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Deployment-time self-evolution: what persists, and for how long?

where deployment-time improvement
stops being episodic

Output refinement (§3.1-3.3) Test-time training (§3.4) Harness & skill evolution (§3.5-3.6)
generate — critique — revise per-query weight updates prompts - tools - memory - skill libraries
weights frozen persists for the session accumulates outside the weights
improvement evaporates blurs the inference/training persistent and auditable —
when the episode ends boundary and attackable

CE— >

>
one response one session indefinitely

i # & R : Mingguang Chen % A,2026 4 7 /1 ,Recursive Self-Improvement in Al: From Bounded Self-Refinement to Autonomous
Research Loops, % 447 5
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T4, %4 ﬁ‘%izuﬁlﬁ EORZHE, AERS AT EAR, AR, B4R AT
RF G L Ale EAVKA BATAF £H] T 2H A L2-L4, T T ey ?:4%917%4’
T2 35 3R I EJ ﬁfJﬂ:, VA% Harness. Memory #=4% & F & 69 3545 5 4548 £ 47 .

S
o

BT YA R IEURPHTIFZ WRIRE 4G —3 %, 18 Ao —A2 V] 7%, 4



HUATAI SECURITIES

it ¢ 4 R ERIEH

B&4: Al B RZ#HEAFEA

. Scientific Software : Systems i
4+ O AlResearch QO O Allnfrastructure QO Engi ; © Robotics O O MathResearch () Enterprise Al @ Personal Al

Research ngineering Research
:- T -; : ____________ 1' Anthropl: Mirendil : : \ Evolvent Al [ E_NP_ ; o _: : @ Weco Al :
! Eurek —to- b Build environments 1 1 Improve
O || O T, | OK T O W 1) O S 1 O @ mgiiihow 11 O B ol
= 1 agent learning (80 1 1
1 LangSmith ! 1 Prim Intellect sakana.ai
! g () * Anthropic | ' % Ed';:t:(g::?nos) O M(rammgrecipe&RL[nfra : : o Tencent (Xity) ! | : 1@ %3 desxgnlmprove 1
1 O 0 1 : agentic toolgen. | | Discovery DISCOVERY et | (a ?dfrpcmller:neas‘?r:‘én% : : O a o % ' : strategies :
ﬂ c urriculum withou
4 ! 1 t S o LooP expermentsil | seed task data e Patronus Factor: 11 (o) L
! ! O [. L] o Ricursive 1 agent simulations  product fixes edit meta-agents
| AlphaEvolve ! self-| |mpruved 1 chip design O P systems-code 1 O‘l-\ Qwen-Agent (| diagnose failures product fix I 1
. — ) 1 skills iy EBRBunon Research | MY/ Generate & fiter 1 1 = : 1 Unit-Test Verification !
! Recursive _ _ _ _ _ _ _ _ _ _ _ _ _ [N eseus 1 {
! (2] : | ByteDanceseed | 1 O @ training recipe T . It | Selningdats i @) é Env-Model | Continual Learning i
! FutureHouse 1 O e Reasoning& | | ! O Cogito v2 1 O & DeepSeek i CoEvolution i e i
1 bioinformatics ! 1 agenttraining I | Imbue I trace distillation | Co-evolve i i Verifier Updates i
1 : i [} O@ alg. discovery I O ((2 ASPIRE 1 i1 LLM Reward Self-Rewriting 1y Co-Evolving Evaluator i
! j DatologyAl g0 ! continual learning 1 1 i B
! O s | : 10 D) e 1 | o Pariodtatis eyl ! LLM-Guided Code Search : I Learned Optimizers _ ‘: : Meta :
I theorem I (REEUaitiig) | i3 material discovery Io i, Braintrust | | SelfPlay Exploration | | Open-Ended Seaich. oI i
1 proving 1 e I Agent improvement | | e ™ i mpr‘ovemenT i
1 1! Engram 1 - Adaption I i) Curriculum Learning LA e !
| Om. 1 O enterprise 11 O oo task-specifictrain | ‘ Hermes i [ ] /-‘ 1
| knowledge 1! knowledge i I Reusable skills ' Skill Consolidation "1 Deploymem- ki 1
discovering 1 ! - GoodFire Karpathy 1 " e | i [N} 1
: - ! O @ reward with : : /autoresearch | Reflection LLM Critique : : ,,,,, [ | Automation [N} 1
1 model internals F—— e L™ ] i) 1
1 - ! 1.1 ! Context Optimization -+-T AT
; = Data Pipeline 11 ' =, |
i 1 AutoML Tree Search I -
:Repm Al :I A 1 P_ 1 N il 1
| ST RLHF | GRPO 1 Evolutionary Search __ _——===" [ Automation 1 = !
! : I Distillation T e ) : d 1 i = Search & Optimization i
! - Lop---27" - 1
! InTask ! LG irategy Search |  ExPeriment-Based 11 (=[] i e A P [
| Iferation ¢+ il | Refinement i & 1 - i : 1
I — ] Training & Persistent Update 1
1 = L 14 o’ob ! o0-0-0lfoeo !! il ;
1 2 : I I ! X © (180 1 Verification & Selection |
1 = 1 ! 1
\ — ! il >§00 ! S’ 1 : 4 Online & Weta-Lovel Adaptation ||
e e == - I e - e b e R e e e e e e e e e

