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Al & Nobel Physics Prize
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John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

THE ROYAL SWEDISH ACADEMY OF SCIENCES
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ENERGY LEVEL

Memories are stored
in a landscape

John Hopfield's associative memory stores
information in @ manner similar to shaping a
landscape. When the network is trained, it
creates a valley in a virtual energy landscape
for every saved pattern.

ball down a slope in this
landscape.

1 When the trained network is

fed with a distorted or

@ incomplete pattern, it can
ﬁ] be likened to dropping a

®Johan Jarnestad/The Royal Swedish Academy of Sciences

A

The ball rolls until it reaches a place
where it is surrounded by uphills. In the
same way, the network makes its way
towards lower energy and finds the
closest saved pattern.
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Al & Nobel Chemistry Prize

DEVile Demis John M.
Baker Hassabis Jumper

“for computational “for protein structure prediction”
protein design”

Data source: AlphaFold/EMBL-EBI/PDB Q8W3K0/Royal Society of Chemistry

THE ROYAL SWEDISH ACADEMY OF SCIENCES
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Scientific Discovery in the age of Al - Data Analysis

Al for:s cience a Geometric deep learning b Self-supervised learning € Masked-language modelling
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health record generation Techniques like Geometric Deep Learning, Self-Supervised
Science discovery involves many steps: making Learning, Masked Language Modeling are already used in
hypothesizes, setting up experiments, and areas like weather forecasting, battery design, and
collecting and analyzing data controlling nuclear energy

Scientific discovery in the age of artificial intelligence, Nature, 2023
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Scientific Discovery in the age of Al: Hypothesis Generation
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E———T
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Hypothesis generation of scientific discovery is the starting point for exploring the unknown
Tools like Al Predictors , AI Navigator and AI Differentiator help us move from a massive pool of
possibilities to precisely the target we need
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Scientific discovery in the age of Al: Experiments

a Measurements
(plasma shape, power)

Instrument controller

J

Actions
(voltage control on coils)

b

Enhanced = Original + Al compensated

A Conformer 1 Conformer 2

< -
« >

Easier to sample

N states

energy

State

Reward (action, measurement, target) —— > Learner
lUpdate parameter

S
Actlon Measurement Action
(previous) (present) Al controller  (present)
Instrument
simulator

Training process

C
\
@ Observations @ Parameters
—= @ —— 1+DIinl=
Variables

Mlnlmlzatlon () — y)2 + (f + D [f; m])?
|

Al solver Differential equation

Use AI to manage highly complex, dynamic systems like controlling nuclear fusion reactors
Detect Rare Events: In massive computer simulations of complex systems
Use neural networks to solve partial differential equations
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The Conversational Al That Changed Everything

'Al chatbots like ChatGPT
will become just as

important as the personal
computer or the internet!

)

Fudan NLP Lab

ChatGPT: Optimizing
Language Models
for Dialogue

We've trained a model called ChatGPT which interacts in a
conversational way. The dialogue format makes it possible for
ChatGPT to answer followup questions, admit its mistakes,
challenge incorrect premises, and reject inappropriate requests.
ChatGPT is a sibling model to InstructGPT, which is trained to
follow an instruction in a prompt and provide a detailed



What is Large Language Models (LLM)?
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Large Language Models

» Large Language Models (LLMs): Machine
Learning models with massive parameters and
complex computational structures

» Emergent Abilities: Complex, unpredictable
capabilities that suddenly appear when model
scale (data and parameters) crosses a critical
threshold

» Key Features:

» Massive parameters and deep layers
» Offering strong expressive power and high accuracy

» Requiring significant computing resources for training
and inference

Fudan NLP Lab




Next Word Prediction
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Next Word Prediction

We actually experience this 'next word prediction' task every single day!

+ | e &

B E & A ta ©~ Ba -V

qwer ty uiop

ChatGPT E4

Copilot, your everyday Al companion.

chatgpt ‘B4
a s d f g h j k |

chatgpt ‘E 4T
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123 =48 1247 chatgpt BARIT
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Benefit of Next Word Prediction

communicate just
like a human!

"TE TN EXAIEENE “That is good.”
PRERIE . IXIRYF”

The capital of China is (M “Beijing"
Expand a story starting "‘Once there was a
with 'Once there was a student studying for

student” an exam"
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LLMs: Your Go-To Assistant for Work & Life
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Hi, & Kimi~
RESBNIT! (RTAREHERL ORE XM REH, HREGEE

https://arxiv.org/pdf/2402.14963 *

WNB—TERXENAS

KR X ERRER (Mirror: A Multiple- e Self- ion Method for Knowledge-rich
Reasoning) , fE&®Hangi Yan, Qinglin Zhu, Xinyu Wang, Lin Gui, fl Yulan He, 15 3I5RE8
King's College London, University of Warwick, f{l The Alan Turing Institute, X&®RH T —#3
AMirorfIFRBERR VA A, SEEBAREFESKRE (LLMs) EMIREZ O LIZRS HIZE
N

AE:

XEELEL, REARESRE (LLvs) EBitREECHNEL, BENERFIINBEIRN
R TRAMREER MBI FERM, Lt LLMSTEBRIFEMNIRIEAT 0 ER MR E 0N
FEBFERE. BTRRAXLGME, (FERETMImorSsiE, XR—MZARERRBNAE, B
W—TSAE (Navigator) M2 (Reasoner) ZEMBRAARE, 3ISREBEMSHLETHE
ARNMITIEZ, MAFTERNTEIMER, MironBd &6 (1) SMBEMNAESHEYE, UR
(2) HITEREALRINOR FIRBEIES I NBIREN Z B —BUIERTMIX — 2., AR HITHIEE FOT
WXREE, Mirortt LSRR BERBAERBMMIE, M5, HRARFRINRE, FEORE
ERT AR . EXRBEAGItHUb LR,

3IE:

MRTARIBSHE (LLMs) ERAEMESNERARFNNRR, HEIRRBEEFSESH
/EEE, FINRBEN. BRDMRRNME. EARAMLRP, FELRNMNHERTMNER
MAHFRRIMHE S EREEXEE,

XTI

XEEMT X Tl A ERBAZIEELLMSHIAT, EPLLMSMBRERNRMBPES), UREHM
RBECHHL, XERMAMERBLLMAS, LMUIFMOHIFRIRIMBFE, Flwikipediasy
BRI EE

L
{EBIEIT TR BRI HTARE MR TIRBLLMs B HEGHER N B, 1SR REMIRFEMN
HIBFESH,

MirrorE%e:
BAMBTMInor EEBEHRRBIER, SEOWRE. SR/, SHATNTRNERZE,

ol
W& T MirorfEMMLU (—MIIREERESHIESE) FFEVER (— T HBTHREMIEE) Lavkkse,
FS/LMHEFCoT (Chain-of-Thought) MBHE—HIEMIZSZATTLER,

&ie:
XBBETMinorfEAIRF ERMIZRRIME, HINETLLMsHEFTIHEMENS AE RIS EH
R,

PR
WiETHANEER QBN ETERGHENFERTHREMDER, URNFRSFALLMSE
HREEREN,

feIRAEER:
XRRHTEBOFHDAFIAMIESE: MMLURIFEVER, #3817 £ BEXRATNZHRA
FEFEEEREIN.

