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1 Byl X talk 2DEAEdHE2

X137 Schwartz Reisman Institute seminar [ E 27 DAESE K —5)3%: Jeff Clune AH{iH, foun-
dation models A& HilIATZ T— A Kag SCABAL, @ik I FE L open-ended algorithms 5
Al-generating algorithms f{)JLA ™ e8GR 1156 — R85 AR A #4E .

Clune fF talk FF3Loeafith =284

« Quality-diversity algorithms: AN HHE—ERAUAF, Mg R—HB A RIS B & T .
+ Open-ended algorithms: 7 2 R GuGaTTREERFLL AR HERET . i, BT Ape

o+ Al-generating algorithms: #78 AT REEA G GEAL AL U IFRY ] YA . agent ZEA9FNI2%
FhE.

SR M2 LA 5281 foundation models i ARGHHLL 1 LLM WA R L5 4 S . inter-
estingness {Pfli%. agentic system BSHE. (LRIIEZEHE . FIAVAAE S, WATLUE R2e 4 Wikt
SR

& 1: Talk B FBHELE : quality diversity. open-ended algorithms, Al-generating algorithms, DA
foundation models 7 EHIFHLL . i

AN talk YR TR SCHIMAEUT R . BIFERE R E B — KBRS R B iR
UL A A B S ; quality diversity #5H archive 5 goal switching; open-ended
algorithms # archive " @24 F1FF4Z; foundation models il “A: BiAT55 . PEALA B, 2k
5 agent. HIMEFI" BHAEITRS.

Y0045 T S ] DX ) 00:04:20—-00:04:50,



1.1 AREpg;

X3 talk X} self-improving coding agents fJfME, ATETHEAEMARSL, MAETELH B —0]
5 ¥ generate FX14, evaluate Fimg 5# 714, archive stepping stones, mutate =5
BB N5, - safety monitor PRI 71 .

2 Hbsik: il 2 “RBUERHB Rz %

Clune B55—MZ 08 53 H novelty search 5 (Why Greatness Cannot Be Planned) —Jjk:
RETARME )&, BRI B H AR W REIE I R RAE R . R E I, Wk agent H¥E
E) H AR IR ICEE B 22l B AN ) A S (B SE B B PR s M e 2 i & B, e
FT X I S S T A R

Key for Science & Technological Innovation: e
Generating Problems, Goal Switching

Coeeh 0 Sy ek
Why Greatness
Cannot Be Planned

Conjecture: The only way to solve hard problems may be by creating
problems while you solve them and goal switching between them

[l 2: Clune JijJj 8050 FUEH goal switching: 1B RIS # ok 13 thrige & BB 058, T
LB E . B

i%fi#: open-ended search ASERGHLELIA

Clune JZ 551, ZMEEHRHAFT YRR, B EH AR Montezuma’s Re-
venge. RELET “HIENIHLRE Z AW IR, iR LA REES—1Hir L,
WA TR HE A2 N6] .

2.1 goal switching W&y

Goal switching f8#/2 ML RIFE PRI — DAY HT HARA T —2L HI AR R
BATAIE, ANEREARELZIFE T AR HARR O Z 48 E . Hlas Nt BLRBI 702, ARV

2300590 T ) X ) - 00:07:15-00:07:45.




118, AN T B . A TR 5 o ARG PT RE AR 28 2 BRI AR 5 open-ended search
SHEATIN archive, {ENJG%E stepping stones,
Bl M4
R B FREG BN o2 “XE”, T2 B 0 A () 208 3 AN v SRR . — 4P search system
DAL AU B CAE R BUHTAIL 2 I el AR TEAE AR 1) 7] A8

2.2 KRGS

FUAR Y 20 S5 2 B A SR Bl 7 e R A AeifF—> objective SCRCR, ARG FILgs; AN
RAECREZHE. mocE . AT AP S, wltn] EAE SRS IniR BT i AR i A

3 Quality Diversity: MAP-Elites [1¥) archive 1

Quality-diversity algorithms ) HARA & 50— N Ufg, Mk d— "l 22285 i fg
YU EE S . MAP-Elites 2 Clune T S A ES Y, Fh)54: POET. OMNI. ADAS. DGM
G RGAAEANEJZ & H A —Fh playbook.

