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O 75 LLM vs. SiFSIEIS:
v SEFREN LLM TEEMNFRMES. FMigEliRsEhSRIE (Open-ended Environments),
v &5 CL FEXIFSHEFRTN "ERET" 5§ "TTE8M" B9% % (Stability-Plasticity Dilemma) .
v IER #Y ABBRT Gradient-based BISHERT, T EZTIESEHILRIBAMHER (Memory, Tools, Context) ,

Planning Learning & Evolution To be Explored ...
. Mechanisms Alita
Tool Calling & smolagents Godel agent
Workflow Construction & Manus ° AsSI ] :?ﬁ:ﬁ:gfnce
J;ﬂﬁc

& DeepSeek-R1

[ LLMs ] ”)F - .
Execution via Tools & Planning

Language Understanding & Generation

© GPT-4 1ChatGPT agent Se ¢ ovolving A ts g ‘ﬁ'

'. -evolivin en

Y% Claude-4 g79 Artificial Super Intelligence &
Foundation Agents @

Leaming from Feedback & Experience

o Our Survey

"It is not the most intellectual of the species that survives; it is not the strongest that survives; but the species
that survives is the one that is able best to adapt and adjust to the changing environment in which it finds it-
self" — Charles Darwinl
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Bt (Self-Evolving Agents):iSEEB5iBIS SIMGRIFFEACE, BEMBHERTFAN (BEERESH. 1Tld. &
R, TEERBSRM) ISR, OETHHRGSIRS, LIS RIFEHER.

O Self-Evolving Agents FEX :
v EEEAEHRERA, BES5NMERE (Trajectory v) fEWRI% (Feedback r) , BEFEFHFHEBM (1 - ') LA (Utility U) .
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N e 7 ) ¥

PEKING UNIVERSITY

« T8 (Environment) POMDP: E = (G,S, A, T,R,Q,0,7)o B {LRES (Strategy): f(,7,7) =1 . EFHIL « Fik
. IR (Agent System): T1 = (T, (1), (C.}, (W.)): B ARG RETARRG T
o T': Z2#93E3h (Architecture/Topology).
o Y, IREIEER (Model Weights),
n
« (;: EF3X (Context: Prompt & Memory). max UIL., T
3 U, )

e W;: TEZ£ (Tools).
e TLUREIES IR, WSS, ke
O 5&&# 60X R : SRS (AT, IR A,
v" vs. Curriculum Learning: CL IEEdEREF, Agent (UEREIFFZEAFSEER.

v vs. Lifelong Learning: &%t LL MIEHINMESR, Agent 5&iFStructural Change (RN TEEIEZEML)F] BHFERE (Self-Reflection),

Paradiem Evolving Evolving Dynamic  Test-time Active Structural  Self-reflect
g Context Toolset Tasks Adaptation Exploration Change & Eval
Curriculum Learning X X X X X X X
Lifelong Learning X X v X X X X
Model Editing X X v v X X X
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When to Evolve?

=| Task Completion

Inter-test-time

, Intra-test-time
@Q Self-evolution

{3 Self-evolution

Methods ICL SFT RL
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Imitation &
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0 a

Textual Self-Generated

Reward-based

Single Agent
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Ext | Cross-Agent
erna
. Multi-Agent
Implicit Hybrid
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Online/Offline X On/Off-policy  {©)Granularity
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, = ‘ 0
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:i{ General-purpose Applications

Specific Domain
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O What to Evolve ((#{6{14):
v Model: Policy, Experience (Self-Generated Data).

v' Context: Memory (Storage/Retrieval), Prompt Optimization.
v Tool: Creation, Mastery, Selection.

v Architecture: Single-Agent Optimization, Multi-Agent
Collaboration.

When to Evolve ({iJfdi#4k):

Intra-test-time: {1 THAYSCHTEEE (Task Completion).
Inter-test-time: {EFEPFIIEE SHA (Post-hoc Learning).
How to Evolve (40{a)i#{k):

Reward-based (RL/Feedback),

Imitation (Demonstration),

RN » I NN

Population-based (Evolutionary Algo).