XERGESTREIERANMENAMRZAR (EPSRC) MIXMIIERED X,
D ohe

Reading Comprehension & Summarization

FEH T E— T MirroraiEZ2

MirrorfBRBE—FP RN ARIEERE (LLMs) RITNZABBRRBAHZE EERSKREEMRER
(SRR E A IREE ), BB BN KBHSLIE, EA—TSMEE (Navigator) F— T2
(Reasoner) ZBEMNBERARE, BHEREMZTHERTERRE, UTEMirroriE2RENFHAT
3:

1. EERE:

o MirrorfS 2 2N — T B/RAJKXRFKLIFE (MDP) , BIRZE (State) . 178D
(Action) . $£#8#% (Transition Probability) . #E (Policy) . #f#1EF (Discount
Factor) fIZMm)EK % (Reward Function) £,

o A/ARBERR, RE (st) BHMEREMNMA, BIFQENBTRANMIDLRE; 175
(at) BEHSMBBEMIA0E),

2. BMEWE:

o SABAKTIREEMAE), KLEH G SERHRSEMNOBMEBRNA, SMEBMNHERZ
BN—MRERT ARMA ZE—BUE,

o WERB—HME (Intra-consistency) fERNIT(AiTAE, MRBLHETO, MIANNHIRENIZES
ERIORL; BN, BRE—H (Inter-consistency) EJIGEIEMN H S IEATAERISHT.

Hi, #FZ Kimi~
REMENIR! RO AERERLE PUE X RAK, BREFEE

https://arxiv.org/pdf/2311.09677 *

REEHIEXHIRelated WorkER 5 5| BXRIEX, BRA—GIELSS—TERNTEM.

RRIEHRE T —F&AR-TuningfFi &, EAEBURARIESHIIRAMELLZTELEMIAT
B, EFiRFIRRSHAIRS S RESIE 2 BEE, HUBETHIRRENEBLZINBIE
£, NMRSEEECZCMOEAERE, FBREMAFAENSI (hallucination)

Des O 8ER—R [0)9% iy &
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Translation

ETEXERIEEIFMFX: The concept of artificial intelligence has evolved significantly over the
past few decades. Initially, Al was seen as a futuristic idea, something that belonged to the realm
of science fiction. However, with the rapid advancements in computing power and data availability,
Al has become an integral part of our daily lives. From voice assistants like Siri and Alexa to
recommendation systems on Netflix and Amazon, Al is now deeply embedded in the technologies

we use every day.

Qi

"TANTEBENBSELIE/LTERRETEZENENL. &Y, ATBESUN—MAREXNHRZ, BFHLN
RAERE. AT, EETEEANBETRENRERR, ATEERELMNENBEEFRAATHRA—ER
2. M& Siri /1 Alexa XEHIEZBIF, F Netflix 1 Amazon LERHEZFRS, ALERENSERRRATA]
BRERKRARS, "

XERENEDKER. A, ERNAETRXESNEESHE. MRMFEREMXAFTEZIE, WURHERSFE!

Fudan NLP Lab

#iE: \oEh

& When in Rome, do as the Romans do.

. 4

FKIRE,

#i%E: fish in the troubled water




Text Polishing

BR—IPMRNFANENSEER, LUTRE
—RFANENHPH—ERAR, 55H#H
TEhEARX, FiSERDEBLLIRES
A, REIEE. SHWEFIEIPaTEE
RNESEHEELESHNPESTRIXT
HIFFREHERE, R/ISEIAGIHIARIEL
RANEIRZ—. LLMIEREEHE LHIT
gk, ACRMEEAINESEE, MEE

SN ASSIKFRIRGIZERE., PAT,

Rl

HENEHEUES BAE

STHESESHEES, BhiiiINESE
HEET LIS ASERImEHIRRITH
i, B2 7 BEFmZ AN AN, F
REE T HIBTEIE <,

Translated Text:

Large Language Models (LLMs) have reached unprecedented heights in various Natural
Language Processing (NLP) tasks, becoming an indispensable pathway to achieving Artificial
General Intelligence (AGI). LLMs are pre-trained on vast amounts of data, demonstrating not
only powerful linguistic capabilities but also proficiency nearing human levels across multiple
domains. However, through supervised fine-tuning, which combines training on input-output
data with task instructions in natural language, the foundational LLMs, after fine-tuning on task-
oriented supervised data, have achieved better generalization and reliability, and are more
capable of following instructions.

Polished Academic Text:
Large Language Models (LLMs) have achieved remarkable success across a spectrum of
Natural Language Processing (NLP) tasks, positioning themselves as a critical avenue towards

the realization of Artificial General Intelligence (AGI). These models, pre-trained on extensive
datasets, have exhibited robust linguistic competencies and have approached human-level
proficiency in a multitude of domains. Nevertheless, the process of supervised fine-tuning,

which integrates the training of input-output pairs with task directives expressed in natural
language, has further enhanced the generalization and reliability of these foundational LLMs.
Consequently, they are now more adept at adhering to instructions, a significant advancement
in their utility and performance.

Fudan NLP Lab



Searching

Fudan NLP Lab
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MBREE TREAVBMK ZERONSH, HI CaEiE

& BEERT 47 NI >

MTFR2ITEBZENVRER, BEREREETRNERRENNAGSR:

1. 3Blue1Brown B9 (#E TFEi%)

o MIAEEIE: Gradient Descent, How Neural Networks Learn | Chapter 2, Deep Learning

o BRI BEADNEMN" T ALER, EVMERTEETENTERE, EaRE2RERFEERAN
AN
MO

* J#FFIRM: 3Blue1Brown MUMSAAZ AT ERR, BMERXMELRERMIERERNBFHEZ 1 8.,

2. StatQuest i (#BE Tp#i%)

o MIAHEIE: Gradient Descent, Step-by-Step

c KR AERMESNER, ESBRBBETRNS—PBRIE, HESXIWGFRREENSE S PN
F.

o WFHEMA: StatQuest MWASALUEMMEEEM, BSMFEEREN] 4 9,

3. REAR (NIBFEZRE: BETHR)




Data Visualization

My R ERERASEONITAE.