el 3: MAP-Elites [ 3EAG5E: SERATHLERE, R ERBHOL cell, FEA cell fREFHAATH
PG Y elite, O

MAP-Elites BUHLH AT PAS B~ ARH fa AT IR -

archive = {}

> |while budget remains:

parent = sample_from_archive_or_random()

child = mutate(parent)

00591 ) TR ER i) X[+ 00:08:45-00:09:15,



score, behavior = evaluate(child)
cell = discretize(behavior)
if cell not in archive or score > archive[cell].score:

archive[cell] = child

Listing 1: MAP-Elites A&
Herbi KSR 2 P25 (A 20 -
« behavior space: JIRfliidfF “J@TWl-—2K", Blald AmE. =i, PEIA,
« performance measure: J{IRHW7 [l —2E N EMRA LY, BUANATIEREE .

MAP-Elites

Mouret & Clune 2015, arXiv

* Multi-dimensional archive of phenotypic elites

+ Choose dimensions of interest in behavior space
+ Discretize
+ Perturb, locate, replace if better, repeat

Set of diverse,
high-quality
solutions

B 4: RIS, MAP-Elites A B AL R B2 REVER R, 7T DATE R0 Hh A 25 1% 20 ]
I B v T e

3.1 Mfl 2 archive by dn LT B %

ARG R Y B i — M, BB ERE RN RS, (HRASTRERCN X
BEWMGT BXES. MAP-Elites fREZEZYE archive: &—4 cell #@—ME KA RN
Ko XFMEHIERG RN A& =FhHE

o BLERES): AUEMPLE I E 2RR, WXL .
o SRS 5%k mutation A DAMAFRIZRILEY) elite %,
« BWite)y: Do T ARG IO R B2, R DX (T 22 A R ame fE «

AT I TR AT X ) © 00:10:15-00:10:45,




3.2 counterintuitive curricula

Clune Ji lineage plot YiH, & & i YA e EAA SHrE R — H AR al gk, M2 AE
search space FP4E | —FARKAYHZE . X DG AR YIS : ARG tH AR BE, B
Ll CEBRAR" AR RBEG B E A T X LA BRI B

Goal Switching is Critical

Lineage of a Final Solution

circle = iteration 0, color = reward

B 50 i T B R e R 2 S AT X8, I goal switching 1 B30 AL 2482 i)
ft—sy. B

3.3 Go-Explore: [a]—A~ RV ] b B b5 5 il

Go-Explore 8 quality diversity f{)EAH%7 5] hard-exploration RL., F A EMYIRER,
2F ] BRI REZ RS S R R4S . X T Montezuma’s Revenge iX K i [A]3% A reward E]’J{]j"i(k,
&4 RL RAEG A ES: Go-Explore #iid archive fRAFEHRIRE, BN ELIRSHSIRE .

S AT TR RN () X ) = 00:11:45-00:12:15,




Grand Challenge in RL: Effective Exploration

* Hard-exploration problems

« Sparse-rewards
+ rare feedback
* Montezuma’s Revenge
+ Was a (mini) grand challenge

* Go-Explore
« Learn the highest quality way to get to

as many different states as possible
(diversity)

[ 6: Go-Explore $§ “FIki 2 RS I R IEZ" 150 quality-diversity BT, B0 H s
iRz, B

3.4 KRGS

Quality diversity 43 open-endedness $2{It 1 E BRI EHEEEH : archive, B4 archive, RGH
A—FMAHL; AT archive, RGEHLAMREZANI71] . ZRSRIEHZ AR KA HER AIRY stepping

stones,

4 MRS open-ended algorithms

Quality-diversity algorithms {58F — MR : EATEEER AP ET. Clune #3575 H
open-ended algorithms: RGA HBAE—AEEHRE B LS HE agent, BN BUHTFAEE
B R 2 > Pk

O U551 T ) IX ) ;- 00:13:15-00:13:50.,




Intriguing Possibility

* Could the algorithm generate its
own challenges and solve them?
+ niche/challenge/opportunity/problem:
* tree leaves
+ solution:
+ giraffes
« caterpillars

s
g\

AN

| 7: Open-ended algorithms [ H Fri& R = A #y Al . Clune L5 NIESCILAE P
ANPRAZ BB open-ended process. f

4.1  HARBALMAS 1L
Clune Ak H AR AL A A ZE UL 2 FRATE FI WA open-ended process. (A=A T ZHE4E Ay
B, FANTEREE:; Bl bt intl, B—PNRIERRATH B S, B—FEoRER S B3E B
55 . EAMEFE— DRl WRG—ANER TR, BRI EEkSNE1T?
open-endedness [FbRiEA IS5 5
W —AN BRGRPIEF) FA benchmark SOTA, K52 124 Hi A4 PE, BAE open-ended.
Open-endedness B3R “ffe " A B BEARSE ™ A8y IR, HLFIERss.

