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ReconVLA: Reconstructive Vision-Language-Action Model as Effective Robot Perceiver
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ReconVLA: Reconstructive Vision-Language-Action
Model as Effective Robot Perceiver
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Figure 3: Architecture of our ReconVLA. Our model consists of a reconstructive part and an action part. The input includes
multi-view images and a text instruction. For the action part, the model outputs discrete action tokens. For the reconstruction
part, our ReconVLA is guided to output reconstructive tokens, which are conditions of the denoising process to reconstruct
the scene tokens z; from noisy z;. The scene tokens are tokenized images of gaze regions. This supervision enables our
ReconVLA to enhance visual grounding and fine-grained comprehension capabilities, which contribute to precise manipulation.
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Sampling-enabled scalable manifold learning unveils the discriminative cluster structure of high-dimensional
data
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Article  Published: 10 September 2025
Sampling-enabled scalable manifold learning unveils
the discriminative cluster structure of high-

dimensional data

Dehua Peng, Zhipeng Gui &3, Wenzhang Wei, Fa Li, Jie Gui, Huayi Wu & Jianya Gong

Nature Machine intelligence T, 1669-1684 {2025) | Cite this article
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OmniScientist: Toward a Co-evolving Ecosystem of Human and Al Scientists
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OmniScientist: Toward a Co-evolving Ecosystem of
Human and Al Scientists
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Causal Structure Learning for Dynamical Systems with Theoretical Score Analysis
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Causal Structure Learning for Dynamical Systems with Theoretical Score Analysis

Nicholas Tagliapietra'?, Katharina Ensinger', Christoph Zimmer>, Osman Mian*

IBosch Center for Artificial Intelligence, Renningen, Germany
2Computer Science Department, TU Darmstadt, Germany
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Figure 1: CADYT discovers the unknown causal structure
(Top-right) using trajectories sampled from a continuous-
time dynamical system (e.g. n-mass spring system). Our
learned continuous-time model adapts to arbitrary timelines,
including irregularly sampled ones.
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End-to-End Test-Time Training for Long Context
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A Survey of Vibe Coding with Large Language Models
Yuyao Ge!* Lingrui Mei'* Zenghao Duan' Tianhao Li*> Yujia Zheng’
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Figure 3 Vibe Coding Evolution Timeline: A comprehensive visualization of the development trajectory of Vibe Coding
implementations from 2022 to 2025, showing the evolution from foundational Coding LLMs to sophisticated coding agent
systems, execute environments and Feedback mechanism.
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End-to-End Test-Time Training for Long Context
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Figure 1. Scaling with context length, in terms of test loss (left) and latency (right). Left: Our method (TTT-E2E)
turns the worst line (green) into the best (blue) at 128K context length. Loss A (), the y-value, is computed as
(loss of the reported method) — (loss of Transformer with full attention), so loss A of full attention itself (orange)
is the flat line at y = 0. While other methods produce worse loss A in longer context, TTT-E2E maintains the
same advantage over full attention. All models have 3B parameters and are trained with 164B tokens. Right:
Similar to SWA and the RNN baselines, TTT-E2E has constant inference latency regardless of context length,
making it 2.7x faster than full attention for 128K context on an H100.
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Paper: https://arxiv.org/pdf/2512.23675
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Deep contrastive learning enables genome-wide virtual screening
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Deep contrastive learning enables genome-wide virtual
screening
YINJUM JIA . BOWEMN GAD JIAXIN TAN JIQING ZHENG XIN HONG . WENYU ZHU . HAICHUAN TAN . YUAN X1AD LIPING TAN, [...] . AND
YANYAN LAN +13 authors Authors Info & Affiliations
SCIENCE - B.Jan 2026 - Vol 391, lssue 6781 - DO 10.1126/science.ads9530
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ZHBHUREIAR G1FE, TE(Science) &K3F 2026 FBEAFERIZTNICIL. HAFHAE Al TH DrugCLIP,
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IEHEAERAKET 200 SHNEERIEAYD T, FAEESREAIIENED - EkiRHEEERE