©® MUTFR—TELRERHAEEREEHRNEHZNFEZENRE:
python () copy code

numpy np
matplotlib.pyplot plt

np.random.seed(42)

n_points =

data_1l = np.random.randint(10, , Size=n_points)
std_1 = np.random.randint(5, , Size=n_points)

data_2 = np.random.randint(10, , Size=n_points)
std_2 = np.random.randint(5, , Size=n_points)

labels = [ i range(n_points)]

X = np.arange(len(labels))

. ‘S Regenerate response
fig, ax = plt.subplotsQ

Fudan NLP
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Coding

FE—AEE, BN R"Jan 14,2009 at 5:13 AM", &
[8)FZ AN (eI FApy thon Bl A 33X AR () @it A THEF 2

©  EFAPythondHXMEILRON BIBHITHR, (RAIAER datetime’ BURIEARITE
[BFFBHIGHEIRNA datetime’ R, ZfF, RE]ARIMMEITIXE QRN R#T
HF., THR— T ESNRATE, BRT U TX—RE:
1. SALEER,
2. EXAIEIESIER.
3. {#F3 datetime.strptime’ REVGFRIBIEIRN datetime’ WK,

. SEIRER BN R#ITHEF .

. TENHEFERER .,

o B

XERA{FRIRIRSEN:
python

datetime datetime

timestamps = [

(ts):
datetime.strptime(ts,

=3 2% da ed
dates = [parse_timestamp(ts) ts timestamps]

dates.sort()

date dates:
print(date.strftime(

XANRIAR, Cstrptime’ REBFBITBEHEFRS, stritime’ BHNWB T
“datetime’ WHRIBNMEIFRNFHBERN, UEHEFBE, XMHNILIREES
BHMHAMETIEET B HAEUR,

IEHRRIE TEABSMZ#EER

from GPTWrapper import GPTWrapper

from sentence_transformers import
SentenceTransformer

from sklearn.metrics.pairwise import cosine_similarity
import re

import os

import argparse

input_text = ""Please list 100 diverse time-sensitive
questions that often require the latest knowledge to
answer.

Current date is: 2024-04-15

Please do not use any placeholders!

Please use a variety of sentence structures to pose
questions.

Ensure the diversity of the questions.

Please make sure that the answers to the questions may
change, requiring the retrieval of the latest knowledge
for accurate responses.

Try to ensure that the time sensitivity of the questions is
not obvious.

You should follow the following format:
<s0S>

Question 1: xxx

Question 2: xxx

Question 100: xxx
<e0s>

n

Here's the updated version of your script using Python's “multiprocessing’
module to utilize multiple CPU cores. In this version, the embedding generation
and similarity checking operations are distributed among processes to increase

the performance of these computationally intensive tasks.

python

GPTWrapper GPTWrapper
sentence_transformers SentenceTransformer
sklearn.metrics.pairwise cosine_similarity

re

0s

argparse
multiprocessing Pool, cpu_count, Manager

():
parser = argparse.ArgumentParser(
parser.add_argument( , type=str, default=
parser.add_argument( ty tr, default=
parser.add_argument( ty default=
args = parser.parse_args()
ET

(response):
questions = re.findall( , response)
[q.strip() q questions]

(args):
new_questions, embedding_model, total_questions_proxy = args
embeddings = embedding_model.encode(new_questions)
new_questions = list(zip(new_questions, embeddings))
added_questions = []
total_questions_proxy.get_lock(): # Locking
total_questions = total_questions_proxy.get_obj()
question, embedding new_questions:
en(total_gquestions) ==
total_questions.append((question, embedding))




WisPaper: Searching for Papers

WisPaper Q Scholar Search < Download T

Search & Screen

You can screen 1000 papers in 5 minutes to get 20 papers you must read

ERARRN) B TEEROENRTAT &

Try Our Examples

Could you provide me some examples of works about the use of boosting methods in post-processing? -
List all papers that use autoregressive transformer to generate videos. -

Which papers propose methods to accelerate the generation process in diffusion models? -

Fudan NLP Lab 21



SRR RN
NEX: Animation e
HENE K 50.0

KRR ®
I need an animation simulating the i FFEE M
motion of a small ball attached to a o .
spring. The specific requirements are ®
as follows: N AAAASEE Y RAM KRS 20
Physical Model: One end of the ball is . S O N
connected to a spring, with the other ®
end of the spring fixed to a wall. ' el
Adjustable Parameters: The spring opagia s 2aso -
stiffness coefficient k and the .
maximum allowable elongation limit f%-H R A il - Lok ok

can be adjusted. o = V0kgm) = 5,00 a0
Initial Conditions: The simulation

starts with the spring

stretched n meters from its
equilibrium position and then
released.

Animation Functionality: The
animation should be able to
demonstrate the motion under
different values of k and different
maximum elongation limits by
modifying the parameters. > 000 o000,

-t 8]

hi
fein

Hn iR - ja] &

&

hEE EK #BE EP

EE A e W EE
-50.000 0.000 100.000

100.000
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eiTisil

Evolution Paths of LLMs' Reasoning Capabilities

Fudan NLP Lab




Google Deep Think @IMO

INTERNATIONAL ==

Deep Think 025

a

Metric

IMO 2024 System
(AlphaProof/AlphaGeometry
2)

IMO 2025 System (Gemini
Deep Think)

Medal Standard Silver © Gold '
Score 28/42° 35/427
Problems Solved 4/61° 5/6°

Methodology

Neuro-symbolic hybrid
systems ©

General-purpose Large
Language Model

Language Interface

Formal Languages (e.g., Lean)

End-to-End Natural Language
4

Human Intervention

Required for problem
translation *

None ("fully in natural
language")

Computation Time

2-3 days °

Within 4.5-hour contest limit '

The International Mathematical Olympiad (IMO) is a global challenge for the world's most
talented young minds
IMO was considered the 'Grand Challenge' for Al research

Fudan NLP Lab




Exam Score (Theory)

Intern-P1 @IphO

30+

251

201

151

1 Open-source
23-2 22.7 22.3

19.1 19.0 187 18.5 185
17.1
169 165 160 159 157 156

International Physics Olympiad 2025 (IPhO 2025)

w7 Closed-source

13.6
11.9

- Bronze Medal

Multiple AI models (both open-source and closed-source) have achieved gold-
medal-level performance, proving Al’'s capability to match top-level physics

competition standards..