L1 Execution L2 strategy L3 Experience L4 Deployment L5 Meta

#AHR IR Yi Duan % A& 2026 4+ 9 A K A 49"The Last Al Built by Humans: Toward Genuine Recursive Self-Improvement”, £ #&#F 50

Al ZF X A B R A FHA K, &FT A HNERSA
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BA5: 26%# Al 5F X4 4@ Claude 2§

Monthly share of model R&D tasks at Anthropic, rated on Epoch Al's automation scale
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FA kR : Anthropic £ 2026 <+ 9 A & 7 44 41 52 18 & "Measurements for understanding the pace of Al development inside frontier
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Flir, Kernel f&4% AL BfEfoBnt, K FIEUT AN XALEIE, 32K shilse b
H B # 69 M RE 45 47 . Google DeepMind # 2025 4 5 A & 7 691§ & "AlphaEvolve: A
Gemini-powered coding agent for designing advanced algorithms". %7 i%4= MiniMax 9/
FRVIACEFE ESK. FRALERITN, FRBRFBRABIFLEENR, HMILA, TEE
(LB AEEBRTENEIAF, LELLA RSI RAERG T T,

BATAFTER 2P AF L, # %K%, Harness #= Infra § 535+ %, BEHTEY
HBAREF O RARTHAREFE, Anthropic 3 5B ER T, Agent K £ T 97% 89 M4k £
$B, {2523 F= Rubric ¥ 8 A £ k%% ; Google DeepMind #3"AlphaEvolve" &
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LS K RS LB TH RS ERE
Axis 1: what changes?

The system may improve deployment behavior, policy/weights, evaluation machinery, or research itself.
e = =

BR7:

=

Axis 2:
who validates
improvement?

Human-in-the-loop

Person reviews each
change

Human-on-the-loop
Automatic signal;
human audits
outcomes

Closed loop
System generates,
validates, and
applies changes

Deployment-time
behavior in use
§3 - 393 papers

Al-assisted coding
manual prompts
hand-designed agents

Self-Refine
execution repair
test-time training

skill libraries

Darwin Godel Machine
sandboxed
self-modification

Training-time
policy / weights
§4 - 340 papers

Human-curated
RLHF baseline

STaR
self-rewarding LMs
on-policy
self-distillation

Zero-data self-play
Absolute Zero
R-Zero
Agent0

Self-evaluation
improvement signal
§5 - 318 papers

Expert rubrics
human benchmark
design

Process rewards
LLM-as-judge
audited taxonomies

{ Self-rewarding judges

meta-evaluation
evaluator
co-evolution

Auto Research
research time
§6 - 139 papers

Human-directed
research with Al
assistants

FunSearch
AlphaEvolve
Al Scientist agents

A-Evolve-Training
autonomous
post-training loop

bounded
self-refinement

most of
§83-6

open-ended RSI
rare; safety

stakes concentrate
at the right

' J

##t& K Mingguang Chen % A& 2026 4+ 7 J| X 7 #9"Recursive Self-Improvement in Al: From Bounded Self-Refinement to
Autonomous Research Loops”, # &4 %
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ek L5 Al B RAL S Ao, & 52 &R, E1RA5F 0 TR T 69 Agent & 5 &; Google
T BRI EN & AL & vk A it Meta R BT gt B 14 chuhl 5 Al 5F 5% s ik, F i
¥ Al AT B &4 oakik 562 4% ;. MiniMax 42 Research Harness #h A7 it 3t % ; SSI #
&z, BAXREREF ) FRESING . TR ANMIANEEAFFHAL FFL
I TRFE, CHEHIAERRSHRALRBFRITFW ., LR TRIENHFRT,

LATIn R AL RS AT RS BUE, RBRKLE R HAEEIRR AN Eval k22 ERE,
FRARKBRERNTESEES. ATWERPIF, BARRT, W0 E%H o XA AF 0k
RREMEAALRFT. BMNAI, GEXERAXENAXAEREEFEFIA, ARZ
HERRTHERIEALEN, FRRAPEETH.

B£9: &/ RSIHEZ

Anthropic / A% Al K 4E 4 MK, RRERHAIAY RO HEEER HFHRMK  BiR, KAZKZAX  Anthropic: AL4 & 26%; OpenAl:

OpenAl AU % AT IR AR R 3.1Agent THEB/IAXTHFHE

Google Hik, Kernel, E  EAM, HESTHTIFN S  RE KD 58 % % HEH5Z L ENE Borg £ =% 0.7%; Gemini il ZhE

LENE & Y 2 1%

Meta Agent A BEALH] BAR  PEAEIRN 5N ERE R HAGLI R E TR R 4k Birth AIRA /£ £5 4000 & FAE ¥ 4 4 % 8 7
AR AR REM

L B = 12 JmkiR ik SEH B R Gt B Rt # %A 5 Optimization BB RRAR.  wmEBlamAets 3x

Skeleton RHERIFF

MiniMax Research Agent PR 5 53 4T R Harness. Skill 5 Memory #7655 X4 P30 +30%; MLE 3% % 66.6%
Harness R

SSI J&JE- 5 5] AL

#A k& . Anthropic/OpenAl/Google/Meta/ % #/MiniMax & 1 . llya Sutskever # 2025 4 11 A 25 H i< Dwarkesh Patel 7% "We're moving from the age of scaling
to the age of research", # #5F%