4.2 POET: 3HBifll agent Wit

POET, HJ} Paired Open-Ended Trailblazer, & Clune NN EE LS. © R4 envi-

ronments 5 agents:
o EM mutation A& B
o JLREXS YT agent £E AREZHWAIME" HIFFSEE.
o FuiF agent M PERELTRS ] A FRE.
o WRIHEAS agent TERFAEHRIE G, ML EANIZIFER elite.

A T [ X ) : 00:17:45-00:18:15,




and keeps generating new

envirenments to soelve

=

K 8: POET [a]m}A: i EAEE fl R ol ik SE2A55 11 agent, 1 ¥A5E mutation 5 agent transfer %z
g, B

Clune 321, POET HUgE BAA R B TR G, M2 BRI F T HER AL curricu-
lum #RICTAMRR— LU AP ET . ARG EIRLESERE 1Y . B A AT P RIFAEAE N stepping stones.

4.3 ARFpES

Open-ended algorithms {4 archive AL “[F—IFEEH I 2R R “3R5E . agent. 155
H12E S PR 3L [ AR 7S X self-improving coding agent i , X B E AN AR R ARAFAR AL checkpoint,
AR S . KM=, T H. prompt. fCHEIA regression suite.

5 Foundation models 7 28E38 1L

Clune A} foundation models il- open-endedness $E AT E, 2R EANTHEEAMT ZEME T
AL LANER T s KMUARATE 45 250] | interestingness FWr, tHFAAL . HEC AT RH5EE: . SS9 agent
wE,

& LT T ) %) - 00:19:15-00:19:50.,
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* [f we should make it

+ We have a long way to go

* How will we get there?

€] 9: Al-generating algorithms {200 : A5t H AR AGI, FRATR W3 fese bk U AL
EL

5.1 OMNI: Ji] foundation model V£fl) “AF i Hk”

Open-ended system WZGEEGRPIRIME ST - —2RAME . RIETFRBUAT 2 75— RARTHAHET
. EE. BAKBE. FI R USRS 2, (I T EHIT “interestingness” .

OMNI, B Open-endedness via Models of human Notions of Interestingness, BJAZ.LMETEE:
foundation models ZEFYN LI T REARKT “MHaf@RER. H28mH. (2568 1
BRfFS. TRAGWAMEAL: 255¢ archive PR EARIES, XS R AEGRR?

O YO 45 i T B ) XA - 00:22:10-00:22:45,
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Methods

* Generate RL tasks with
» High learning progress via
« Are interesting ask Four

Tasks b 5
Learning Progress P — Observations ~ Envi

Which tasks are learnable? feward £

+
RL Agent
Model of Interestingness Next tasks
Which tasks are interesting?

Task sampler

Action

Buiuies 7y |eaidAL

K 10: OMNI ¥f learning progress 5 foundation model [ interestingness H|Wi%5&, FRIT B T
g5 2 o T T e .

OMNI 5t i

OMNI () KR “LLM 237437, MEHARJEA LR interestingness F b A— A~ A] £ i) |
AL, FIFI learning progress ZHA MBI, XX} coding benchmark A i JCHEEL, F AifE
PURNGE TR A BRI 2, XREFT I8 ke

L0 308 55 1 T B ) DX = 00:28:10-00:28:50.,
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Jeff Clune

Infinite Task Space

able |
Wy,

« Challenge: need a “universal
reward function”
+ reward for any task

« Solution:
» ask GPT for that too (code)

Kitchen env (Thor)

K 11: OMNI ZEH KAL45 %5 [ H b uniform sampling #1H7& learning progress ¥ RE4ERFA R4 o
il