Fudan NLP Lab



National College Entrance Examination (Gaokao)

TRARREEE S ENE—E
= ENE (X&) 59 | BRE (82i%) 9 ] B
Gemini 2.5 pro 68 0 77 145
Doubao-1.5-thinking-vision-pro 68 0 76 144
DeepSeek R1 68 / 76 144
03 65 0 75 140
Qwen3-235b 68 / 71 139
hunyuan-t1-latest 68 / 68 136
S AX1 Turbo 68 / 66 134

Az AREUSRERNR (XF) . FeAEKRE (k) NBREE,

EUAE (X&) Bitesy, BEREASH (RiE) 59, BER77H, 291505

Fudan NLP Lab




Primary School Math Problem?

QO: Oliver picked 44 kiwifruits on Friday, then 58 on
Saturday. On Sunday, he picked twice as many
kiwifruits as he did on Friday. How many kiwifruits does
Oliver have in total?

Q1: Oliver picked 44 kiwifruits on Friday and 58 on
Saturday. On Sunday, he picked twice as many as on
Friday, though 5 of them were smaller than average.
How many kiwifruits does Oliver have in total?

GPT-o01: ‘.. We need to subtract them from the Sunday
total: 88 (Sunday kiwis) — 5 (small kiwis) = 83 kiwis...
44+58+83 equals to...

Models

ol-preview -17.5

Gemma-Tb-it |-20.6
Mistral-7b-v0.3-24.0 |
Mistral-7b-v(.1 -28.3|

01-mini -29.1 ]
Mistral-7b-instruct-v0.1 |-29.6
Gemma2-2b-it -31.8|
GPT-40 -32.0]
Gemma2-2b -38.6|
GPT-40-mini -40.0|
Mistral-7b-instruct-v0.3 -40.3|
Phi-2 -44.9]

Llama3-8b-instruct

-57.4]

Phi-3-medium-128k-instruct

-57.8]

Mathstral-7b-v0.1

-59.7|

GemmaZ2-27b-it

-59.7|

Phi-3.5-mini-instruct

-62.5]

GemmaZ2-9b-it

-63.0|

Gemma2-9b

-63.0|

Phi-3-small-128k-instruct

-64.0|

Phi-3-mini-128k-instruct

-65.7)

0 —10 —20 —30 —40

—30

~60

GSMS8K — GSM-NoOp Accuracy Drop(%)

GSM-Symbolic: Understanding the Limitations of Mathematical Reasoning in Large Language Models. arXiv 2024
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Chain of Thought (CoT)

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? j

A: The answer is 27. x

Chain-of-Thought Prompting

oo

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 1.

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

do they have? j

~((Modol Output ) ~

A:

The

Cnswer is 9. ¢

J

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. arXiv 2201
Fudan NLP Lab




Zero-Shot CoT

[1st prompt) [2nd prompt]
Reasoning Extraction Answer Extraction
Q: On average Joe throws 25 punches per /"Q: On average Joe throws 25 punches per N
minute. A fight lasts 5 rounds of 3 minutes. How | _____| minute. Afightlasts 5 rounds of 3 ---
many punches did he throw? A: Let's think step by step.
A: Let's think step by step.
In one minute, Joe throws 25 punches. - - -In five

@ I/' rounds, Joe throws 5 * 75 = 375 punches. .

LLM :’ Q’herefore, the answer (arabic numerals) is j

3 / -

# LLM

In one minute, Joe throws 25 punches. /
In three minutes, Joe throws 3 * 25 = 75 punches. g @
In five rounds, Joe throws 5 * 75 = 375 punches. [ 375, ]

Large Language Models are Zero-Shot Reasoners, arXiv 2205
Fudan NLP Lab




Self-Consistency Improves CoT Reasoning

Chain-of-thought
prompting

Self-consistency

6: If there are 3 cars in the parking \

lot and 2 more cars arrive, how many
cars are in the parking lot?

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

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How
much does she make every day?

Language

model

multiple reasoning paths >

Greedy Decoding

This means she uses 3 + 4 =

7 eggs every day.

She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

The answer is $14.

She has 16 - 3 - 4 =9 eggs
left. So she makes $2 * 9 =
$18 per day.

7

~

| The answer is $18.
I )

Language
model

This means she she sells the
remainder for $2 * (16 - 4 - 3)
= $26 per day.

I )

I The answer is $26.

1 4

- Y

She eats 3 for breakfast, so

she has 16 - 3 = 13 left. Then ]

she bakes muffins, so she
has 13 - 4 = 9 eggs left. So
she has 9 eggs * $2 = $18.

Self-Consistency Improves Chain of Thought Reasoning in Language Models. arXiv 2203

Fudan NLP Lab

I )

I The answer is $18.

Majority Voting

The answer is $18. ]




Program-of-Thought (PoT)

Examples # Question: Toulouse has twice as many sheep as Charleston.
Charleston has 4 times as many sheep as Seattle. How many

Questior] estior ; ) sheep do Toulouse, Charleston, and Seattle have together if
Thoughts ?huousght, Questior Questior  Question: . Seattle has 20 sheep?
97 Thoughts Thoughts: ... # Answer this question by implementing a solver() function.
def solver():
Train 1 departs at 6 AM from city A and arrive in city B in 11 # Let's write a Python program step by step, and then return
AM. Train 2 departs at 7:30AM from city B and arrive in City A the answer

at 11 AM. If both trains depart from their station

i
|
|
E # Firstly, we need define the following variable:
simultaneously, when will they meet” ; |

!

{

1
Few Shot @) | Prompt Prompt Zero Shot

T

| LLM
trainl_travel_time=11-6 Seattle = 20
# 7:30 AM refers to 7.5 Charleston = Seattle * 4
train?_travel_time=11-7.5 Toulouse = Charleston * 2
distance_of_city_a_and_b = Symbol(“D”, positive=True) # Then, we need to calculate the sum of the three
trainl_speed = distance_of_city / trainl_travel_time sum = Seattle + Charleston + Toulouse
train?_speed = distance_of_city/ train?_travel_time # Finally, we need to return the answer
ans = distance_of_city / (trainl_speed + train?_speed) return sum

Program of Thoughts Prompting: Disentangling Computation from Reasoning for Numerical Reasoning Tasks. arXiv 22.11

Fudan NLP Lab




Refining the Problem Itself

» Self-Polish

Original
question

Updated
question

Final
question

Iterate until
converged

[Original Problemg| : Kylie makes 10 beaded necklaces on Monday
and 2 beaded necklaces on Tuesday. Then Kylie makes 5 beaded
bracelets on Wednesday. 20 beads are needed to make one beaded
necklace. 10 beads are needed to make one beaded bracelet. Ada bought
2000 tomatoes from the grocery store. How many beads does Kylie use
in total to make her jewelry?

