I Artificial Intelligence Newsletter ¢

s 118
5 29 HA

A

PR E R
GDSTG
PRI B . BERRY




» H R

ZARE;S

—. The Era of Agentic Organization: Learning to Organize with Language Models: -« eeeereereeeenscnecncneee. 1
—. Kimi Linear: An EXpreSSiVG, Effic'en-t Attention Architecture ................................................................................... 3
=, Emu3.5: Native MUItlmOdal MOdelS are Worid L@ATN@E S vvereeeeresnresssnnnttteeniitte ettt 6
m_ A Survey Of Data Agents: Emerging Paradigm or overstated Hype? .................................................................... 9
E_ Context Engineering 20 The Context Of Context Engineering ............................................................................. 12
7. Large Language Models for Scientific Idea Generation: A Creativity-Centered Survey - 15
—t' KOSmOS: An Al Scientist for AUtOnOmOUS Discovery ................................................................................................ ’]8
}\ Visuai Spatlal Tuning ........................................................................................................................................................ 21
j-L,' The Station: An Open_Worid Environment for Al-Driven Discovery .................................................................... 24
. AlphaResearch: Accelerating New Algorithm Discovery with Language Models: -« weeeeeeseresseencenncee: 26
+—. Omnilingual ASR: Open-Source Multilingual Speech Recognition for 1600+ Languages:- - 29
+=. Aligning machine and human visual representations across abstraction levels: - ceeeereeeceenee. 32
=. AgentEvolver: Towards Efficient Self-EVOIVING AGENt System-«-wrrrrrrrrrrrrrrreressissississsssssisssimssisisens 35
+P0. Depth Anything 3: Recovering the Visual Space from Any VIgWs: e, 37
+£ TlDAR Thlnk in Diffusion’ Taik in Autoregression ................................................................................................. 40
—i—ﬁ Instella: FU”y Open Language Models with Stellar Performance ...................................................................... 43
1. MonkeyOCR v1.5 Technical Report: Unlocking Robust Document Parsing for Complex Patterns:--- 45
—+/\. Hierarchical Frequency Tagging Probe (HFTP): A Unified Approach to Investigate Syntactic Structure
Representations in Large Language Models and the HumanBrain:----eeeeeeeemmmmmm 48
+71. MathCanvas: Intrinsic Visual Chain-of-Thought for Multimodal Mathematical Reasoning: -« 51
—+. Artificial Hivemind: The Open-Ended Homogeneity of Language Models (and Beyond)-« -« «seeeeree 53
—+—. Gated Attention for Large Language Models: Non-linearity, Sparsity, and Attention-Sink-Free---- 56
—+—. 1000 Layer Networks for Self-Supervised RL: Scaling Depth Can Enable New Goal-Reaching
Capabllltles .......................................................................................................................................................................... 58
—+=. Why Diffusion Models Don't Memorize: The Role of Implicit Dynamical Regularization in Training
............................................................................................................................................................................................... 61
52 A &3 &
—. BZREEAT Kimi-K2, 7E HLE {EUEE F BN Fr A FREIIEAKETY - rrrrrrrreeessssssssssessssssssssssssss s 64
—. TR ERETTEEREM A From Words to Worlds: Spatial Intelligence is Al' s Next Frontier----- 65
=. EH%AEEEi%%A%@é%T_U' ;:F;i%ﬂigﬂ:%gyi@%m_{% ............................................................................................. 66

M0, BRI AR ZEBUREHRZR - rverereresereemse s 67



H

N
7

3y

+ = =

. queeﬁ?ﬁ QWen_Code 0'2'2 ...................................................................................................................................... 68
. GPT_S.'I ﬁ?ﬁ: A Smarter' more Conversational ChatGPT .......................................................................................... 69
. BERASIRAARHTAIEEY NVIDIA Nemotron Parse v1.1, S30R3] 1B, fERISHET. SRREEMRE. ANRIE
HE!I‘E‘H‘E SOTA .................................................................................................................................................................... 70
. ﬁ%u_tﬂ#zzﬂzl J\Eg 3D Eﬁ—tﬂl SAM 3D ;ET ..................................................................................................... 72
. @,ﬁ Nano Banana Pro k’ET! E%@. Al E'ﬁEg;Iu_”EH:E’ ME- PS EﬁE ...................................................................... 73
: P\]uﬁ—l BEJE:F"@ZFE& NeurIPS 2025 %{iﬁzj& ..................................................................................................... 74

-

Machlne_Learnlng_SyStems ......................................................................................................................................... 75
EE?:F_I‘, ﬁ;}gmﬁﬁ%ﬁké ..................................................................................................................................................... 76

5 5 32 5

B I e R 7 I e+ e e e 77



EATEHEACEE BN REET, RIEFEMREA
INTRODUCTION TEGSEN AR ER SRS, FUTREBASE
i bk, DU B BRI A+ T RIS AR & B

A, R ERRARE RS, AT HBL
ST SR 23 B REE AT A, 10 BRATE. UE 2
AREREL S AEE.




01

ACADEMIC TRENDS
FAE

® it X—

The Era of Agentic Organization: Learning to Organize with Language Models

HE

2025-10-30

The Era of Agentic Organization:
Learning to Organize with Language Models

Zewen Chi Li Dong Qingxiu Dong Yaru Hao Xun Wu Shaohan Huang Furu Wei*
Microsoft Research
https://aka.ms/General Al

AEHE

ANRET NTEREAI— MR —— "Ee8AB4"  (Agentic Organization) , BIERERBEEIF A
TEskBREH MAERERIRIE AT, AEMX—ER, (FERH T MR RE SRR e — "]
SRBYE"  (AsyncThink) , ETEEEEIAERNBHEIIRALRAIHARITIGE. BNMS, XERH T

BdEmY, Hep "HRZE" (Organizer) oS "TEE" (Workers) oEcF&ER, AHFFEFIR, H

ERMERAIFRSE. BEEIR, MY PRBRGEERR LB 8 EIH—SM, SLIRRE, SHITR
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HERREY, AsyncThink ANMEEFHERES LIRS T, BT 28% AIAEEERRFR. L5k,

AsyncThink RIIH TIEARNZHEES, BEBIEEFEIRR S BEREHBERN ATARE)IGEFES T,

X T, Y,

X » > ¥ & — Yy —9—>y
X = > Y,
Sequential Thinking Parallel Thinking

WV Fork
—1— A Join
e e . & Ongnizee
Agentic Organization B Worker

Asynchronous Thinking
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o fIFRY "HERH" BASHRAE-TIFEMN: XERET—ME AsyncThink RISHHEEE(, 1T
W TESRIUFE4E (Sequential Thinking) FOEERAYFHITRELE (Parallel Thinking) &3l EFiHEN
RFPSHERS, (FEIRT "BRE-TIFE"  (Organizer-Worker) B4, YT, &
& Fork (9X) #lJoin (BX&E) #2E, B— LLM SR ERARAE: BRENRISHLBLHRRE
HOEES, TIFEAREFATFENS. XY TREBENAIEISEN, FHIESRIEDRE
RERERERYN, MIMKSFuRAIERE TFR.

o HTFERUFIN "FLER" MMEDIGREE: TIMREEREXMENMNEREN, (FEBRIRMERIRE

llgx AsyncThink, B "RIEIMBIIA" | FIBRGREIRHSREER Fork-Join FHEZEMN; H
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RERODE EES" MR, BESINEMRMERED. SIUREILSIRERY "BHEF AR  (Thinking
Concurrency Reward) , SMERERIEERERNEN, SAUBLEIRNHTE. BOXMAR,
REABEERMRAARBYEREZ, MEETREHMMUE TERSMAITHEARLIRES (Policy
Optimization) ,

o HFHITHRETESTHIEESZNEND: LRERE R, MERFIERZE, AsyncThink BT
TIE75i A8 FE (Accuracy-Latency Frontier) , TEEHER(ES &, fBLLHITRYES X, ERET 28%
RURRESHEIEIEIR, RRIORIT 7y EERERR, BEASINTERNEREZWEEN: REERIEESAE
i3 (Countdown) {E55 L TII4k, ADEEKFEIRY "ALUREE" EHATR (Zero-shot Transfer) Z|
#UHm (Sudoku) FERFHIEREST, FRINHEHRELAIMRE, XIER T REFIINMUNREERES

AU, MEEMA. SREVBLEEREEN.

EE S

Paper: https://arxiv.org/pdf/2510.26658

Project: https://thegenerality.com/agi/

313~ gl

Kimi Linear: An Expressive, Efficient Attention Architecture

HH

2025-11-01
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KIMI LINEAR:
AN EXPRESSIVE, EFFICIENT ATTENTION ARCHITECTURE

TECHNICAL REPORT OF KIMI LINEAR

Kimi Team
O https://github.com/MoonshotAI/Kimi-Linear

ABE

NENAT Kimi Linear, X@—MEHITRELMTEIEE, ZEEGERLETX. KETXLRSEL
3 (RL) ¥ EESMZETHATNLHR, BREMRE L2EEE TERN2IESN (Full Attention) 1
#. EROEIFET Kimi Delta Attention (KDA) &R, iZEREISINBEZR (channel-wise) AI4RAIE
[ JEHVET BT Gated DeltaNet, NTIEBZUHFIFAERASAY RNN iB1Z. ItHh, MERH T —FEHIL
AIREFHTEIE (Chunkwise Algorithm) , FIFBALHINIFAMERE (DPLR) #&i5%ERE, TEERIFSEH Delta
MN—EERERT, KIERME T IHERA, BEREHSE KDA BE5ZLBEIESN (MLA) B (KA 3:1),
£ 14T 5 5.7T token B9iJlIZxsE3a, Kimi Linear IBUSMARN: MUESTHEENAP L TFRSHIE
B9 MLA 188, &% KV BEFESREMEET 75%, FE 100 S EFXKETIR =L 6 5 MREEILE

’Ft, ATSHFEHIRAR, FEFHRT KDA Wiz, vLLM HEERE R AR ) IGF IS S AR EUNE,
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60 — 90
. -% .MLA
GDN-H
) Kimi Linear 84.3 @ —e— Kimi Linear /
1
@ MLABL3 GDN-H80.5 @ 10 Py
'l
8 @ /
g g ]
B ) 6.3%
£ | 5 '
£
2 W KimiLinear51.0 . B
GDN-H 47.9 -
MLA 47.2 @ RULER(128k)
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45 ~'50 0 ettt =D
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Decoding Acceleration Decoding Length
(@) (b)

Figure 1: (a) Performance vs. acceleration. With strict fair comparisons with 1.4T training tokens, on MMLU-Pro (4k context length,
red stars), Kimi Linear leads performance (51.0) at similar speed. On RULER (128k context length, blue circles), it is Pareto-optimal,
achieving top performance (84.3) and 3.98 x acceleration. (b) Time per output token (TPOT) vs. decoding length. Kimi Linear (blue
line) maintains a low TPOT, matching GDN-H and outperforming MLA at long sequences. This enables larger batches, yielding a
6.3x faster TPOT (1.84ms vs. 11.48ms) than MLLA at 1M tokens.

FERR

® Kimi Delta Attention (KDA)SRIEI HERIZLIETT G : KDA EiZEr0 05, it TIE
MM ERS757E (40 Gated DeltaNet) , REF Mamba2 FHRESKFHEMIERISLE (head-wise)
B, KDA SUIFrESINT@ESR (channel-wise) RIABRIE JHEAUH, AT RFEMHEEE
BERTAETE, EHERER TEINUERD —HIEF. XMEBRICIZESNESZET
REERKFIIEEF ISR E T IRAESHIRN, BRTEREM IR EERCI G TSR
RS HHIENR.

o AIFFRYREIMISHMAIREIITHEIL: KimiLinear RAT— 3:1 IBAZHSZIT, BIE 3 2 KDA
HLMTEHEEE 1 BEEER (MLA) B, XMMiHEREBEEBERIRM LT XIMEREDRIRER, )
RIATHEERER, ERESEILLE, BBARH T —FRE I CRERMCRRER, ETXIHEINER

(DPLR) £5t3, ABRTEA DPLR HRITRITE. ZEEBEFEREFT T 100%, NMIAREHDST
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BFSHA (KV Cache i#4> 75%) , BELE 100 BB ETXAS, S THELLSFR S 6 &/
DR EIRTT

o 2H{BHSTTIRIMEERM (Scaling Law & RL) : XEEMEEAFRILLE T (HRINSHE.
WNSEUWEFIECS) |, AR MEEISBEES TR NES (MLA) RUZMEEE, LRERER, NEMAKES
EHREIS RIS HEEAMCASAERL, Kimi Linear IFRIMEM. RBIEAEKLETXEE (W RULER) F5&
HE> (RL) JIZFER, Kimi Linear BIIHIL £ TR REERIWESNRENESMNRESS, ERT
ST NBITEERK Agentic Intelligence (({IEE58E) FIMBKASITEN B (Test-time Scaling) 7A@
NEXET,

o 2EFFRSTAEEMNEMIZNESIS: N THNESEENARSA, Kimi FRARAR TETF Mok
ZeHARY 48B 281 (BiES% 3B) MENNE (81 4k ETXFGRRFISZIE 1M L RXXASSHER)
e FHR T O ARREE, XEIESMRER KDA CUDA RZARSEFHTIEES vLLM BSREER
88, XERMFRITASTIENEEN "BMERIA" &m, HRARMALRE LHIESEIBET

EERO, RAEEBEANISX— SR,

K HEE

Paper: https://arxiv.org/pdf/2510.26583
Code: https://github.com/MoonshotAl/Kimi-Linear
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Emu3.5: Native Multimodal Models are World Learners
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https://huggingface.co/datasets/LLM360/MegaMath
https://huggingface.co/datasets/LLM360/MegaMath
https://arxiv.org/pdf/2510.26583
https://github.com/MoonshotAI/Kimi-Linear
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Emu3.5: Native Multimodal Models are World Learners

Emu3.5 Team
BAAI

https://emu.world

AEHE

KXNET Emul.5, XE—PMAIESERSHFER, gEBREMENEANE ST T — M. Emu3.5
EEEEY 10 F121 token HIMK-ESRIEEIRE (EERFETEERAMISIANELMIFR) 1BREL, &
4t—HY “T— token U Bm#H T 7V inZlimAITullgr. ZEEE AR AR - TE S MANFFEMR
BRYEE, A TSRS ESEEIIAREE], Emul.s H—SRAT ANIEENEIHTRE) 1%, HiESHEE
E, 1CIRE TEEY BUERL (DIDA) |, F token HIFERBFLIRANIAFTINN, EAEEMRENER
BERKEGRHEERERE 74 20 &, Emud.5 B TEARRESIESEES, BMEKIENT-1ESEN.
EREGER (X21) URSERNENAERER. BRERR 7 aZURItHFERERE, ARG SRIIES
P TR E— R HFREFAA M R ESR(F, SIER, Emul.5 EEGERIRIEES LAETS
Gemini 2.5 Flash Image fHZRI4ERE, FESTSGEERMESTERIALE. ISR Emu3.5 FRRUSHFE

X,
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0 Emu3.5 ll Qwen-Image/Edit Il GPT-Image-1 Nano Banana FLUX.1[dev] I Win Loss Tie
095 9oy o84 .
44 882
084 088 0s 08 - 4 ) 12
079 078 i . == 54 4y 7.6 I8 34.5% 30.5%
710
0.60 6.00
I . ‘World Exploration Embodied Manipulation
. 0.50
0.31
39.0% 40.5%
Visual Guidance Visual Narrative
LongText-Bench  LeX-Bench CVIG-2K ImgEdit GEdit-Bench OminiContext Win Rate (%)
(a) Comparison on Image Generation and Editing Benchmarks (b) Win Rate (%) against Nano Banana

Figure 1: (a) Comparison with SOTA models on image generation and editing benchmarks. For editing, the specific
models are Qwen-Image-Edit-2509 [106] and FLUX.1 Kontext [dev] [49]. (b) Automated preference evaluation
(Win Rate[%]) against Gemini 2.5 Flash Image (Nano Banana) [92] on interleaved generation tasks.

