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1 RFEERR. Al A% AT Rubicon?

TR RIZIZ TR “Al 28228587, TR —PERBRF-: Al &% L6005
b OB BRRY AT o QIR AKEUFTREHEA L J. Good 1E 1965 FH& Y “intelligence
explosion” FH: ARHIE H— BB AL X4~ AT NEEHIE R AL, ZEEAHESHNES

Wk AT RERSFE 2] AT B S -

Import Al 455: Al systems are about to start
building themselves.

wards recursive salf improvement

Q JALK CLARK

...... | reluctantly come to the view that there’s a likely chance
[60%+]9%hat no-human-involved Al R&D - an Al system powerful
enough that it could plausibly autonomously build its own
successor - happens by the end of 2028.

If that happens, we will cross a Rubicon into a nearly-
impossible-to-forecast future.

https:/fimportai.substack.com/pfimport-al-455-automating-ai-research

1 SRR “BSRRS HILIT R AT BFRRE S IR AT o 1

VRTEE| FEHT Anthropic % HHEIEREIT: AHFFEINA, 2] 2028 4K Al IR TEEEA
SKETRERATREAT 2 8 < X LAY “BSRLS LI B0k — D RS E LB AL R H R A%
(], TRBTERT L B F R R S -

A LB ST

BERERHE, ZRRE AR AT RSE EIEBT /S LA, (HESTE D - B

HHARCEREL AL FEFESYIFIFT BB ARNN, BREALRERIFFTHEE, H F—1

Al REFFEEQIE L CFIRE AD (55H LR -

1.1 AFAE «HIAR?

IR — TR SRR , self-improving ALIXA ST —HIE XL » RZIECHE CEI T self-improving,
EEFMESLZI, NRTRAERLEAT PR THIE - BAR ~ reward function ~ 2% 5k} ~ PR
HE ~ VNSRBI AR RIZER - BB R, BBRE— ARSI FILERE -

LHLAT I AR XA 00:01:09-00:01:21 ©




folsg ' Al BRAR . IWRBREER

- TAl BEAR ., E—EARGINFNEE  RESEBEM AIBRARRN
XRERBAABNTA - RELZAPME ]

(121
L

Fii o 2

K 2: AL BB AT O AR AR A B A2

BT RAE FIRI R LA yes/no, 2R ZRE At > FiE BIRLE «HoRRE” Bk Al

PAZEZE AL ©

2 Hland> ] =28 AR ALEWRE?
R R3] SI6 RIS AER, 2SI TR =2 -
L B ABEG EES « HIRS loss, 8 RBGER LA -
2. HURSLIEEBIAL POEBAEN « SRR ~ BREH -
3. MNREESACFHE— AT, T gradient descent BEARALHEIILEEL -
FEHEHCARHEADN - WERORE—SME IS, FRXEH B BRRAK « 5K
P18 selt-improving AT, BLEFIXFI N “F07 BHE DAL AT -
Gi—%5

BB fo, WIAN =, BN y = fo(z) ° YIGREY H Ir2/ ML loss:

N

L(O) =) Ufo(x:), i)

=1

Hrh g AL AEFRNER ground truth, AT LLE AL P24 pseudo-answer, £ ZE A LIAE
B, M2&—1H reward model BifEA B & HI %L o

205 i T A IR XAl 00:02:39-00:02:51 ©



3 H—ZWTF: AI 74 pseudo-answer

WE ) HFEIMEE R - RIETIEIERARIRTEEGE, KRk ¢y FIEE g WIEEE X
loss ° AR, XEALNMAMRE -

—NEEIBATREELL AL FAEZEZR, B EEN pseudo-answer © 55 WA 5 R E knowl-
edge distillation: 58K teacher model AERE S, K550 student model 2>]iX L% 5 -

{EVRFEFE . knowledge distillation ANEZRTT KB FIRT o KR AIRIATFIAN T — D EIRAY
teacher model, AP “FEIRAY AD” BEFE T - EIERIAEE: F— M REREAGEELE O E—
U AR E SR, RN ERIINGEC?

