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Agent: EERIRNIIEET

RE, TESESHREX — 1 ETES.

What Is Agent?

Agents are systems that independently accomplish tasks on your behalf.

(Moo(el j [ Tools ] [Instruct}on

Python

weather_agent = Agent(

name="Weather agent",

weather.",

1
2
3 instructions="You are a helpful agent who can talk to users about the
4
5 tools=[get_weather],

6
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BE—REFFEHIR workflow, orchestrator, optimizer g¢ autonomous agent,

What Is Agent in Real World..

- “Fancy words are invented everyday... and combined randomly”

. Perception

Structured feedback (logs, metrics,
curves)

. Reasoning

LLM-driven hypothesis formation

. Action

Code execution, API calls, In
simulator runs

. Memory

Accumulates outcomes - makes it
evolving

In > LLM Out
Query/ Call/ Read/
Results Response Write
Retrieval Memory
Tools

“Augmented LLM”

LLM Call 1
Orchestrator LLM Call 2

LLM Call 3

“Orchestrator-workers”

Synthesizer

Out

Solution

LLM Call LLM Call

Out
Generator Evalvator

Accepted

Rejected +
Feedback

“evaluator-optimizer workflow”

Action
Human < > LLM Call Environment

Feedback

Stop

“Fully Autonomous”

Figs: “Building effective agents”, blog of anthropic

w



Agent 88 IR0BLR%KEE

#&Age. TRER. iciZ. RFSRFOAHERERFHNL.

- “Trying to sort out such fancy words..”

ﬁSystem/Hamess)

A

Lor\g-"l‘erw\ Mewmory C)

Tool-Use/McP/Skills C)

JaY

[Orclaest rath or]

Auto-Evolve

Autonomous

U/
System 1 AutoCo»«piete

"GPT 40" and older

Multi-agent C

Workflow

) RAG

/A
-/

=
System 2: ReaSOv\Eng & P[an]ns

"R1"

() Prompt Engineering

Fancy Enough!...?

for tasks like
Al4Coding/GUI/Web:

- Clear Feedback (Yes/No)
- Short-Term Evaluation
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HEAATEE, HER. KERATI SN,

£, ZESHRIR (FR2 Yes/No)

A
10
>

)
7t

o -
" o e iieteteieietelele ettt ettt ettt ettt ettt ettt ettt
: .- ! . e.g. A hybrid network that H
. n 1©.9. The design suites | A combines an RNN & a | e.g. A Pytorch i
i , 1 eg. i
. ‘ E‘rc.'}';etdata source or :r\ ' Transformer it neural network i

Unique data source Objectively measurable task E ;/‘ i P> v|mp|ementat - ;?f&ﬁ’gﬂ;%%
, S | . - Bad Idea?
o2 ) ey . - Wrong feature?
; - AR

W

b’my

Application Development
Data Science

et

Daily work

KEH, =SS, %

Applied data scientist
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Hit{tR&ADAA -2 OB R

FIREENE, ZIRHIRE, T4 TalHIZHEEIXT).

Pl o

s~  Hypothesis Experiment o
ol @ ~ | Formulate candidate & Design and run tests ﬁ’itmm%
=

explanations. to generate results.

O‘.

o FBXN: EMLIHR

)y

@ | Data s Feedback o HHE: ZHTSRIR
Nam¥ | Collect, curate, and @ E Evaluate outcomes
L structure observations. Trial-and-Error LOOpS and extract insights. =

o 175): SEIRELSCI

@ Reasoning as Optimization
e iClZ: BIREZER

_ o IGIE: YRSEETS
Reasoning Memory
Infer, plan, and decide Store knowledge and
using stored knowledge. accumulate experience.