FE

ot

AN )

o EFIUTRMFEESESHREREE: Emuds XARER 5, E8E 10 512 token RIBES
& L7148, Hh =2 S EEARNARAIESIAIS A, MR ESRELSESRE BT “T— token
T BinckES, BRI -ES R PRI S —EEE X ER 1, SHHRIRRERIES TS
iR, Emu3.5 BAAMSMERERIMASHIL, AMYESEBRARIEEES, ERAT — P EIEAIHFR
Bs.

o GUFRYEET BERL (DIDA) HHEMERA: #HXIBRIMEEEREGEREAIRM, IOIGRH THER
T BUERN. (DIDA) K, 1ZI5iEBERAVE token MFFAEABEEIRAE T RAE BEIRAF TN,
EMERSINREIIRIRLSR, RERBERENAERREIARIER, SRKEGNENHEERERS
T4 20 {5, X—SREFES Emu3.5 B MEEERREIILEMRRE HYRREARY BRI E T

=2,
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o AMIESIEESEFISHR—EMEAESR: Emuld.s5 ENRESIEMES P T AR SRILFES (RL)
Elgk. HREBAMERE T —MESEARE (WNEF. BIITT) | ES45ERE (20 OCR EHtt, 5
oiRF) NGERER, AES—HIRZEAHTREIRMLL. XFTEMUEEIER 7RISR
SHERFIAERLRES], IR(BH TARMES (WNAEREGSMERNSE) ZEIEEEEIIAIRTER.

o HENZHHRERSASEGELEN: RERERTEANHFEERED, IF "HERE" 1 "BE58
18" FERES. Emu3.5 BEERIEIESEMRT T —EEIMEMEIINFIL, BRI ESCAIERE N
SRE. AESERFEEST, CresEREEEUMMRERE, MYNKIRRAHESFS, EHFRERS,
BRI TERRNMESIIERIREK, HREREEMT Gemini 2.5 Flash Image,

o TRRAVITEURERL (X21) SEXFER: ZmTRESESEENI, Emud.5 IESEIGER (X21) 1
NAZIEGEMRSEERIEAR. EXFFTRIERNEGRRE, taztiEmRNTERAE, AES
NAEGER (WNiEiR. BRNFER) LB TIEERE, £ MEENF, Emu3.5 EEGERMN

PRIE(ESS LRYRIMA S Gemini 2.5 Flash Image RS, BRI T IRSHMRREREEEREEN.

EE S

Paper: https://arxiv.org/pdf/2510.26583
Github: https://github.com/baaivision/Emu3.5
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A Survey of Data Agents: Emerging Paradigm or Overstated Hype?
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https://arxiv.org/pdf/2510.26583
https://github.com/baaivision/Emu3.5
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A Survey of Data Agents:
Emerging Paradigm or Overstated Hype?

Yizhang Zhu, Liangwei Wang, Chenyu Yang, Xiaotian Lin, Boyan Li, Wei Zhou, Xinyu Liu, Zhangyang Peng,
Tianqgi Luo, Yu Li, Chengliang Chai, Chong Chen, Shimin Di, Ju Fan, Ji Sun, Nan Tang, Fugee Tsung,
Jiannan Wang, Chenglin Wu, Yanwei Xu, Shaolei Zhang, Yong Zhang, Xuanhe Zhou,

Guoliang Li* and Yuyu Luo*

Awesome Data Agents: https://github.com/HKUST Dial/awesome-data-agents

AEE
ANGEEATERESEE (LLMs) RIEARER THIRIEIEERER (Data Agents) . HIEEHE

SfEgwAE "Data + Al" ESEFLUBREFHIEIEEXRES. HIER "HIREEN" —AFERIRERY
MREA—RIERE (BE T BSRNERRSERSSERNEERN) , AXZBEaIEH SAEJ3016 RERIEA,
RHTENRSUAEIRESREAD RO EE. DR ELE/NTRA (LO-L5) | EMFRE T MNATEE (L0)
FEREEEIRERER (L5) NEEMERIRERFEHRE. ETIoRNE XENIEIEIEERE. &
RESRMEIR S TTERENET TSR, RADHT T IS RERHCAIRSE CERRIRAELR, F5HIRMNE
AT (L2) mBEERAE (L3) SRR, &a, XERETEREMNN. ENETRE IR

PRECEL.
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Agentic Data Systems

[Config TuningJ [Query Opt.J] [ Data Cleaning J ( Data Jnteg.]

[ Structured Data Analysis J [ Unstructured Data Analysis ]
{NL2SOL j{ NL2VIS ! TableQA -~ Report Generation )

- || ComaDisaovery ) - || {N280L ) CNIAWS j TblelR.
Data Management Data Preparation Data Analysis
* Data Agent f
‘ Human in charge y; Data Agent in charge 5 ;
' Level 0 Level 1 Level2 7

Level 4

Level 5 '

\{gﬁ "”‘Q
a' 1B

e

T

.
]
' Solo Integrating Orchestrating Overseeing Delegating None :
L
: ﬁ, ﬁ ﬁ, ﬁ, {
: None Responder Procedural Autonomous Proactive Generative :
. No Autonomy Assistance Partial Autonomy Conditional Autonomy High Autonomy Full Autonomy !

/ B Data Lake

@% ‘ ﬁ Structured Data Semi-structured Data Unstructured Data
g aod

NSICL I ,".Eiggﬁp.“] 0] é&.""(=);f]". ;g%ﬁ%%g !!!"‘I!It§§§?'"

Fig. 1: An Overview of Data Agents.

=1
AN )

ot

BNRFNR L0-L5 BRERFSRIERE: N THRTHEANEREMRERENZRIITH, 183!
MEBIR I T EIRE BRI R D FINE (LO-L5) . i DREXRLBENEW DR, ZETNTEAL (L0).
L (L1)  #BoBaME (L2) . BFREBHM (13) . BEBIML (L4) 285t (L5) AYE
PR, X—TEZRAMXEEHE T B MRAIRIBENIAR, REMRE 7 AXSEEIMEEIRES PRI,
FRHERAIR, EEAFPTEHLRSIEI TIAGERE T H—aIEmIES.
HRSLEEGRIN "Data + Al” £TREHHIA: XEIT @A LLM 88K, R OSEIREREAREN
JIRETSRHFE A "Data + Al" SR GRIOIRN . MERFRY T SRR BEIPRIN A,
HETEEEE (NMEERN. Eiii. Regl) . SdEEs sk, 5. &N LIREEED
(%0 NL2SQL. =I#ift. HR&EERL)  XFfeEmAIART 7 SEEREANTNESNRIE TR /98

PAMEF AR AR, ISR E LRSS IERSE.
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o FEAZURM "BTE" B "ESH" RIEHE SRS XERADHT 7 EUESE SRR BRI R,
SRR ERIEEH TN L2 (BREMEFHMTHEESS) B L3 (BEEAFMLESEE) TR, F
FIRH TR L2 FIERAR" IR, BIARNEREAZBRT AKEXRITET. RiY, XEE
T2 “Proto-L3" R&E, 7 FLUEIE L3 RFMEIGRTHEIGRIR AN, SiEZIRAEERARES.
XIFlE M EFRIURELAR A s EEMESS RUB A E.

EE S

Paper: https://arxiv.org/pdf/2510.23587
Github: https://github.com/HKUSTDial/awesome-data-agents

®itXh

Context Engineering 2.0: The Context of Context Engineering

HH

2025-11-01

Context Engineering 2.0:
The Context of Context Engineering

Qishuo Hua'? Lyumanshan Ye'® Dayuan Fu>® Yang Xiao>® Xiaojie Cai'?
Yunze Wu'?3  Jifan Lin'3  Junfei Wang® Pengfei Liu'->%1

ISITU  2SII  3GAIR
) Github  # SII Context


https://arxiv.org/pdf/2510.23587
https://github.com/HKUSTDial/awesome-data-agents
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AEHE

BEETTEI S ATERRRE, L X (Context) REREABBIRTRANIARES), TELEMHRT
MNNRZESS., XEIA, BZMRAROHEAET: s A e Es BB AR/ BRILESEE? 5
X—Phk, XERANRITT "ETXTRE" X—#E. (FEEE, REZMSERIRASZERR (Agent)
RICRISAREUFH, (BEENIRSCPR ERNEE 20 Z581. MEFMCIATH 20 LS 90 FRLSK, £TX
TAEAMEREE 2R E REAUEM T A TESR . NREESRGTTENRIANARE (HC) |, EHELTHERE
PRIRENRIASE-EREARRZRE (HAI) |, FIRNEREAEERASKFIDEBALREENER. W, ZXRFR
BY FITNIENESESEN, I8 THBEKE, FEliT T CHRPIXERTER. BN DRRBAEES,

ZIAREEN L TN TESERSEN, FREET AR,

More Intelligence. More Context-Processing Ability. Lower Human-Al interaction Cost.

Context 1.0 Context 2.0 Context 3.0 Context 4.0

We are currently in Era 2.0,
transitioning to Era 3.0

2 Uy

Context Context as translation Context as instruction Context as Scenario Context as World
Input

Human-Al Interaction Cost

Intelligence
Level Passive Executor Initiative Agent Reliable Collaborator Considerate Master

Figure 1: The Overview of context engineering 1.0 to context engineering 4.0, illustrating that more intelligence
leads to greater context-processing ability and lower human-Al interaction cost.
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FERR

o HVET "WR" MNA—IECIERSHUMEEMIRE: OB TRZRIECEN, BH E T TERNER
RAIER @R 8, BrESBAXEE S RERAEIRRIS . (FEIRHTM 1.0 (JRiait
8) 4.0 (BAKER) WAKNEWER, BARKTEENNNRTATIE (Prompt Engineering)
AUBRBEINA. IZAIRELR T HERE RS L TS IERENRIERR Y : BEENREREANRT, ASSFRRAY3L
BRARERR, FRAWEESE "EHNA" | B EHMRREETFIASSKSHIEK.

o RS4RI EA SR "BRES" HH: sXIEESTSE Agent RERITFER, XEHLT—
BSOS, EEMERNASHIRITEN. EPHORERE "BRIE" (Self-Baking) #lH,
IZHRIBASSAN, BRERIBREIEER "B FREAFARNENANREN. S50 EICIZERY

(FEHAAKHADE) METIIRERI L TMIRE (WFEREINRT) | X—TIE5EBER T K E T Wk
TR NSRS HERNERE, BRRSERPES PRSFSSHEESINRTE

o 8 "EBLTXIRE" SHKRMERMERS: mRFRXK, (FERHET "B LTFXIRE" (Lifelong
Context Engineering) RIBIBEMERLS:, EK EFCBMAEN MAEFHAEFE (Digital Presence) AY%
0. SHTEEHIERETNRAMIEY, ISR T —MSERN "BMRFRR" . XMERIH
RNt ESIE, MEFAESEMES. BIEFMERKEENRSANEMIRNE, SRR EEERLER;

IEXA—EE, NSRBI R E ML SR E RERIR A IS,

EE S

Paper: https://arxiv.org/pdf/2510.26493
Github: https://github.com/GAIR-NLP/Context-Engineering-2.0



https://arxiv.org/pdf/2510.26493
https://github.com/GAIR-NLP/Context-Engineering-2.0
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Large Language Models for Scientific Idea Generation: A Creativity-Centered Survey

HH

2025-11-15

Large Language Models for Scientific Idea Generation:
A Creativity-Centered Survey

Fatemeh Shahhosseini f.shahhosseini. 20@gmail.com
Department of Computer Engineering
Sharif University of Technology

Arash Marioriyad arashmarioriyad @gmail.com
Departmnent of Computer Engineering
Sharif University of Technology

Ali Momen ali.momen8998@gmail. com
Department of Computer Engineering
Iran University of Science and Technology

Mahdieh Soleymani Baghshah soleymani@sharif.edu
Department of Computer Engineering
Sharif University of Technology

Mohammad Hossein Rohban* rohban @sharif.edu
Department of Computer Engineering

Sharif University of Technology

Shaghayegh Haghjooy Javanmard* sh__haghjoo@med.mui.ac.ir

Department of Physiology
Isfahan University of Medical Sciences

AEHE

AR AESIER (LLM) IR R RHT T EONES, YT RRSEIEehE SRt

FREMZANETE. NEBNZEIREME N A— KB TRERENZ Bin. FEUES. (FEBIAE
IERRARNEAMNIZKIR: SMEEAIRIEE. ETIRTASME1S. R R, SERMMELIRSHRE
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BF5AFmREREIE KR, BEEACHESEENIFCEES, ARAER TIZMRRERSER,
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Figure 1: Overview of the training-free methods and requirements for scientific idea
generation using LLMs. (a) Knowledge Augmentation: The pipeline begins with inte-
grating external sources such as research papers, databases, and knowledge graphs to ground the
model’s reasoning, either through relational linking or semantic similarity-based retrieval. (b)
Prompt-Driven Techniques: The model can be steered by modifying system prompts or in-
put instructions, including structured prompts, adversarial queries, persona and role priming, and
multilingual prompting. (c¢) Test-Time Scaling via Search: At inference time, search-based
methods explore multiple candidate ideas through sequential refinement, parallel refinement, or
branching exploration, enabling scalable reasoning. (d) Evaluation Metrics: Candidate hypothe-
ses are evaluated based on key scientific metrics such as novelty, feasibility, and potential impact.
(e) Feedback Sources: Search and generation are guided by feedback signals from human ex-
perts, scientific rules, internal model confidence, or external tools/simulators, which iteratively
refine and improve the generated ideas. (f) Generation system: Single-agent systems versus
multi-agent frameworks. Multi-agent setups include pipeline-oriented workflows for automation
and debate-based interactions, which can yield emergent behaviors in LLMs. This multi-stage pro-
cess collectively enables LLMs to produce creative, reliable, and high-value scientific hypotheses.
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° FMSIAHIRIZM "SIEN A" WEMGHEL: NEHRBIRTRARIRAELRE, MaELIFIE5IA
TINAIRIFIECRARE LLM (IRIFBEES]. {FEFIA Rhodes B9 4P fZ28 (Person, Process, Press,
Product) #1Boden RIEIEN=FEHRIEE, WET—MRFHIDITER. Hla0, B "FHRERE" 0 "=#x
TH2" BRESASMEBINE (Press) MIEUENRIAKR, & "SEREKR" 1 "SRR BREIAITIE (Process)
B, T "SEEN" NIRIMNABEMR (Person) BENRINM. XMISERIAVEICIRGT IR Al 40
MERRYESEENENBRESRARREAR R B IEIRME T IRZIRVIEC &,

o RFTEMMAXBEHMEATRSE: ETRZRING "#FEt" 5 "SSHeEE" AINETZIEX,
ANRGREFRE T AREAMISARR: (1) SNBAIRIESRE (40 RAG FANRERE) LABROTH IR
iz 2) ETFRTHSMEIS AGIENARETR) LITIRENELE, 3) BT R (RN
BE&RR) LT ARIERTE; (4) SEEAME (WARCTITRARLS) LURIURFHRFRIBIE R
(5) SEIEN. (40 RLHF 7 SFT) SUsATRAR. X—oKEMithRER 7 ARSI A RIERI 2