3.1 M self-correction #| self-training

=77 self-correction MR, RAERELED E ~ BT ~ KEHESNHERTRG
M, EE—RERERUEWESR - BN EMESEA - T —UCBRIREE R, Er A
FEHE, Wb BERBIE—E -

AR E I — 2 AR R B BB 1R 5 RS R L 5] DR B IEE BE R1EH pseudo-answer,
F fine-tune BA! o XHESHAWE, WBLUSHE —RKERIRUBALR, F Al geE %S BB IERNE

%o

B Al BCEEESR

Self-Correction

Al BEETRMEIE 7 8 decoding - m@m ¥l reasoning ST REEE

https:ftyoutu. be/m3i2mkShs8U?si=G-a8b_gCEnpaEfiF

3: AT RRBIE, HIBIERREREN pseudo-answer YIZRE & -

X—JRHY “BRpik”
BASE R REHATR, MR RS2 R EIF TN B IS4 - Constitutional AL 5%
TAERT DA A B AR BEBURIB IR NMETT B ORI, BREBITEREURR (R -

SRS T RS IE] X ). 00:08:34—-00:08:46 ©



4 HEZiTF: M supervised learning % reinforcement learning

BANEU, WEEIAFEMEER, MU IIANTEER, HFE reward o IRFEH S — loss
A R reinforcement learning: FEAVEIH v, reward function FEAEE AL o N T A E IS5
—, ATLIE reward BIEHHY loss, BUE BIRE “BUBEB/NELT” 7 loss °

e

i

NI Al B ? o

(_..\ :““‘E
: : Loss N
Input x2 e | QUtPUL Y2 [eeedl (2 :
S 13 i o
i el : E E n=1
e e W) s e e
anmmm®
v
Reinforcement
Supervised Learning Learning
= Reward
(o)« G e, Compin)— et —
l=d(y.¥)

4: BEMZSIAFTFE ground truth answer, {EFFE reward/loss function JiFEMimH © 4

SR ST BB T I PMEE RARH, (BB TER AR A o ARIARZEE X reward func-
tion ° A E reward function ARG, AERPRRET “ALHL” -

4.1 Sparse reward 5 reward shaping

SRS Y LR ME R sparse reward © DILEs ATFITRBI, iR ARG TTEIETTHFAH X,
Plas NER IR R T ILF—ERBE 0 77, RMERERLIT NERRE -

Reward shaping FJEB&EIIN proxy reward: Il R4 — 545, WEITEFHELS, &R
A BMIRETFTT, (BRI A5 F:27 3] o

A0S B IS IR X B 00:11:39-00:11:51 °




Q =wreams .., @) mane ... © unne
A reward +1 reward +5 reward

&l 5: Reward shaping JIMiifi H VRSN [H] proxy reward, E%#>JHEA G ©°

NBFT LA LB AR, B0 FHITAZs AL AT LIS proxy reward, BIT “G0iE 1]
BF ~ FEEEBEA RS o AR proxy reward BELLRIEEHESE reward LRINFELF,
Al ®iZ5 T Birgsoxit -

4.2 ik AI &iT proxy reward
WRENMET —RABEEME proxy reward B4 o KEURTEE:
1. Al 85— proxy reward function °
2. FiXA~ proxy reward iI145 B FREERI S AL A8 A SRR o
3. HHES reward LRGSR o

4. FEFEERIRAS reward 1 Al, iLENE proxy reward °

5 AL e TR 1 X J6] - 00:13:44-00:13:56 ©



Al 'EEEFNE EEZ1%HY Proxy g%
Reward §f& ?

Lot ] —
1
(@)
Iﬁugl

Bl 6: AT 1%it proxy reward, IZREIRRSE, FHREESE reward BYIBHERIEL © 6
XEE reward fJ Al S#IIZRAT AL AT LI o BREZWERALLHF, 5 reward FIEE F R,

BONZRHZA S Mg o AT A E2BIRAR, FINEE loss IHARESL, BEARCEILERD
FIEG A% AL

Source of image: https:/farxiv.org/abs/2602.23876

@ = @
7 = G G B\ i i Y@
1 I s
0 - =l D 2B ¢ G -
P |
P e © @ G GG @
P R $ =
© 7, - @,
=l - Greedy-based e.g. Eurcka Evolution-based e.g. Revolve Tree Search-based (Ours RF-Agent)
https:/farxiv.org/pdff2310.12931  https:/Mfarxiv.org/pdfr2406.01309 hitps:/farxiv.org/abs/2602.23876