Self-evolving Agent

SCA [5], Self-Rewarding Self-Improving [°], SELF [10], SCoRe [1 1],
PAG [ 2]. TextGrad [ 3], AutoRule [14], SRLM [15]

SCA [4], AgentGen [16], Reflexion [ 7], AdaPlanner [1%], SICA [11],
Self-Refine [20], Leam-hy-interact [* 1], RAGEN [27], DYSTIL []

SAGE [2], Mem0 [ %], Memlnsight [ *0], REMEMBER [ 7], Expel [
Agent Warkflow Memory [ 2], Richelieu diplomacy agent [*(], ICE [31]

R N N

‘What o evolve

APE [27]. ORPO [*7], ProTeGi [ *']. PromptAgent %], REVOLVE [*],
PromptBreeder [ 5], DSPy [37], Trace [ 5], TextGrad [I3]. SPO [$9], LLM
AutoDiff [10], EvoAgent [£1]

N

Voyager [17]. Alita [13], ATLASS [+/], CREATOR [*5], SkillWeaver [46]
CRAFT [17]

}—(Lzam/\c[ [4%], DRAFT [49], ToolLLM [50], Toolformer [ ], Gorilla [52]

Architecture

ToolGen [57]. AgentSquare [54], Darwin Godel Machine [55], COLT [
TOOLRET [7], ToolRerank [5:], PTR [59], 880 [00]

AgentSquare [ ], Darwin Godel Machine [*5], Godel Agent [1],
AlphaEvolve [0 1], TextGrad [13]. EvoFlow [62], MASS [02]

Intra-test-time
self-evolution

——— When (0 evolve =i

Reward-based
Self-Evolution

Imitation & Demonstration
Learning

Population-based &
Evolutionary Methods

How to evolve T

R

SFT SELF [ 0], STaR [7], Quict-STaR [50], SiriuS [+ 1], Chen et al. [52]
-
seli-evolution RL HRAGEN[,,}, Leaming-Like-Humans [ 3], WebRL [+], DigiRL [7]

AFlow [04], ADAS [6]. AutoFlow [66]. GPTSwarm [07], ScorcFlow [
FlowReasoner [], ReMA [70], GIGPO [71]

1cL >_@cﬂnim[ 1. SELF [72], AdaPlanmer [|]. TrustAgent [ 7]

AN N N

SET )—(Sclf-AdnpliwcLM[ 1. TTT-NN [75], SIFT [76]

L )—(LADDER[ 1. Tl [75]

Reflexion [17], AdaPlanner [1%]. AgentS2 [20], SELF [10], Self-

Textyal Fordback) Refine [72]. SCoRe [11], PAG [| 7], TextGrad [ 7]

Internal Rewards!
External Reward:

Tmplicit RcwnrdHRcwurd Is Enough [ 100], Endogenous reward [101]
CRTrR— SR [ [V-STaR [102], AdaSTaR [105], STIC [104],
Others }——(SiriuS (511, SOFT [1061], RISE [107], ToE [10]

Single Agent )—@GM [55]. GENOME [109], SPIN [110], SPC [1 1], STL[112]

CISC [+7]. Self-Ensemble [5]. SRS [], Self-Certainty [+],
Self-Rewarding Language Models [0(]

Self-Train LM [21]. MM-UPT [42], CoVo [27], SWE-Dev [04],

SICA [95], Feedback Friction [90], USEagent [97], DYSTIL [23],
OTCPO [Y5], AutoRule [ 1], EGSR [3], LADDER [77], RAGEN [27],
SPIRAL [29]

Multi-Agent )_(Emm,\C[ 1. Puppeteer [ 11]. MDTeamGPT [ 11°]. MedAgentSim [

HMnhilc-Agcm-E [117]. MobileSteward [1 7]

Curriculum WebRL [4], Voyager [22]

Leaming

Model-Agent ‘WebEvolver [ 19], UlGenie [ 120], Absolute=Zero [121]
Co-Evolution

Coding, GUL EvoMac [ 1 17], SICA [95], AgentCoder [ | |-]. QuantAgent [ 127]

Specialized Domain

NP NIV N N W AN A N A DA N A NI N N A N N N A NI N A

Others )—C\nn-ﬁnpllnl[ 23], Voyager [7]

Figure 2: Taxonomy of self-evolving agents, in which agents are analyzed along the what, when, how, and where
dimensions, with selected representative methods and systems annotated at each leaf node.