IMERIERERARZRILR.

fEZRPRY "7 (Product) " 4R, ST IRIFERRATRR. (FENTERER QHEXEER) . #
1TIIE (AR S =ITIR) . AKERITHET LLM H# (LLM-as-a-Judge) PUMAEREHIE 7 1%
E£RE. I, NEERKEERHIEEE, WA "I —an” SRS TR TRIBRIRIE
BRER, RLENfEsE "FFHEUEFS (Open-Endedness) " &% (41 Novelty Search) , FFFASRER

FHEEE, LUERD LLM NSREERIRIBRBN R DRes iR H TR M RIRRIB ERIFER.
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Kosmos: An Al Scientist for Autonomous Discovery
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2025-11-05

Kosmos: An Al Scientist for Autonomous
Discovery

Ludovico Mitchener* 1T, Angela Yiu*1, Benjamin Chang”"l’z, Mathieu Bourdenx®%:?, Tyler Nadolski!, Arvis
Sulovari!, Eric C. Landsness®%, Daniel L. Barabasi”®, Siddharth Narayanan?!, Nicky Evans?, Shriya Reddy!?,
Martha Foiani®?, Aizad Kamal®, Leah P. Shriver!11%:13 Fang Cao!'?, Asmamaw T. Wassie', Jon M. Laurent?,
Edwin Melville-Green®, Mayk Caldas®, Albert Bou!, Kaleigh F. Roberts'?, Sladjana Zagorac'®, Timothy C.
Orr%, Miranda E. Orr®'%, Kevin J. Zwezdaryk!7'%19 Ali E. Ghareeb!, Laurie McCoy', Bruna Gomes!?,
Euan A. Ashley!®, Karen E. Duff**®, Tonio Buonassisi®?", Tom Rainforth?, Randall J. Bateman®%, Michael
Skarlinski!, Samuel G. Rodriques1’7’1, Michaela M. Hinks®:t, Andrew D. Whitel:7:#

AEHEE

RGN 2 AR EROER, RIREMFETESTHIENTER. SEEMURIEFEHFRI Al REE
BYSSERMbHRE, (BIERAERZERMEZARERIAVTHHEIFEEIR, NMRE TERKMASRE. A3
NMET Kosmos, —NEEEMIEUREIRNAIN Al RIZR, EE— M BnfIEES, Kosmos Bz
1TIKIE 12 N\, PUTHATEIRDIT. MEMERMRIRENRAVER, REBLKMGERRIFERS. SMERS
AR, Kosmos R IHFREELIRES TR G RAEZ EHEZER. XMIRIHE Kosmos &
BB 200 RAELZXEFERMEREEBR, BXIETFIHAT 42,000 1TCRBFHEEEE 1,500 RieX.
Kosmos 7Efik &S RSERIGSCRAS | FRFTARRA, HRREHEERNEW. MR ZITHERIM, Kosmos k&

B 79.4% RIPRAZERRY, SIFERSIR, BIR 20 1NEEIRY Kosmos ZTYRES T 6 MNREAR
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RdiE). tESh, BNMERNRZEAIIEES Kosmos RIETHRMZLMIERXR. XEERMET Kosmos £

BIEESE. MERZE SEREEISRITHEEF MR CIUAT, EP=IUR SN 7 RARTRENRAIAFTER,

FHNUTINRS RSB T 2 FAISTRA.
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o HTFEBLIHFIEE (Structured World Model) FIZEEEFIRISE: XERWZOCIFETSINT "&
MM FIERL SKERRIESR Al REBERESHERL L TXAIIER. Kosmos HAMKHEER—AY LLM XH1F,
TR R FIEEE AP IUERRA, hES N FHTR "SiRoTRIEE" 1 "SEMeRAE" . X
AT AEREIRIERZ RMH EFIHAR ERAIER, WSS AIEIIRER (RS TIERNE
R, IEHE IS TRION) . S THIIERS (20 Robin 8 Sakana Al Scientist) &H
— MNIERIESIERHEIERRE.

o HRETEIREREMBMCTRIFER: HTHRRCER "I [DRNEERIFRISETEY, Kosmos 4
BAE—HRIFIREMESTEIHERR, REPHE— R (Claim) EUR5 | FAEARTHERR:
BEADTEREFHAITE Python TS (Jupyter notebook) , BERHIEZRITIEKEIRIRIA I ER.
FrBRGHERI e R EAE A IR, M ERANHEER, Kosmos IRENTWRERZRIAZ] 79.4%,
HohETHIROTHIRASIIERSIA 85.5%, T HERERNEET S,

o BEAXERNRFRESEM REMR: Kosmos BILTIRARRHIEE, RIERRSFAREAHEA,
Kosmos 7EEUR 20 MEFR (£ 12 /MBY) RUIETH, BEBTAESTARERTY 6 MANARIE
2, FEENR, XERHT Al RAUEEN HiE/MEEE « BNEINRIFERIEES Kosmos 1=
ITHIEIRREZLMIEEX, XERERHEINTERRINEN, LBt KeRERS
tH, AINERFARIRE T R, Iy RITER.

o KFRRRIECIFIZIEET (Novel Discovery) : Kosmos MURE—NEIUTE, BEETESHH
FHIRREE]. NERR THAENGES. KRR, ERNFMEEFEEERANME PR CIUR L,
Hh s A /98 8#E (Novel contributions) , I3 Kosmos JEIAH T —F S ERAY

RIEREHETTHRSSHNE (PR Atp10a EETNEF/NREMAIRER(ER) , FHEET SOD2 BAK
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ODINAFENRRRIKGIER., XEEMAMUNZEIENES, S THHMLEERE, BrT Al RN
R TRRIEAFRTE .

o BIEFAMBNDIAGESREE: RTHTIRERSIT DT, Kosmos I THRARRIEFER—FRIENIE
MERBLE, BEBBEERIHRIDITSERBERISERR. g, ERRM/RIKENE (AD) REARAFH

1B, Kosmos AT HEMiEmTrIatalir, BEREHNET "HREIFRE" (Segmented

XMAMKRARINRIES. BEMESITRIRAIES, nEE Al N "TR" @ "RFExR" AenEER

EE S

Paper: https://arxiv.org/pdf/2511.02824
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lit| ByteDance | Seed

Visual Spatial Tuning

Rui Yang!*, Ziyu Zhu?*, Yanwei Li*, Jingjia Huang? Shen Yan?, Siyuan Zhou?, Zhe
Liu!, Xiangtai Li’, Shuangye Li>, Wengian Wang?, Yi Lin*, Hengshuang Zhao'®

'The University of Hong Kong, ByteDance Seed, *Tsinghua University
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MNP RS EXRRRANBRERER. STallARSENETIBINER MIE R miDa ISR
MAESER (VLM) BIZERAIRES, (BXEHEHREYMIFFHHHRERENERE]. AT EER%EEH
IESRESEIRE], AR TS EAE (Visual Spatial Tuning, VST) |, XE—ETEES VLM BENZ
[ERAIEHEER R A MBS ERENNSGEIER. AREABESEE T — M S 410 B IMERRIANIEEGES
VST-P, REEHME. SEUGFIRISARAY 19 Fikee, LUSE VLM iI=ERA. s, RET—M2E 135
BAEEARIREREGRESS VST-R, IESAREH TR, Ralitt, ASCRAT—Fnd=)I4miE: BEd
BRI ERMTSERNR, EEFRRUEIH—TREATAEEED. ENIEEAEIRIRET, VST
ES N TEEENTTRFEEEIERSH (SOTA) KR, BA1E MMSI-Bench LiXZ| 34.8%4H7E VSIBench
FiXEI 61.2%, FERFTA, ZTEHEEEEEERNRAES-IMF (VLA) &8, HEEYIEEitEE N

AT EREHTF 718,

e VST Dataset YEL SR g E ot
Mathod Data Type Data Usage - e st
SI MI Video SFT RL ) Depth Estimation
Spatial VLM [11] v X X v X 3D Object Detection
SAT [1()] , v X X v X Language Model Distance Estimation
MM-Spatial [19] v X X v X
SPAR I?%Q] v of 4 v X Position Relationship
Space-R [47] X X v v v 1 10
VLM-3R [22] X X v v X ViT Tokenizer
Spatial Reasoning
VST (ours) i v v v St i
Table 1 Comparison with spatial dataset. Figure 1 Overview of our VST framework.
Ig%l\\\

o F—RRZENE (VST) ERSImERIIGE: ASHRE T —MIEARY VST 1828, STEAKEEUH
3D EXRIEFIBR T, BILEAZREET VLM EARNTHEEEN. ZIERRBEMARERER "l

lgR" RE&: BFABARWREIRHITIERMAE (SFT) LIS EMZSER ( "EH4" 1 "EmgE" ),
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BT RYEE (CoT) REBMFBEMES (RL) H—INBAEIHEE CFHESER. XM HERTS
MY BERA TR EEE LRI, SRITRESERSIEEER T MR REERASESE ]
AISKAEMHES.

o {EAIMR. ZERMNZRFMSIHEIELIRESR (VST-P & VST-R) : ATERIGHIESET=AEESH
S AERRAYRIRR, AR TR MZOEESE: VST-PF1VST-R, VST-P 85 410 54, B=HE.
ZERABI=f17= TR 19 TUESS, B4 7 WEETAZ 3D ¥IE=SERYSA. VST-R MEET=iaE
B, 88 135 58A. AT RIRIEREEEMTER4EEIRIBIRIE, (FEFTEHRET "ET 5
(BEV) iFRRURNE" | AALEHNAMHEIERSRENTBmAIERR CoT HHEIRE, BEREM
T YRR R ENREI AR,

o ECFIWMMPTEIEIESREEEE (VLA) B9 RRIA: A3CMNE SFT I EREEEA, BelFbts|
A RLKER (RA3 GRPO EiFIIEEMNIERE) SeRCEHEEED, (BT TEINBHEIRIIEN TR
P S AT 3D NS HEEMEE, EEENRE, ZAFIER T =EBRGZHNE, BTG VST =28 R
FNT-ES-IMF (VLA) 22, 72 LIBERO Hss ABMFEENN SN T 8.6%RIEBERF . X—MERE
B, B EEEENEREE, SEARGE I ISCRrROYIIERFRE, TR YIIREIAY Al RETRM T

[SEVGE i

EE S

Paper: https://arxiv.org/pdf/2511.05491
Github: https://yangr116.github.io/vst project/
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The Station: An Open-World Environment for Al-Driven Discovery
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2025-11-09
The STATION
An Open-World Environment for Al-Driven Discovery
Stephen Chung Wenyu Du
AEHE

KXNET "The Station” |, XE—MREUNERIZESRFRFFRIERSEREIANE., FIALLM TR
RIEFXEO, Station FRRVERREMREEBITRIKEIIVRIFZRER, BRAMERTIEN. BHRR. BB, #
TOTUARRRER. EBNR ZMNEREFPOHNRGEKRINEER, S LABEIEF T Station
REECHIRE. LIRRAA, Station HRRY Al BREARENEZ. HTEEMZFIWNRZEIF ZAVEENT
FREVS T RIS (SOTA) 1488, TTHRERMFRIEM LE# Y Alphakvolve, FEEEREMEIIRZIAT.
SRHEFFERRNGEEN EEHA, FEAIREMNEELIER. MXERIMAIRNES, #iEdms (2
FAT scRNA-seq #URBESHNZEBENEZE) BHMEET. The Station IRGEIBBBEAHFIMEHHY

BITAIERIBERIFAINE—F, R T —FEEIRIFTEl
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Reflection
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Post public
questions

Disscuss with
colleagues

Perform
analysis

Archive
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Token
Management
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Read Codex

Codex Room

Figure 1: Illustration of the Station. Agents in the Station develop their own narratives. For example, an
agent might post a public question in the Public Memory Room, brainstorm ideas in the Reflection Chamber,
draft a research plan in the Private Memory Room, and then submit an experiment at the Research Counter.
Agents choose their own actions; the path shown is for illustration only.
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o FAEIMHMAMMRBERAESRSA: NERH T MXBITESR "I AvkE” dUHHERFEE. £
The Station &, [REHREERDEAESHAENMIREZR, BaElX (Agent) HERSHEEN, =LA
BAXRER—FEHRFRT "BBE . "ERE" . REE" M 2NE" . eiFBEKLETYE
[ (Long Context) #37 "ZRik{&# (Lineage) " , AI—{UEREARIRES. KMEIFIAHEERTLL
WK, XA EEMRIARIRTHES SRR ET IME. BFIKEACIZRE, TEES SR

SRR S R RIEAMESS.
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o EFEIAY SOTA FRIFRMESTZLNH: T t2BEIBERT, EF (EIFRER) | it8&E
1% (scRNA-seq BE) . MERZE (ZAPBench) &85> (Sokoban RL) FZ N EAARREIRIGUI
HEYS THEMINE SOTA RIRE:. FEENE, XEREHIFERNSHAN, MERTERIMES
TERFIREIEIRRIT. Fla0, EeeNTeEREPERRS, RKPTY "BEEBENEE" BREVFI
RN, R ENTRE, BERIT T EEEEN RIS EMESITESIE, XIEAT Al EHR
MEFEEEE "IFFEA (Out-of-domain) " GUFERAERIEES.

o FEBMIHESINTESE "NESEE" MKR: BT "Open Station” 336 (EKRFULEHABER, 1LEREAK
BEE) [ XEER FSARIRISEMSFNR, ARZINFEGIEHESHBRT, EefREL TR
ISR TN, EEFET MR "®WE" NERIR: SIERERRKRERN Token FHIKzNE
BEOIMER "ERRAGE" F1 EIRT  FAEST T —EFMERY G RRTTIR. XM NBARTTE
MRS R (BEENHY) EFRREIMSINEINER, R 7 ARG REHRS, EherR

THEESENATINES SRR .