Anthropic: M4E% BaHEME Al T3 RKGHE

Anthropic # RSI #9#t B & &4 £ Al 8 & REARBRTEY Al 5T RRAL, HRLAERS
AXRBHHHILT LB EER  Anthropic £ 2026 F 6 J] & # #9451 214 % "When Al builds
itself", % RSI x5 2] Al fe4% 8 TR+ R B Thyaie; %) 2026 5 9 A KA
"Measurements for understanding the pace of Al development inside frontier labs"&}, /2>
3] #t— 4 B R&D Automation Index #7% Claude £ A 52 Al 5F K- 4 F a9 A 242, H X H
ALO-AL5 ~ANF2R, H 4 AL4 K& Al 7T LAARSE & & 454 Tk K305 50 B 3/ 4L 4, ALS 3 2
TARASL L, BAVNA, AR AR ILY], X —A548 2 A48 Rk Al £ LR LRt d
a9 B TALE, 3£ Anthropic 3+ RSI #t & 6972 0 42,

B#&10: Al AHNAERFNEL

KA AL AR i RAEATIE 39

HINERRATR, BRATREEAE, KEAREREEH, ERAEEIEGTRT X, LRAKE FFRMIT A

Al 5539455, SRR PDORERFIRERE: ARMEFEARES, FTHRLNER

Al BARWER RS, Al EATIFTREZERIS) T AXRAFTREERER, HELSEHSLER

Al Z FAEHBAT, TARESERERT R RIS R0 T, AXRFTEE., 2 FrRLLER

Al A £ R RRBIImES, RERY AZETEEALLS

4tk R : Anthropic £ 2026 <+ 9 A & 7 4947 521 & "Measurements for understanding the pace of Al development inside frontier
labs", EpochAl, 4 &%
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Claude 7% RSI /A% ) Lyt & + 2HRAE KRBT ERF BT TP HAKT .
Anthropic £ 2026 ¥ 4 A XA 4y Alignment Science Blog"Automated Weak-to-Strong
Researcher" 27, 9 4> Claude #T % Agent At % B TR B4R%. Xt 525, DA A &
FLER, £ 800 )it RiHAF iU 1 SRAN Q7% MG PEAE £ 35, R S AL FH —AIREL
29 23%. #&41ikA, Claude .22 B &3 3R 49 LI hATHE /1. 4&4E Anthropic £ 2026 5 6
A KA 5"When Al builds itself", 7 B < B =694 A )| % XA %44 %+, Claude Opus 4
F 2025 5 5 H-F¥ 5L 3 4Emik, F) 2026 55 4 A 44 Mythos Preview 2 & £ 4
52 1%, Bl—E45 P #HREALFRLAM 4-8 iTi@ L2 4 442, H51FE, Claude Code
F B X AR 44 69 Session Success Rate #4421, & BIEAI AL IE & H 440 KAE 509 Ak
N EFERS

E#411: Claude Code RE4%% & & Session Success Rate

Claude Code session success rate

Claude Claude Claude Mythos Claude Claude Claude
5 . o 4 r

100% =

- — gttt 44;7::'73
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/)7r
Open-ended problems r o
\ 5 y 4
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Ne
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2025 2026

A& R . Anthropic /£ 2026 4 6 F & 4 695 21 & "When Al builds itself* (9 A £ L) & {515

RSI f 71 .2 7 44 R B £ Anthropic A LA R HF & ¥ 894+ 49 L L 4 4% Anthropic /£ 2026
£ 9 A & # #9"Measurements for understanding the pace of Al development inside frontier
labs", X 2] Al £F89AF K% &bd 2026 F 2 A 2 1% &5 E 8 A 89 26%, Al th1E &
AL B AR T 90%, 12/ RAEAT A it 69 oF R4 44 8] % 4 B £, Anthropic ) B 77 45 3k 37
AR Agent B9 ixF &, FEERFoFFARF KT, KAFIBT, Anthropic B 7749 RSI
HRCBEEHCARTHERIT, BHIRFEIE T A0 RA, LRFR P A £
FHES LA BRRRG,

OpenAl: AFHLAIFRLR, BE AR ERAFALEARSEEARIRSG
OpenAl ¥ RSI #t & & &4 & A 304 Al BF LR & /1 L. OpenAl & 2026 5 9 A X 7 64 5F
7 1% % "Research acceleration: The view inside OpenAl"¥ % 7, £ BArAMEAA L L E
THESREF D HHAFATH A A FRLR, FEBIFLERRGBERAE S » 3
CEFIWLAR AT EIEBR, BPA RBEARB T TRIZRELAT ZH/SA
B 5T R R B AR AT 50AE 4, FHitRIE 2028 SF 3 A AT#E—F R B e A s Al
R - OpenAl & & #H52K Jakub Pachocki & 2026 4 9 A & 7 #9144 "An Alien Mind" ¥ # —
TR, MEARIAE A F KA b RIAARARKGE R, FI LA RSI M EE 76,
HAVIK A, OpenAl #f RSI # E a2 £ 52 Al 85 AATL BB T Ik 2 50k % 549 A R a7
RALS, RSB LH A E,
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BARIRACEFRERAALEFLTH Agent T EFfRFEB AL, 4 OpenAl £
2026 4 9 A & # #9"Research acceleration: The view inside OpenAl", 2026 5 6 A VA#T,
Ly Agent SIEATH AR F AL RAR M T/EHN; 2 8 A% 6, HFrmpd
Agent 89 B ¥z fTi K A0S TARMRTAR TAER K9 31 /5. R, HFAEEFRERAR
69 R I = £ 2026 5 8 AL 2| 2025 F 1 AT AT A kR & KF. &A1 A, Agent F
WA SR TG, EANTRRRBHATEELONS TEERERHEHERS,

