Empirical Methods in Natural Language Processing)



MLA

China Symposium on Machine Learning and Applications

PENSEF I RENART S

"WMERFEIRENA IR BE2002F 18, LEELSE. @R bR, Bk, XESH
217, ZHTSSERIEERIMBENBEIREX IR RN ERSRIFITERR .
WEARE, RKEGEMEER, YODNBFIREXTMENFE. FIT. RREFRSTEFR
REHSBMITIL. AT IRFNSZZIREXTVRWARE Z BIURARESERFEE ZEIH
R, 2006-2010FENBFIRHENAHITE (MLA) HiiE), ERETTHSEFEIRER
BEEMTSR (SSMLA) , EZHITREIAMLARIPoster sessiono

UTREERNNES:
MLA"23 2023118, BRAZ
MLA'22 2022411 B, BRAF
MLA'21 2021 128, B RMEMRAF
MLA'20 20205118, FRAZ
MLA'19 2019118, REKRF
MLA'18 20185118, FRKFE
MLA'17 2017511 B, RRBAFE
MLA'16 20165118, FRAFE
MLA'15 20155118, FRAFE
MLA'14 2014511 B, BRBFRIEKF
MLA'13 2013F 118, EBKR%
MLA'12 20124F 11 B, ;BERE
MLA'l1 2011511 B,BEXRZF
MLA'10 SSMLA'10 2010118, BRA®¥
MLA'09 SSMLA'09 20094118, BRAS
MLA'08 SSMLA'08 2008%118,BRAR
MLA'07 SSMLA'07 20078 118,BREAZ. ERITEAZE
MLA'06 SSMLA'06 2006F118,BRA¥. BEMEMRAE
MLA'05 20055118, BRAF

MLA 2024

BT EPENRFIREMNATTS

11A18-1183H, FERIEEARKE, 4
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* Nature Machine Intelligence

« AlJ {Artificial Intelligence))
« JMLR {Journal of Machine Learning Research))
« TPAMI {IEEE Trans. on Pattern Analysis and Machine Intelligence))

» TKDE {IEEE Trans. on Knowledge and Data Engineering))

ML) {Machine Learning)

TNNLS {IEEE Trans. on Neural Network and Learning Systems))
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