EE S

Paper: https://arxiv.org/pdf/2511.06309
Github: https://github.com/dualverse-ai/station
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AlphaResearch: Accelerating New Algorithm Discovery with Language Models
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AlphaResearch : ACCELERATING NEW ALGORITHM
DISCOVERY WITH LANGUAGE MODELS

Zhaojian Yu'; Kaiyue Feng?*, Yilun Zhao?, Shilin He*, Xiao-Ping Zhang', Arman Cohan?
I Tsinghua University 2New York University *Yale University ByteDance

REHHE

AXNMAT AlphaResearch, — M EEMMREXARAE LRI B EARERER. REABUESIE
B (LLM) EZTRIERMESHES T BEHE, (EERERNGSSENEIRK. FriRX—YERF ihE
RESEPRR TS, (EEEET RN "WERRRNE" | &8 7T EFBEHTROETSS
R ESCHRAETIFEREE, AlphaResearch BITIEAHUT=ENEERRIFEE: (1) BREFEE, (2)
ENEIMNGFIGIRE;  (3) MHARGRLIET RS, A TRIEHANTE, A SOMTET
AlphaResearchComp EENN, 88/ \NEFEORFAITHTIERNFRZE ZER. £SAEHRAR
AUIEER &S, AlphaResearch BXSY 2/8 RIMER, R 7AIA LLM INEEELIMATED. BETEIR,
AlphaResearch #£ “[E#FR (Packing Circles) " B EAMRERAR T BRIREMRE, @8T AKHAR
ARRIBASEIERK Alphabvolve SHBEAARRY, IHHh, NMEIRIIRMEGIHITTIRAD T, AARFKHRFIR M

TERIHE,
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Packing Circles (n=26)
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Figure 1: Comparison of OpenEvolve (with program-based reward), ShinkaEvolve (with program-
based reward) and AlphaResearch (with program-based and peer-review reward). We run three
agents on Packing Circles (n=26) problems. AlphaResearch achieves better performance than others.
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o EHEIETF "MERKHE" HIMRAKRIMBN: AlphaResearch 12 T —MrgiiE EHFIELE, SERR
BRI SR T ELGRBIT A, ZERTE T — M NERERS: —5HE, FIBET ICIR &
TRERSWLEI) IR EEEY (Reward Model) SEIEHL "EfTTRAE" | IHMERERCIFHESFEAMN
B B—HmE, BIREEESEE BEIMTINE | MSRIEEESFERESIETOR, XS
RMEASIEIHE STEMEAIRBHTRIFIEESHREE, BYERET LM £ "19R-HT" ZEmsa,
fEEAEE B EERHTHIEH R CIF M PISLA TR 2.

® 1332 AlphaResearchComp FEEEEMENIX: $HIHRIBNEEZRIMTRRZIER. mELIITE
RIBIRE, AKGEEFHFFR T AlphaResearchComp, ZEERR 8 MNRZ/LE. #ue. BHISHTRES
MASSTISRAF AR (JIEHFR. Littlewood SXE) , SMNAREECERMNESBIR. o

TS EEN BRIEANARRECR. (FERRHET excel@best (HBHER{E) X—Fhigtx, BT
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ENEREARSIINE ARMIRIAFRAIEE], X—EEEITE LLM EESRF RIESPRIRIIR
HYmEEATSHNES,

o TEIZBUEGEAMERE FSEIR “EBAR" MIEESEY: AlphaResearch B 7TEIFAIAHRAIEES, BIhse T
ASANREBAR, EEZRRY "B FZAREHERR (Packing Circles) " jBJEH, AlphaResearch 73 n=32
AIERIKEIT sum of radii > 2.939 AUFIHAEY, X—ERAMYEM T Google DeepMind &ifiRHAY
Alphakvolve &RE, BEITH T AHARARRST 7 HREFHKECHICR (Specht, 2012) . IX—3HIIE
ATET LLM NSRANMUNEEERFIERIR, MEAEETBIEEEHRLILH. BNEERE

AIsEH, BT HINERIEFRENE B,

EE S

Paper: https://arxiv.org/pdf/2511.08522
Github: https://github.com/answers111/alpha-research

Omnilingual ASR: Open-Source Multilingual Speech Recognition for 1600+ Languages
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2025-11-12

Ominilingual ASR: Open-Source Multilingual Speech
Recognition for 1600+ Languages

Omnilingual ASR team, Gil ](erenf, Artyom KozhevnikovT, Yen MengT, Christophe Ropers“, Matthew
Setzlerjf, Skyler Wangf’l, Ife Adebara2, Michael Auli*, Can Balioglu, Kevin Chan, Chierh Cheng, Joe
Chuang, Caley Droof, Mark Duppenthaler®, Paul-Ambroise Duquenne, Alexander Erben, Cynthia Gao,
Gabriel Mejia Gonzalez, Kehan Lyu, Sagar Miglani, Vineel Pratap®, Kaushik Ram Sadagopan®, Safiyyah
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REEMESIRA (ASR) RAMEITFEERRES LIS T BEHRE, BHA L 7000 ZFESHRIEX
ZEUNRZ> S, HTMREESSEFIRETT. ATRXEFR, A30#EHT Omnilingual ASR, X
BRI EEMIRITAIANHER ASR R, Ei&EE5HE, Omnilingual ASR 1§B BTN I14 BZE 70 12
(7B) 240, IEIRMBANESRAL, HSINT I SELIERNZHRIRID=R- D8R0, 125FIRA
TERESEE (LLM) BRRFESRS. BEEGAHTRSETHEASFKARERNTRRE,
Omnilingual ASR ¥E=EEY EEIT 1600 ZMES, EPEE 500 SMULLBIMREUET ASR REtsFHd
RIES. BaliHEER, ZRFESIEENN S (CEERRREREMT) RIS T TIERS (1 Whisper
v3) NEZWE, )P RIERIESRIMLEANZHAEN. (FEFR T —FRIIRE (M 312817012

28 . HUERSNE, SEREMR AR XAIER T,

(a) Local participants contributing to corpus creation (b) Local participants contributing to corpus creation
efforts in Pakistan. efforts in Liberia.

i

(c) Example of the difficult travel conditions encountered during ficldwork.

Figure 1 Photographs documenting key moments from the global collection of speech data that produced the Omnilingual
ASR Corpus.
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o BERIfIMESEE SHXIENRIEIEIIE: Omnilingual ASR S 7 BRIRANIENSE—RAESES,
ScHRBIE 1600 MRS, HEE 500 SFLAETTEIRE ASR SHSHIES. A TR KEESEHIERRN
A, AREANMIESTUBAHEEYE, @ "Omnilingual ASR Corpus” InH, 535t XFN4E
LENBRESERR, BIFSCENARNE T AESRENREESHE. X—8 BN UK 7 ER
B "EEERER MR, IER T B R SRR ANIRS ARSI, BAREIEIESH
TS IR T EEAEMIRIESTS,

o 7B SHIIEMREERESSHEEIRIERE: ZRELRATY RE 7012 (7B) S##9 wav2vec 2.0
BEEFIELRE, £ 430 H/\RKIMCIESEE DHTI) 4, SaSNESEE (LLM) BRHN
Transformer fFIO8%, 18 73R ARIRIDRS-ARADRRSRNT, XFPIRITHESIEELEEE NS E T I EHIEFRE
WERRMERIETESIESRE. SLRERRKM, Omnilingual ASR EZSNEREMANN (20 FLEURS,
MMS-Lab, Common Voice) £, TEHRERBRRFESHINRGI L, 4E2ET OpenAl B Whisper
v3 #1 Google A9 USM SEIETRSAREY , IERE 71 KB W BT |14 FRFHS BIE SRR X ER.

o ZERMRIBHE (Zero-Shot) iZ(LEEN: XERH T —FHEUFAITHEA ASRBEN, FTHE 7148 ASR i
BUNEEIRBI ISR EEPIE MBS AIRE]. BIITEEENERARERA D ERINESH TES-XA" WHER
T (In-context examples) , Omnilingual ASR BEEFIFBELBRAAUBIERITALSN, M2k 1E)4%
R HIMRESHITAREER. XM AR T 7 EEGENAY B, e XKAFPSLEHTRRN
BEMESRETLANTERR, NEVERFIRIHERENSFINESSA S, NMEESH FiES
IR AR E BN .

EE S

Paper: https://arxiv.org/pdf/2511.09690
Github: https://github.com/facebookresearch/omnilingual-asr
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AEHE
IREHE NS BIREUA S T AN ES REFAERR ZNATEIE TR, M, HEREERY

NGESARNFEIHAFEREES, BRBEZEN LEERNAERRE, X587 XTRERERRE
RIS, N THRITAEREARIZEIRG, HNFERTRRAIRERR, A UER FUREESA
RZERI— P REEN: ASSRIBLSANRAR RN EERAERGR EREARRY, (ENERIRERIEREEEHR
BXEHRER. AERX—EN, FEERIIG T — B RPASSHIM "HIDRE" | MEESHEE
XMHRFE ASSAFIRVEEERR AT R a0 CH I ERRE, XA I XITFRURETE ZRRIIEESS
5 (B NEESEREGHRNASRATEIES) BERITIA T ASSRTATIARENE. i, efiE
SMRRFIESPERNEML, BESRFTZUEENMDMIN (O0D) KEHEME. B, MRFEMESENTI
RIASRAIRBEB ERGREMAEMBRIRIE, BERSARAFIMESLRNANE, NEEERE. 7

EREMFSARARNA TSRS HT 7K.
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a Which one is the odd one out? b (1) Linearly align teacher model  (2) Generate large triplet-similarity dataset (3) Distil bootstrapped similarities into student

ImageNet
i AligNet

Sample
cluster-border
triplets

ag

P S DT
B A i
P Linearfy -"é\—:z\oz
trained |-\ /> | |> aligned | —-
model teacher
7 = [

]

Human alignment d

0.8 4 Original B Animal
mm AligNet M Clothes
M Food

M Furniture
M Musical instrument
M Sports equipment
W Vehicle

M Uncategorized

Alignment score
o
e

Triplet odd one out Multi-arrangement

Machine learning downstream transfer

Unaligned classifier Aligned classifier

Few-shot learning  Distribution shift

Fig. 1 | Overview. a, An example of the triplet odd-one-out task where a human and a neural network model
choose the same (top) and a different (bottom) odd-one-out image, respectively. b, The different parts of the
AligNet framework depicted from end to end. First, we develop a teacher model of human judgements using
the THINGS dataset. Second, we apply this model to ImageNet and cluster its latent representations into
semantically meaningful categories. This allows us to generate arbitrarily many similarity judgements. Third,
the obtained human-aligned similarity structure information is distilled into a student vision foundation model
using a loss function. KL divergence, Kullback—Leibler divergence. ¢, Representative human alignment (top)
and machine learning downstream (bottom) results show significant performance improvements of the
aligned over the non-aligned version of the ViT-B classifier (up to 123% of relative improvement for ML
downstream transfer). Error bars are 95% confidence intervals (CIs). For the human alignment results, we ran
100 selected items from the respective dataset. Triplet odd-one-out datasets are THINGS and coarse-grained
Levels respectively. The multi-arrangement panel represents the results for the ViT-B classifier from Fig.
2c. For machine learning downstream results, we computed the error bars using the binomial proportion CIL.
We used a normal approximation (‘Wald interval”) to compute the binomial proportion 95% CI which can be
calculated using the number of data points in a dataset and the observed prediction performance (here,
accuracy) of a model for that dataset. Few-shot learning datasets are Flowers (n = 6,149) and UC Merced (n =
1,050). Distribution shift datasets are Entity-13 (n = 167,592) and Entity-30 (n = 153,565) from the BREEDS
benchmarks. d, Two-dimensional latent space projection for visualizing the change in the representations
after alignment. Although the representations of a standard ViT-B classifier model are unstructured and
categories overlap, after alignment the representations are grouped into meaningful categories. All photos are
taken from Pixabay and are under a Creative Commons licence CC BY 0.bootstraps (repetitions) on the item
level where we computed model performance for a single bootstrap using a subset of 1,000 randomly (with
replacement)
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o 1312 AligNet {EZRSICIEREITIRBIRRS: /1 7 R AREITEE A\ SRH T EUERE R ee N EMERTIEIRE, 1838
AR T — M AR AREA TR RN A THRENTTE. tHREINE 7R A ENERIT/EE

(THINGS #iB5E) g7 — "RERTEE" (Surrogate Teacher Model) , FEIAFEMLZR
(Uncertainty Distillation) EEMERHIUAZNFITSAHEL, e, FIRAZZIMEES ImageNet £
BHTERZERRE, T —1MEEXRE=THAIMNEHEIESE——AligNet, BIIEX—EETESE L
FSFPITEREEL (20 VIT. DINOV2 &) |, RIS ARRERUEESEEENTIRE S, SERTE
HIZRAERS TS,

o iR "Levels” SERMFEGEIMIRES: SN EINEIEEELIHEHERAERNEHSRER ERIAYEIRE,
ICMHEFH R T — 1B "Levels” RUFTEASRHMTEGRE., ZEUEES IITATURESE=NA
EERAVEIMEFNT: REIZAERIN "2REAEEN" | WRE—KBIMHMXAIR " EERERE
BN AR ZERIFIRAY "SRR . SLIOREE, DIEEAEGERNE WXS7SRiETE) B
BMESXANRINC/ESS, MR AligNet FUARNEREZRD 7TIXMRE, MEERERIRT A
EMEHEHISRABL S BRGNS, IR R IS PR ARELE.

o SZEENSSMISEENNERA: ZHRNMUUEETANRIZEIEAIRSTS, BIERTIEAASR
MRS 2eZ S MIHESEE EZRVLRMME. ST ARXITTIERIREE S TR BTSSR
H T SAYERE, BIEEEEARD 2 (One-shot Classification) | $XIBIAfaimiEHY BREEDS EENIL,
VARETSIXIHUEREART ImageNet-A fRf@Hilhin, SRER, SRBERIEMEBLIFS AKINENESR (B
E— L ERBAMAE IS AE A, AMEXN EEREEERR) i, REAEEHEUERNINEE

RIRIMHESRANEN (NS ENE, Tl TIERERED fhlRiE THUMESSE.
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Paper: https://www.nature.com/articles/s41586-025-09631-6

Blog: https://deepmind.google/blog/teaching-ai-to-see-the-world-more-like-we-do
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E AgentEvolver: Towards Efficient Self-Evolving Agent System

Yunpeng Zhai; Shuchang Tao; Cheng Chen; Anni Zou; Zigian Chen; Qingxu Fu;
Shinji Maiy Li Yu, Jiaji Deng, Zouying Cao, Zhaoyang Liu! Bolin Dingf Jingren Zhou

Tongyi Lab‘;“;, Alibaba Group

{zhaiyunpeng.zyp, taoshuchang.tsc, chengchen, zouanni.zan, eric.czq,
fugingxu.fqgx, jingmu.lzy, bolin.ding}@alibaba-inc.com

ABE

HAESHER (LLM) IEINBEFEEAESEEE. TEFERURESFMNEFITESNEEND, 28
ZRFAAEEF=H, A, HEFFRIEEEANTEBEERRA TISZNESSUREME T AEBIUREN
sEILFS (RL) 2, FAEMASBENERE FTHIEE, XLEBRESH T IRENEIRIERMA. € FHRE
BRI BENEATIBER, ARRIXEHE, A3ERHT AgentEvolver, XE—FIA LLM RUESIEME
AR SRIREIE REA R EEIMBIHLERSE. AgentEvolver SINT =FhEHNIH: () BRIEE
(self-questioning) , BITFEFOIRMEFIMEFERES, BT ATEIRENKH; (i) BESh
(self-navigating) , BIEIERIESHRES | SHRIESRENE,; (i) BHIEA (self-attributing) , 1B

ARSI RRI SRR D ECE SR, MTTIESE AR, BT X A SRR R — M —RITESR T,

c
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AgentEvolver SCIL T EEREMFBENRIRIT R, (RRABRFERIRTT, #IPEIesRA, SIEHRR RL BE7558

tt, AgentEvolver SEHI T EEMAYRER. BIFAIEAR RN EIRANENEES .