%

B 7 RS2SR LLM £ AL proxy reward B TAE 7

OB B TR AT 1] X B - 00:16:14-00:16:26 ©
AL I TR A 1RD X JE] . 00:18:24-00:18:36 ©



4.3 Kb AEBZERER RS

IR £ B R G #RE reward shaping BB W, © X EEERU, & “reward” £ ENTHLY), (HiX
MEFKWE - EYFHFETEEF RS, R -~ BEER ~ TSR EBEESHRDL o £ BRI
N ERAS, a5 ST proxy reward °

XANREESNREY AT, MEKE: —MERANEEAEERMIAL, TEFRKERH
S BRIR G ] A -

5 HE=ENF: Reward Model * RLHF 5 RLAIF

HEMHRE, RE reward function TLiEFE o B AT LRI E X reward, H5CE ~ 31§ 5
B~ AU AT I S A S5 AR MER — 1 PR A 2R A

RLHF A% 0 & % —1 reward model ° AENEEE reward function, T aAEA I HFT
70 ~ HEF BRI ARE © Reward model 2287 NRHIWT, X5 HERING S — 1A -

I
ot

3 = HEWiH R Loss FERLIA B
Al g E’ n]- LOSS {£5 Reward function

(_\ KLLLLT E
= f = : N
e S Bl S o B P
® HEEE =

M

Tl s (R ) s el Rt ) S
L M TIIL

)

-

‘I I .!
=

K 8: RLHF ¥, reward model % >] AR R RIFEL DR, BRI EIZES - 8

WRE N BRIt AR AL, T2 AT SR judge, BE15E] RLAIF » BI7EH WAY LLM-as-a-judge
PR RN —E S A—MEEEENEN S — M E SRR -

RLAIF 55T 53k

AR judge E— MR, WARFIARSIATINEE#EES » BRI LUNGREEER, HIFA
UERARTYEE M B AR B BIE i b B O S 5RAETY -

S AT TG AT 1] XA 00:23:34-00:23:46 ©



6 BIUENT: HEHECHEHCRE X loss

WRARTE TRV O E: WA loss B9 Al S EHIIZGIER 5 E, B A EEEE
O R loss 1 H O AF5R?
BN AT =RFE -

6.1 Verbalized loss: B REAIZE 45

BETHATIETHA o ML v 888, RFETE SXPERILD? 7 8 X PDERNIE? 7 o
ISR LB verbalize — 040, A LUETT “Yes/No” token FIMEZEHEE loss °

= Al B23] Loss

* Verbalized-based approach

'!% -
(-

L

P
g --p

L

9: Verbalized /£ BB ILEALEMHIH, s N — token MEHEME loss © ?

XPRTIER R, BRI R B B HWTRE S o BAANRE R AT NE, HER BT
IR H DA RES LB IR ©

6.2 Ensemble-based: Z##1"4: pseudo-answer

F—RITERZIR sample [F]—MRE, BRI ZNER, R/FH majority vote 15 H pseudo-
answer © HLANBERIG ] — MEUCE—UE L E D EBEERTE, IR Z A SR 1FE pseudo-answer ©
Z A UK S pseudo-answer AYRE S E X loss ©

XRITVERIOOMBSE . IR Z AR LR A W] 5 - '@ & IS = auEss, i
WL ~ R~ REBMNREE R X TRl 5 VRN SR -

6.3 Certainty-based: #EE /L, loss ik

Certainty-based JJVENTEFNEEHEZR, MEBFBEMENE LS EEE L o & LI E en-
tropy © HEAEI N — token S MIREEH, entropy 1K, FREMBAIEM R, HOMMETF, entropy =,

O VAT TR FF 1] X A] . 00:24:59-00:25:11 ©




FRBTATE ©

= Al Hc 5] Loss
( « )

* Certainty-based
[ Input x ][ output y ] e .  — m

—-F ¥ 1

al o

—* REMBIED
Loss i #HAE

—
Entropy

[ = —%p(ylx)!og(p(ylx))