B#£12: OpenAl SALA LR KB Agent THEK

4x

3.14x
- 2 3x A
23
g <
T o
£
g 5 2x A
pt <
c 2
© ©
2¢
o 1x -
0x T T T
May Jun Jul Aug
2026 2026 2026 2026
#4HR K. OpenAl f£ 2026 F 9 F1 X 7 #9"Research acceleration: The view inside OpenAl", £ &4F %

OpenAl ##F X A AL ETUA A #—F RANB L RRA ) %Ak E R %A, # The
Information % 2026 ¥ 9 A 21 H494Rid, OpenAl A XA R &, Al L&A KE N1
AN GRAG AN, APEALTRBRHELALE GPU L4427 E 4 Kernel
B HERAARED ; TALIF P E A — A BARKAL 5], B A BP 9T % 4033 17 8 £ kAl K AL
WER R, A Agent 2T UAEEHAEMNGFEILT MEM LR, MER SR
R A, OpenAl i 2 B 5 77 78 % o e A BB B0 9 3R ) AR A P st 77 iR P46 ho b 8 3. 4K,
i1k Ay, X —E &7k A& OpenAl 8 RSI it & Bl bt % 2|42 A A /) - A Ao K0 5 /) 7 7K 330,
Al 29 %. Kernel #it#=% Agent thE a4 5 B 2k 532 5.

Google: Hix# & S AN A& H R

£ F Google ## X, #1412 % %] Google # RSI #4244 £ F1L, Google XA BiE ¥ &
iy, Bk HERBEZ#ITHAL. Google DeepMind £ 2025 F 5 A KA t9i§ %
"AlphaEvolve: A Gemini-powered coding agent for designing advanced algorithms" ¥, 4~
27 W Gemini £RAMERAZF . ANIFN BT, BRFLEHFEFAG I L EER, L F
Gemini A4+ &) X 4 Kernel 7wt 23%, *F 58t 18 T 5% 1%. Google DeepMind 7
2026 F 5 A & A 4914 & "AlphaEvolve: How our Gemini-powered coding agent is scaling
impact across fields" ¥ 3t — 7 3 %, AlphaEvolve € 5k # Google # #%i% 4 ¥ &9 % A KL T
£, #55TF—KTPU &%, % % &A= Spanner % # Lt ik,
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B#£13: AlphaEvolve #9#&&4 K. AR EEH

@ Scientist / Engineer

Prompt template Choice of existing t !nmal program
: 7 Evaluation code with components
and configuration or custom LLMs o e

| l l |

&k S |

- —_—
Prompt sampler LLMs ensemble Program database Best program

I I I

Distributed Controller Loop

parent_program, inspirations = database.sample()

prompt = prompt_sampler.build(parent_program, inspirations)
diff = 1lm.generate(prompt)

child_program = apply_diff(parent_program, diff)

results = .execute(child_program)
database.add(child_program, results)

g AlphaEvolve

#4t &K : Google DeepMind # 2025 F 5 A % 7 &9 1% & " AlphaEvolve: A Gemini-powered coding agent for designing advanced
algorithms", & &%

Google 4L Atk R K RE R G T RAR AN R, EHLREZRREBH 0T —RH
% % X Tong Zheng ¥ A £ 2026 F 9 A & # #9"Dream-RSI: Recursive Self-Improvement
through Evolving Worlds"#, ik Coding Agent ## Discovery Tree, H¥ /5 XX & it 4
% Replay Simulator, @& Policy Development Agent Ml iX #f 49 £ & #9830 & & 3 £ 4F
o9k, F3 P, GPU Kernel /=4 £X 214 R AL BT, PTE Generation = % & £ K 489
4 1243; EMBFMAT, Mtk AB| AKX 2.00 1, 9 H A %69 Agent 18 Ak
HFAKE ExF L7 k094 1/162. &A%, Google AT X LK LRNEE ANM L
HfgFafl I LT R G IR R, BHREAEREBRMRE, RAFEEA,

B %&14: Dream-RS| £ &K%, DML Rkt B3R

Update Policy

_J Exploration

m

policy
# + @ Online Explore © Construct
]O| o P Replay Simulator
S e
Store .~ """
- e
-
- aes
i Discovery Tree
All previous History -
R e R TE R SR A= e — - .
' * H
| )gl Propose -{1- !
. O ” e !
& = !
\ Store to History 537 “Fxec !
* o TierH curve traces /

WA KK Tong Zheng % A4 2026 4 9 A & # 49"Dream-RSI: Recursive Self-Improvement through Evolving Worlds", 4 & 50

Meta: X TH#AT1cé Agent B K&t

Meta & RSI %% 23% A Al B4 5 A 5 K, HE— P HMBZ#ES &, Jenny Zhang F A
7 2026 F 3 A K7 49 "HyperAgents"¥, 4% Agent 5 Meta Agent 43t R —/AT %
A2, £ Meta Agent f& 45 B i 15 2U4E 4 Agent A= B F 69 5t iR A2, @it & A e e A=t
it IR EBIES5%2%, 2026 F9 A 5 B,Meta 'F 7 Al at Meta Ik 5 3t — 7 1 & AIRA;:
ZGH S ANAKMBITHAR Agent 4k, IR ZIRFEPHATER, HildEFinf L4
AAREAI, 5% Agent fe AEA A AT AR R LE R, AIRA;ZE NVIDIA #7149
Nemotron R HAFE R, £ 4000 LPAEFE7F 8 LHKRFEM; Meta B 7 £F —
B FEPET, X—2ZER AIRAGRBUAELARLE R KT Al RST80T ER
5, FARABFLERE A SRR GH Lt — P wik Al 5F 5 H ) RSI.
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B %15: HyperAgents # X4 fl Meta Agent B B4 &4t 4 Agent #= & § 9 & kiR AL