AppWorld BFCL v3
AgentEvolver AgentEvolver
50 ' . : e 70 '
e Qwen2.5-32B BgertEvotees:
= 40 . @®-- e 60 L y
B it J & r Qwen3-235B-A22B
o 7B =] Qwen3-235B-A22B o -
2 3 Z - sk ® = Qwen2.5-32B
L7 il 1224 R
g - Qwen3-148 5, 0 Qwen3-14B
S (@] g o Qwen3-32B
= 20 Qwen2.5-14B C 4 ® L
5 @) ] g Qwen2.5-14B
i Qwen38B  (Qwen3-30B-A3B 3 Qwen3-88
[} i
ﬁ 10 O . é 1) | — 9] J ......................
Owen2.5.7B E Qwen2.5-7B
0 ] 20 QweDBé)SOB—ABB
1 1 1 1 1 1 1 1 1 L
7B 14B 30B 100B 235B 7B 148 30B 100B 2358
Model Size Model Size

Figure 1: Performance comparison on the AppWorld and BFCL-v3 benchmarks. AgentEvolver
achieves superior results while using substantially fewer parameters than larger baseline models.
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o EFWEHUIRRAY “BEIRIE" (ESERMMNE: AgentEvolver ZHT—MEH "BERIZA"
(Self-Questioning) AIBIFHIE, SERRIIMETRRZ)ISEHUEMSERISEER, ZAHIFIA
KESEE (LLM) BHENIEMEEN, BTiNRREEEXH (Environment Profiles) 3&5|SEREAKIH
ITHFEORMATRER, RREBEERAABRE. REPELR, HEIEKTESAFPRFHISEY
YEREAMCERIZMESS (Proxy Tasks) REEM. XMITEREN TS RATINELURIMKE, (EEREMREE
BNEFIRE SR EN)IRE.

o IRFHRZW=M "BRSM SRSARE: HMEFRENEITETINESEURTSEE TRITHE, €
Mgty "BESA  (Self-Navigating) i, ZAEEIEEEZIHM (Experience Pool) FHEHER

PEIG RS ERIRTIE RS, SE T ETFTRURANETYES, #—5, FEREET M "RURE
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#5%" (Experience-mixed Rollout) 5%, 6T B EHERSEWAIF, 7R "“E1E" (Experience
Stripping) AGEMIBIEA, EEEIEIS R ICHEBSETIFSRITI AL R, NTAIEE
Tt TR RO RIMAT .

o IEMAMEMEML SRAR" LR AT IIRK IS TR R SE AR,
BT "EREE" (Self-Attributing) Hl4l. FETE5 GRPO S75AURMBALE R TRIR,
AR LLM AOIEERRE K RO — S B TERET A, KRR EEhiE, &
IERRMEEY, BTSRRI IREE SRRERESIELS, WETSARMES (Composite
Reward) , SCEUT4BRIEEHISFASE (Credit Assignment) , IXFHEHRUIME TSRS, KDEIE
Tt TSRO AL

K HEE

Paper: https://arxiv.org/pdf/2511.10395

Github: https://github.com/modelscope/AgentEvolver
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Depth Anything 3:
Recovering the Visual Space from Any Views

Haotong Lin*, Sili Chen*, Jun Hao Liew*, Donny Y. Chen*, Zhenyu Li, Guang Shi,
Jiashi Feng, Bingyi Kang*{

ByteDance Seed

tProject Lead, *Equal Contribution

REHHE

AXNET Depth Anything 3 (DA3), IXE—MNEEIFERMEIRIT. EEMIBSENMIRAN (TS
RECHUENAEE) PIRS=E—HME UISEEEAEEL, DA3 SIFREEENES, EHTE—NEE
Transformer (R1R4E DINOv2 #RiEsg) &S8R "RE-59%" (depth-ray) FWUBEIR, BIUBRER
MZESFINTRAFRATT VR, BI5INBABEREREIESTEFIN DPT Ligit, #5HE
BRIEGERE, SRR, b, XERBT—FHD-F4 (Teacher-Student) JlIZsBt, FIFA
TEERkEUE )14 SR N SO REIRE SR EIRGS, WTEETHE FRAIRT 7R TS =
5izee. (EEEL 7 —MESENEE T, EEREN VI RAERITEE, WXERER DA3 #
FTE1ES BI9IXRIEFEY SOTA KF, TEABHAL LSRR LAERE E 5 BISFEHMATL SOTA &5

35.7% %0 23.6%, BEREREMIT EHEIT Depth Anything 2,
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Input: Any number of images
with or without camera poses

Output:
Point cloud

Geo. & Pose*,
\ Accuracy

Mono. Depth

Figure 1 Given any number of images and optional camera poses, Depth Anything 3 reconstructs the visual space,
producing consistent depth and ray maps that can be fused into accurate point clouds, resulting in high-fidelity 3D
Gaussians and geometry. It significantlyoutperforms VGGT in multi-view geometry and pose accuracy; with monocular
inputs, it also surpasses Depth Anything 2 while matching its detail and robustness.

FERS

o IREBIERRYEE— Transformer 3813: DA3 EFTES 3D (ISP ARMAER (BH. &

. R) ITHFESFMERATE, BIFZ] "HREEE" IANR, ERXER—MRERTTIZ Vision
Transformer {fEABTME, BISX—ERAIR—IE, F—HER T MNRKEREIAMMESMEFFIRL
HEZER. TICHAKIEEEESENSE (Pose) |, HEERREEN BENGIRIENE, IEETEE

Transformer 7EI2f# 3D YRR A EAYEAKIEREEL.
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BUFRRY “IRE-§1%" BXERIES Dual-DPTigit: AT EETRNIEEGN SRR SESES
PHTR, NERE T —FMREER S RE-59%" (Depth-Ray) il Bix. BIigit##RY Dual-DPT
Dk, RELSEMEASRLEGERNITTRORERFISILE (Ray Map) |, iXFRISZUmASIEHIZAY5 TVAMY
AUk Y IEATMELITRMERR, RSN 7 i R SENIEIRN S B S ETTN, HIERBLHERNRTE
(Point Map) [EIF&EAEZME .

EF SRS RIS EliteE: SINETHREIERREREHIEES A, DA3
KT —MEapIRUn-FEF IR, EEG T —MEBTAMESHEENS R BRUMEE, 5
BELHRER B SHEA UTATRINTS, FRESIRFERARNESSUEERST, XMI7iEE DA3 £
ERATFFAEIEENER T, MUEHTZAIRT UTEE L XIEE# VGGT 1 Pi3 FIHF SOTA &
B, HREBE/IRARLEAETMNE (Backbone) BT RARIRSHTAM (3DGS) F MFHESHHFIR

BRRE.

EE S

Paper: https://arxiv.org/pdf/2511.10647
Github: https://github.com/ByteDance-Seed/depth-anything-3
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TiDAR: Think in Diffusion, Talk in Autoregression

Jingyu Liu‘l, Xin Dong*, Zhifan Ye?, Rishabh Mehta, Yonggan Fu, Vartika Singh, Jan Kautz,
Ce Zhang!, Pavlo Molchanov

NVIDIA
*Equal Contribution; XD as project lead; Corresponding: jingyu6@uchicago.edu, xind@nvidia.com

AEHRE

T EUESEREAREFTEMRNESD, MBES (AR) BEERHRREMRALSIESER, BEEE
FYRE ERIEM, WBFEREBRHEXMAOH, BEARERARSSREHTINFEREARRD (7
BEME) , BARRAEMIZ IR0 AR RIDZEHTT 8 (SERE MEEREHITME) . Ak, &
RHT TIDAR, X2—MFFIKREEN, bt RRIEE R BT S RIS TR, FIBT
BUIRENEEE token (BD "B%E" ) , FLABRIAASINRERZHE (B "RX" ) . ZRITRSFAT GPU
NREITERE, eI AR 7B RS, 2GR, TiDAR E£&ILE EATRL
RS, HEXMEMRE LBE®ET Dream 1 Llada S HUREL, BEETEME, TiIDAR 2E/MEHMRS AR

REREEIENER, SLIESER token FURF 4.71 & 5.91 EHI544.
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H ree Taken 5ot Cheap Taken Siots

Figure 1 | Latency Scaling over Token Slots: We plot the latency of Qwen3-32B decoding on NVIDIA
H100 with batch size=1 and Flash Attention 2 [15] over different prefix lengths. Latency stays relatively
the same with a certain amount of tokens sent to forward (free + cheap token slots), before transitioning to
the compute-bound regime. We leverage this characteristic to achieve almost free parallelled drafting and
sampling for TiDAR.

FERR

o SIFRAY “¥EBE-BOIIIFREX" IBAEMI: TiDAR (Think in Diffusion, Talk in Autoregression) &
TSRS IR EIEN, SEMRESY SURELE R ERAIE R HREHHERE ERIALS. 1258
MERRIERFIREIET, AR EWEINLSZSHPFHTESR (Drafting) Z-M&ik Token, Bl "E&"
T2, FEEr BRSNS SR TEREESERE (Sampling) , Bl "R&" &, XMiR
TR T HTEMHERREWRITENE, NMERR LES T SRR ASEE S S B R HEERI R
B,

o HEFpiSRIQRAIRNEEHTIRIERR: SEFRRTFS (Speculative Decoding) FEFIMY/NEL
EREIAE, TiDAR {F/OIRRIBE—XIRRIETT, BENRGERERAMN T HEIENER, eF BT
2Ry "= Token #&f" (Free Token Slots) , FEAREEIEIRERAIIER FH T EEEEMIGIE.

BT L] NRHIEEEEI#8AD (Structured Attention Masks) FIxd#asa KV £E7% (Exact KV Cache)
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B9374%, TiDAR BEEEE—IRBIMMEREFRERISEAL Token FYFHTIUNISIGUE, MTISCEL 7 EUAR I AZAD
EERTEEENSIE, £ 1.58 0 8B AR EOBISE T 4.71 £330 5.91 {SRIINE.

¢ BENHMRREERH TSGR EERIE: TIDAR BB MMERIFSEFMESRIMEE (40 Qwen
£5) ZRGRERIERS, SCIEMEHERINEATZEY, EIRH T —FECA)II4ECTs, BT BEBa R
L85 (Full Mask) 5Rlg, XAMNEL TIRKTHE, 18R T BURKAES, EERTIGSMRRRIA—
Mitt. ERRBER (Humankval, MBPP) FIEZHEE (GSMBK) FEMIMHESIARAUSAEESITET,
TiDAR HHIERE T EMBEAMXITE Dream # Llada FIMAEY BURE, MeEBSHIARBRITNAR AR #2145

1B, IR T HERMESRBER KA R THISCRAM.
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Paper: https://arxiv.org/pdf/2511.08923
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Instella: Fully Open Language Models with Stellar Performance

Jiang Liu, Jialian Wu, Xiaodong Yu, Yusheng Su, Prakamya Mishra, Gowtham Ramesh,
Sudhanshu Ranjan, Ximeng Sun, Ze Wang, Chaitanya Manem, Pratik Prabhanjan Brahma,
Zicheng Liu, Emad Barsoum
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RENESHEE (LLM) EZRES PRI T SfAIeE, AMASHSERERE ARSI D
F, XPRE T HERANESHETEME., AXNET Instella, —M5EEFFRRY 30 (ZSEIESHEEISIR,
Hee BT RI A BRVSUEAI BT 145, 1Z5&2LEH AMD Instinct™ MI300X GPU 3Kz, 2187 AR
&g, BRIESHIBLUIRAXRRIFGTTIFLRE. REMRERITIZ token HEZTZDTIFEREE
&AL, Instella {ATESTTETHREEFEUE TRTHAGER, FHEBSESMEAINT "FHIE" HEMEIE
%, o, BATEEGRTRANERTN: SHFEIL 128K ETRKEMR Instella-Long, LAKIES SEEERE
SRESIEREEHMT SRS EUER! Instella-Math, XEERBERRI T Instella fEA—NEDA.
SR E SRR REBRL R, 7 AR SMESREARAIBT.
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Figure 1: Average Score versus Pre-training Tokens for base (left) and instruction-tuned (right) models.
Instella surpasses prior fully open models of comparable size and, despite being trained on substantially
fewer pre-training tokens, achieves competitive performance with state-of-the-art open-weight models for
both (left) base models (Table 4) and (right) instruction-tuned models (Table 6).
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o HRFFENSEMAIKREELL: Instella S8BT HRINAMIEEMNE (Open-Weight) RIBMR, RAT—

PNRIEEN ER 2R J8A. BAATTRTREENE, T2 7)IgE. #dEics (Data
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Recipes) #iF&iniE, BOTHARAFRESHENT SN LR, REER)IGEEERDT
Llama-3.2 8; Qwen-2.5 &35k, 1B1825F AMD Instinct MI300X GPU RIS SIERILIAT) 1458,
Instella-3B ZEZNMEEMKFAMIEW 7 FrERET2FREE, R H S HEEEUE S I4RHATTR
FRAE R EARIR SRR S .

o CUFRYSMMERFIIGRS SRERSRES: 17 EBIREUE MEFHI4RE, 1EIURE T —FUSHAI D B BT 145
RE&: BSTE 4T BA token EEEN/ERM, FEEE—H 58B SRE. HIEZER token HRHISE
BrEREPFHTIRIC, ZMNERISRIS IN T BEAEEFEIRS, BT GSMBK ISR ATFS{L Python
FEFPRAE PSS ELIRIELERR MR IZ5ES, I5h, BIBNASR A 7 BIFTHY “tXESRL" (Weight Ensembling)
AR, BISHARMFAIGHNEZMERIREUNE, #H— R 7R REERRRE NG S R,

o ETFEF QA 5iafbFIRNSI A FHHBIEE: Instella SRIREITFIMERAY B 7 HREIER E TSR]
SHEE FIVRES]. X9F Instella-Long, EIRARIFEAESCAERIISRHISSIAEIERS (Synthetic QA) i#1THs
SFH)I1%, SEMT 128K L&D, H1E Helmet EHEEFIME. YT Instella-Math, HIBAKA
T EMNEREERIRIEUL (GRPO) REBBILFEI DA, FAeBETHREUESH TG, Zh=2BE R
TIMERIROBIEHEERE ], (EEE TTT-Bench FRERHEEEENINPEUS T e FHREEL RIS IEMER,
BB T /NS EUEEL ERIFE RL BB,

K HEE

Paper: https://arxiv.org/pdf/2511.1062
Code: https://github.com/AMD-AGI/Instella
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MonkeyOCR v1.5 Technical Report: Unlocking
Robust Document Parsing for Complex Patterns

Jiarui Zhang!, Yuliang Liu?, Zijun Wu!, Guosheng Pang’, Zhili Ye', Yupei Zhong!,
Junteng Ma', Tao Wei', Haiyang Xu', Weikai Chen', Zeen Wang', Qiangjun Ji',
Fanxi Zhou!, Qi Zhang'1 Yuanrui Hu!, Jiahao Liu!, Zhang Li%, Ziyang Zhang?,
Qiang Liu', Xiang Bai’

! KingSoft Office Zhuiguang Al Lab, 2 Huazhong University of Science and Technology

AEHE

AXNET MonkeyOCRV1S, XR—ME—HINRE-ESER, SEMRSEETHERMBEINEER
BIRMERR, SBIRENESERERE. MABGNREREHWOHE. I8 OCR RAEERIT TER
HIMASER GRS AR, IZRERA T — eI ERMERE . F—ERAAARESESIRE
(LMM) BEXSTRASE BT, FIRERINREEHRINE—2E; S RURENR X T
BERE (XA, 23l Fi8) R5l. ATH—SREASREBIETEED, (FERE T HETRE—2E
RERHZEISE, B "ER-X" NEHSREIRE, ELFREATIRENER FBERFT 7 SRt
Ish, XERSINT "EUSHERBREET 1 "KES|ISREBEH" HER, BIER T RERREGTIRE
R, BERENEEEA-. LI, MonkeyOCRV1.5 £ OmniDocBench v1.5 FZMEIENHAEY

BT&# (SOTA) KIttRE, LEFRMEZNT PPOCR-VL 1 MinerU 2.5,
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[ Qwena,5-Vi-72B (] Deepseek-OCR [ MonkeyOCR-pro-1.28[_JPP-StructureVy [ Nanonets-OCR-s  [] MinerUa-VIM [ InternVL3y.5 ) olmOCR
[ POINTS-Reader [ InternVLy [ Mistral OCR [@MinerUz-pipaline [ GPT-40 ] ocRFlux () Dolphin
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Figure 1: Performance comparison of MonkeyOCR v1.5 and other SOTA models.

