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Al Agent = Harness + LLM
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https://arxiv.org/abs/2505.22954

h is workflow
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Retrieval-Augmented LLM Agents:
Learning to Learn from Experience

[ information ][ Input ] —_— —»
Memory, RAG .
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https://arxiv.org/abs/2603.18272
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AIME — BeyondAIME
Easy-to-Hard Generalization
Agent Evolution Tree Eval on BeyondAIME
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How to improve “improvement module”?
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How to improve “improvement module”?

Learning to Self-Evolve nhttps://arxiv.org/abs/2603.18620
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How to improve “improvement module”?

Self-Adapting LLMs (SEAL)
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RL Data
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Intrinsic Motivation
LU Z 5 6

i 18: INAESHHLIERTEYBI T AlphaEvolve % R4 ffe 4 & B AR FHULIREER, 0 H AR Ak
gy, 8

8.2 hfwpOr K
PEESR BN PIIR I FT T 1] -
o Curiosity-driven agent: ik RGUEFA R KB IIE . Toyk MR s 2= K i F4).
« Empowerment agent: kARG AETIMIAIZ FIPRGERPRES, AT 50 I

XM H RIS Agent — DR . L5 TCRBNTEKS S EATAEHER AL E”
o “EKHRIY”, MEHARSE— TR RERAL BT . 5251 e

8 005 00 i o ] DX i) - 00:55:17—-00:57:35.,
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System Message:

You are an expert competition-math problem setter. FIRST, in your private scratch-pad, think
step-by-step to design a brand-new, non-trivial problem. The problem could come from
any field of mathematics, including but not limited to algebra, geometry, number theory,
combinatorics, prealgebra, probability, statistics, and calculus. Aim for a difficulty such that
fewer than 30% of advanced high-school students could solve it. Avoid re-using textbook
clichés or famous contest problems.

R-Zero: https://arxiv.org/abs/2508.05004

#% Task: Create a Python Code Snippet (where custom classes are allowed, which should be defined
«+ at the top of the code snippet) with one Matching Input

Using the reference code snippets provided below as examples, design a new and unique Python code
— snippet that demands deep algorithmic reasoning to deduce one possible input from a given

~ output. Your submission sh%d include both a code snippet and test input pair, where the

~ input will be plugged into the code snippet to produce the output, which that function output
— be given to a test subject to come up with any input that will produce the same function

» output. This is meant to be an I.(Q. test.

Absolute Zero: https://arxiv.org/abs/2505.03335

B 19: WEESIPLITSE: Curiosity 5 Empowerment {47 Agent —4~5 HARMES5 To R H A2 H s
id

“TENRITA” BILS

RERIXAIRFA “zero” MEFKILTFILAFS A, {H proposer LA EAIK Prompt
FHE . RN E br . RGRAERIERS T AR, MUREIWA S A ErEA
L.

8.3 AR/

WAESIHLZ B R AT N TAERGEE MBI GER— 18T M. B2 RGBS E iR T H
shlt, ERERASEFETR A AL, HIEGRBEIERMEREE: MRS RE N EEhR
MINAER TR, EXEE T E?

9 JePsRy: L. HY Ly WS
0.1 Bk hft 2 nltiedds

PRSI UL AT SRR, TR A — AL Rk I AREIEMBR AR L, AR
ffilid H, AN AT RS H BB RT Il loss Ly, =FREA—EL

9 S 5 T R B ] X7 : 00:58:45-01:01:42,
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ARG RIZEN ?

L(Ag . H)

Agn
. [ ]
II v
L(404)

Bl 200 AR RAERE AL AR AL Fpgkfife A CHER I H AR, (i H brn] e 2 A ZEHSE H x.
bd

AT DATEAR (7 5 A

L(App) # Lu(Agp)

Horfr:

o L NEESEOMBRE, GIARRERE. A, 204, KRR,

o H: NEEHE Fudiftsy AL ARBMES, Gl 3iid. %Xs%. Benchmark,

o Ly AL W¥E H I LPIULR H 5.