DARWIN GODEL MACHINE (DGM)

archive
'_"andcrﬂ_ftEd LLM call Self-improve
salact |nstruct|.on- S (fixed prompt) instrucian
Coding Agent generation ———
Self-improve
acts as bath =
§ Coding agent instruction Code diff:
Q- 1 Sett-modify : 0
- = [ _
agent LemmmmT aligned
Evaluate on . o
- coding tasks L) iz [ Codedit;  §9
Solve task

E Task repo
DGM WITH HYPERAGENTS

sslect
Metacognitive B rpest pellx:rmam:es e .
Self-modify . Hyperagent's repo i )

archive
|" \

Hyperagent

m. Task agent

no need to
be aligned

> .
Evaluate on Taskinputs  ——{[ Y, ——  sovetask
computable tasks Task agent

of new hyperagent

#AtR K Jenny Zhang % A& 2026 4 3 A K A 49 "HyperAgents", & &%

itk BAFESERL A FHEELMRA

% #% 8 i3 Dense Feedback % #) e 4 2 & ab 36 AL BOR T # 4% K 69 Agent H]3R. AR 4%
&k 2026 F 9 A K #4918 & "Toward Recursive Self-Improvement: How GLM Built Its
Own Inference Infrastructure", GLM-5.3 385 49 Infra Agent % £ Kernel. 47, &1L .Cache
FRFRMFART, S EHEMRK, B8 E, FATHE . Microbenchmark Fe 3% 2] 3% 14
Re 4 R4 Agent, AT RAZAH . BB AGTRIEL R, BiEA AR T kit — T4k
% % Optimization Skeleton, t&#E A &4, T#H X, FTRARARIELE R, FiLK
# N Skeleton Library # /& 44 42 A .

B£16: % i# Infra Agent & 5 £ BUR EH

(a) Sparse feedback (b) Dense feedback p
‘ Engineer |
{ _J
Goals - system boundaries - review
]

Enchn-and —— Local svidenca - timely correction Infra Agent Final fesdback
— § Infra Agent
feedback only
Hypothesis - code change

In\tegmediale verification mlerjaqe
[ Full run |
Kem

Performance

Correctness System behavior

Au
R

Wit for the full run Properties shared by all three feedback types
Local Tied to i
1 Cheap & timely P
Final result
) Objective wrolled experiments, not comelation

Candidate change

End-to-end acceptance |

B ik 2 2026 £ 9 A A A 6914 % "Toward Recursive Self-improvement: How GLM Built Its Own Inference Infrastructure”,

X— WK OB4AALE GLM-53-Flash #H B # 5t BH BRI L. HER —BEHE,
GLM-5.3-Flash A An45iE B2 £ = 7T AR MR, % Infra Agent H&ERALE, #E 3%
Serving Mt EAHE R AR L 312, FFAARL 10 ZHE S Al ikl L, AAE R
Kernel #AL, 3% %358 & B R BET 5478 %, 2. Cache IR $EMF L AT TR
R, &ANH, FHEBEACEFIEHH A F BT IR EYE L5, FIeRiEGE 691k
I M5 R T e 83 E ik X,
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B£17: GLM-5.3-Flash 3% 2|34 &ebbibh &

GLM-5.3-Flash end-to-end throughput optimization

System bring-up Parallelism Kernel [Lengret
& scheduling & communication optimization
3.22x -
3.01x Linear attention -
o 3.5% -
g 2.67% 2.67% Fused activation + quant -
2 ax . .
a KV transfer overlap Chunked MQA Cunlmuous\y evulvmg
£
Sasx 2.85%
2 2.67x Prefill dequant kemel
= Context parallel  Mixed-precision cache quant.
§ 1.97x
2
2 1.42x Layer Split
w Sort kernel opt.
15x%
1.41x
1.00% 1.21x Hierarchical cache
WBAG baseline
1 Asyne scheduling
T+0 T+ T+2 T+3 Ted T+5 T+6 T+7 T+8 T+9 T+10 T+ T+12 T+13
GLM-5.3-Flash launch

Development time (days)

FA KRR ik /£ 2026 F 9 A A A 69t & "Toward Recursive Self-Improvement: How GLM Built Its Own Inference Infrastructure”,

R

MiniMax: M2.7 774 A £ X Research Harness

MiniMax # & & 8% # & ¥ A & #F K1+ %4 Research Harness. #4& MiniMax & 2026
F 3 A A A 6918 % "MiniMax M2.7: Early Echoes of Self-Evolution”, M2.7 #)#& 3 #4:1% A
EBERIERAK L INFIRE A shi%GE, 35 B N EF= 45 A i2iT 49 Research Agent Harness,
A2 RL A A% 30%-50%49 T4F; £ Atz d, M2.7 £ 7R3 Scaffold x4 A £
BATARIE 100 3, & 4 PAT K HLIE A7, #57K Scaffold. & 47 3R M AR ARG R & RG K,
A N RN FEH 29 30%. 3698, M2.7 £ 22 A MLE Bench Lite /£ 4 L% 42352 1T 24 /) B,
@A ARITie, 8RR ARSI, =K K1 -F¥ Medal Rate i %] 66.6%. & f1AHiX
EEROCEHREFWGHIT XA : BABK A THIHEIESR, RdtEHESR S KEL
AR T —35 L5