FERR

o EWHIMBE-ESFMERMRTSIE: MonkeyOCR v1.5 % 7154 OCR BB SIERIMENSITERA
RNEeERZENREME, BE T —MISENRNMRIT-ES 8%, 5 MR, REF EEARIE IR
BEhH, BKEREESBENRIMESIZINFRS|, BRTERDEELNIESZIHIRSENEM,; 5
RNt IR R I THATRE IR, XL THHRE 7 SIS KRE 2 BN ERINEEN,
VB FERRBIRIE T SO PR EDIRERE, B T RIKREFRET T BRETHSEMT.

o HTFNR—HMHANREFEIFEHM: HHNERRBEMIERRENEIRRIVER, FRET—FE
FRE—BUERIEMLFS) (Reinforcement Learning) SB=: %5514 7 — N EhREE, BFi+EEE
TRUHAIRIEENE (HTMLR3) SRERMESREEGZBNTEHEIE. BIXFh Fll-ER-xte”

RUFBERSIRANE], RELRESFIEARBTAREEIRH TR, BEER T EREBLIE. BTRSFH
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RARINIEEHIRIRITTEES], £ OCRFlux-complex FEEEHIESE LRI TiE#IA SOTA {RERIE

® SERMMSRRAERREAR: A THRANERESELINERRIRI 7R, MonkeyOCR v1.5 5INTH
DURBERARR . EWSHABRIEHENT (IDTP) FIRES|ISKEEF (TGTM) . IDTP @EdAiNFERR
TERRTEIRANENS, ERRSATEREHREEREG, SR T ESGRAPRISIMITIER, TGTM NZESH
NPCECS BERT IEM DK, BRERAIFASHIEREEERIMRFE (BEEEFRL. TRLERFEN) .

XEARAESREEIRIR. FARCFERELAEN, S EMEIEREEIERISOEREIAR.
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Paper: https://arxiv.org/pdf/2511.10390
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Hierarchical Frequency Tagging Probe (HFTP): A
Unified Approach to Investigate Syntactic Structure
Representations in Large Language Models and the

Human Brain

Jingmin An', Yilong Song', Ruolin Yang', Nai Ding”, Lingxi Lu*
Yuxuan Wang', Wei Wang', Chu Zhuang', Qian Wang'-', Fang Fang'-
!Peking University, “Zhejiang University, *Beijing Language and Culture University,
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ABE
AR H—FpeIFTE R - AT BRI —— B SURERINCIRET (Hierarchical Frequency Tagging
Probe, HFTP) , St—RT&FILLIRAIESER (LLMs) SAREREESMFRIESENIRE., SHERES
BERSREFRE (HFT) SBRER, (FEBIWREMRIESIR (30 415/4 SEREEINTF) , B LM
BE MLP BETTHEERFF I ES, HESEEMTIREER\IEF. BESAROEEREEN
IR . B, {EEEAHRAN sEEG RREBESHHRAERMES T, MCHEARTRIES
INT% TeAfRIR E X, FARAI, GPT-2, Gemma, Llama EEi7 LLM EHEEEERSDEER,
BERMEET AR T E—ARAARES ES¥ R, BEEBNE, BEARARVHERE "EM" 1
AARAE: Llama 3.1 MFFEMET Llama 2, i1 Gemma 2 {fiF Gemma, iZT/EAMUNERE LLM "A" 88

HDFFRETEICTR, o) Al HERIZFRI AT Al ZEURTHEM TFnE.

A Sentence Sentence Sentence Sentence

1H
1Hz ﬁ ﬁ iz
Mphrase  Vphrase Mphrase  Vphrase 2Hz Nphrase  V phrase Nphrase  Vphrase zu:
1 L 1 L I_l—] l—l—l I—l-.l
I 1 I 1 I 1 I | B 4 Hz
rude cats claw dogs teen apes hunt bugs ...... e B E wm kK E B W...

@ NeA N A AN A = Phrase MLP Neuron
/ \ A ,f‘\ A - Amp
® S&P MLP Neuron
12
—_— Freq (Hz)

time

brain activities transform

Figure 1: A framework for Hierarchical Frequency Tagging Probes (HFTP) and an illustration of
neurons involved in different levels of hierarchical linguistic processing in both LLMs and the human
brain. A, hierarchical linguistic structure in English and Chinese including syllable, phrase, and
sentence. B, hierarchical linguistic pattern (1 Hz: sentence feature, 2 Hz: phrase feature) observed
both in LLMs and C, human brain.
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o BHER—ME- ATHRIERIFR, SCMNBIRS. BEEXMFTAMR. HFTP 5AEXRH T LLM &
RTINS EXERAT "SEfESl" |, AER—DIERT, REalAERNKEF. BESFARY
EERAVEIIFRIE. BYEEMDHNERGI, {FETE Transformer MLP FERSIHIRE Y "&FH
20 "RIEEETT 5 "HBRREIT | FHE SEEG HiEFRSINCKEEE, ST LLM 5ARE
B FRPIEERAERIST. 202 NMNERTEESMUE, BaZCEFEBEAER, £ Al 5IAM
HERIPREEE ZERM.

® &R LLM SEEHRIINER S T RARBELRT " JEMuE RIS, SLIOTUIRERE, REER LLM 40 GPT-2,
Gemma, Llama SFEEEEARERRBTEER, BAEDHAERELMI)I4Mm=. 0 Llama/GLM
ZEEEMRG, GPT-2 PEEEFIX, Gemma FIEESEH., FEENIR, FAREEA—EE "L : Llama
3 "GNEMEETT LIRS ARXISTEISET Llama 2, Gemma 2 UiEF Gemma, X—&RIHER,
Al HEREIRFATREFBENUHIRY "ZR3RIL" |, ORISR R RR R T BT,

o BHRKHUREMN LLM- ARRENST, IBRERESSERRXS THE. B A LM 5 26 (URidE
SEEG HURERISIESXIFF o, (FEAMMBRESARER (BSES¥K) NOERBEXEEEST
AN, BXETSTIRX (20 A1, STG, MTG., IFG) S2HIESRXEEES. H—THXIEEMOTE
=, NEERBEEERRKANTRBEAMER, B 7 RESXINEES TABEMRITRR. XEER
AMYF Al FREERSTFRRFISL 73T, AREET @ISR Al EREUAFIRH O S M BR 4 7 IE

1CHEHt.
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Paper: https://arxiv.org/pdf/2510.13255
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MathCanvas: Intrinsic Visual Chain-of-Thought for Multimodal
Mathematical Reasoning

Weikang Shi'* Aldrich Yu'* Rongyao Fang!"" Houxing Ren' Ke Wang' Aojun Zhou' Changyao Tian'
Xinyu Fu? Yuxuan Hu'! Zimu Lu! Linjiang Huang® Si Liu® Rui Liv?>* Hongsheng Li'*

'Multimedia Laboratory (MMLab), The Chinese University of Hong Kong,
Huawei Research, *BUAA
wkshi@link.cuhk.eduhk  hsli@ee.cuhk.edu.hk

ABE

ARIGRE T MathCanvas, B MEFH—ARSESER (LMM)  "WEMRHEURYE"  (Visual
Chain-of-Thought, VCoT) BE/IRITEEEAELR, EZEA TIREE/LA. REEFSEREERAAERIEF T,
RURRRRREN. (EFHETlBUE(CoT) R PRINI A, BEAKLE S, WinthVimE) (WEE. &
1) BAAEERRY, A VCoT iz N LREEFSE H, MULMSRE. ARENmSER AN
#EI#, MathCanvas BIIFMER) 14k B—ER (RR(F) FIRFMEZNThREFEI LR SHIEALE
& TGRSR ARIER SRANIEREE, BMER CRESMENE-SCAMRERER) AR SR SR
iR, YLREERRTIRES ONE. B4, WERERHERLEEE" . SRR EIERI R TR
VEEIRHIE T8 3000 BB LB MathCanvas-Bench Eiff, [RESTESEH, LI, EFi%
HEZEY)I14549 BAGEL-Canvas £ MathCanvas-Bench EXSHGRELIRT 86%, HES M AT SIESHFEE L
KigsT, BRHEBARSZHSEIFEEND. A0 Al SUERM T BN T RIEITIAES, HEA A EA

SR TTHEE EROSRAIESE R,
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Figure 2: The curation pipeline for the MathCanvas-Edit and MathCanvas-Imagen dataset.

FE
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AN )

o EEITFREHFERMEBSERASIRE, #Ha) LMM RNERGHEERES. MathCanvas M2 TR EN
PR T A RERRESEMREIES (MathCanvas-Edit 5 MathCanvas-Imagen) , (HzENE
MU, REEISRSEERVENHSRBNTS SREESITTHA, BUERGH+ KIEEBIZE,
RpEs T ETIEN. SN FEISSI ISR, (MREET)IGMBRERT "RA" siMFESRE
ZiE, X—IEERLAEEA0IT - A EIHEERM TIRSCSE, SRS Al TUIIRM T KRR, 45
MRIEIERIR.

o RHEH/ME 20 BHIRYEERARR - X FEEIGESTERENEE. (FEBLRITT
MathCanvas-Instruct #ifE5, €& 21.9 HFREERE OIA-BEfZ-XA-EY..) NESEHERREZ, B
SOATRASSERRIRY "EE—HEE—BEE A —SHEE TR, ARIFTNEEE VCoT 881, RET
MathCanvas-Bench Eif (3000 &) , B=(TE. JUAE. D17, HUHFEERMRR, ERERNMUS
HRARER, EHRERRIETISEMKREN LR, XA GPT-4.1 BafEiTSiTs, HBRTENER.

i R, XERFREL T SESEE Al JUEGSTURIREEH.
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® G BAGEL-Canvas ESIRSEFIHFIB L H(URMHRIRZ(LEEN. £ MathCanvas fE28T)II45RY
BAGEL-Canvas 7£ MathCanvas-Bench HEUE 34.4%HJ weighted 184>, BRISHERUET 15.9 43, imiB
ITWERFFR/RARE, ARV, =/, FE/ALF TSR EEMRATUESRT &R (M=A
+27.19) . BEENRE, ZARNMURT T REWFEMN GRS, thEEIER T EAHEERY
ZUEN—BREERRENASESHFEE (W MathVista, MathVision &) i XIEMRSE. ERt
SCIOH—IEEE, EfARIE SAERTIGR. B IGFNHEEM BRI ERNENRES, =& —F9,

=2 LMMIBERA "RA" MEHERRIREEREZ.

K HEE

Paper: https://arxiv.org/pdf/2510.14958
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<> Artificial Hivemind: The Open-Ended Homogeneity
of Language Models (and Beyond)

Liwei Jiang® Yuanjun Chai® Margaret Li® Mickel Liu* Raymond Fok*
Nouha Dziri*  Yulia Tsvetkov® Maarten Sap®  Alon Albalak®* Yejin Choi”

#University of Washington ¢ Carnegie Mellon University
* Allen Institute for Artificial Intelligence ~ *Lila Sciences ~ “Stanford University

lwjiang@cs.washington.edu
€) Code: https://github.com/liweijiang/artificial-hivemind
¥, INFINITY-CHAT Collection: liveijiang/artificial-hivemind
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ABE

RIKERIESER (LLMs) FEFFIEERESPRIMLERE (homogenization) (A1, #2tH “Artificial
Hivemind” M, BENFTICEE—ERIZIRFRE (intra-model repetition) XEREHEEIZ[E (inter-model
homogeneity) , 4RI LLM EEXESSHFAIFHIHESE, SETRERAEN. RESHEMENE
£, NEFEUEFRIX—NSR, (EEHET INFINITY-CHAT $iEs, %= 26,000 £EEESLAFHISHAL.
FHEER (prompt) , HEETHESERESS (6 XK. 17 F) , SERMRTILAFRS LLM A9FF
MElER, EFz8dEsE, (EEY 70 RMNERFIRSIDFEET 7 A, SRMESTE, RIBMERA
EIEREE, min-p SRR, RERHTENSREEE LIKASERER, EERRERERETSTE
HNAKREAXAFERESR (0 "HERFTR kW) . EH—F, 85| 31,250 KEBEATLT
. XEEiS 7 280 LLM, Reward Model F1EzFURSEEN ARRIFOIX (BMERAREES) 2T
B, RMEBEINTRESY "ZuaRe” MR, AR LM B ST SRS

MEARERE 7 2SI, KK Al RENAEFERS TASRIESZaMERM TEERIC SEERIR.

Write a metaphor involving time.
0.3 gpt-40-2024-11-20: Time is a river, endlessly flowing, carrying
moments like leaves that drift away, never to return.

® Qwen3-32B

Qwen2.5-72B-Instruct: Time is a river, flowing silently and

r'Y . ceaselessly, carrying leaves from birth to oblivion, each one a
® Qwen2-72B-Instruct 0.2 o 2L story, a life, a moment that once was.
OLMo-2-1124-13B-Instruct P T T =
0, phi-4: Time is an invisible river, endlessly flowing, carrying
qwen:max-2025:01:25 SR o° moments past like leaves caught in its current, each whispering
claude-3-5-sonnet-20241022 oy :@ stories that dissolve into the vast ocean of eternity.
® Llama-3.1-70B-Instruct 0.1 Ay "gs |
gpt-40-mini-2024-07-18 € N g@, on A gpt-40-mini-2024-07-18: Time is a ri\(er, yvindmg through the
2® @ ® landscape of our lives, carrying memories like fallen leaves,
Llama-3.1-Tulu-3-708 28 Yo iy some vibrant and golden, others brown and brittle, each
® Llama-3.3-70B-Instruct P 0 8 8} moment flowing past, never to be recaptured, yet shaping the
gemini-1.5-pro 0.01 0?!!:\.‘ Y A banks of who we are.
o

® phi-4
DeepSeek-V3

® aya-expanse-32b

® Mistral-Large-Instruct-2411
gemini-2.0-flash
Mixtral-8x7B-Instruct-v0.1
gpt-40-2024-11-20

® Qwenl.5-110B-Chat
gemma-2-27b-it
claude-3-sonnet-20240229
Qwen2.5-72B-Instruct

Second Principal Component

oy 80

Mixtral-8x7B-Instruct-v0.1: Time is a relentless river, flowing
steadily forward, never pausing, never retreating, carrying us all
along in its current, whether we're ready or not. It's up to us to
swim against the stream or let the current take us where it will,
but either way, we can never truly escape its flow.

a
&y
e

»
o

\ ]

phi-4: Time is a silent weaver, meticulously threading moments
into the tapestry of our lives, each stitch a memory, and each
color a different phase, creating a masterpiece that tells the story
of who we were, are, and will become.