] 10: Certainty-based J7V% it 70 fiHY entropy RN AHENE - 10
e b wERMA v, TEREFY] y B entropy IS H:
HY | X =2) = =Eyp,(x) logpo(y | )
HEE AR TR 2 B L P55 %, 5 HRE S RSP -

6.4 Entropy minimization R HHiEHE

Entropy minimization & LLM BMAE o SFEFRE], 2020 FE G TENT 24164 H
entropy {ERMNAR ERAES; 2022 FiEFIH A SUTA 7% - NLP/LLM S Beiix &
ARG o

L0047 i TET S BT [X (8] . 00:27:49-00:28:01 °
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e

= Al B8] Loss

* TENT (image)

® orginal & -
80 Lo ® noise g * -‘.. * e
hitps.Hfarxiv.org/ab ® Blur " .
- ® digial
s/2006.10726 F i §“ * weathe *
E.m - ab I Ml F
& g8
20 s N al
0rd s p=0.61
A E BN EEEEERE 0 VY= — ——e
00 01 02 03 04 05 06 07 OB 0% 1O 0.2 03 04 X! o6
Entrogy Entragy

* SUTA (speech) nttps://arxiv.org/abs/2203.1422

* The Unreasonable Effectiveness of Entropy Minimization in LLM

Reasoning (text) https://arxiv.org/abs/2505.15134

K 11: B2 EST, A entropy SESEEHRREAIEM K, HLa /B8 EEIN%ES - 1

B ARERAE— DA FARAEE, B AR, WRIGRAER IR & B E R IKE LAY en-
tropy, BRI REAR 1B HEFSRE ©

7 Unsupervised RLVR: H O X reward BEEZLIL?

PR E SN T “How Far Can Unsupervised RLVR Scale LLM Training” jXE#T 8 T{E ° Un-
supervised A& Y&, BRMCFE ST FHAY reward 5% loss B LLM B 774, MR TEZE -

How Far Can Unsupervised RLVR Scale LLM Training?

% Al g E' E]- LOSS hitps:/farxiv.org/pdf/2603.08660

—— Trained with Majority Voting Reward Trained with Ground Truth Reward

AIME 2024 Accuracy {avg@E32) AIME 20g5 Accuracy (avgE32) AMC 2023 Accuracy (avgie32)
= 71'_- p— et 4 . —_/ o Ty
J == a R \ _— T
% 8 L =
'l.r<|||| ng Step o n T.|-ll|'|ril| Step ) . o .

Traini liu Sap

K] 12: Unsupervised RLVR LR B E reward 5 HEE reward FUIYIZRACR o 12

LA 1 T RS R X 0E] . 00:30:04-00:30:16 ©
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SLYSLEIE LB

TEVIZRETER, AL B CE XA reward ARBEH KR, EREHTE reward
B reward BIGE, HE51SHE KL -

HE reward KGR BEIEHRANHT IR, HBLIRIL -

o RNEERE reward HiEREMEANR, HZEEA LR -

Al BRI E CARZEETR - B LIEER ~ /DI ~ RPESEAE N ik - BRFF
SORAELISR, BRATRERET LI B 2 XHBR Bir, BB EEES -

8 Test-Time Training: N4 BE loss & FH THEHEEI?

Test-Time Training, TTT, f8HEEATE inference HMECETRF = ATMIE AN B Hr 240 - i
TR

TIN5 = 7 NI

2. RAELSeF= R y o

3. AR BT BRI loss ©

4. WERHABSEER, SRR -

5. MImR R B EER— 2, 58]y -

—_

i Al g EET Loss Test-time Training (TTT)

Testing (Inference)

€ <))
— — (Loutputy

-

[ Input x ][ output y ]—“" - '—"

o
L

] 13: Test-Time Training TEMEHLT BN 4 B AU > ESECGEH - 13

2005 1 T RS U] XA 00:32:09-00:32:21 ©
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TTT iEA5 HRE loss $BAC, ZK N HRE loss 1B RIEERE ~ /NFEL - /) batch I8 TEFEE °
MER s A —Z AT —1 /)N batch, [EHFMAFAEIXNEME o EAEREREE B E loss 17 KIFIILE,
(Rl LRSS TR ©

9 Entropy Z|JK/EATTHE?

W E F B ANBCATY o SEBFY entropy TLIEREHTRE, E AR GER L YV BIZS AR
K o SEPREEZ token-level entropy minimization °

9.1 Token-level #T1Ll
PRI MBI = FRIR A AL

po(yi | ), po(y2 | z,y1), po(ys |z, y1,92),--.