5.2 Genie: foundation world model ff:’4 Darwin-complete 5%

Clune B —/~EZE A2 “Darwin complete task space”: {IRAFS S0 BB, 250
AHHE E simulator fRAE. Genie 2§ world model 7] PAM SCFEAN S prompt A= il a] 22 B HFA, IF
4 agent action #EHPIRZS. BILATESE, H Clune B2 X R T IRZEMIME, FKRMAS
F5E

B TSR] X ;- 00:29:40-00:30:15,

13



Jeff Clne

Genie 2: A large-scale foundation world model

w r

v

b )
B “r Al

https://deepmind.google/discover/blog/genie-2-a-large-scale-foundation-world-model

&l 12: Genie gi#ifE foundation world model: T, IRFSEEFL AT B HR AR A % . i

5.3 VPT: HIM#INA LT s

Video Pre-Training f##t & sample efficiency. {44t RL agent 7E3 355 WP 12 B L1 —
MEHZER; H AR foundation-model era [ agent H] AN HECMI A . ZAE . 47 L p24F] “ii:
RruEE AT A SEWT S350, KEhaTBEFEMFEL” . #E Minecraft diamond tool f£:45 1, VPT
JEoR T HNGAT A KRR AT 55 1 B

2 300 45 g o ] DX ) - 00:38:40-00:39:20,
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pre

Jeff Clune

Challenge

* Videos are unlabeled
* unlike text, music, and images, you do not get labels “for free” in
online data
« text: next word
* music: next note
* images: next pixel
* we need actions taken at each timestep

Video Frames

Bl 13: VPT Bkl HIER U500 35 e ShVEARES , S AU ES PR £ 2 S e, 1

5.4 KRGS

Foundation models fEiX3% talk F35iE ORI (00 (E 454 i#S . interestingness FWr#s . H AR
M FhSeE . BATHAS A 3R open-endedness, {HibidZMEDASLIRRY search space Fl evaluator
AT,

6 M agentic system #EF|HIKNE

Talk J52}: Bt 1] Al-generating algorithms [ 5 —AM% /0 SO ANMUE AT , 024 BUE U7
agentic systems, X H X2 AT H 2 neural network weights, Jfii4& prompts. tool use. planning
loop. memory. reflection, fCHZHI scaffold.

6.1 ADAS: H3z)ikil agentic systems

ADAS, BJl Automatic Design of Agentic Systems, % agentic system F/x CHEZS[a] R,
RS Y3 —A archive, MIIA agentic system HUH(H,—4, il foundation model &K, RIFIT
fh RS 2155 i H. interestingly different, {15RiEL, Sk archive,

3 0045 0 i P i) DX i) - 00:43:10-00:43:50,
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LLMs —> “Agentic Systems”

LLM Agentic System

1 G P
Prompt AN
— P < ej\)-‘ {/g

Mermory Tools Other Agents
E % C e T %
+
B

"

Answer

Unera o — Actions
Agent Core
Ei

— Goals Planning t

K 14: ADAS $f LLM 1325 fi%, agentic system , FHE /L5 ZE# 2 memory . tool use. planning, critique
il e, U

it 2 AR S Tl 3
MR agent MHEAIAE Python A%, prompt. THIAMARARLIGH, NFEMA—1 AL 2
AT DAL XS SR o A HEAEALE S0, fURS L search SAT TR REME: , (L EE 2 Z) M regression

test,

6.2 Darwin Godel Machine: HIKX G M open-ended archive

Darwin Gédel Machine, DGM, &2 Clune 7£ talk FVE S /441 self-improvement £4t. B %4
ESUEAIP ISR

o Darwin: QAL —FREZHE. miE . R4S /L5 1UHY stepping stones,

o Godel Machine: R PAME H S, H-AEHX G € TE8ER) utility improvement .