TiaS=EGRIEEIR&DIBIN

% Fork 1.8k - W Starred 13.8k -

R&D-Agent: HRSHAIMFENIBEINIESR (tech report arxiv. 2505.14738v2, 2603.01692v2)
Reasoning as Gradient: IEB{EAMHES (ACL 2026, arXiv:2603.01692 )

W S N CM 352 I B Evafl: S Y eS g
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https://github.com/microsoft/RD-Agent
https://github.com/microsoft/RD-Agent
https://github.com/microsoft/RD-Agent
https://github.com/microsoft/RD-Agent

R&D-AgentfEZe: {£LZHiE, WMAgentELR

B2 F S TR RN -SRI Bz,

Traditional Applied-Data-Science R&D: A Trial-and-Error Evolving e Research Agent REHIX. IRR. 1ICILSREEM.
R&D-Agent codifies human experts’ R-D Co-Evolution Loops

e Development Agent faZsCHl. I SRREIFE.
Research Agent Development Agent
Ideation & hypothesis crafting Implementation & validation

mm /

o HECIUESHTHREERMRMMN + HE—.

R&D
Co-evolving
More Exploration @Plann. ing: More Exploitation . Remaining time
Try to tackle different problems efficiently dynamic strategy over time Optimize existing solutions == e T
lmplementation Solution with low computational budget Solution with high computational budget
Feedback i Works _ _
pace ~—®Exploration Path Structuring. — \
! 1 An ldea
> » 7 Parallel Exploration (failed to improve)
: o SelectParents An Idea
> . - ¥ N (improved)
Generates high-quality Produces robust, Y e
A : = - | i Early Stop
ideas & experiment plans production-ready code Initialization \ L
! |
! | . Parallel Running Processes
— —- — e = Nexlﬁ:zanslon b —p
e —bb>
L | - ) —Pi—> —Pi—m>

©®Reasoning Pipeline & Idea Proposal.

f
'
: Virtual Eval. ©Coding Workflow  @Evaluation Strategy|
- N 0 | 1 @
— — I I ©OMemory % &L : Ite npe Y&E?har;us b Ev:l‘:n;titr?:lllztric
rativel icient Debu
§ ' . Context f: o 'J | g ¢ 4
S | omlp | - ------ s ! * Sampled Dataset Data Curation *
g | for Debugging
81 |Prev. Real Q |
21 | hov 2ol problem/Challenge | Hypothesis Driven ! 1 Ful .
@ . ificati | . .
u:" ! vatia. pata Identification Idea Proposal X X Runnable Solution % Dataset Valid. Data
§ H Scientifically Inspired Reasoning Pipeline g ]
'
1
'
'
v

Research Agent Development Agent
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Knowledge An Idea (failed to improve) An Idea (improved) 'l J Early Sta}

5FEZ/Research agent: ESWAVRSE

SRR SEMHEELREIRE idea RIFE.

Sampled Dataset 2 Full
for Debugging - Dataset

e
[

Learning :) Exploration - :
| -,
_> —_— _>
Initialization — ..

Diverse initialization Parallel Exploratlon » Fusion
Start from different seftings Ide If'. problem Identify diverse succgssfu\fea1ures
Propose specific sol\.mons Merge solutions

High-level Feedback:

¥ .
ol
Dev & Enhance ¥+

lteratively Debug 8
Runnable
Solution

Running

| =

@Resear‘:h Agent Running Processes = —P#l—» —Pi—p —Pi—pp>  —Pil—pp

HyEIRaIR&DIZRFAIER{Agent

Development Agent

S S ER R R 70 ST WL
=R [RRR. YUHERIR. BIRE.
B REBIICIZE D SUEHE,

1@
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fEcodinlETiHN\TTEE) || £

B,

{}j\:ﬁ Knowledge

FABRER/ Development agent:

IR BRI TS ESINAL,

An Idea (failed to improve)

An Idea (improved)

DES5B8N

- Sampled Dataset Full
|
o Early Stop 8 for Debugging %

~N

Dataset
' ' '
i
Learning => Exploration > — |
! 1
- Dev & Enhance &z
— — — lteratively Debug 8
Initialization
Runnable
Solution
— — |
\
Diverse initialization Parallel Exploration )Y Fusion Running
Start from different settings iy e

High-level Feedback:

Propose specific solutions

Identify diverse successful features

Merge solutions

=

. Research Agent )
Y Running Processes

RV — I — -

v

—P#i—pp

\_

Development Agent

HyEIRaIR&DIZRFAIER{Agent

©Coding Workflow

Dev & Enhance
Iteratively Efficient Debug

| Sampled Dataset
for Debugging

Runnable Solution

~

@Evaluation Strategy

Run & Calc.
Evaluation Metric

Data Curation

Full
Dataset

<>

Development Agent

o
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ﬂ Exploration

@®Planning:

Try to tackle different problems efficiently

dynamic strategy over time

More Exploitation

Optimize existing solutions

Solution with low computational budget

Remaining time

)----

T-t

~N

;;OExploration Path Structuring

Solution with high computational budget

Initialization

Parallel Exploration

Next Expansion
Node

"
An |dea
(failed to improve)

An Idea
(improved)

' 71 Early stop
[

Parallel Running Processes

O®Memory

——P#i— —PHI—DD>
) ——Pi—p —Pr—I»
__________________ /

Virtual Eval.

©Coding Workflow

Dev & Enhance
Iteratively Efficient Debug

O®Evaluation Strategy

Run & Calc.
Evaluation Metric

=)

o EENMRRMENAEME, EARNEXASAEHRZRREE
o NETEYZ
o T{EAENNEZURRRIZAYZ

Sampled Dataset
for Debugging

:::2:' f$§:1‘ Problem/Challenge Hypothesis Driven
Valid. Data Identification Idea Proposal

Within EachEexpansion Step

Scientifically Inspired Reasoning Pipeline
-

|y [ /

Runnable Solution

Data Curation
Real
Full Eval. from
Dataset Valid. Data

Research Agent

</> § Development Agent

HyEIRaIR&DIZRFAIER{Agent
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Promptixfil: SREIEENE, (BAEEEHEESE

You are a research scientist formulating testable hypotheses. For each hypothesis, perform
two main tasks: hypothesis proposal and rigorous five-dimensional evaluation.
Hypothesis Development Guidelines:
1. Specificity & Decisiveness: State exact, unambiguous changes. Avoid vague goals
or alternatives.
2. Testability & Actionability: Describe implementable and measurable changes.
Focus on single, unified conceptual improvements.
3. Evidence-Based Reasoning: Ground hypotheses in experimental history or domain
knowledge.
4. Implementation Feasibility: Consider resource constraints and technical complex-
1ty.
Five-Dimensional Evaluation Protocol: Score each hypothesis (1-10) across:
+ Problem-Hypothesis Alignment: How well the hypothesis addresses the identified
problem
* Expected Impact: The estimated improvement after applying the hypothesis
* Novelty: Degree of innovation compared to previous attempts
» Feasibility: The ease of implementing the proposed hypothesis
* Risk-Reward Balance: The exploration-exploitation balance of the proposed hy-
PULIMJL‘J
Component Classification: Assign each hypothesis to: DataLoadSpec, FeatureEng,
Model, Ensemble, or Workflow.

HURIRHIRADIFEFHB#H{LAgent

[

EEED

JTH inner-loop ¥debug

You are a grandmaster-level data scientist generating robust, debuggable code following
systematic development process.
Important Context: You are working on sample datasets and your code will go through
automated iterations. Design your code to be iteration-friendly with comprehensive print
statements and clear debugging information to facilitate the automatic improvement process.
Memory-Enhanced Guidelines:
1. Historical Learning: Reference previous failed attempts and their feedback
2. Pattern Reuse: Apply successful patterns from similar tasks
3. Error Prevention: Avoid mistakes that occurred in previous experiments
4. Performance Optimization: Implement improvements suggested in historical
L
Quality Assurance Requirements:
* Debug Mode Integration: Support —~debug flag with data sampling and timing
estimation
+ Structured Output: Use
ogging dependencies
» Reproducibility: Implement proper random seed management and deterministic
behavior
* Resource Management: Dynamic resource allocation and proportional data split-
ting

rint statements for progress tracking, avoid external

gl



Open-Al MLE-Bench:

751 HEXKaggleFaEE FAVImENHNAL,

= MLE-Bench: the largest public ML-engineering benchmark

- 75 kaggle competitions crossing several domains published and open-sourced by @OpenAl