B%18: MiniMax M2 &R #% K £ EH

M2* Model lteration System

s build at every lay

Human Agent Harness

Configura the hamass .
Wit sl & guarorait ‘ Hiorarchical Skils | Porsstont Momory | | Guardrais | Evaluation Infra |

Steer the agent oo
Invoke: fob-debug, fob-profile
via cht

Foad dces 4 logs - Leam comvertions. - Solfreview zode - Chain skils Buitd & updae mamery - Cowors '

AL Team — Example Experiment Workflow

Al A

2. Exp Dev & Aun 3. Analyze & Raport 4. Raview & [

Exporment dosign Expeade, n, Logs, metrics, Exp anayze, dashboard, A d
repart issus pubmit mal

[ Human [0 Al autonomous Human + Al [] Harmess component

FH KK : MiniMax £ 2026 “F 3 A & A 6915 % "MiniMax M2.7: Early Echoes of Self-Evolution”, 4 % &F 5
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SSI: 24, AKX EEHEFIMMRT —5& RSI B L&

ZARBAT llya 89 SSI HANFA AR, FIEEAEA llya 8% (OpenAl BAE14E AR
B A R)ARLH SSI 5 NVIDIA #5414k, &4k % SSI £ RSI 5269 R £EF KX E.

SSIWBEARKRESETRIBANZLES BAZERREFIR), ERDEBEL

HIR2 B 5 RFHE98 /. llya Sutskever £ 2025 5+ 11 A 25 H 4% Dwarkesh Patel 7

#"We’ re moving from the age of scaling to the age of research"iH 45 8, % ATAL A& AR A

BRI A2 — R ZARE A PRI T AR, BA R T VA R AL 5 1 A AT FI BT P 18] B 09 %37
BEFIMNE—F ZRERR L IAPHRRFLEHENLAHGRS, AR ENGLERE

REFRA BZ, AV, A g &Kk, RAFEAARBYGLLK, AnlkFsIER

BEAKR G ERFARE, XTEME S RSIATEHKNAE Jfe 2R AEM X,

SSI L #A L L3 NAF % Scaling M8 . R4 NVIDIA £ 2026 5 7 A 27 B XA 64/ %"llya
Sutskever’ s Safe Superintelligence Inc. and NVIDIA Announce Long-Term Strategic
Partnership”, 3 77 ik 5k, % A 8% %% &1 , NVIDIA F] i #% % SSI, 5 i £ 424 F — X Vera Rubin
F&, 1 SSI TRHEARS —AKER; WK EL NVIDIA %aT &K kit H-F 6247
H KL, llya Sutskever £ /24 F %7, SSI Z24A “444F Scaling up 94 %", £ K4y
NVIDIA 3 £ 2% A TR KX —#F %% . Reuters Bl B % 5|4 AELIRiE A, NVIDIA
X&) SSI & 50 10 % o &AVFIBT, X — TR SSI & & AL INAEFT KA
TR TTE, BATITAE AR 2 KR H ) I LA R K, B AR R EMING T HAY X
THH ARG B Re F) 38 B iz R I

B4£19: SSI 5 NVIDIA & sk A4
llya Sutskever’s Safe Superintelligence Inc. and
NVIDIA Announce Long-Term Strategic Partnership

Access to NVIDIA's Best-in-Class Vera Rubin Systems Expands SSI's Compute by an
Order of Magnitude

July 27,2026

S

NVIDIA

WAt &K : NVIDIA £ 2026 57 A 27 B

Long-Term Strategic Partnership”, £ #&F %

»-"llya Sutskever's Safe Superintelligence Inc. and NVIDIA Announce
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RSI ARF#H MR BiE, KRR, BRSH LA
BiEBk 2 RSI LI, TRiEMESLER M

RSI 65 H &M, HARAT R ARTRRAM —KBEREA K. RRAMES TR
BiEfE 5 £ AR K, KRaFe GPU Kernel ¥T VA8 i )X 45 R St A 4547 A4 PV BT, RS2 E 9
ET AT RACRIE, B B8 SH I iR TR PSR Y $ 0005 5,
BAEEREML A, KB F AT, FHRELREDESRBE P R
R G R T

A EFWCL2HARIES X A M. MiniMax & 2026 < 6 A X 7 894 5214 & "MaxProof:
Scaling Mathematical Proof with Generative-Verifier RL and Evolutionary Search"+ # %,
e M2 AR A% R B A B FAE R RALF 5], DR B 2R = AR B AR A9 IR IR d 4
2.9%7 £ 8.0%, Flotdi it T KA F LB HIHFIE, KAMINA, MAENS LERE
W, R AT AR EIRF AT RIAERDR, FAZEY R ERERRETEN
)G B e £ FIRAL

B%20: RSIBELL: BHETHEME, E5HAEE5RXMEX

The verification hierarchy: what substitutes for human judgment?

the rung self-improvement

Human research judgment \
“ cannot yet climb (86, §8)
1

what to work on; what counts as better

Formal verifiers

sound by construction
proof checkers - type systems

o Execution feedback reliable but incomplete;
reliability of tests - compilers - benchmarks fixed benchmarks get gamed breadth of
the xm;?rovement tasks covered
signal
Learned judges bounded by the judge;
reward models - LLM-as-judge - rubrics themselves optimization targets