GenomeScreenDB, BEIDRZERESIKEHFT XTI,
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Fig. 1. Overview of Al agents and the agent execution loop (reasoning, tools, and memory)
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ZIENZE—RmXT "Agentic A" (BZBEMUISITHRENRIEREMI Al) RGESRENE, ERiT
ICKESERBUNITMNRN AL EZ AR, icl2. TEERSSKRHEERENNEIRRS. (FEE%
[EE T NFEHESREY, HESEE. RNN/LSTM. Transformer EIXHIET)IZ: LLM RURREHIE, ¥
BREFEEEN. KEKEEESSHBASRANTA "EaikTh" (WSLHEE. TRER. BRE) B
RN, BEfE, 183EH Agentic Al RIS SZREIESE: LU LLM 9 "IX" , SMERGIRIR, iCIZ&ER (78
HI/AKH) . TESIMEEN, URTEHITER, B "BA-HEE-Ta-RE" AR THRERASEZE
BEMIRFMETIRIEIATT . B ReAct XUIREEREARIE. AutoGen NESEREMIMFSHEIRE], &
T ERAE. ARIER. AMUIMESTISRARRHSNADS, SRR TRE5X. IRESERE
. KEBCIZ—EE. CESEERE. HESINEAARSXEE, FHRHEARERIIERL. SEaERn

1, AR SRR E I F I RRAR IR,

Table 1. Four decades of progress in language modeling and their relevance to agentic

AL
Decade|Key Advances Representative Mod-|Relevance to agentic
els AI
1990s  |[Statistical LMs;|n-gram SLMs [5] Established sequence
smoothing /back-off prediction as a core task,

enabling later planning
and decision-making.

2000s  |Neural LMs; distributed|Neural LM [6], RNN|Introduced semantic and
representations LMs [7] contextual  representa-
tions, supporting richer
reasoning for agent be-
havior.

2010s |Embeddings; Transform-|word2vec [8], Trans-|Transformers enabled

ers; pre-training former [10], BERT [1],|global context, struc-
GPT-2 [12] tured reasoning, and
scalable pre-training

foundations of modern
agentic systems.

2020s  |Scaled LLMs; instruction|GPT-3 [13], PaLM [14],|Large-scale models ex-
tuning; multimodal mod-|LLaMA [15], GPT-4 [18] |hibit emergent reason-
els ing, tool use, and auton-
omy, which are essential
for planning and adap-
tive agent behavior.
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IR,

o IERFAIE SIS FHAHATIREE: 5 Agentic Al EEEXD. ERERE EMZH, WFIFEA
ERESHEITGE, AR RERFS- IR, STERAINENY. DREEBEENER" JIREXE

HeamE, REEAEHSHEEE.
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Kuai Yu, Liang Zhao, Shangyan Zhou, Zhean Xu, Zhengyan Zhang, Wangding Zeng,
Shengding Hu, Yuging Wang, Jingyang Yuan, Lean Wang, Wenfeng Liang
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EURIEIRR, FREARE. ERMEEITE. DualPipe EETEESIHHEEESEMIRIENL, BRERS
FriH. SLIRFRAA, mHC fEESHEATN) 4RI SHaREEA Iy Bit, £ 3B, 9B, 27B FAEHIMR
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(a) Residual Connection (b) Hyper-Connections (HC) (c) Manifold-Constrained HC (mHC)

Figure 1 | Illustrations of Residual Connection Paradigms. This figure compares the structurz
design of (a) standard Residual Connection, (b) Hyper-Connections (HC), and (c) our propose:
Manifold-Constrained Hyper-Connections (mHC). Unlike the unconstrained HC, mHC focuse
on optimizing the residual connection space by projecting the matrices onto a constraine
manifold to ensure stability.
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SEER< 1. FEMESRETAM) MIRA LIRS ESIRETIFE, S ERERNESHEHNRIFREM, 1§ HC F

£ 3000 RYSSHEmIEERHE=T4ER, MEERT HC FEXNIE)IGHIES KEHEEASE R,

ISR AR, EEREEITEEEFSMA. 7R DualPipe EEMBESITHEESZ, £ mHC

TEGRIT HC IRFNEBHIERS, (XSINORRHEFE (n=4 B4 6.7%) , /KT "BRERER = &7
H BIBREL,

o IEZLIHES A R, SERANURIRRLIZ: mHC {Fy HC RUERAY RIER, IREAEEERNIE (3B-278)
M)igxnR ((TEEY%EM. SHMEYEN) TS TEEEU (BBH, DROP, GSM8K %) hiir i &
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Paper: https://arxiv.org/pdf/2512.24880
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Qwen3-VL-Embedding and Qwen3-VL-Reranker: A Unified
Framework for State-of-the-Art Multimodal Retrieval and Ranking