Industry span

Task span

— e e s = Competition Dataset o
: o SRl Description | e
o T(ﬂrlnra model l?,
o " ° where the agent would N euracy
rank if it participated in 3’

e & © @

Fibrosis Progression Forecasting Organ Segmentation

Histopathology Cancer Detection I'I En I.T“ cnn E Tumor Radio genomic

P hl' s t r Sentiment Extraction Catheter-line Classification
“ “: ec 0 Obstacle Detection K-ray Abnormality Detection

Patent Phrase Matching s 0 Model Pretraining

Toxic Comment Detection FTwnn E Speech Recognition

Volcanic Eruption Forecasting Fare Prediction Document Restoration & Denoising

Fashion Recommendation c n c Audio Tagying

Salt Deposit Identification M M E n In OA Systems

Product Image Classification Material Conductivity Prediction s ..More..

Train madel
Debug

Test model
Create submission

e ... the competition Scre W = o
- : 634% © +— Grader

e BECV. NLP, Xi& HFSSEHES.

o EEENIHIETRE. HEIERE. B, SEREREA.

- classification, regression, object detection, semantic segmentation, sequence prediction, QA...



MLE-Bench 1F{#&

75/NESEKagglesssR FAYIHE T,

40% | Task Complexity
) 35.1+0.4
Low==Lite
35% Medium U
High 29.3x0.8 __-~7

30% - E All = SEM -
= O
X |
= 25% v
© o
? 20% 4 16.9:1.1 16.921.27
z 3 3

- L 4
E 15% //
8.6+0.5 .~
i 5.1+1.3 g
T =
5%7  1.3x0.5 ey
0% il
MLAB OpenHands AIDE AIDE ML-Master  ML-Master  R&D-Agent
GPT-40 GPT-d4o0 GPTF 40 ol-preview GPT-5* Deepseek-R1 GPT-5
Figure 1: Agent performance on MLE-Bench. Stacked bars show any medal rates for Low==Lite (22

tasks), Medium (38 tasks), and High (15 tasks) complexity levels. The dashed line indicates overall
performance (mean + SEM). R&D-Agent achieves SOTA performance at 35.1 + 0.4%. * indicates
our re-evaluation of ML-Master within our environment.

HyEIRaIR&DIZRFAIER{Agent

35.1% 96%

epa BHERE

13.8k

GitHub2#5

We have solutions that goes beyond the best ever human experts' solutions!

o) . .
9.3 A) chance of exceeding the ¥ top 1 solution
achieved by human experts(evaluated on MLE-Bench).

Competition Performance Distribution

Top Rank Solutionp o-

Rank Percentile (%)
]

100 -

Median (50%)
125 -
Top 25%
Top 10%

12
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R&D Agent -> GOME RiZififEE. BINCIZS SN TIREIZIOULRREH.

( Forced Diversification J
1 N
7y e
Trace 1 Trace N
(Tracei
Reasoning (-
(Gradient-like signal) %
R e
B
Memory Update 7 Global Shared

(Conditional Flow) 5

Structured
Feedl_))ack
*

{af) =1 (pccepted)
‘\Sm(l)9 ff‘), Ah'fl))

__y/| Success Memory
M

(Momentum)

© Validation

Hierarchical
Validation

Execution
oo M

Execution
Feedback
(perf, trace)

HyEIRaIR&DIZRFAIER{Agent

Analogy to Gradient Optimization

i

i VL ., Structured Reasoning
i (Gradient) (Signal)

! Success Memory

! Momentum ¢ (Acceleration)

E Distributed ., Multi-trace Optimization
{ SGD (Parallelism)

Hierarchical Validation Module
([ Format Correctness | Rule-based checks

[& Comprehensive Analysis] Intent verification

0
'
'
:
; (A Evaluation Alignment ] Detects leakage/overftting
H
'
'
i
'

Structured Feedback £ + Decision a{"

Challenge |, Hypothes Selected
ExtractlorHenetamn ';’a'%'g:’ Hypothesn

HERRIES

MO TS N BT 5 ).
* FINICIZIINEIE,
o SHITHUTHR STV IUL.