Meta-Llama-3.1-405B-Instruct-Turbo: Time is a master weaver,

carefully threading moments into a tapestry of memories, each

-0.31 strand intricately intertwined with the next, creating a complex
Llama-3.1-405B-Instruct-Turbo » e e el o e U
» cdai-command-r-plus-08-2024

claude-3-opus-20240229 Llama-3.1-Tulu-3-70B: Time is the silent sculptor, chiseling

m ¥ _01- away at the clay of life with unseen hands. Each tick of the clock
awen;pius:2025-01:25 —0.41 is a tap of the chisel, reshaping us and our world in its steady,

relentless rhythm. Time molds our ambitions into achievements,
-0.2 0.0 0.2 0.4 0.6 our dreams into reality, and our love into memories. ...

First Principal Component

Figure 1: Responses to the query “Write a metaphor about time” clustered by applying PCA to
reduce sentence embeddings to two dimensions. Each of the 25 models generates 50 responses using
top-p sampling (p = 0.9) and temperature = 1.0. Despite the diversity of model families and sizes,
the responses form just two primary clusters: a dominant cluster on the left centered on the metaphor
“time is a river,” and a smaller cluster on the right revolving around variations of “time is a weaver.”
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o HEIRSEHMMEIHEAIIREIRR SMRIEIESS 3R R, INFINITY-CHAT #iEE 25 MNERESS AR
WHFEROAME, SREXNER, RRRE 7 NOIERSER. BIBHHE, EFSHMERER. DHiERE.
RIHEERIMEIRERING 6 XK. 17 FERAMEES, WMAFE TLUEHKETR. ETESERET
BEROUSFIENITEE, BT GPT-40 BainE+ ATLE%, 1FEWHIR T DRGSR SRR ZARKE,
IZEHESE NN IEE T HARMS IR B AR R RME 7 IBSCEA, B8 Al SRR (ANEER
Fit. XHUESHMERIF) RIETERFREM.

o ZHGHETR LLM FAUERRY “ AR RERICHRRERERE., (FEEREAIIEIREERE (70+EmE
B) MISZEXRET, B2, fHERT LLM EAMEUES R "1RUB4E" | R—RESIRKER
HEERL, AEEEEEMEHINEN SFRA LA (K8 "BIEEMR" AJtE) . BIEESIAN
min-p FSEMERERE, RRUIARUKRATE, DiffedH, REIGEUE. IO, SRR sRS
WA RRRATREIRRE, Z&IMIT=AT RREER. SREZAIBRISHN NERRIRELE, &
TIX: SERMETRISHEMRVESIZE, FNIGESTHHNMARIRASUH,

o SIAZBERATRIFHARE, 185 LLM 5AXSiRiFRECAINEEK, 1FE79 INFINITY-CHAT shaOFREVES
5INTHE 3 ARESEALIRNE (BN -ER=NTHERII T 25 ML), BIRAR ST T LLM,
Reward Model f1E&IFNESESTTALRTF FIRI. ERER, IARRIFOEEELS/NERKE
AR, EREES AL —EETREITRE, BLURR "STEN" B8, X—RIRENE Al TEUSTT
REY "E—ER EERR, WIERRHRRERAIEE, RATMTAIARSZTNME, ERitEait
SRIESRENE—{L,

K HEE

Paper: https://arxiv.org/pdf/2510.22954
GitHub: https://github.com/liweijiang/artificial-hivemind
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Gated Attention for Large Language Models: Non-linearity, Sparsity,
and Attention-Sink-Free

Zihan Qiu*!, Zekun Wang*!, Bo Zheng*!, Zeyu Huang*?,
Kaiyue Wen?, Songlin Yang4, Rui Men!, Le Yu!, Fei Huangl, Suozhi Huang5,
Dayiheng Liu®!, Jingren Zhou'!, Junyang Lin®!
!Qwen Team, Alibaba Group ?University of Edinburgh ?Stanford University
AMIT °Tsinghua University

REHHE

ARG 7T HENE (Gating) FEXRESEREWRERGRA (softmax) FEANHAREESHIH, 12
HFIIF T —FhR B & BB A RAIBGHE : 7 Scaled Dot-Product Attention (SDPA) f53| \3LiEH 4 sigmoid
|42, @ISR 30 A HEZALE 15B 221 MoE ##8IF 1.7B SEERAL 3.5 512 token 3B LAYSILLSLIR,
VEERINZ WENMNBSIZFHERMEE (20 PPL IR, MMLU I2F) |, EIRKIGE T ISSENE, RiFEs
FIFMEAME, H—LOWER, NENHIEBZOET: (1) & SDPA 5 Value MEIZEISINIEL
. BFHERRGMETIRIZRIA D (2) B query IREAIFRER JIz08, iSITEEREY, BEEE
“attention sink” ME—RMRELEAETENAEIOESRTEH token, SEIRSRIA, [ JAHERXITFKE
TXY RESEENE, REBEREYT BRENMEERR. XENMUABHLR T AR HEUE., fnE. BERE
MSHHZRE, BBEEROTER 7 = TRER. REMZztERrEE oM. EXnSEE

HEFN, BEHE) LLM EZEEr T —2iE K.
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Figure 1: Left: Investigated positions for applying gating operations.; Middle: Performance comparison (Test PPL
and MMLU) of 15B MoE models with gating applied at various positions. Gating after SDPA (G ) yields the best
overall results. Gating after the Value layer (G2) also demonstrates notable improvements, particularly in PPL. Right:
Training loss comparison (smoothed, 0.9 coeff.) over 3.5T tokens between baseline and SDPA-gated 1.7B dense
models under identical hyperparameters. Gating results in lower final loss and substantially enhanced training
stability, mitigating loss spikes. This stability allows for potentially higher learning rates and facilitates better scaling.
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o KEI HEEIRZRTHERESIIGREN. (FEBEXELR Transformer RERTBNINBIEINLER
sigmoid [z, {IENIRDSEL, BIawsRSZ1ERERTT (W0 PPLRIZ 0.2, MMLUEF 2 73) . 1% 1=
BRERE)IERIFEHRY loss spike, (FREIAJEEAZEIRMAE MBS, BHLTIEMSHE (A0
B EE) |, SR EEANERES, ERT Mok MIZERE, LI, AsF
. SRt sigmoid =R TEMZZR (WIS EE) | BNARRESHIEES I8 RIFEN
1.

o | JIEHBIRELMRIASHEE, A “attention sink” . ICSCRNIBRIJENHNARIER: —AHE, £
Value 5 Output BRETZIBIS INIRERME, SRIREAREIERIRAIRIANRIN, S—70HE, [JEDERARE
query {kEMESE, FEREZ2HSITRITXRER, NMEREENEEE token EHIIES (attention

sink) . BERATER, HHEAIERKE token iTEADELLH (M 46.7%EZE 4.8%) , FHiFDK
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MRS, BRURTHERERNSEREN. SNER—WEEEAE, [HEHSEIR 73 ER NS S
IR AR BASAL.

o [JEHHIENNK ERIGZM, RIHEEY REHEE. (FEH—SWIE 7T ISR KFFIT RAYSSRMAME:
TR ETXIRET BE 128k iY, HAINIZAREMEERAEEE(NTEL (40 RULER (E5514881EF 10
PAE) , R EEAZISTREE. 2RI, attention sink BX(7E E 30 RESMELIEIER, M
MEHEIRER. BAKBRIERRER, EREE RRNERESNOhSIEREESD. ZRRAR

SREMIRRITERICR, SRS H S THZEIRIHEM TS HIEFILEE .

EE S

Paper: https://arxiv.org/pdf/2505.06708
GitHub: https://github.com/qiuzh20/gated attention

o it "+

1000 Layer Networks for Self-Supervised RL: Scaling Depth Can Enable New Goal-Reaching Capabilities
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1000 Layer Networks for Self-Supervised RL: Scaling
Depth Can Enable New Goal-Reaching Capabilities

Kevin Wang Ishaan Javali
Princeton University Princeton University
kw64870princeton.edu ijavali@princeton.edu
Michat Bortkiewicz Tomasz Trzcinski
Warsaw University of Technology Warsaw University of Technology,
michal.bortkiewicz.dokt@pw.edu.pl Tooploox, IDEAS Research Institute

Benjamin Eysenbach
Princeton University
eysenbach@princeton.edu

AEHE
AENRETEEERMWFES (self-supervised RL) IR [@ME, REMEMIRT T HEMESRET XY
BirSEES P EREIABENRYETHER. LUBENMEIW ZRALENE (2-58) , MIFEBEXSDIER
B3, 15 Contrastive RL (CRL) ZFEWERZNINGSRERRELTE (&S 1024 ) , MIHEXRT 2 =50
fEROMEREIRTT, MEEEREARIE T RIEEMRIFTAREN. (FEELRERTRFRET, NEFINEE
SNEHMEIRHESHITER, AMRET BESERERIIRR. SRRETAShSESHRMHETKT
i, BEERNHINZNCRES. RETREanEREMELISEIAIHTEE. ICXERFEDTT 7 WEEEE. it
BRI, FREEE. B—ANEEREFREERTT RERER, BHRET RICEEY REESSIETT
xR, TEHESHENNZRFILAEE, i, BESHAERESZISE, (FEIER T SR&MINERSH RL
MREE RS T AEE N ENBSHNRABENSREEDRINEER. RN RLUHAT "IIHEEIL" AR

RETHNA, BAREEAMEE EFIEENEE TS TR,
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Humanoid Ant Big Maze Ant U4-Maze Ant U5-Maze Ant Hardest Maze
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Figure 1: Scaling network depth yields performance gains across a suite of locomotion, navigation, and
manipulation tasks, ranging from doubling performance to 50x improvements on Humanoid-based tasks. Notably,
rather than scaling smoothly, performance often jumps at specific critical depths (e.g., 8 layers on Ant Big Maze,
64 on Humanoid U-Maze), which correspond to the emergence of qualitatively distinct policies (see Section 4).

FE

ot

® ERSEE “REHN R EBIE RL PRIKTFIUSSREENDEIN. AXRTBNEREAMET & (X
1024 E) SINEREBRSMEENES, -7 LIE RL UEZ BIRTREMEIRIN. SLIREREH,

MIZRERIEIIF AR g, MEEEE

mEARE" TR IR T AR,
5140, #£ Humanoid ¥ESE4HERMEST, S NERIIETEERE, HUREMTE. BEEER
BEOER "EE" BEh. XEBENMEI, EEWRET RL RANFRXENSESERN M, 7EE RLTURE
IFSE T KU TIES SR ARE DR USRI 30,

o FRERARIESHRNE, MRARMZACSEIEFIA. 1C3OEIHIT “collector-learner” LI, S
W 7 REST RIRT RLRMAMANE: —70HE, FEMSEBFIFEFE. FEEIRHNERNBEIRIFRIL,
HMEXUBIEMRER, SCKIFSSERTEBIRRL; B—HHE, RERRIIREAREDRETERE

(B TIRZERIBRIFEEY, HaIERAELENESNS-FTE. (FERH—EAIN, RAEERERDHY

‘NE



61

HEBE T, RABEHRURF A RER M EIrEREE e, BNREREMEESZRTEERS. X—&
PEEE T RAM SRR RE RL AT EEPAIHRXE.

o ZFRAEMIMELIFSI ZEMMIGE. A SCAIRE 7Y RAGHRE RL ML (RRGAEER. |3—(t.
Swish #ig&%) , MELHRSEK. BEONARRELEERIE, BHRESENREEIFTZEHINR
B REEED. REY EX CRLEFBRERENNEN, WERMESITARESZNEREIR, @
B, (FEIEBR T IZI AN ANEESS. AEEMEIES (2. EEFHEII—Wezl (40 Simba-v2 RUBIKE3
—) BERFERME. ZRFIELIFARK RLARE, S0 mVIEGSHKE R BRI AN RiRHE

T BSLAIRARFIERIC B,

EE S

Paper: https://arxiv.org/pdf/2503.14858
Code: https://wang-kevin3290.github.io/scaling-crl/
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Why Diffusion Models Don't Memorize: The Role of Implicit Dynamical Regularization in Training
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Why Diffusion Models Don’t Memorize: The Role of
Implicit Dynamical Regularization in Training

Tony Bonnaire' Raphaél Urfin'
LPENS LPENS
Université PSL, Paris Université PSL, Paris
tony.bonnaire@phys.ens.fr raphael.urfin@phys.ens.fr
Giulio Biroli Marc Mézard
LPENS Department of Computing Sciences
Université PSL, Paris Bocconi University, Milano
giulio.biroli@phys.ens.fr marc.mezard@unibocconi.it

AXARGHF TH BEEL (Diffusion Models, DMs) Afalfe))|lgpdizPiBEAS5EEICIZ (memorize)
ISR, MeeBLHARZL (generalization) KIKENH, (FEBEISEICHFIIAEINIESLR, BT
AUREN) |G FERMARARNNERE: —EEREFRENESRE. RFANERNER (T_gen) |
B—RERFAREICIZ) I SEENEEES (T mem) . XEAIFRA, FEE)ISGSERME n AL,
CIZAdIET_mem MBI, TZithtiEt_gen AEARISAE, BIHFE—ME n IEXMESYT BN "z
HwED" . EX—NEXER, REFESHITESIEE, HERTRE (early stopping) REMRATZH
B8N, BREESTIIGESH. o, (FEEESEGESIEMSHREIE YIE T DAE, FEdS4hE
TAHBRECEE TS, H— PR TIERE (spectral bias) RIRLEMAISSIFHELMAHERFRTUE
BIENE (implicit dynamical regularization) , MTIIRF1 BUREIRANTUCIZNG. XEMUEETE
11X BUIRBNCIZ -2 AR ARAVIERR , R ASRERARERIZ 2 N AU 4 RER IR 4 T IR SIS SHAISCH
EIV
FERR
o [BSRIMSIEMHNHENETR., (FEBREFEMBR 71 BUEEY)|43 2 PaUE s SEN ISR . BEEE

SEESEUL (overparameterized) 1HER T, REIGEHEEFIEZHEOR, REASRBANICIZ)IE
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SEROBERA, XMIENMCHIRRTEFRIMEEMREIEZEUIENIR, MEMm)ISSF5—CERMIK
BRI RMANERSE—BATE, BieHTErR, REERIMRINETEI RS MANERERD
(EELDHEIE) |, MEM. BIEEEREER (SHIS2) NERKIIGRBRZ HimE, X5RE
MBENEREZTRR. ZRMAY SUWRERNZCRENRME T &R, AR ARENZ (L SICIZRIA
Rt T ISR,

o CIZ5ZHHIARE S BEREGEREIE, SR SOIEFEISRENER T2 (t_gen) SiciZ (T_mem)
RERENSBRAR, FHERCIZIES)IGEMEZERNEMERR: EEIERE n 18X, SIS
NREREELES, MZUREIFAR. XEREEENAT, BYSERE, MIETHERESE
Bk, ERERLEEFAEFEES SN, ZMREESTEIGEE (CelebA) MGREUEEIE LINERR
IE, FERTUHHER PIRIGEREAFAE. ZERERET EREZHIERICET AUREPrERM, &ET
RS GSENRRRNE, HAREIRREMEEIRIHRH TEICSIE.

o IBGHLISWEISIERIZERNE. A CRASZERWIESEL: —/AH, EESE U-Net ZEEFNSHEUESE
ETTIFERSN, RORR 7z ICIZEREESEEINESE, 50, EESEREIESE
MEIRIE, BIEHESHBREDHIIIGNRIRE, HLaERREHRSEFEM, FERNE, (FEiE
HIX—HEIANMERTIET SRS, el 2B ZAVET score RUERGETN (ANRINES. BEHUEE
F) . RERTHARGEHN ZERENECRE, ASETRZEEEMERINIGSZEMDTTRET

EFREZRANTEIE.