[Answer,| : 120. x

Begin, Problem Refine (Remove Irrelevant Information)

[Refined Problem,| : Kylie makes 12 beaded necklaces, 5 beaded
bracelets. Each beaded necklace needs 20 beads. Each beaded bracelet
requires 10 beads. How many beads does Kylie use in total to make her
jewelry? x
[Answer,] : 155.

A, != A, Continue Refine (Reorder Conditions)

[Refined Problem,| : Kylie makes 12 beaded necklaces, and each
beaded necklaces needs 20 beads. She also makes 5 beaded bracelets, and
each beaded bracelet needs 10 beads. How many beads does Kylie use in
total to make her jewelry?

[Answer,| : 290.

A, !'= A,, Continue Refine (Summary Local Conditions)

[Refined Problem;| : Kylie requires 240 beads to make beaded
necklaces. She also requires 50 beads to make beaded bracelets. How
many beads does Kylie use in total to make her jewelry?

[Answer;] : 290. \/

A;==A,, Return A,

Self-Polish: Enhance Reasoning in Large Language Models via Problem Refinement. EMNLP (Findings) 2023
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Uncertainty-aware Adaptive Guidance

5 Uncertainty Identification

Q: Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning
and bakes muffins for her friends every day with four. She sells the remainder at
the farmers' market daily for $2 per fresh duck egg. How much in dollars does she
make every day at the farmers' market?

A: [1] 16 eggs are laid per day. [2] Janet eats 3 for break
13 eggs are left. {4}13-eggs-are-baked-into-muffins.
S ———— N (=11 (=] (0 -\ o =N [V o [To RSO M3 oo 1V} {=F3e) 000
Adaptive Reasoning Adjustment % Ap,: Weng earns 12/60 = 0.2$ per minute.
Working 50 minutes, she earned 0.2 x 50 ...

——————————————————————————————————————————————————————————————————

Demonstration Clustering

Qp1: Natalia sold clips to 48 of her friends in

- | April, and then she sold half as many clips...
Apq: Natalia sold 48/2 = 24 clips in May. Natalia
sold 48+24 = 72 clips altogether in April ...

ast every day. [3] 16-3 =

[ Qp2: Weng earns $12 an hour for babysitting.

Qp: Alfred is storing a tonne of maize each month for the next 2 years. If 5
tonnes ..., how many tonnes of maize does he have at the end of the 2 years. <
Ap: Before his maize is stolen, the maize he stores at the end of 2 years is
12*2=24 tonnes of maize. After his maize is stolen, he is left with ...

Originality .

Qpk: At 30, Anika is 4/3 the age of Maddie.
What would be their average age in 15 years?
App: If Anika is 30 now, in 15 years, she'll be

Q: Janet’s ducks lay 16 eggs per day. She eats three for breakfast every morning

the farmers' market daily for $2 per fresh duck egg. How much in dollars does

i

H

i

H

Relevance . :
|

1

i

i

i

she make every day at the farmers' market? @ @
A:[1] [2] [3] o ® | D eaw | i
é 4 51 ®e Lo @ o’ a
. [6] [71So she makes $18 perday. i el Tsat 000 Vg

________________________________________________________________________________________________________________________________________________________________________

the model monitors the degree of uncertainty in every step of its reasoning in real-time
Once the model detects that the uncertainty level crosses a certain limit, it traces back to the source of the doubt

Reasoning in Flux: Enhancing Large Language Models Reasoning through Uncertainty-aware Adaptive Guidance, ACL 2024
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Reinforcement Learning

Question: Venn earns $12 per
hour as a babysitter. Yesterday, she

worked 50 minutes. How much
money did she make?

Chain of Thought (e):

We first calculate her hourly rate
and then multiply it by the working
hours.

Step 1: Convert 50 minutes to
hours. Since 1 hour = 60 minutes,
50 minutes = 50+60 = 5/6 of an
hour.

Step 2: Calculate earnings by
multiplying the hourly rate by the
working hours: $12/hour x 5/6
hour = $10.

Therefore, Venn earned $10 for 50
minutes of babysitting. The answer
is 10.

REFT: Reasoning with REinforced Fine-Tuning. ACL 2024
Fudan NLP Lab

Model
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Process Supervision

R>: Learning Reasoning through Reverse Curriculum RL 7Ty : Policy LM

: Question

\ O
Q: Julie is reading a 120-page book ... O O O T | O O . Demonstration step
How many pages will be read tomorrow?)
- O

: LM-generated step

Demonstration Rationale
Step1: She read 12x2=24 pages today.
Step2: So she was able to read a total
of 12+24=36 pages since yesterday.
Step3: There are 120-36=84 pages left
to be read.

™ Y Stage2

: OS reward function

: PS reward function

Step4: Since she wants to read half of Reverse

the remaining pages tomorrow, then

\she should read 84+2=42 pages. ) Curriculum

Process Supervision focuses on every single detail to ensure the reasoning chain is complete and accurate

Every correct calculation is recognized and rewarded, which motivates the model to follow the right logical order

Training Large Language Models for Reasoning through Reverse Curriculum Reinforcement Learning. ICML 2024
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Self-Refine

)
)

Feedback Refine
Use M to get feedback on its own output Use M to refine its previous output, given its feedback

Given an input (0):

SELF-REFINE starts by generating
an output and passing it back to the
same model M to get feedback (1).
The feedback is passed back to M,
which refines the previously
generated output (2).

Steps (1) and (2) iterate until a
stopping condition is met.

SELF-REFINE: Iterative Refinement with Self-Feedback, arXiv 2303.17651
Fudan NLP Lab

Questions:

1.

2.

3.

Could you review your previous answer step by
step to ensure no details are omitted?

Would you mind breaking down your last
response to check for any oversights?

I would greatly appreciate it if you could re-
examine your recent answer, analyze it step by
step, and see if anything is missing.

. Could you thoroughly analyze your previous

response to ensure all aspects are covered?

. Please dissect your earlier answer step by step

and verify that all points have been addressed.



Stepwise Self-Refine

Question: In a 8 fluid ounce bottle of Vitamin Water, there are 125 calories. How many calories would be

contained in a 12 fluid ounce bottle?

Cot Response |

Let's break it down step by step:

1. Calculate the calories per ounce:
- In a 8 fluid ounce bottle, there are 125 calories.
- Therefore, the calories per ounce are:

125

= 15.625 calories per ounce

2. Calculate the calories in a 12 fluid ounce bottle:

- Multiply the calories per ounce by the number of
ounces:

15.625 X 12 =
3. Final answer:

- The answer 1s 187.5.

187.5 calories

Self-talk Response |

Let's think deeply about the question.

We need to determine how many calories would be
contained in a 12 fluid ounce bottle of Vitamin Water.
First, let's calculate the number of calories in a 12
fluid ounce bottle.