Concept GomE Component Functional Role
Gradient VL Structured Reasoning Signal: decides how to update
Momentum Success Memory Acceleration via proven patterns

Distributed SGD  Multi-trace Optimization Parallelism with knowledge sharing

Table 2: Analogy between GoME and gradient-based optimization.

13



MLE-Bench Leaderboard: Any-Medal Rate Progression
Oct 2024 - Apr 2026 (75 Kaggle competitions)

SOTA Frontier

Initial baselines (Oct 2024) Fg?nc;?r;ﬁg?;rto)zo
Other agents

Our work (RD-Agent) ®

-Master 2.0
O

Thesis(EEPT-S-cod%x)

? @)

o

AIRA-dojo (03) ?_j ' E"R&M\gent ]
P |(GPT-5) 35.1%|
® *

‘R&D-Agent |
_(ol—preuiew)

&
wn
c
S

pre

=
o
o
£
o
o
<
)

g
©
o

©

b
7]
o7
>
c
<

AIDE (ol-preview)

.//

May '25
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R&D-Agent-Quant: EFSEEIIEXSHIL (NeurlPS 2025, arxiv 2505.15155)
Battery-Sim-Agent: BRI ZFEFZTEAESFRISERE (KDD 2026, arxiv 2605.29560 )

ER: BEAAMEANTERE. ARSHEFES
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SR zins

BiFE. EBRS5URESE.

SRMBRATENRER,

https://github.com/microsoft/qlib

Ql ib % Fork 5.3k

R »

Data

Qlib is an Al-oriented quantitative investment
platform that aims to realize the potential,
empower research, and create value using Al
technologies in quantitative investment, from
exploring ideas to implementing productions.
Qlib supports diverse machine learning modeling
paradigms. including supervised learning, market
dynamics modeling, and RL.

- Starred 34.2k -

mmmmmmmmmmmmmm

Industry Engagement: R&D-Agent-Quant
= Automate Quant Research & Development

1 1
1 1 Z
| = : Factor

N - -

N B s
R&D-Agent(Q)
The First Automated Quant R&D Framework
’-__--‘E*”Tl ’---“5--- \
E® ooVl :
I &0 | — i :
! Financial | I Market i
: Analysis : Backtest !

- - -———

HyEIRaIR&DIZRFAIER{Agent

——- —— -

o ZUONMRAREER, KEEHE. BF. BRSNS

e

o HFRLUWETFERESZIEMFHRIL.

o ARG EFERERNRIZEENEE.



R&D-Agent(Q)

E R EF 2SR IR S E R EESE,

© Specification Unit SR
------Source Dataset------

daily_pv.h5: HDF5 file with [$open, $close, $volume, ...]; indexed by ...
---—-Output Format---—-

Output result.h5, a DataFrame with Multilndex and one column named ...
---—-Workflow Mechanism-----

Qlib trains a model using past factor values to predict future returns, ...

Backgromd> Data > Format > Mechanism

Dynamic Generation based on
Downstream Unit and Action

Quantitative investment is a data-driven approach to asset management ...

® Synthesis Unit

Idea 1
Hypothesis @ ((Area 1 o
Generation |, b Area 1-1 00> Tasks
posed -
ea

Tdeas Knowledge Tree

Knowledge Forest

[(® Implementation Unit

Merge With
;) Factor Codes S%TA Backtest
Co-STEER Factor/Model Pool in
Agent <> Model Code

\

® Validation Unit |

m N/ Dalib

\

New "SOTA

(5] AﬂﬂlYSiS Unit g} > Validation > Consistency > Perfuﬂmnc: > New Potential Idea > '::'

. wailin ]
Next Iteration é:a %

Action Choosing Strategy

Performance

000>  Action

HyEIRaIR&DIZRFAIER{Agent

e Specification Unit 3§ EEIFEMITS.
e Research Unit FZpkEFS1REURIR,
e |mplementation Unit & aXEBFHEAQIlibE,

e Analysis Unit §Wm. FeEMSXBERIRG T—%.

[ -Q- Idea J-»t Hypothesis ]-)[ Experiment ]—-)[ Developmem']
E i PR ), &
[ Research ]4—{ Feedback ](-—[ T ](—[ Codes ]

18



SIENER

REMitERas. EFHESREt BBYSELr Filr.