/ O Z) Q: -
" 5 \
{598 PEKING UNIVERSIT Y

(1) sTaR ) crReaTOR, ' ) AFlow ‘G wnss G orse
= 1
Self-Instruct k ProTeGi LiBraI ToolGen : b 9 :
<3 Voyager %) DRAFT : 2> Leamn-by-interact :
; = rStar-Math '
& < ) WebRL r = '
Math-Shepherd “\ _» GPTSwarm . (1) Sirius :
. N <’ ) Arxiv Copilot y & Sl :
() AdaPlanner \ AgentOptimizer: = ! ScoreFlow i
2024 o g . RISE I !
_ Reflexion 0 e . :
\ P “%.© 0S-Genesis
v Tree-of-Thoughts 1~3 ‘\i, TextGuard

() DigiRL

/ % A

; ' Generative Agents :_-.a. IoE \ . / P : |
& STIC + fa2 GIGPO {;}EvolveSearchn

O PromptAgent ' Expel , . Godel Agent - 4 i
¢ odel Agen ey 1

O PromptBreeder W QuantAgent / | @ Reward Is Enough :
1 i

I 1

] I

&> soFT (£ AiphaEvolve
G AgentGen ¥ ADAS

) AutoWebGLM [ # Darwin Godel Machine

I/@I Richelieu @ Agent Workflow Memory _/ T ——— 7

- mm o Em E Em Em Em A Em B Em B Em Em o Em e o o o

Figure 4: An evolutionary landscape of several representative self-evolving agent frameworks from 2022 to 2025. The
figure chronologically organizes major research milestones in the development of selt-evolving agents with capabilities
such as autonomous planning, tool use, and continual self-improvement.




What to Evolve

01. {28! (Models)
I ARIEARBI S EEHT.
- BEEREWERNA (SFT)

- BES (RL) HREELL
- [E/BEEEIRIL

02. X (Context)

SEIRAFELSIES L.

- 1BfZiE:
ADD/MERGE/DELETE

 Prompt {ift: 582 vs 1]

Table 2: Representative self-evolving agent methods positioned along four evolutionary pillars; a filled bullet (o) marks

dimensions where the approach actively evolves.

Method

Model Context

Policy ~Experience Prompt Memory Creation

Tool

Mastery ~ Selection

Architecture

Single  Multi

SCA [¢]
RAGEN [22]

U
- TYERICIZIFZR

AgentGen [16]
Promptbreeder [5]
Expel [25]

Agent Workflow Memory [29]
Mem0 [25]
MAS-Zero | |
Multi-Agent Design [63]
SPO [29]

Alita [43]
TextGrad [17]
DGM [55]
AlphaEvolve [01]
ADAS [05]
AFlow [61]
ReMA [70]

Skill Weaver [46]
LearnAct [45]
DRAFT [4Y]
ToolGen [53]
CRAFT [47]
CREATOR [45]
Voyager [42]

03. TH (Tools)

1TERIRENRILFRY E.

- BEERWMSEIE (Voyager,
Alita)

- FBEERSSEREE

- TEHIBSEZR (ToolGen)

04. 2214
(Architecture)

REHINSIMEEICRIER.

- BRE ROREIEEESTR
V/Fied

- SRE Ae/EERINER

- BRERESITES
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What to Evolve () - #Z/UIAZIEETIA9H{L (Model & Context)

O Model Evolution: S8 52188914 :
Policy (SRRESEHT): EEeidEEEREIEMEAES.
SCA (Self-Challenging Agent): fa&i#n & 12 Code-as-Taskfa)@RE, FERROA,
TextGrad: BXAKEAA "BE" , RAEELLSEE Prompt,
AutoRule: ¥ Reasoning Trace 3%t AR LET NI,
Experience (RI8RFR): NRZEHRZES, A—ENSEH, (BUTARH:
(TEHEE I T RIS N E AT F T EE)
Reflexion: IESH/ZHURMES) (Verbal RL), B critique ESEHRCIZ, 18ERFMITHLIBERESHEIR,
RAGEN: £ T E{FRF#HITEZ RL |2,

O Context Evolution: E FX5SicIZHEhSEE:
v Memory Evolution (CL %§#): figiR “2H4"” 1 "SH&” :
Mem0: FiE&pipeline, 3235 ADD/MERGE/DELETE 18/E, #:—ait,
Meminsight: \HIZEHIEEY Insight/Rules, MIFFfiEIRYE Raw Data (Experience Distillation),
Prompt Optimization (PO): fi{tIES:
OPRO/DSPy: & Prompt #lARI{LAESEL, BSEZREGRIFINIL.
PromptBreeder: RF— 1 EHA, LIARIIESRBEUNIES.

NN N N N NN

NN NN




What to Evolve (ll) - JMEEE/IBIH B (Tool & Architecture)
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O Tool Evolution: MER&EZICHIES :

v

LS NI NI NEEN

Creation (HEEIE): MXIFRAHUES.