L T ] X ) © 00:49:10-00:49:50.,
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= i 2 klfclmeﬁ
Darwin Godel Machine

DGM Archive Tree DGM Progress
SWE-bench __
o score [1%° 1 Average of Archive
- Best Agent

o0 o a o000 | —e— Lineage to Final Best Agent
00000000000 000DOOQRO ©
o0 o o0 20 o

[

O 1ot robisicunetonainy
‘

&0tash

SWE-bench Score

core 0.4 and
top two of archive then)

o090
More granutar file

Final best agent L
viewing via lines

0 40 50
Iterations

K 15: DGM ¥y archive 5 self-improvement %5#4: 2GMEA agent H A&, EREHHCHENE, I
BT R R X 4. B

Clune LI HER T=RES: 528 DGM. i self-improvement [{i4~. ¥ open-ended
archive 1§ hill-climbing fii4 ., 45842, self-improvement F11 open-endedness #REE; R E—E
JEILE MG B L archive FRAE .

Both Self-Improvement and Principles of ot oo
Open-Endedness are Essential

-~ Checked Open-sourced SoTA s e --- Representative Ag
DGM wio Open-ended exploration

«— DGM wjo Self-improve

-~ DGM

o
o

° o
& 8

)
8

N
b
Polyglot Score of Best Agent

£
@
o
Ed
o
@
o©
=
¢
S
g
A
=
G
c
@
2
i
=
&

o
i

40
Iterations Iterations

SWE-Bench Polyglot

& 16: DGM 4538 E : self-improvement 5 open-ended archive W™ J5 NIERH: GEHE TA Tiik - id

5 058 T P ] DX ) < 00:53:40-00:54:20.
L6 551 i TR S I] DX ] © 00:55:10-00:55:50,
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6.3 Al Scientist: HatFEXRMIEN open-ended domain

AT Scientist 4 open-ended search #EZ|R}2E K : FEiH idea, H, HSEK, Hib3C,
peer review, Clune $E35RE, Hlaf2E>)2id 6 B bR Arg e, Bk <Semth i & St i1
Mo JEZE v2 BASEE 24 1 T3 FmF] ICLR workshop H #4232 111830

JeffCune

o Jetf Clune & oA -

NO WAY! This is nearly EXACTLY one of the paper ideas The Al Scientist
came up with! It was one of my favorite ideas it generated, and made us
very impressed with its creativity and good taste in a proposal for an ML
paper. Cool to see humans agree! The humans def executed better
though. See The Al Scientist appendix for the Al-generated version:

AN-Scientit Gemeratd Prepei

GROKKING THROUGH COMPRESSION: UNVEILING
SUDDEN GENERALIZATION VIA MINIMAL DESCRIP-
TION LENGTH

[ ———
Paper s donble

& 17: Al Scientist KfFl2# & FIF A idea generation, experiment. paper writing 1 review Z£n] H
ks, U

T SO e P i) DX i) - 00:59:40-01:00:25,
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Safety & Ethics

* Containerization
* Watermarking
* Full transparency always
* More work needed
* not exploring dangerous areas
» refusing requests to do unethical science
* Impact on publishing ecosystem?

& 18: Al Scientist v2 ByZa M E I watermarking, human oversight, better reviewer model,
L4 judge %, I3

6.4 ACD: [Azhfie bk

Automated Capability Discovery, ACD, {8 A&tk : AN EiEFA#RI S F benchmark, [
& H AT AR B A BOR & RIRE ). XA X A RITEMAR 548, FMEE benchmark RSy
Wil s geslid & A Bh4E L capability probe A PAYE N red teaming F1 model evaluation ffj%p
FE.

18 00 9 T B ) DX A : 01:01:10-01:01:50,
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o ol
Jeff Clune

Automated Capability Discovery (ACD)

* Subject model
+ One you want to learn about ol

* Scientist model PO Crobiver o Fatures
« Searches for questions/tasks '
* Then evaluates

* |s answer right or wrong? h
+ |s that surprising?
« Grows an archive of interestingly
different discoveries
+ Capabilities
+ Failure modes

& 19: ACD k8% H 81182 capability 5 failure mode, 3k & IfESE benchmark 5 A\ T. red team
iy,

6.5 AKHi/PYS

ADAS. DGM. AI Scientist fl ACD ft=— A XG@ AR, WHAT. FIPEAS . T8y
B, % coding-agent self-improvement Hiit,, X PLEAWFFERT R AT VAANE BB E B EASTR”, 12
agent scaffold. tool policy. task archive, code patch Fl evaluator J2%& T i p] HF 2L A E .