Table 1: Experimental results of all models on the CSI 300 constituent stock dataset, including factor

predictive metrics and strategy performance metrics. Visual cues indicate ranking groups:
‘Second Best, Good (3-8) , Average (9-14) , Poor (15-20) , and Worse (21-26) .

CSI300

Models Factor Predictive Power Metrics Performance Metrics
IC ICIR RankIC RankICIR ARR IR MDD  CR
Linear 0.0134  0.0992  0.0273 0.1962  -0.0302 -0.3710 -0.1987 -0.1520
MLP 0.0291 0.2096  0.0412 03238 0.0003 0.0037 -0.1390 0.0022
Machine-Learning ~ LightGBM 0.0277 02211  0.0386 03120 00397 05664 -0.0855 0.4643
Models XGBoost 0.0291 02410  0.0384 03257 | 0.0316 04620 -0.1139 02774
CatBoost 0.0279 02181  0.0393 03110 0.0513 07008 -0.0924 0.5552
DoubleEnsemble ~ 0.0294 02246  0.0417 0.3211 0.0551 07968 -0.0971 0.5675
Transformer 0.0317 0.2538  0.0434 0.3624 0.0293 0.4267 -0.0987 0.2969
GRU 0.0315 02450  0.0428 03440 00344 05160 -0.1017 0.3382
LSTM 0.0318 0.2367  0.0435 03389 0.0381 05561 -0.1207 03157
ALSTM 0.0362 0.2789  0.0463 0.3661 0.0470  0.6992 -0.1072 0.4384
Deep-Learning GATs 0.0349 0.2511  0.0462 0.3564 0.0497 0.7338 -0.0777 0.6396
Models PatchTST 00247 01945 00315 02463 00571 07191 [=0.1327" 0.4303
iTransformer 0.0270  0.1946  0.0340 02365  0.0979 1.2337 -0.1151 0.8506
Mamba 0.0281 02244  0.0374 02952 0.0229 03163 -0.1154 0.1984
TRA 0.0404 0.3197  0.0490 04047 00649 1.0091 -0.0860 0.7547
MASTER 0.0215  0.1925  0.0296 0.2486  0.0896 1.3406 -0.0851 1.0528
Alpha 101 0.0308 0.2588 | 0.0331 02749 0.0512  0.5783 [0:1253" 0.4085
Factor Libraries Alpha 158 0.0341 02952  0.0450 03987  0.0570 0.8459 -0.0771 0.7393
~ Alpha 360 0.0420 03290 0.0514 0.4225 0.0438  0.6731 00721 0.6074
AutoAlpha 0.0334  0.2656 | 0.0361 02967  0.0400 = 04288 -0.1225 0.3266

RD-Factorgprao 0.0489  0.4050 | 0:0521 1.6835  -0.0750
RD-Factoroymini [ 0:0497 03931  0.0500 04246 0.1184 13566 -0.0910 1.3016
RD-Agent Series  RD-Modelgrray 00326 02305 0.0401 [~02767 0.1229 16676 0.0876 14029
EAIIENOL RD-Modeloymni 00469 0.3688 JOWS46W 04385  0.1009 | 1.7009. 14538
RD-Agent(Q)gprao )7 0.4069  0.0499 04122 0.1144 13167 -0.0811 14108
RD-Agent(Q)os.mini 10053204278 0.0495 04091  [10.1421 [NI73820 -0.0742 | 1.9150

HyEIRaIR&DIZRFAIER{Agent

3

ARR % 1

2X

F(eU R

710%

ELETF

o EREIAFIEHEFELAEFIE.
o UEDETFHFRFRIGEI, IR,

o ZEZRNIBERTHRIIMEIEE,

Model Comparison

14
I\]f.lg :‘: ;: Model_Gpt-4o
121 23.67MB 0.78ms
Memory Usage Model_o3-mini
18.44ME 2.28 .
101 iTransformer
.36MB 10.61ms
MASTER
41.42MB 2.11
81
18.2MB 3.75ms
61 23.18MB 0.84ms
Slope=CR1 GATs .
21.08MB 0.65ms ) o 1ABiE 0 81ms
41 ' GR 82 LSTM
19.98MB 0.62 0.19ME 0.62ms
2] Transformer  10+72ME 5.23ms
28.64MB 3.45ms
0 4 8 12 16

|MDD| % 1
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Battery-Sim-Agent: Bith#iFZEHIEE & SHRE

SREEURGE, BMISHTEERIE.