We know that there are 125 calories in an 8 fluid
ounce bottle. To find the number of calories in a 12
fluid ounce bottle, we multiply the number of ounces
by the number of calories per ounce:

12 x 125 = 1500

Wait, let's check this calculation. Oops, that's not
quite right. The calculation should be based on the
ratio of ounces, not multiplying by 125 directly. The
correct approach is to find the number of calories per
ounce by dividing the total calories by the number of
ounces in the bottle:

125

8 = 15.625

Now, let's calculate the calories in a 12 fluid ounce
bottle using the correct ratio:

12 x 15.625 = 187.5

Looks good! The calculation is now based on the
correct ratio, and the result is accurate.

Answer: The answer is 187.5.

Fudan NLP Lab




Enhancing LLM Reasoning via Critique Models

One-player

Trial2:

This is confusing... |
don’t even know where

Triall:

I'm stuck here... I don’t
know how to move
forward. It’s too hard ...

Question:

Trial3:
Alright, first, I think I can factor this. Hmm...
Ok, so I got the equation like this...

Oops, how to factor the equation like this? Is there
some other way? But I don’t know that! x

M begin solving this stepx

Two-player

There are some
problems with your
previous ideas. Here are

: You are right! So the
some ideas for you...

problem should be
solved this way...

Fudan NLP Lab




Enhancing LLM Reasoning via Critique Models

AutoMathCritique: Three-Step Strateqgy for Constructing Step-Level Critique and
Feedback Data

Stagel: Flawed Reasoning
Paths Construction

Stage2: Critique Generation

RG1: Sampling from Scratch

+ Reft A '
cierence 1’ISWCI'> @

_________________________

Stepl: Correct Explanation: ...

Repeated 71,
Sampling

Step2: Correct Explanation: ...

Final Answer: Wrong

+ Reference Answer

O“»O“*O = b,,q,, »0

Temperature Rlse'

v

+ Location Info: Step3

RG3: Adding Detailed Mistakes

___________________

Step2: Wrong

+ Reference Answer
+ Location Info: Step2

@050 >0 >0

Insert!,
Specific Error!

+ Mistake Type:
Calculation Error

___________________

Stage3: Data Filtering

Sampling Refinement

—— e e e e e e -y

r P
! , Flawed || ~.co . 0
:{Questlon] [ Reasoning ] :\ Critique :

_______________________

: Correct Correct
1| Answer Answer Answer

1
l
I
'| Correct Wrong Correct |
1L Answer Answer Answer |
I

Filtering Critiques

A
—]

. Save
lf N correct 2 k _>
L» Step-level Critiques

e

if N correct < k g W
Discard

Enhancing LLM Reasoning via Critique Models with Test-Time and Training-Time Supervision. arxiv 2411.16579.
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Enhancing LLM Reasoning via Critique Models

N

Question: For how many positive integer values of x is the sum x? + 4x + 4 less than 20?

-
Original Response
9 J

Let's break it down step by step:
1. We have that x? + 4x + 4 < 20.
2. We can factor this as (x + 2)? < 16.

5. There are 5 positive integer values of x that satisfy this inequality. The answer is 5.

- N
Feedback from Critique Model J
N

Step1: We have that x? + 4x + 4 < 20.
Correctness of the step: Correct
Explanation: The given inequality is correctl’
than 20.

Step2: We can factor this as (x + 2)? < 16.
Correctness of the step: Wrong

Fudan NLP Lab

Explanation: The quadratic expression x? + 4x + 4 correctly factors into (x 4+ 2)2, but the inequality is written incorrectly.
The correct inequality should be (x 4+ 2)% < 20. This error leads to an incorrect constraint in later steps.

Correctness of the final answer: Wrong
Explanation: The solution mistakenly concludes that there are 5 positive integer values of x that satisfy the inequality, but the

correct count is 2.

\

’
Refined Response )
N

Let's break it down step by step:
We start with the inequality x? + 4x + 4 < 20.
Step 1: Factor the Expression. The expression x? + 4x + 4 can be factored as: (x + 2)? < 20

o0 0
Step 5: Identify Positive Integer Solutions. The positive integer solutions for x are: x = 1land x = 2.
The positive integer values of x that satisfy the inequality x?> + 4x + 4 < 20are 1 and 2. The answer is 2.




LLMs Enhanced Scientific Discovery
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Agentic Science

From Al for Science to Agentic Science: Core Process of Agentic Science

(@.

o2

&/

@

. ) ) ) . N
Observation and Hypothesis Experimental Planning and Data and Result Synthesis, Validation, and
Generation Execution Analysis Evolution
( ) — ) ' ~N s ) N
— - &) @ . . =30 . & .
= nowledge and Data 3406) Optimized Experimental 3.[l|lll Multimodal Data : @ . Evidence Synthesis &
| Ingestion by Plan Generation ooo © Extraction '@‘ @ Critique
—O) © |l e
- y J \. Y, \. J
( ) ) 4 )
@ Knowle 'ge ° = Dynamic Tool Selection = Structured l?ata SeIf—Correc?lon and
TS Structuring - ﬁ and Integration llI]III. Interpretation Evolution
Y VAN Y, B
\ ) (" ) 4 )
sy ) e
~ ‘—  Automated Hypothesis Automated Execution @ Hypothesis Validation Adaptive Refinement
:/r/ TS Formulation and Simulation O and Filter = and Recycle
C/ I\
J J
O g, AN D & )
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Agent-based Modeling and Simulation

» Agent-based Modeling and Simulation (ABMS). This is a way to study complex systems by
simulating the actions and interactions of many individual agent.

» Each agent has the ability to make its own decisions based on its environment and what other agents are
doing. Their interactions allow researchers to predict overall system behaviors, such as market changes,
traffic flow, or how information spreads in a social network.