Voyager: £ Minecraft 5% LLM B3R Skill FENEE,
CREATOR: @iz THOIEZSEATAMFER.

Mastery (FA%E): fFRFILEADISERIRE

LearnAct; @i (Trial-and-error) {&1F T ECIEESIRY.
Selection & Management (SI2): R TERIRIE,

ToolGen: BT EMZFEE S Token &R (Virtual Token),

O Architecture Evolution: EF#RRIMNIBIERMN

v

NN NN

Single-Agent Optimization:

AgentSquare: iR IEZE=E (Planner/Memory/Tool HEHREEER),

Darwin Godel Machine: 31F Agent {E2ZEH BRI Python {18, SCIIFHREEHAL,
Multi-Agent Optimization:

AFlow / ADAS: BT/ERIIZENX AERER (MCTS), BalxI& Agent IMEEL.

EvoAgent: Y EgEMNAEES Prompt HE.
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Intra-test-time ({E52HA)
"TEMERRES)" - BPRBE&ERL,

AgentEHTIRIMESHITIEF, BERE. =id.
TERIZIERSEERE., XINEER T,
ETRHEXE, EEMFRIRRIFIEIRAEE.

> BAEIH): B (Reflexion), BISHILMELE
(AdaPlanner)

Inter-test-time ({£53[8)
"SR EEEHHL.

AgentfEsep—RIIESE, FIFFRENYUTEEHR
1TRZEIELEH. XMEXSERKERED, B
FRESHEGKHAICIZ, RS TARFKANES.

> HREIH: B& SFT, £ RL (WebRL), 1c12/3
2
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When to Evolve - ##{¢BIBRNEDO

Variant Genera tion Verification Policy Update
Intra-test-time
Self-evolution
B R o
Agent
E .
(e mes: —
5 - m
Inter-test-time

Policy Update Trajectory Rollout Self-evolution

O Intra-test-time Self-Evolution (UiAYA): BirEEFRLEISpecific Task
v ICL-based: B4 FEHIREICZE D, SCIBIFEAE. a0 AdaPlanner IRIEIRMERIEENSES T, MIESER
17, Self-Refine BIZZ BREIITEMNAHIHRE.
v BIZISEEH (Instant SFT): FIFHT=IE/MN " BRIEIES", EEENERMAIGINEINEERT, FREIEREN S
BI_E M XIF&ELTER.
v Test-time RL: B2}, £zZnHIEZ N ZRA{TEF)|%Z (LADDER), EEfEBImRT RS ETUHEIEEEEN].
O Inter-test-time Self-Evolution (izAI7h): BiR2EFiZCEEND, IRSFHRFES
v BES ICL: B dERIIAvET. TEGEREINFNIPrompt L ™., E—IRAINEIHRITER ARFKIESZHI VARSI,
v BEEERIA (SFT): SELFSSTaREI: XRtnERIEEMIEIRNE, BISERITIES BRI FitaREE A TR,
Quiet-STaR1EGXFHEIEHN (L IFEzLEE,
v FEERMEFES (RL): FEFFRAE (40 WebRL, DigiRL) #, BIEREFIZETRHMISFHEE, FIFELRREEIEA
WU SRR 2%, SCIN " FakaE",




How to Evolve (l) - 32R)3EEN#1El (Reward-based)
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Textual Feedback Internal Reward
Natural language: My plan was to ... T 7 o Model’s own probability estimates or
However, the task says to... | should QR & certainty
have ... Reward-Based
Evolution e
Implicit Reward @ | > External Reward
In-context RL using simple scalar @ =] Environment, majority voting, or
signals ~A/ explicit rules

BB RIEF maz Y UL 7). XBAETF Feedback r #9381t

O Textual Feedback (XA ki®): O Internal Rewards (RTE32RED) :
v #IH LLM IBfZBAES Critic, v FIBREEBA Logits & Consistency,
v' Reflexion (Verbal RL), TextGrad (ZAtHE). v Self-Consistency / CISC, Self-Rewarding LM.
v (ERFE, s, BLEENR, A RE. v RS AT ERYKER, SCIR Self-Supervised,
O External & Implicit Rewards (2x{533() O Reward Granularity (3ZRIRIE):
v External: f@iEe8iREE. 1518 . Rule-based check v RS ME (DPO, Rejection Sampling) .
(AutoRule). v 3ESM (Step-level, e.g., Math-Shepherd ,
v Implicit: BI{E7EREAFIRC AR IRES T e AlphaMath ), #RRWEZEIIRRE,

%3], Reward Is Enough (In-context scalar signals),
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O Imitation & Demonstration Learning:

v Self-Generated Demos: STaR (Bootstrap Reasoning). E&¢TA RIS, IS EIEREARIE,

v Cross-Agent: SiriuS (Multi-Agent Bootstrapping). #37 Experience Library, #3F Agent {#{F%3X Agent,

O Population-based & Evolutionary Methods:
v (B, 48P Agent FhE¥, i#1T Selection, Mutation, Crossover,
v Single Agent Evolution: Darwin Godel Machine (DGM): Friztif#t, 1B ESiE. GENOME: AW EHNE(EEXLIL.