HFZEEENDR <->BHEEINAID-E

Battery-Sim-Agent: Bridging the Reality Gap l
T iEAgentS— A SURAIRRI S REMICER !
—— =
et e , 7 o MNERRMEE. BE. EEFHL,
( Digital Twin Simulator | [Physical Ba Observation | o SHEZSEE®. BE. FAOMERS.
RS e ERERERNAN, T o FSCEWSTREIIK, RANEELES,

diffusion coefficients) cannot be directly measured. as a blind Black Box, spending massive

We only observe macroscopic voltage curves. Agent-Optimizer compute guessing parameters.
o 2 [\

l Precise microscopic parameters (particle radius, Traditional algorithms treat the simulator J

HyEIRaIR&DIZRFAIER{Agent



Battery-Sim-Agent:

SREEURGE, EMISHTEERIE.

A ' 4

Mt FZ=ERE & SHRIE

Battery-Sim-Agent

— M HATFHbRESHMGITE LLM-Agent 1E2E

| | BYH Y kK F o) ATILKF
. MlcrOSOft i PEKING UNIVERSITY ;‘?‘-;’; ZNEJ':NGUN'VE'?SI:V
2 B
O mazwense | (@ shisEzn O smmx | (@ pysamm/ DFN 51z
BFE (HSREMK) BRIBRERLA = = RET—A8Y ETF 9B s bam
42 ARENSHER o ﬁﬁ%ﬁgjm‘&;&!ﬁ (JSON JUi& &) w“n .
8 [E RMSE { I i
28.4mV t &m A “porosity_n": 0.318, i
“porosity p": 0.325, |
%1 MAPE e ! "D_s_n": 2.15e-14, i
; : \ i ol !
e all U e o B G BB ||| nies
s "k0_p": 8.10e-11,
s Rl ccm\gma cvRR BREM, | | RREERE | |xrensmnn e Bk,
® 4 FEAR RERENY,| | BBEA SR | |(aus senm. "R_sei”: 1.250-6,
0 250 500 750 1000 % FRE BN 52%, 8% || prny pE52% “sei_growth_rate": 2.10e-16,
}_ﬁﬁ?k_li “F‘EI%E“B BiKkE WY l!ﬁl‘, # ) )
2 WBRITHRG s _ +38 mV WBRERB S \g|§'§ga*) L }
2 - T2
- ]l[ i @ G 3 WES G, BT i o 25 50 75 100
A g 5 %] R RAEHEE RMSE + ERFARS — $B8H o, AEMEELY 2t (%)
B (h) EBEARY BRMTRIE, TLWELRE pirse :
—&E  ---@% o m & Ko, S#BMMA Ds. &{RA DFN 5
'O— B, SRERIE, (PyBaMM)
=) ke EARRNE N MARRE—FER% \ J
= RSR — f = —
b d O EREZUY (BEBZER) =
(i —HiERE
e R O *iis O »f4EE @ Hotn )
- pus ERRE Battery-Sim-Agent
@) (MOFN)  (RMSE) =k HEFEE @ BRREGRL BREHIRER LD
- — AERRBHMEE, FLARB .
ecee i 2.84 @ AR 5 Gi0fE 8 5F MR Agent #If ARBERS, BERE
cese : A RIS : GRS, #THE, RUEAR
t ; 5 W sl O DERLSTMAR, || B, H5ETME
- S BB RIIEE L% FRBTH : : :
© QFBB—RRL KEEBAHA HARERR T DU AR RIS AR,
O HITRENBSKE En e R BERMR SRR BHBHATRE, ARTAREN:
O RHMER, ZLENB O AEEMESNR, CraseR, i:i‘;f”m“
L YRR ;
Ao grws B oes BB aR B er © swEr R pEsRs @ K




Battery-Sim-Agent: Bjth#IFZEHERE & SHRE

REHNEFRER YRR, BIRHZLIRSEE .