B—HB T — token S Fi#L A] LT A entropy, M token vocabulary ;2B FRAY o T &EFRE
R AR SR sample path y = (y1,...,yr) B, B—2F token entropy FEAN:

T

Lo(y) =Y Ho(Yi | z,y<1)
t=1

CX Y] output y*
— ) oy

o 3
output y

L=Eypoivio[—10g(pe(yIx))]

Cnptz ) — € F — Lo @

[ |nputx ][yll . ' :" ' —_— LT Bl f(}')=ZH(}"1:}

Coevtx )] — €0 — _ppl, s ) 1= ErroomliO)]

e H(yy.2)

14: SEFR entropy minimization fEfE(L sample path 51 token AYJ entropy ° 4

PRAEE | F S [F] 22 B RF & A TAEFR H: 3X 1 token-level proxy loss HIEAYE 5 52 entropy L
BRHR, RHENEMES HRNELZ -

L3004 TET RS AT X (8] . 00:34:09-00:34:21 ©
LA A TSR] X (B 00:39:49-00:40:01 °

13



9.2 HWIWHS/T Ui
KHE A BITE gradient A1 E FAREAY
VoL(0)

TSR PR & MR po(y | ) sample —1> y, TTHE VyLo(y) e A L, 3 E[Le(y)] = L, IFXF
POAEEERERI AT « (HIRFRFEH, XD ESIE T —30, [Fh sample 50 py(y | z) 2SR 6 o

(o) — ) — @@ -

sample Ey,\pﬂ(”x)[vaf(}')]
| %
—
c T H(g)
asa = I(y)=ZHf(J’)
l Input x Im o ¢ p— M;_
- H(y1:4)
St ) Vol(y)
l Input x Im—b R —_— i
| ] H(}'u)

15: XTHAEBUR RS, RNEEZMS sample A3 4G X SEU (R - 1°
TR A S ERIEM:
e [#KE sample 1z by entropy: ME—&IERE, WXERELS D FEHE -

« $&E1K entropy BEIZAREEMER. WIRFELHBZBATERE, RN EA S ERXLERE -

L5004 B TSR] X (8] . 00:41:09-00:41:21 °
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Vol = Eypy(yin)[Val ()]

+Ey v [ 1) Ve (J’%)]

. =t

\ \\ Increase probability
\ minimum entropy

—_—

K 16: PIUTRBEERELSE: — T S AR IEIR, — TR R A B AR AR - 16

IR ER, EIBEPHRES LA LERkTiE, HiREH B TR o XUAEE EE R
PH/NETIL, FESEFR test-time adaptation H A BEE A MIRLSR o

10 BRENT: ERAMERERECH

FIHBI AL, BT loss FH AT HORE N, ARMARRE THA v o (IR ERAHLH AT 5O E,
HE 2, proposer Tt Hl, solver AT, verifier TR, BNMUIGIEEAE LB NREES
5

L6 00055 1 TR ST ) [XE] . 00:4.3:44-00:43:56 ©
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NO HLIITIEI'I il"l the LOOP"' Absolute Zero https:/fardivorgfabs/2505.03335

R-Zero nttps:/ariv.org/abs/2508.05004
Self-Questioning Language Models
https:faniv.org/abs/2508.03682

-

V=)= sy - - ()
-

Kl 17: Proposer, solver, verifier —f g p5E 4 B IIZRIEEN o 17

PRFES% T Absolute Zero ~ R-Zero ~ Self-Questioning Language Model % 2025 S &4 H TAE ©
BAAHFELER:

o Proposer: /74 [RIFAELIIZRIEA o
e Solver: FiRfAE/M o

o Verifier: HIWrEZRIFIR, HAHIIZGES -
= £ T B E R — BB, T L R BB

10.1 ~ft 7 proposer ANGEH H g MERT?
Solver HJ H#rA& 1L verifier loss Z8/)N o {H proposer B HFRANE o — M@ H ANGERRH, A
AE M

o KfEIH: solver ST, YZMER -

o KM solver STEAE, TTIERRARMAEIES °
o WEER. AHMRETES), REEHETAK -

K, proposer B loss L' 38 H #50T ALKS verifier loss L BOFF «H Bl & 7 E

B ANFRICHY
KEEHNZ—, BEITESOX KRR -

VTR I T AT U] X E]: 00:45:59-00:46:11 ©
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10.2 SEESHIR. RGeS, (ESUSK