Intrinsic signals

N 4 . cheapest and most gameable
confidence - self-consistency - likelihood

[ failure modes concentrate at the bottom rungs: self-confirming loops - model collapse - diversity collapse ]

Demonstrated self-improvement strength tracks this hierarchy (§5.2)

##F & & : Mingguang Chen % A,2026 4 7 A ,Recursive Self-lmprovement in Al: From Bounded Self-Refinement to Autonomous
Research Loops, # ##F%

KARESG A ZTRNTREEEFRAIEE RS

HEHEMEKE, Agent BIEMAHRE SHAAAIEFEZ L, I HLEEZRRGTF LIS
BHEEREETRAAE . RBGEAFIRSH, HRBERIEZT —IWE. KIKBLTH
kA RBIL, CTHREABETIRFERTREE. OpenAl £ 2026 55 9 A LA e9aF e &
"Research acceleration: The view inside OpenAl"¥ 4% %, 7£if &< H &R T &89 4-8 /)
A REST, BE—FEVRE—RALTR, HARNAEHF T Agent xRS E EfF
FHRARKBT ZHEK,

HERAK BN, FERESRERPEALREZSZAIRA ETFTLZ5b, BLFHEE
Fote & SR AEFRE, HARNEREZZALIRARS X ARLLER, TURKKES T
HREEZRRNE; BFHAESF LA TRIENT R B /R, LAMT EFRAHKR. KMNA
it, A REFWHIRS, 5%, TR LT R T L6k RREHR LR F 3,
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B£21: OpenAl BEFH KIS AN S TFHEHN
Longer tasks need more interventions (&)

@ Success + Ointerventions @ Success + 21intervention @ Failure @ Tool errors

@ No clear goal

100% -
8%
[2]
b4
8 sm
& ]
£ 29% | 33%
5
£
8 e o
c
3
c
o
£ 0% A
s
61%
5 57%
° 20%
fu
[T
0% B T T T T T T T T T
R ST N Y A
v ; & v | % & al /
© 5 N & &

Estimated time for a human

FA &R OpenAl £ 2026 F 9 A & 7 4947 5014 % "Research acceleration: The view inside OpenAl", # % #F 50

BAEH A G KRB R KX Z RSI o & HERER

HMVIKA, RSI REHREFELUE, XBET LR *HREABATT RFR. £
RE ., Fele etk AT AR 4248 T LUR 4 35 # kR 49 B4k . Tong Zheng % A 2026 F 9 A X%
#9"Dream-RSI: Recursive Self-Improvement through Evolving Worlds" ¥ & & 48 & # #4F=
M £ HiE, MiniMax 4 5 RAAE 36 M RATAER, i NIl ey TALRITIRA
Optimization Skeleton. 4 44 k)6 & 44 = 2] R ko942 &, BfE R MAERIA L,
AL AR 45 B ARG 225 Kk Ao

BREKE T HEmF AR ERET R, BRETRIAAERA A, TEERR4FRSE
Tdm k2K, ieieh Skill T AE& i at, HE 2R AL RFAE R 54, FEHRA
LEFHIIE, KAVAA, BETUEALE AL THOAXKERE. ERRDERAIA
ANIBIF 547, MR RSI R E A B RIS .

B%22: RSI5#%5 3. AutoML #= Agentic Al #) £ 7

R E L AutoML Agentic AI/ML RSI
#%4435) (Cross-round learning) v @) (@) v
¥A%&g (Persistent retention) v O O v
% % 8 &M% (System self-modification) v @] X v
&% % f#R4E (Candidate proposal) X v v v
2#%¥iE (Update validation) O v O v
Y4 Z AT HEAMIR (Successor re-entry) v X X v
#4147 (Mechanism revision) X O X v
## LA (Mechanism reuse) X X O v

#Hk k. Mingguang Chen % A,2026 “ 7 A ,Recursive Self-Improvement in Al: From Bounded Self-Refinement to Autonomous Research Loops, % ##f %
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LAT Al RERPATER, HARIT QG ERRIERMARAR . FRAATHRE, T2
KOYIELE T @A R, HRGE ) Fe B T RE 22 & R 26ifik. Anthropic £ 2026
F 6 A R A 6951 721§ & "When Al builds itself"#, & Research Taste #= Judgment L4 A
£ L ATay b L%, OpenAl £ 2026 4 9 A 6 B X 7 49"Research acceleration: The view
inside OpenAl"¥ & 27, & EHAX BATH A & Agent 4 i Token 49/ /N fs], Agent &
Decide #= Design % & &3 37 89 5 5 B A KT 55 3o AT o 4o R & B FIBF AL ) XA B 4 4241,
MBERBABRY KRB, ARXEZFHAREHERLLEZIG I,

BRI T —F & 452 H) ¥ . Anthropic /2 2026 4 6 J & # 49 4F 70 1% % "When Al
builds itself" P # &, £ 129 M F TR BWA R R R EAKRSETAGF LT E L, REEA
SHFHT—F et 2025 5 11 A 49 51%48 5 £ 2026 55 4 A 09 64%. %Rk £ &4
MARAERVFF SRR ) e R AL, AR A AL AR BARAF R 2 A K. BAT
FRF, ANRZERFTHRTG MR R, Agent Ri2 KK R ATA4 LK o

B%23: MAURTHAFRIRBFRALZHFNT—F

Where aresearcher went wrong, could Claude have done better?
practical ceiling: 90%

Mar 2024
May 2025
Sep 2025
Oct 2025
Nov 2025
Feb 2026
Claude Opus 4.6 55% 14%
eb 2026
— Y L
pr 2026
Apr 2026 .
l 1 I | = '
0% 25% 50% 75% 100%

Percent of samples where model’s suggestion beat the human

The study covers 129 internal Claude Code research sesslons, each cut at a turn where the human's next direction had room for Improvement.
Model proposes an alternative; a judge that knows the session's eventual key findings picks the better move.