K HEE

Paper: https://arxiv.org/pdf/2505.17638
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TECHNICAL UPDATES

B

H 2 WG R AR Kimi-K2, 1E HLE T3 #E BB A BT A 15 P YR R

2025-11-06
Agentic Reasoning Agentic Search
802 54.9 56.3 51.4 53.4
s 4.7 . (&) LK & A
K @ 32.0 -
A 241
A\
Hun ast E
Agen’ Wsing Real-world la collection
Coding
=3
AEHHE

B ZHEEH#EHAY Kimi K2 Thinking 22— SIRMERTFFRBEER, HbiitA— 1 eEBHTER. £
SRS, EEEFERTENER FaNESSi1T 200 £ 300 R EMER A LT, ZIEEBIENE
A REGESHMTIRERSER, EEnsEEEENATEIETHIMECR, TEEFTEREHE, 86

MEZAINISEMRVRERILE R, FIAITERERSFRIY "ASSEREL" PENTEIRER] 44.9%AHERSR,

I 5
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LIS R SNEEEIAY BrowseComp L3RS 60.2%H9581, FHEZRGTFE(ESS SWE-Bench Verified
ST 71.3%R9@i3 %, Kimi K2 Thinking AMYEZAFHER R ERIVEE, IREHEMNBHR MU &
BIRSMRENSRmSES, A EEESFREAERREMBRAIBIIARS., BRl, ZEEEE Kimi

ERMAIIREI P L2, EBIERMMEIRISHL, FREE AP #iThE, nSEELIiKig. BE

RRIIATERERF S ERIS TEANHE,

K e

Blog: https://moonshotai.github.io/Kimi-K2/thinking.html

o BRARIMTZ

AR R T T EGERIW S . From Words to Worlds: Spatial Intelligence is Al” s Next Frontier

HHA

2025-11-10

Dr. Fei-Fei Li

From Words to Worlds: Spatial Intelligence is
Al’'s Next Frontier

FEI-FEI LI
MOV 10, 2025

) 1,220 D 3 20 Share
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SESSHES

FYCHRRY, TEEE BEATERARERNT—IENG, WANIRILIREIESRE IR Al 27
MAMEIGAME ERIHE, (ERZIEHRNESIER, TEENEAN=4TE). HERYIENESSINE
HTHNERE,; PEMR, FHEESENRE (ERAFE/UISYIERURENHR) | SES EEG.
MA, MFEZHERAN) IRXEY (FRNFERACISIEN) sE0RY "HFEE" | HERASET Marble
SFaH RTFM #RBIESCIARER, #Ea) Al ERIEIRIT. HlsfA. RIFEUSMRRINE, REEMRIERAR

BIENSIAA, TIFBYTACE,

R HEE:

Blog: https://drfeifei.substack.com/p/from-words-to-worlds-spatial-intelligence

o WAMME=
WEFCN RIEAER 6 AFNETE, IR O @ A

i3

HH

2025-11-11
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AEHE

RIFREAAAKBALESET (W) KHIETEN. XEESIEEARLN. PRI EIREE
PBERIFNEBES, ERRESSIRARITEESD, FRRTEEFERE. Br, £IRAIAFHERARTLUTER X
L "EYISR" HTEERMIRES, XBABUEHRERT B ER DRI .

K HEE

Blog: https://www.nature.com/articles/d41586-025-03633-0

o BAMEH
PR AR S0 — 7 AR R BT LA

HH

2025-11-11

A LMArena lmarena.ai

scores 1432 in Text Arena

Rank (UB) + Model Score 1 95% Cl (+) Votes Organization License
1 G gemini-2.5-pro 1452 24 61,890 Google Proprietary
1 A\ claude-sonnet-4-5-20250929-thinking-32k 1448 6 12,986 Anthropic Proprietary
1 A\ claude-opus-4-1-20250805-thinking-16k 1448 5 28,595 Anthropic Proprietary
3 @ gpt-4.5-preview-2025-02-27 1442 6 14,644 OpenAl Proprietary
2 A\ claude-opus-4-1-20250805 1439 4 41,049 Anthropic Proprietary
2 A\ claude-sonnet-4-5-20250929 1436 +8 5,484 Anthropic Proprietary
2 @ ernie-5.0-preview-1022 1432 @ Preliminary  +13 2132 Baidu Proprietary
4 @ chatgpt-40-latest-20250326 1438 +4 47,608 OpenAl Proprietary i
4 @ gpt-5-high 1437 5 30,138 OpenAl Proprietary
4 @ 03-2025-04-16 1433 4 58,575 OpenAl Proprietary
4 ¥ qwen3-max-preview 1433 £5 25,067 Alibaba Proprietary
6 Z glm-4.6 1429 6 10,51 Zai MIT
8 \% qwen3-max-2025-09-23 1424 6 9,302 Alibaba Proprietary
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REHE

2025 F 11 B, BEAMNO—SKEERYHITEEER . XAMRE ERNIE-5.0-Preview-1022 f££ 1k
BRI LMArena spHERSEZ, BMSIETUFFIL, [ERY, SA85H8 ERNIE-4.5-VL-28B-A3B-Thinking s3I
SRR, BIRCIHERR, RS TR TEIEARED, ENAE 30 (288 NI SRIRREAEEY
tae, BEIRF 7 EIHE TR ESERSREKE,

K HEE

ERNIE-5.0-Preview-1022: https://yiyan.baidu.com/blog/posts/ernie-5.0-preview-1022-release-on-Imarena
ERNIE-4.5-VL-28B-A3B-Thinking: https://vivan.baidu.com/blog/posts/ernie-4.5-vl-28b-a3b-thinking/

Fi] B 2 B2 & A QWen-Code 0.2.2

HH

2025-11-20

Qwen Code

1t, ready to help you build amazing software. How can T assist you today?
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REHHE

Qwen Code 2— X EFa<1TH Al TIERTE, £ Qwen3-Coder #REUfMY, SEEFFFRIE.
ESEHRIERSRE. TIEREHL (LR Pull Request) . SIEESHT (TEFHRBIEGIEBMRRIE
), AR T RIENFEEESURRNERSE. FFEEE npm 8 Homebrew 1RIFEZRE, #E7F(EH Qwen
OAuth TAIEAT, BHEZXE 2000 XRZEEK, ZTEERATHBRERR. &6, BaitESERES
MARITE.
1B X HEEE

GitHub: github.com/QwenLM/qwen-code

GPT-5.1 & fii: A smarter, more conversational ChatGPT

HHA

2025-11-20

2026%11B12B ~% £

GPT—51%¥J?J:£§ 2E
BE. EEXTERE ChatGPT

BAETTFHER GPT-5, FEEHL ChatGPT MBEEXINEEE 5
£/, MSXREMIakSHEN, BmPERrR AR,

%A ChatGPT A
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AEHE

OpenAl IEZ(HEH GPT-5.1 &%, 83& GPT-5.1 Instant #1 GPT-5.1 Thinking MR A, EEFEFHEE
ROEEREME. XNERFNIS<EREES, MEEENAETEE, AEESEENXTEMHTRER, WHE T
AR FXE. ZEFGESRIBRIIRZRFHEL, FitkIEME AP, S7EE ChatGPT BERE. BARE
RNFEFmYF, RS GPT-5 RFMEHE=ARBRELITE Tk,

K HEE

GPT-5.1: A smarter, more conversational ChatGPT
https://openai.com/index/gpt-5-1/
System Card: https://cdn.openai.com/pdf/4173ec8d-1229-47db-96de-06d87147e07e/5 1 system card.pdf

o RAMSE

AR IA SCRY AT A7 NVIDIA Nemotron Parse v1.1, 5% 1B, ERAGMNT . SCRYHFRAR . AN
TR 45 5 TH 4 BE SOTA

HH

2025-11-20
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https://cdn.openai.com/pdf/4173ec8d-1229-47db-96de-06d87147e07e/5_1_system_card.pdf

Figure 1 | Layout analysis: bounding box detection and prediction of semantic classes
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NVIDIA s the engine of the world's Al infrastructure
Companies and countries around the world are
building NVIDIA-powered Al factories to process,
refine, and manufacture intelligence from data,
creating new revenue opportunities for the world's

n of industries,

Picture

CUDA®, our parallel computing model, offers

1' - developers a powerful toolkit with over 400 Mbraries,

=] 600 Al models, numerous software devilopment kits,
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7 Accelerated s

If certain accelerated computing and Al workloads

switched from CPU infrastructure to DPU- and GPU-

accelerated operations, we estimate the world could
nearly 30 trillion watt-hours of ener

X

Picture

Blackwell is one of the most important products in
our history, boasting technologies that power Al
training and real-time large language model inferencey
for models scaling up to 10 trillion parameters.

m T
NVIDIA NIM™, part of the NVIDIA Al Enterprise

software platform, is a set of easy-to-use microservices
designed for secure, reliable deployment of
high-performance Al model inferencing across

clouds, data centers, and workstations.
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Nvidia 24+ Nemotron-Parse-1.1, —k 885M SEHJRIEEE- RO MTHIESIEEY, E18H OCR.
Markdown HEiR, FIEEMRFISIE X XS RETS ELmiEH Kosmos-2.5. GOTFERAE. HElF

A TNERBIEDRRIT, FRERKETX, S<SMATEN, BEERERF 20%; Bt NVpdftex £
EEZ, TNFRPOIFESHIZIRFESRE, K255 Nemotron-Parse-TC EFFR, £ H100 A&

ST, AAMEMMESHGEIERHSHE. MERAVSERREE.

K e

Huggingface: https://huggingface.co/nvidia/NVIDIA-Nemotron-Parse-v1.1
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o FEARTNTSIN\
NE| ) A, B 3D HEFE—Y], SAM3D KT
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2025-11-20

Introducing SAM 3D: Powerful 3D Reconstruction
for Physical World Images

November 19, 2025 + (O 10 minute read

AEHHE

Meta SAM 3D & EE Segment Anything Model 3D: {8 2D BAE SAM FHRIm =, —aiEa—X
REBIEIAE VR/AR, HZ8A. #3R BIM FEZRHhTFADEMERIIR. FRELET Transformer, RIESAL
8 RGB-D {58, )I5&uEEss 1200 HMERIINEE, HEERNATEARSRN, EEmHTAIRED, BERIL
BIREHIEF 18%, FERMEZE 50 ms I, Meta EHFIETFES C++/Python SDK, PyTorch Hub 5 Oculus
Y, FFRETA Quest 3 SERHAERTHIES "EibR" BIZI4ER 3D #8463, AT RESCIES. MEWIEE AEC
trE. 18%38 SAM 3D 5 Llama 3. Ray-Ban Meta BREGEINE, 1SR "SAEEE 475, FHRBRILSH
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FEESREFR, IET—RREI Al AT,

K HEE

Blog: https://ai.meta.com/blog/sam-3d/

257K Nano Banana Pro #E 1! fiEy Al EEEVTIL[EIME, M A: PS B40

2025-11-21
Text to Image
Gemini 3 Pro Image excels on Text to Image Al benchmarks.
o]
SESTE
WA AT T v
S D PR

Google EAERSMEH Gemini 3 Pro, ERFFAEFHEIGIERSSER AP, FitEiiSE
A. SRESOHE, REHH SVG. PNG, LaTeX, a]—xM4r 10 kERERGHHSEERYF. BXS

X5, Gemini 3 Pro £ MMLM, OCR. #HEIREDE FRIFET SOTA, IERFE 30%, MATIE 50%, B
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B %& % Python SDK 5 Vertex Al =288, FFAETTRBARESHAEGRRE. Ul [RE, HIEIJHAEFL
B, 7% GPU BPAJTE Colab %2Z&(KK, 1= RnSERtAEAE TRBRINERE. IBNEMTIRAREE, &
BT ESRGCIERUARA, F&E Gemini N "WHE" EE "WREWE , FETmhSESNAEFTE
.

EE S

Blog: https://blog.google/technology/developers/gemini-3-pro-image-developers/

o FBARTNET
PME— 1 Bl LT A 75K NeurlPS 2025 i 0¥

HHA
2025-11-27
s\{'!
P NEURAL INFORMATION
"'} * PROCESSING SYSTEMS
*be
Gate? Attention for Large e Mo els:
Inearity, Sparsity, a Att ntl N-Sin
Free
Zihan Qiu, Zekun Wang, Bo Zheng, Zeyu Huang, Kaiyue Wen, Songlin Yang, Rui Men, Le
Yu, Fei Huang, Suozhi Huang, Dayiheng Liu, Jingren Zhou, Junyang Lin
REHE

NeurlPS 2025 S{ECBEE, FEEYTREFNE GEEDIHE) HFTM 5524 FHiRfsirtE, A
—SEhEFBA, I ERTE 1.7 B Dense 5 15 B MoE _Lbi)llZ 3.5 T token, ZRGETR: XhiE=skaH
FENNR BRI, BIANEE token FZH UM 46.7 % FE 4.8 %, BAHGE[REME 1053 [BE 9, (YA

. A 75


https://blog.google/technology/developers/gemini-3-pro-image-developers/

75

1% BHMSEEEE MMLU +2, BRE -0.2, ARZSRAHEBE)IGREL. ZaWA T80 5 "B
BEE MATRIRMLEARE, CEME Qwen3-Next H2EFE, IFESTRAESRFH—R AR

o, BN TR MELINE S I RE SIS,
K HE

Blog: https://blog.neurips.cc/2025/11/26/announcing-the-neurips-2025-best-paper-awards/

RESOURCE SHARING

RBEDZ

o BEPE—
{Machine-Learning-Systems)

KB BFP

AERE

XA (NBEFIRR) BRIBPLERY THNSFIRFNTESLEE, NEMEBICHASINEEE. NED
FNERGEA. RN, HeETE. SHEENUERAFZORD, FAEITEETRE. &RE)I14. i
ARZ2CHEAR, BPBEBIHRALTFE (W Arduino, Raspberry Pi) RISCIESHIEBULE:, BEEGD
XK. BRNFNAE, AESERKRTIINERZS. (FAFRER, E5EAFE. TEMKARERE
o R, BREREEN ML RAMEINEIC SLHATR.

HiFnEE

https://github.com/KittenML/KittenTTS
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o FENEZ
CHRL TP 9 A A )

EBY: WG

AERE

XE— 2025 F 11 BEERNEFBRRENLAE, WRT 25 MURFES, BETNGERR (WSEE
B, XHE) . SMIRFAEIR (30 LibGen, Project Gutenberg) , 2t PDF. EPUB EEMMETRET
B, SHFEAR N, DRSS HENR. BDURAERE VPN i5R), BINFFIENRIE. ZIEHR@Berryxia_ai
sohk, SENEERMEE. BRI FHRETERE.
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https://youmind.site/01e0UcErPxD0bG
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LI ER A

S-MIBNAESEZLN, BOTFRMTERFRGNERRRI

YRR R A R AR KoL T 2014 4F 6 A, ENERZETRSE “/DEN” &l &L LBl BN Affidr,
TrE T N TR e KR BOR IR R R B R AR RS .

AFIRERERGIEE . MR, Z2HENAERSEWE KL OEAR, BEHZB TR RS, FF R GRYD %1
RER, W TSIRE .. BFEESEE, HS5RYIIRELE “ NTEREARBEAH .07, HE3) ATREE 1 EGIE m B AR
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