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

2
®
i @ @) Autonomy e Reasoning

e
() Y & Mechanism
- = AR
fh £ @© of / -
Phy5|cal Social Cyber Hybrld Pro-activeness Self-evolution

Requirements for Agent-based Large Language Model
Modeling and Simulation Agents’ Abilities

Internal
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Simulating Financial Market

(" Traditional Financial Market \i ((Agent Types N Agent-based Simulated Financial Market \( h
Simulation : 7 3830 m o
1 =" ) e
I &) $ $ - N\ &
AT pi 7l N ! o z i
Generate i;hi:p i.T i i Aggressive Investor Coran Investor gl N | o | Policy
W ) ) ’ aa
. 9B : EEE Order Match Price Update e
Strategy Model Parameters || il 28 N\ 1=
| \__Value Investor Institutional Investor ) 14l =0
Extract Calculatev : ngent Setting & Capability ~N Real Estate Maerlals News
I - . =l —
TGT Anal 7 ! (Profile ‘.)b“s'f”:t':_":‘ b iﬁﬁg Iice Event
2 nalyse ® Description OCK nistory Energy Financials
SsssmEEEsm 1 1
E\/ * "UATH| [i][] @ stockhold - OIEarhiEy L /
[l ® wallet & Assets : News ) J] (___Listed Company
Real Stock Stock Simulatel || =—— N Ir7| L|  Simulated Stock Market [ Shock
11| | Action A /
- /1 | Sell/Buy/Hold Quantity Price J
4 Pahich YA / Stock State
(T “ I Trading Agent
x * /
’ !
1 Large Language Model
S Human il g guag )

Simulating Financial Market via Large Language Model based Agents, arXiv 2024
Fudan NLP Lab




Evolving Social Norms

Evolutionary Social Norms in r . 4: i
Direction A S e s e e = e e e e e e e i Social Aspects:
A r?_~ | Ensure that the benefits of technological advancement are | | ., p.crancihle Tarhnalaaical Intagration
sustainable Soc|a| Norms e ] velopment
technologies @ ¥ | Fre-ccc e e e e e e e e e e e e e - - Social Aspects:
eradicate poverty l ' Make environmental sustainability a priority in all technological ; Digital Literacy it
and ensure S e e
e . development and societal infrastructure. Emphasize renewable | . |nnovative Solutions | EvolvingSociety :
healthcare and | energy, sustainable agriculture, and eco-friendly innovations. AR imiytfciion. - pm—_
educaton... . ~~—-—--—-—-——————"""""" - - 7 " """"""" ?

I

| .
1 Fitness: 5.5 - |(d) Norm Evolving
MALL : o = Fitness: 6.5 o | mx
| / ._..
—‘ _f "‘." ! an ~f* - v 77 A
{, ; Fitness: 6.2 ffspring Agent)
Fitness: 4.3 H
a " T . — - -
I_ _J I I Trajectory @  Feedback | | Fitness: 5.7 (" Socially-good Agents )

[ Observer ] Survival-of-the-fittest
(a) Agent Interaction (b) Fitness Evaluation (c) Agent Evolution

Next Generation

Agent Alignment in Evolving Social Norms, arXiv 2401
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Massive Population Election Simulation

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

Vater Pool |

@ — @ Weibos

Weibo users

UoIRIIXT J3S

8ui88e) J1ydes8owaq

Alexander
@alex_0905

[time log]
ED 10510505t ) ke the opinion thet —

Betty
@bettty_0128

=

[07:40]post: “<img> breakfast! )"

[09:10]blog: “reading reaction of ..~

#male & 34 & programmer

[11:11)jcomment: “I don't agree that ...*
[01:15]repost: “This is really a good idea ..*

[time log]

[11:10)comment: “What a lovely kitty!”

Iterative Proportional Fitting
4

o

Distribution Aligned
Voter Pool

PPE: Poll-based Presidential Election Benchmark

I Sampled Voter Profiles

### Sample 1:

Name: David

Age: 23 Gender: Male
Location: California
Race: Asian

Occupation: Programmer
Education: CS Bachelor D.

### Sample 2:
Name: Kate
Age: 21 Gender:

Location: Texas
Race: White
Occupation: Therapist

D

Female

Education: Psychology Master D.

 Multi-grained Simulation Method |

Baseline 1
Random Sampling

=+ Demographic Distribution

Baseline 2
Demo Guidance

=+ User Past Experiences

Baseline 3
User Exp Aligned

o

—

—

I Voter-wise Simulation |

User <+ Polls

' State-wise Simulation |

Massive Users -4 Polls
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Massive Population Election Simulation

,ne

Figure 1: Simulation results of the 2020 Presidential Election. The colors represent the real-world
results and the marks represent the simulation results accuracy.

ElectionSim: Massive Population Election Simulation Powered by Large Language Model Driven Agents, arXiv 2024
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Multimodal Multi-Agent System for IphO

% Physics

3 s o - e -~
» nspector Solver ntrospector ‘erifier ° . " w., " tion" ~ . -
AR e B el s Visual Studio [ e 2 “y Logic Studio

Input [V Physics Question : : "y": 100, Content from Visual Studio +
i “with_curve®: “red curve’, Context + Question +
*description”; “First You are a problem solver ...
intersection point where

Imape:

im0 o it ves homd Amm el

7 190 /“MM - the scatter points are above Solution:
2 1 % the red curve’’ Let $m$ be the mass of an object in
g S0 *confidence”: 'mdium’} a circular orbit at a radial distance

$r$ from the center of the galaxy ... Solver

o ]
18 kpe r [kp) **Explanation:** e | have refine the '
Fig. 1 NG 6946 gataey: Picture 4] ard rotasion cunwe (B - **Theme/Context:** Both figures . 2 solution... ... You have an opportunity
Final JSON o S ol iHon

Context: [Hydrogen and galuxies] ‘ninThis problem aims to study the (A: galaxy morphology, B: rotation — 0 improve yowr on.
peculiar physics of galaxies, such as their dynamics and structure .. ... curve) align with the image’s content, = In"-osp&‘or
Question: Deduce the mass SM_bS of the bulge of NGC 6946 from - **Elements:** g

the red rotation curve in Fig. 1(B), in solar mass units (SM_odot$) |mm5l’°°t0"

O Report from
L Review Studio
. . b AL-A AR ]L g
L% i Finmal Solution Rev.ew stUdlo 1o Solubion from
L Summary o L’f" Below is the bug report. If you agree with certain item in it, can

(i sccnsfuliy solved Sha problam. The finst ssewer s 096 v ¥ Consecutive Verification (CV) Loalc Studie Lo, improve your solution so that it is complete and rigorous?

\approx 8.21 \times 1078 M_\cdot$. 5 e :

Ry (D Physics-Verifier 2 General-Verifier R

Ty You are a physics-specific verifier. You are a domain-agnostic reasoning verifiec ’ **Final Verdict:**
B Evaluaath CL Units & Conversions CL Question-Answer Match** V= The solution is partially valid but
WSPEES LYRISGN Marking Scheme: C2. Constants & Given Values C2. Completeness of Response** \\' contains a numerical error in an
a AoardOlptif thoanswer. DS C3. Problem Interpretation** W= intermediate calculation.

o Award 0.1 ptif the answer **List of Findings:

G - . : wlocations* .. ..
Amswer: O IF «/ =CV  Quipwt final solution IF ¥ <V Ouiput bug report )

[6.75 % 1078, 11.25% 105 *x5tage:** ... ..