FH KK Anthropic 7 2026 <F 6 A & 7 69T 5218 % "When Al builds itself", 4 3 #F 52
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K, Ao AR R A% KA E . ABX S @A . MiniMax.

Al R ash A ER—F I KRFARHEAFR

RSI REFTAAHNAARLE, ENAFLRRBEELL SRR, FRAENEFRALZMERE
¥ K. OpenAl £ 2026 F 9 A & 7 49"Research acceleration: The view inside OpenAl"#
WE, BRE S8 AFH, FRLMyb Agent ¢ BB KEMYE FALFRLAR /K
89 3114, BLEERRRARGRRHUS LA 8 A LB %+ Lk &H12. Google DeepMind
# AlphaEvolve 1| 2=, A3 &2 M T Kernel Ao 48+ S8 B 5 L sl ek, KA
KA, A& Agent R B AT REK AT RHARFLETER, FRUSHHALALERS,
RE ) EREZIEHm,
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BERAGH K, e RBAT@ RN X AIS LI IE, MAMNEFRRZH 0, £mikid
T FAaRRiE it A S LT RE R A T R ) K6 E R RIS

B%24: OpenAl #{LEHXERARHEBHKZLR

Experiment velocity has increased &)
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w4t R E . OpenAl £ 2026 “F 9 F &K 7 64 4% 5014 % "Research acceleration: The view inside OpenAl", & &F 5

RSI #3057 X Agent LY 7K, CPU ERKA ZMX A ERF

RSISH5F & Agent #9'% K4 24440, CPU #Kd2 k B A 455 2 5h 40 X E 5 BT T4,
70 RS AALE & Agent H4 R B RIL. SARD, BHERFEREE, BRILEN
T—#i#EK, MEEFTRKER, EAFRESTRATET ZA Agent, H 408 Rz KE
BRIFFEANIR T L RAERZ ISR, TE AR AR L KERHM CPU,
HAVINAK, BEAE Agent AR I K EARS, CPU M f & A 2 AL 4 #4500 fo T A3
HIREH A,
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% Agent HiTfeifja R ot —FH K CPUMFRH#HE. — Kk RSI FHIREF FH LR 04
PENRRIE, AHETREFAE, REFRMLEREL; 4 Agent A% A £ 4 A7
R Bs LTS, AN IS LRI K, Intel £8 A 13 B XA 9"Agentic Al
Requires More CPUs" ¥ 5%, Agent T/Eikatb 2 k43238 T K& CPU Ml % HEf= T 2
AT, KAVHIBT, RSIZBHNE KR LR KiAAZ, CPUERAZ AT Agent i K&
Fo AL S at KOG HF SR, FAKE CPU BXMR. AN QIEREHH., HhEL,
¥ B KR

B%25: Agent THREEL% CPU

CPU GPU

Request
Tokenization
Response

Figure 1: Single-pass inference model.

cPU GPU
Request
Tokenization Agent
Inference
Response

Figure 2: Example agentic workflow.

CPU

WAtk IR Intel £ 8 A 13 H A # 49" "Agentic Al Requires More CPUs", 4 447 5

RSI 4 aR Z B AMH R, BRAXELLETRMMIRT

Agent A REREARFBE, ZLENFTAALE S LRHEANFL AFHLAEL. RS £
K Agent fe495 KT 18247, JF A 27 BB E, ARG N T L, MAEEFELEK,
FOE R Agent 6988 A A, 4 FaE i T WL TR AT R o AR The Information £
2026 F 9 A 21 B #94Ri8, OpenAl R 3k Agent 5 /21 P XA A ERKGHFRAT 238 2 &
MR A ERAD R, BRI ARG, ERRITHEETRALR R RME S

AR AHINARERGE, ALBER Y LTiEMEL A%, Geoffrey Hinton % % {2 4F
%A A 2026 F 9 A A A 49"What if automating Al R&D triggers an intelligence explosion?"
Tl MAAERSLG AlFRGEEER, FRAARIRAF45 B R ADGIATRIR Y, ™
KALAE R ERAT R B AT e B 2 SR 30T Wk, e XLt — 32, F2RGx Al R a3
WAL . BF RIS N, NI E A BB H LT LM, Hmigin X FAHTR. RAVAA,
RSI #% Agent A £ R AeB BT NG, “2RAELREEMA ALY, @idiEir
FFMEH . AT ALK FEIK O AT R B ERE.

SA 5T R PER A RSI Hdt by R K#4. OpenAl & 414 % Jakub Pachocki £ 2026
# 9 A 6 B XA E"An Alien Mind" ¥ % 7=, OpenAl &4t % & &4t & RSI, A Zidifa
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b, Kok Al BARSEE TR H T BIEEAGES, Al RANYT BELAT 3 240K
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R AR 1E R R R F R BINKE Al 2475 6 R BARR TIR P4 AR,
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