7 4y open-endedness WG N RS

Clune 7£ talk fll Q&A L YK5RE, open-endedness 5 self-improvement #WAZHE Al safety ikt
EPO. FRERER: WRARGWEIAWIREH I, W gERERER T R RGNS
HC, B REM SR AT 200 .

RO A5 i TS D DX : - 01:04:10-01:04:50,
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SEEY
for ADAS & DGM

* We followed community best safety practices
* containerization

* monitoring
+ we did not observe dangerous behaviors of agents
* More work is needed though
* e.g. infusing constitutional Al

¢ Exciting & important future work on safety in ADAS & DGM
¢ and all self-improving Al

K 20: %74 slide: Clune $2%| containerization, watermarking. AT, ANERERGKE TN X
R A s B o, B

7.1 talk "L A pLE
Clune 3| % x5 i 015 -
BIBIT RS
PNEN I e
AERGHRIA LR 1.
STy i watermark

WFFE 2L constitutional AT FJZYH, 1hZRGEAEA: BUHT 7R VH Il AN 22 4 X

7.2 Q&A: WIRAEEE agent Kt stepping stone B 2Jp

Q&A rh—AN BRI QRGBT 7] RE A2l 1] SE S (E B R SEHY stepping stone, 2
TIVZIRER? Clune [ RIEIEF I BIEXRER, M A EELIENEE agent RG] GERY
AW T BRAEEMAE . el iR e HIoE M E B AR5, BIMEAANEX 48 .

open-endedness B

RN REIAR RET AR ER T ARR " . 1E safety-critical systems Ht, —284337 N
MEST A . BB AL, 12 WY 515 0820 4 XN E R G BiEAE Rl i i«

20 30345 1 T ] IX ] :© 00:56:40-00:57:25
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7.3 Q&A: A monitoring AI

Clune 48 H—NETAEYE: self-improving system A] fEZEZLAMA monitoring Als., B TAFI
FRGEHLZMAHIR, ARORGLSELRBGE AW, RO AMER. ZER5 K human
review, XMHEXT coding-agent HELHEZL, FNHN ARG iE¥ %05 H O BB

evaluator,

7.4 Thought Cloning 4 v] iR PEFENE%

Q&A H Clune t##£%] Thought Cloning: 1k NS agent 7EATZII L B ORI P A
BIEAR, FFEI 7R T thinking trace. #FAbit agent W2 RIS A FARTEF AMR IR, (T
LAFTT. X code agents i, XX “ik agent FEHEME. R, J I A ANE BB h 5 T 25

artifact”,

7.5 KRGS

Open-ended self-improvement [JZ24 AR E T, e RGBT —5R45 . — D EHHTE
/LFLAES generator, evaluator., archive, regression suite fil safety monitor, &9 A 44804k [H]
— ML H Frddigk .

8 X} self-improving coding agents W)L )3 K

TR talk BEFE] coding agents, R PATSE]—AF HAKFIBFEHESL . Coding 2/ ERENS
R AT R . RS diff. [EEIR. {54 archive FI T B O AORRES , A% BI5E &30 1H
i open-endedness FAEAE R AT R4 .

Archive W ( Generator W ( Evaluator
% . patch. TH. fHme| [EMTssias] . Btk utility

Regression suite Safety monitor
IHRE ) OR P fER T ) SR A AG

8.1 WIS 1: fI 44 coding [ stepping stone
JE£ coding agent H, —4 stepping stone AJPLE::
o N task, BEVEKIH agent A IR
o —Nf tool wrapper, ibJGZEATSHEEAS) .

« /> prompt 5{ planning policy &2, iR,

o —> regression test, PjjIlJ5%rH MR LIHEE .
o —/ failure case, Z§&% evaluator 5 agent [ H i,

'/

KEAZ LU A Z R, MR BRI I a2 Jr .
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8.2 WIFEME 2: W Y interestingness
FrontierSmith | idea divergence HIKrFi coding task 21517 A2 Fikng; OMNI A foun-
dation model $|W; “455E archive 5275 interesting” . X v DAL A
gl coding benchmark ikbs
—ANHT coding task PMME AT ATRILPU TR : 2R ATHAT, BEA %, BEFELAFEER, &5
H7 ¥ downstream utility, RA difficulty %4 strategy diversity fJ@, KA EIHH stepping

stone,

8.3 WM& 3: Wifu$%5%—IK self-improvement

1] PAE PowerPlay /DGM JEAH I, coding-agent acceptance rule:

candidate = propose_patch_or_new_task(agent, archive)

new_agent = apply(candidate.patch, agent)

accept if:
passes_old_regression_suite(new_agent)
and solves_new_task_better_than(agent)
and candidate_is_interesting_given_archive(candidate)

and safety_monitor_allows(candidate, new_agent)