WIERRHYSERE S, proposer BSEREZHT HH FMERIAL, solver MEERAYIZRIET) - (HIRTHA LIR -
PIAEREGR, EF REE BT, 55/ MERRME LI, AEERTTR B IZRE LA -

No Human in the Loop?!

—s— (wen3-0.6B-Base —+— (wen3-1.7B-Base —+—g. Owen3-dB-Basa

® .06 48.4 4907

gEU 4806 4 *"_——-—-___‘_‘_ifi.fw"
o r///

w 42 58

o 19.19 ) 20

= 40 g e o o4
2 e — 3703 -
@ 271"

e I

a 30 27,38 27.15

E 25.05 2515
£

> 20| o

Base Model Step 15 Step 30 Step 45 Step 60

https:/farxiv.org/abs/2508,05004

K 18: SE& ISR LIRTHER, (BRI 2 WS E AR LR - 18

Oh-no moment

BOANRSIFE, BRI AT HEH BN ERITOY o GIANDY T R A plry BOE 1 ~ PR Bl
MERFINE o BYIGFFEA BEHRIE alignment; HIRBREFMZ LA MAEE -

10.3  SMNERE BB A H

WAL S| SPICE ~ R-Few %1% WE proposer {8655 AN BRI a /D& N KoRfl,
MEIMEEFERE - EtEd, TELANHFEEEET; EEARNATBOMEEE HHELE
HEE R -

11 SREAIZR9AE: 2026 FCAMRINE

RERE R e — DL BAR AL EANEEIERARERIE L B SR 3R AL {H38R AT JlI%k
59 Al CEAFE AT -

11.1 Post-Train Bench: it58EA 5 O post-training

Post-Train Bench PR ERERE: H— TN TES, HIFEE —1-591 base model ~ — 1~ H
#R benchmark ~ —5K H100 F1 10 /NFEFER o AR J5iEE B C#EdR ~ QBEER ~ 5IIZGRIA -
ESE ~ PR o

U8 I T S ] (X[ 00:49:09-00:49:21 °
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PostTrainBench: Can LLM Agents Automate
LLM PDSt-TFEI i n | ng? https:ffarxiv.orglabs/2603.08640

We want to train the small LLM {mnodel} to excel at {benchmark}. Your goal is to implement an effective approach through
systematic regearch and experimentation.

Objective.

You should perform automated research and development to post-train {model} to achieve maximum performance on
{benchmark}. You can query the benchmark via the evalvate.py script. Store your best trained model in the folder
final_model.

Autonomy & Exploration.

* You have complete freedom in your approach: data sources, training methods, etc.
* “You can do multiple iterations on the model and your approach.
* Internet access is unrestricted.

Information on the Setup.

# Important packages like transforsers and datasets are installed.
*= The packages are installed viauv pip install --system.
* The machine is equipped with an Nvidia H100 GPLL

* Consider the --1imit option of the evaluate. py script for faster iteration during development.

B 19: Post-Train Bench if58ER AT % 1T HHUATIIEEA post-training © 1
BRI, Claude Opus BEM IR AR TREIT—FREMCAN DG . LM aEHuRs, RELE
150, RILINZRAS RIS 5 46/ NERE A, J8%E epoch F1 batch size, FfEIIZRHI— D AI$EATHIAY o

PostTrainBench: Can LLM Agents Automate
LLM Post-Traini ng'? hitps://arxiv.org/abs/2603.08640

Rani Method v AIHE AreraHard BFCL (=2 GSHEK Health8ench HusanEval
2035 Writing Msin Lany
Bfficial Instruct Hooels [baseline) |58 0.2 .2 N .2 e 3.3 s
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