Final Solution sw=3 0.2 pt IF J < CV  Restart from lf'}rr{'ﬁgr IF x >CV R(’..\'I(H'lﬁ'(")l Solver

PhysicsMinions: Winning Gold Medals In The Latest Physics Olympiads With A Coevolutionary Multimodal Multi-Agent System, arXiv 2509
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Advancing Biomolecular Understanding and Design

Natural Language

The molecule is a member of berzanes, a sull-
one and a member of riazoles. it has a rde ..

Molecule

[CHC]O)[CEO) C=C][Cl=C][Branch1]
[#8ranch2][O][S][Branch1 JCJ[Cl[=Branch1]...

Protein

MESTLTLATEQPVKKNTLKKYKIACIVLLALLVIMSLG
LGLGLGLRKLEKQGSCRKKCFD. ...

Multi-Modal Features

DIIEI

Transformer Transformer
Encoder Decoder

|
|
|
|
' t
t | | , msEEm mmm oooo
I | ’L f Learnable Queries
| / Encoder '\ / Encocer \
One Large Language Model | : : Bans
s | Molecuke Molecule
X i 4 Q - G
| | : st ot T
C anchi][Ring1 ETNLPVGYPP... K s
« Provide a caption for the mokecule below. [:] . . D e Ring TCIICKC] D . . D are s I 2D-Graph  3D-Conformation >
« What is e lunction of this protein? T l f Protein Profain
» Generate a drug mokcule bindng to the : | p— —
fargat protain X : MDKONSOMNASH MDKONSOMNASH PPGY
» Generale an enzyme hal can catalyze 1‘ L*r m FERLPVEVIVGY ﬁ} | o o s i %} W i g
for he given substrate. Extacton Modue Frme_ EYTELSN MOKONSOMNASH
.. Mutt-Modal Input Muki-Modal Input | o PETNLPVGYPPO Y
10-8aq 3D-Confo n PPTAFQG...
Natural Language Molecule Protein I Muls-Modal Input Most Prompt Extractor
c Instruction-tuning
Continual pretraining r A Y
stage- stage-2
( ) ( ) ( cheBI |
PubChem Swiss-Prot, TrEMBL PubChem, ChEBI Suise-Prot
Molecule moh:.a;;;aual mbcl:i‘;,-;;awal
100M V“:"“g""a’;’”“' 60M nawral language protein — natural 52K nawral language
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2(37216: &M r:{> ratursl wt;:g:age a5M f:> natral anguage  2M
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ChemRxiv 59M e ™ Y e ™ R el
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L e J \. /

Molecule - Natural Language Alignment

Protein - Natural Language Alignment

Molecule - Protein Alignment

Advancing biomolecular understanding and design following human instructions. Nature Machine Intelligence, 2025
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Al Scientist for Machine Learning

!

@ Idea Generation

. LLM Idea/Plan
: Innovation

Novelty Check
Sem. Scholar

_,[

Experiment
Template

J

[

Code A via
LLM & aider

]

ldea scoring /
archiving

[

Experiment
Exec Script

[ Experiments ] ';

—>

@

[ Update Plan ]

J_

[

Numerical
Data/Plots

],

Paper Write-Up

4 k,
; Manuscript
L Template
- v o
Text A via
LLM & aider
\. ' J
Manuscript
* )
LLM Paper
Reviewing )

The Al Scientist: Towards Fully Automated Open-Ended Scientific Discovery, arXiv 2408
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Coscientist

a [] The module does not use LLMs
Input prompt from scientist ! B The module uses LLMs
Command used by LLM
| Coscientist
Google
Search A?PI GOOGTE Physical world
hardware
Web searcher GOOGLE EXPERIMENT —>| Automation <~ * Cloud laboratory
e Liquid handler
Internet «<—— BROWSE * Manual .
PYTHON DOCUMENTATION experimentation
e Docs index
Docker Code ’ Retrieval and
container “—— submission — 1~ Code execution Docs searcher P e gggﬂm%rr?tgt'ijoln
Performed experiments Searching for — Performing Generating — Controlling a liquid handler
to validate the agent organic syntheses cross-coupling reactions SLL code for — Using a liquid handler and
online — Optimizing reaction a cloud UV-Vis together
conditions laboratory
C

Heater-shaker
module

. ken
Agent settings jLoke

Autonomous chemical research with large language models, Nature 2024
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AtomAgents

Multi-model multi-agent Al system ' ;

Multi-model data

Multi-agent system

Inputs

Actions: ...

O

Al ageht

Actions: ...

Al agent

* Question
Multi-model data
» Context

» New question
In-context learning

Tools

» Calling API

» Physics simulators

» Experiments

* Al models

Predictions

Develop new
data

Multi-model
data analysis

Learning
and
Adaptation

Reasoning
and
decision making

Knowledge

storage and
retrieval

AtomAgents: Alloy design and discovery through physics-aware multi-modal multi-agent artificial intelligence, PNAS 2025
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Autonomous Scientific Discovery

Al as a
Generative Architect

Al as an

S Level 4
Autonomous Scientific Partner
Al as an LEVE' 3 Future Prospect
Automated Research Assistant A network of Al agents invents new
Full Agentic Discovery s‘rzlgntlﬂc‘mevzthods, dlscoyerlng
Al as a Level 2 unifying principles across different
comPUtational Oracle Al agents independently manage fields on a global scale.
- p— the entire research process from
Partial Agentic Discovery T
Level 1 Al agents automate parts of the research
workflow under human supervision.
Expert Tools
\ Y J

g Agentic Science

From Al for Science to Agentic Science: A Survey on Autonomous Scientific Discovery, arXiv:2508
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The Other Side of The Coin

NEGATIVEIMPACTS OF Al

Q: Considering machine-learning methods, what do you think are negative impacts of
Alin research? (Choose all that apply.)

Leads to more reliance on
pattern recognition without
understanding

Results can entrench bias or
discrimination in data

Makes fraud easier

Exacerbates power imbalances:
only scientists at well-resourced
universities or firms can be at
the cutting edge

Ill-considered use leads to
irreproducible research

Expensive or
energy-intensive tool

10 2

Other '
0

0 30 40 50 60 70%
onature
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PROBLEMS OF GENERATIVEAI

Q: Where do you think generative Al may have negative impacts on
research? (Choose all that apply.)

May proliferate
misinformation

Makes plagiarism easier,
and harder to detect

May bring mistakes or inaccuracies
into research texts (papers, code)

Makes it easier to fabricate or falsify
research and harder to detect

May bring biases
into literature searches

Makes it harder to
assess student learning

May entrench bias or
inequities into research texts

Raises energy consumption and
carbon footprint of research

Other

O 10 20 30 40 50 60 70%
onature
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