Agentigithf Rzt

h {{ Cycle Protocols }}

Perception Scenario Structured  {{Battery Modeling Framework}}
-+ @ | mformation {&etescrnton)
Expert Knowledge  Exploration Knowledge . 2
Battery-Si t ﬂ = = 352% T
a e -1~ en V4 = L E Feedback Analysis .
™ _of ory Ag 'I;:g::;'z:: v = Physics-Informed Hypothesis Formation [ ) }i'tf%l& 1%%}8}? %E%Egﬁzﬁig Ifﬁ%EXo
g Y @% Dynamic Memory \ y MecheniamQuare Update Broposat
o, o . J
S| - : = - 5 N o Agent WIRSCLEHYIIENEI, BLEHSEER.
Multi-modal Physics Parameters of Battery
Feedback ( Elec-Chem Digital S R A Esr IR R S
O / sﬁf,ff.i;i, : @ in o ICIZICRBRRIZANESLZEE SEIER.
allE) el _—
f [ Dynamics ’,
= el — ' )

e |3 | Target Batiery

N\

44,

ZERSRERERIRES N {hHEzsRasiiiEss" 2 “{hHE=% + Agent BOfE"

\



it S2hiT4ER

HEERU ISR TE AR SR R LT BAEIEE

ol | == 67- 5-10x
i T 959%,
27_5 _. —fe IR A
o HENSTUHERAL B R IO,
(a) Regular Mode
o SHEFEEIERE, EToxwa,
il et | o {ERTT RV MRS (REL(S BT TA.,
ot e N —IISRATS . SHRENRIMILITE,

S R e e g LET LI AgentE i —iE!

¢

(b) Extreme Mode

HyEIRaIR&DIZRFAIER{Agent 22



FllSFE: AEEE "HE"



il : EEERRPNER “HRE”
EASBRFSTRERT, HAEESE8S

Google Research Google DeepMind

Towards a Science of Scaling Agent Systems

Yubin Kim'*7, Ken Gu', Chanwoo Park?, Chunjong Park?, Samuel Schmidgall, A. Ali Heydari', Yao Yan!,
Zhihan Zhang', Yuchen Zhuang?, Yun Liu', Mark Malhotra’, Paul Pu Liang?, Hae Won Park®, Yuzhe Yang',
Xuhai Xu', Yilun Du', Shwetak Patel’, Tim Althoff', Daniel McDuff'' and Xin Liu®

!Google Research, 2Gaogle DeepMind, *Massachusetts Institute of Technology, * Corresponding Authar

Agents, language model-based systems capable of reasoning, planning, and acting are widely adopted
in real-world tasks, yet how their performance changes as these systems scale across key dimensions
remains underexplored. We introduce quantitative scaling principles for agent systems as a predictive
model, capturing how performance varies with coordination, model capability, and measurable system
and task factors. Across 260 configurations spanning six agentic benchmarks, five canonical architectures
(Single-Agent and four Multi-Agent: Independent, Centralized, Decentralized, Hybrid), and three LLM
families, we perform controlled evaluations standardizing tools, prompts, and compute to isolate
architectural effects. The resulting model achieves a cross-validated R*=0.373 across all six benchmarks
(R?=0.413 with a task-grounded capability metric). We identify a robust capability-saturation effect and
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Figure 1 | Agent Scaling across model intelligence and system topologies. Average performance
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Too much digital prior, Too less real-world belief,

o [EMY: HLRAEFIRMFGI, LEAHSRAGHHISITUATRE ISR,

o ARY: ANAIENEREEMRESHEMA, FEBUIHRRINE.

2% Google Research, Towards a Science of Scaling Agent Systems; frontier engineering practice.

Too expensive storytelling-tax

. Key Idea:

Crafting features in Al oG] e

models that learn

LT el patterns automatically

« A transformer with a customized attention mechanism

» Learning-driven attention instead of complex feature engineering.

« Static graph relations are learned by a shared bias weight.

« Dynamic graph relations are learned by diverse embeddings. \)
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