#, ¥ Error YEA Loss, EUEREIEH Agent At Prompt, Puppeteer: i#

v Multi-Agent Evolution: EVOMAC: S M1l

it "IBIEE" R, I&EE Agent,

Table 4: Comparison of self-evolution method families along key dimensions.

Dimension

Reward-based

Imitation/Demonstration

Population-based

Feedback Type

Data Source

Reward Granularity

Online/Offline

On/Off-policy

Sample Efficiency
Stability

Scalability

Scalar reward, natural lan-
guage, confidence, external
signals

Self-generated,  environ-
ment, external rules
Outcome/process/hybrid
(flexible)

Both (reward learning, RL,
DPO, SFT)

Both (DPO, Reflexion,
GRPO)

Moderate (depends on re-
ward sparsity)

Sensitive to reward design

Good with automation

Demonstration trajectories,

exemplars, rationales

Self-generated or other
agents, humans
Usually outcome/process
(via demo steps)

Typically offline, sometimes
online demo mining

Primarily off-policy, but on-
line variants can be on-

policy
High (f demo quality is
high)

Sensitive to demo qual-

ity/diversity
Limited by demo collection

Fitness scores, task success,

competitive signals

Population generations,

multi-agent systems

Often outcome-level, some-
times process via competi-

tion
Online evolution or batch
population updates

Off-policy  (population);

self-play is on-policy

Usually low (needs many tri-

als)

Sensitive to population
size/diversity

High but resource-intensive




How to Evolve (lll) - EESTlak Y E (L 4

i

O IR RHEE:
v' Online vs. Offline: SLRIRRBE X3 vs. BLEEGEEREFS,
v On-policy vs. Off-policy: Reflexion (On-policy, ZH2) vs. DPO (Off-policy, ZHEE/EZ).

Agent Evolution

Offline Learning Online Learning
Learning Paradigm @g | ? PN | .
Data | Filtering — Model Agent o Environment
@ > Generation Fine-tuning
—
Pollcy ConSIS'tency On—policy Evolution Oﬁ_pOIICy Evolution
: |
' | e e
? e _,Qm, _fé-rraj Human Demﬂ—v Féig::f
- Other agents
S,

Process-based Reward Hybrid Reward Outcome-based Reward
Reward Granularity

Step 1 Step 2 Step 3 Outcome
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O General Domain (iERE$laE) :

v

v
v

Memory Mechanism: Mobile-Agent-E (Tips &
Shortcuts).

Curriculum-Driven: WebRL (Bzi4BRZEIMERNES).
Model-Agent Co-Evolution: Ul-Genie (ERfi#{4
Agent #] Reward Model).

General Domain

O Specialized Domain (EEMIE):

v
v
v

Specific Domain

Coding: SICA (B{&%Mt8), EvoMAC .
GUI/Web: Voyager , WindowsAgentArena . 9
Science (Al4S): Arxiv Copilot, OriGene (Virtual Blologlst)
STELLA .

Medical: Agent Hospital (H{LE4E Agent).

@

Memory
Mechanism

<P
Coding

Medical

s

Model-Agent
Co-Evolution

@

il

GUI

-
-
-_—

Education

85

Curriculum-Driven
Training

il

Financial

o?
]
Others




PMSEE: HhASIER

Eh"ﬂah' iEE= s)iSEfE (Self-Evolving)
ET@ (Adaptability): EXFTFL NI - BSIHE: RANEEHURS NBRHGEME SIS
R®E, (Benchmark)o - NEBEZRIERL LEWWEHT@J A
. %ﬁ\‘ét(Robustness):Eﬁ?#@iﬂﬂﬁlﬁ - FHREGEN: ES5A LR B R BEEEEENFEA,
TR E . HR4E - MRIERNERN TS (WRERT
- KNF S KEFIHREFNINIREIRS - KHRR G B A/ B 5L F S8 ml. TEZEMN) o
MRS R, RIS 1S o R ELE