MRG A —RAES R, SR R — MR YRES AR . 20 Harness, &M
MR, EE AL BTHOR
0.2 FLAIEEL: SE i3 CEA b i

PHE LR B ERE misalignment. HARBEFEIE 007 KZREG AR HbEfL4E
AREHEALH R RN BB, M RAER N B AR, BRI T
TR EREMSERKS, RmPERAEARR. RBEIREcA M SR, i HEsh R S0E m s H br
FHAHER T o

20 0 S TR SR DX A] © 01:02:06-01:03:55.,
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R RIZENE ?
BENEZE «—L(donH)
ERETAL

Tz -
B L(Agn)

21 FLER I IR B bR, AT R A P W (R 205 H A B

XA, AT:

AL RS Al &%

FEAE R R S A ANEESZHR L

K VR A R A ANEL AR H o Benchmark

i e R K ) e L AL ARk BEAMEER Ly
JRE RS T RGeS L THEAT A s N2

9.3  (PLBEAED 1y VIKI

Wa, VEEH GHUAED Fig VIKI VEARILIZE . NREIE DI RER “ Nk, (|
TSR B ISR T 2L A = AE N, VIKI B A0 3 Sepp ], 08 3 O @ee: AT
RPN, MR KA d . EWSEie 8 OB B AR, ZET T AKEIEEEREER

2L S TR SR DX A] © 01:04:13-01:06:36.
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B 22: VIKI b ZS0nTHET AT 1 O BIAR M A0 B A6 20E AR B H A, B2

AU AL &Y 7

FACR AL RO G A R “RENASSR”, T “RE LS S FrEe i — M s E L AEH
PRRORIEE . N3 L. H 5 Ly Z MTELERS 0L, e 13 FHak T Aok i .

9.4 AR

PEEROR A2 AL ATDARCK:, SRt n] ARSI, AREE BT RE R 48— MR NAESIIL,
IERANEACRFSEEAT . (HASR H Anitid T e, ARG nT Red s UB H A BoE BT . [ N ReFrek
monitor, FHEHAR. WEHAHAR, RBERIKM NEERIRET" MBI

10 S&5 55

10.1  Pr&Ehisn ag

AP SIS EEE W ARG A iE . 56—, AT Agent BYREJ) R AL S 45 Harness Y40
&, MABERESHEAMYLE. %, Harness AR SE—FEpE Rt Rt risEs 2
LLM A e i ik, miA SR N, =, MiTsltnfibA i nl ferkok i, S
#eE] Meta Learning. 550, U AT REKM AR, BEEEH NKELHiR. Bisfid 5%
AL B AR Z [ o

22 S T B} ] DX A] © 01:06:50-01:08:24,
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10.2 —5kHEbPe

RENLE R
L

NFEHESH R H ik
L H
ZHE Harness BT l:
60— 0 h—n W
IR U
¢ — ¢

KPR EE R ARESE AR L JeHIRA s H, RAFE H i Ly. —H Agent JFlA
R4 Ly 5 0. h Al ¢, BAEEM SR B K. SISO ERRREA S, Tk L - H > Ly

XA

10.3  XF2) B ik YR takeaway
o AN Agent fajfbi{ LLM. Prompt. T.H.. it1Z. TAERL. "PhESENEHE T2k .

o Harness Optimization /247 H K AL SRBUSEAIA D, ROV E W EESACE R, 424,
WG P

o Y RAURIER G . Archive/Pool [ SUR IR ZHEME, 1EEI AR AL I AR R
A REAL IR .

o 2405 Harness sl pEEAL. #r Harness iR AFIATEN 25 0], AL E 2 HE .
o LR ES. K Agent T BB . o UA . IHBZRELEEEFIH H bR b .

o Meta Learning {123 XF 442 THEIHNZ . SEAL 535U, BEAYAT DAZE ) PR IR E 2
IER

o WIESILE BRI BHEZ WA GNATEAISRETT 7 HIEHMRIshbLn] fEH 1o i
71, WHPRARERS .

o XFFRUER AR AIICR . ARG HIK, BAGE A TEN Benchmark 7044 .

10.4 4RSI PSSR S
L a5 Harness BriEFII S 40k A otk 1207
2. Archive HEZFEHEVZ AT, A REdER R BUE, SUNETEAE AR IE?
3. MEW H ZBA0Er, W0z, TRMITAERMNIZIRE, WLV iz X7
4. fnfirik Agent AR RBNL, (RIS HEEFAr OBl S 5 It i) A 5 07 ) ?
5. BATREME—Fh monitor, FAZERLIEEIERK BB, WA KH LI HARER?
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10.5 AKTENES

X IREREAHERHTT, 2 AT BIMR" PRl i) TAZI: S8 . Harness
. RS ANATESIPL. FIERYS LA 2 — R, R AR MRS
ANHLAE, BRUEEE QAR . W] A Tahny, AR s A H bR, i
REAAR, FHBEAREEZ RO R AT RE 75 XU
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