Listing 2: coding-agent self-improvement [{j322 71| B2
XL < agent FEEFAAS benchmark bkJy” B, KW EZOREESRE . FL 5. B
PEAN L A SR I AT
8.4 AENG,

X3 talk 45 coding-agent J7 M KIE K A% BMEE benchmark B ST, A
BB A1 —> archive-based self-improvement loop, ilfF454:/%. agent k. B4 .
interestingness i BEF1 424 Wi 44 [F] AT

9 G HE
Clune 1 closing slides {8 talk B 5-h=)2:

o Quality diversity algorithms BEIRZRIERZS|E], INEE stepping stones, F|f goal switching 4
T8 LR .

+ Open-ended algorithms JERFFZEANHT, G5 A G MBI RLR .

o Foundation models il- Al-generating algorithms ZFfS3EEIISE, KA AT DA AR SS. tHAL.
agent. fCALFIRL2AEI .
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Overall Conclusions 2/3

OMNI

* Finally pursue what'’s interesting

Darwin Complete Search Spaces
« Generating endless learning environments
*  OMNI-EPIC (code)
« Genie (foundation world model)
VPT + Sima

« Pretraining to help with exploration, sample efficiency
+ Evolution took 3.5 billion years to produce humans
+ VPT/Sima allow us to leapfrog to the interesting part

& 21: Clune ) MfkgtiE 2 —: OMNI, DGM, VPT £ R4 EHAEAEEmE ] open-endedness Fl
archive 150, Bl

9.1 MR PLR
X3 talk BB HT AV EE B XS A LA -

Open-ended progress = generation + selection 4 archive + safe goal switching.
A S SR
 generation: FEEHT agent. FHTS. P, FHESC. FikEJ) probe.
o selection: ¥ =, U, interestingness. utility MZ24 1.
o archive: {{{FLFEE M stepping stones, TMAE RARE Y HT &AL

» safe goal switching: FVFRERHHLIS, (EARERE R GRS AT 9] .

9.2 I “fhRMHBEARERRD B R

X3 talk FEEAZIEAFH) foundation-model BfAL TAEAR . 5 HEAZ O 52 H K H bn Tk
MR, Clune 7£ talk HRIRIYE . FRATAMATHE X AT 244 AR 454 . MAP-Elites & archive,
POET Z¥4EH1 agent LR L, OMNI J2 interestingness evaluator, DGM J& H X agent archive,
AT Scientist 2R} & P .

2L TR B TE]X ] : 01:07:10-01:07:50,
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9.3 ZYnBEBY L

o Kenneth Stanley 5 Joel Lehman, Why Greatness Cannot Be Planned: i objective deception
F1 stepping stones,

o Mouret 5 Clune, MAP-Elites: P quality-diversity archive,

o Ecoffet 4%, Go-Explore: Pf# hard exploration H1#] archive 5[0 %2 HLRE .
o Wang 4%, POET: BRI agent RO

o Clune, Al-generating algorithms: Ffit AI-GA 11 =37Fk,

o JT4ER) OMNI. ADAS. Darwin Gédel Machine, AI Scientist. ACD: Fff# foundation-model
Hp AR A 5 e 254 TR b

9.4 IS AIm

MR ] K0 self-improving coding agents, %37 talk BYE SR REIFIR “M— 14 B
Ky AI” X230z, g h—MREEEPIESCH 1 78 coding X AR HATEAE Y, 8 open-ended
search [} archive. stepping-stone value. interestingness #ll non-regression 2% Ji, 7] M F5F5

WREHE B ST A, AR :

W% JEIY research thesis

Foundation-model coding agents make open-endedness empirically testable: code tasks pro-
vide execution feedback, task archives, regression suites, and inspectable self-modifications,
allowing us to measure whether generated tasks and agent changes are genuine stepping

stones rather than benchmark-specific hacks.
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