, BERRTIIUCEF TN, E;é/fz%’é’
#/{7 SFFEEE FRTIHIBE.
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@ Evaluation Paradigm

(@' ) Evaluation Goals and Metrics

4 r
Static Short-horizon Long-horizon
Adaptivity Assessment Adaptive Assessment LlfeloTs:z:;r;I;gtA bility
(Z%\. ’
L YA Goal : K
Retention
Safet
aiely External Task-Solving Augmented Traditional .
) @ Lifelong Benchmarks
a Evaluation Benchmarks
5'7\ I Internal Agent Built-in Dynamic Dynamic / Evolving
Qag l Benchmarks
Components Evaluation Benchmarks
Generalization Efficiency \ y,

1. ZlM8#E (Goals & Metrics)

O

O <

Adaptivity (ERTE): FEIERORERIBINZERIET (Success
Rate by Iteration Steps).

Retention ({REEEES] - CL #&%10Y):

Forgetting (FGT): fM{ESEFIfG, |HMESHURETNIEIBE. FGT, =

1 Y maxjeq g (i) — Jid]

Backward Transfer (BWT): #H{EEEIXt RESHIERIGE.
Generalization (;Z{t): OOD (Out-of-Distribution) 4gE.
Safety & Efficiency: Safety Score, Token Consumption.

2. &8I0 (Paradigms)

Static Assessment: {4t Benchmark (AgentBench, GAIA).
Short-Horizon Adaptive: fGHAEM 4 (ADAS ECHZE).
Long-Horizon Lifelong Learning (dfF5E):
LifelongAgentBench80: & DB/OS/KG 4T HELEHES TR,
LTMBenchmark: &F1¥{& Long-term Memory B9fEIT 1%,

S s 0 00
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B LEESIFEFY] (CL) MRESS R

JESELiC12 (Non-parametric Memory) BYft Replay Buffer

- CLiE=: &% CL #kift Replay Buffer Zig[RInHA, ZIRTEMEZSEFILERA.

- Agent FXE: Memory Evolution (e.g., Expel, MemInsight) SCEl Y High-level Experience
Replay. Agent ZiERIZERNIN (Rules), #3288 (Skills) #1z/& (Reflections), MiAFREEIE. XE2—H
E=2H Knowledge Distillation, 8EEE &3UtTIES.

EIR{6E{E (Modular Evolution) fER e 2E1%-fRE EEIR

- CL¥BE: Stability-Plasticity Dilemma,

- Agent 5Z: Tool Creation (Voyager) #[1 Architecture Search (AgentSquare) $2{ 7 —#4 Add-on T(HY
B, BISIEIN/MEE LEEERIERE S KIENFTES, RS0 LLM 281, XA T
Parameter Isolation, #RAFHE T KMEMIE XIS,

E5iRIEES] (Active Curriculum)

- CLIER: (5% CL LIS ENAIRE.
- Agent FZ: AgentGen ] WebRL B~ 7 Agent BILAEFIERGIES HBIEEIHY)IISGEEE (Curriculum
Learning) , N\MFEE=EIMLZ, XEWME CL TTiAHEIRY,



BB 7E Al for Science (Al4S) BIEitD 3"?*3”

SCISZEETIE (Lab Automation) - Tool Evolution

- B CIREREOZR, FEERESIA.
-+ Agent 5%: FIF Voyager T\RY Tool Creation #l#l. Agent [FiEEHH{YEnAPE -> REEHG
(Python API) -> TE{FE/iPfEidsE (Mastery) -> 2 Tool Library, SEISLIRE=RESIRIBEY 5K,

B2 {ERigE (Hypothesis Refinement) - Reward-based Evolution

- B RERR=TREX, dBEAE.

- 13E: FlA Reflexion T(HY Verbal RL, Agent f2H{RiIR -> IRITEEH -> $X1SIELIG/FER IR (External
Reward) -> 45§ Textual Critique -> {E1F{Ri&.

- &% ZF{Coscientist, JAINExplicit Self-Evolutionf&¥, it Agent fEESCIGINSZ, M SEHIERIRRIR.

SHHIEKREFSHAEIALZM - Evolutionary Architecture

- BR: BEMNECIBNEIREIL.

- BZ: FF Darwin Gddel Machine ) AlphaEvolve, fEMBIEISERGAERITHES S, BTFERHY
(Population-based) IRZRIFFENEIZZIE), 1L Agent HALHEXIEFEMIE R FRIE FAKiFE=S T,
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