Mingxin Li* Yanzhao Zhang® Dingkun Long® Keqin Chen
SiboSong Shuai Bai Zhibo Yang Pengjun Xie
An Yang Dayiheng Liu Jingren Zhou Junyang Lin

Tongyi Lab, Alibaba Group

= https://huggingface.co/collections/Qwen
2 https://modelscope.cn/organization/gwen

. https://github.com/QwenLM/Qwen3-VL-Embedding
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ZIEXNET Qwen3-VL-Embedding #1 Qwen3-VL-Reranker ##EEK%, BiI2ETF Qwen3-VL
EORAEERT Qwen KIEEHT B, NERESESHORIEMRIIRERS R, RGN A, Big. X
HEG. ESMESIREREISR—FRTTE, Hf Qwen3-VL-Embedding REZMBIIGEN (AKX
MRS LCT) | B EAEFRELZAE) | MHRERTFEY (RIGEFHNGEE) 1 32k tokens HiA;
Qwen3-VL-Reranker NEE3Z R RiDRE2RAF IR SGERINESTINES - SALRIROMR AR TS, B
MIEENYYRRT Qwen3-V0L WIZIESEESD (K 30 /RFMMES) | 2t 2B A1 8B SHURALUEEAFER
EF K. LWFRA, Qwen3-VL-Embedding RZINEZSNESEERATFEEELRBRILHSER, Hf

Qwen3-VL-Embedding-8B £ MMEB-V2 Eif E3k18 77.8 49, BEAXAMESHHEERAHZSR .

Embedding Model Reranking Model

[Instruction] [Query/Doc] [PAD] [Instruction] [Query] [Doc] [ASSISTANT]

OO0 OO0 O OO0 OO0 OO0 O

( Vision Encoder ) f

Qwen3 LM Dense Decoder

1
Embedding of [Query/Doc]: . : Reranking Score: P(“yes”}« -—.

D Text Tokens D Wision Tokens D Model Weights - Last Hidden States

Figure 2: Overview of the Qwen3-VL-Embedding and Qwen3-VL-Reranker architecture.
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° R—SIRSRTSLBRES: SFNIBEEXA. B MEER. SSHMESESRIS—F7==E,
SEPBRSENISE, SHFEIR - AR, M. R - XALESSHUSESRRES, B
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Zx (QAT) FRRMITIBE (20 int8) THIMEERSEY, NIEMHEEMENITERA, X 32k KEFIEAN,
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An Information-Theoretic Perspective
on LLM Tokenizers
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Fig. 1: Analyzing the GPT-family Tokenizers
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AN DanQing: An Up-to-Date Large-Scale Chinese Vision-
Language Pre-training Dataset
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Figure 1: Overview of the DanQing dataset construction pipeline.
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- case) MIFEZRZMIANEG, Qwen3- V0 BEETERNEYF, AEMIDE (20 BBQ) FMXIHIKE
TEEHREAMESR. HEURX- BSE9, 18XFER MemeSafetyBench, USB- SafeBench, MM-
SafetyBench. VLailbreakBench E&Eiff, KMSESRILEEHEEANS LIFRE, B "REMKBE.
SE5HE. ABIE + BR" SERKENRMESS. EXAEREGSESD, {FELL Nano Banana Pro
Seedream 4.5 A5, 7£ T2ISafety SEFHE (AN ALEERSERETNE) BNIABEESIEE LR
W&, ERFR, WREEYRE, PEEARRENTE, EENRMS. BUaRI. FRFASFIRIR S

KiEE S LB IREEME.

Benchmark Evaluation Adversarial Evaluation Multilingual Safety Regulatory Compliance
] T orrs. [0
Qwen3-VL
mini 3 Pro
o e W 100 13 X w0 E)
LLLLLLLLLLLL Safe Score (%) Safe Score (%)
(a) Language Safety
o . Benchmark
Adversarial Evaluation 5 E— Evaluation
a i Adversarial
5 .
T 2 | Seedream 4.5 1967 Evaluation

5.59
Regulatory
2 Seedream 4.5 57.53 Compliance

[ 20 40 60 80 100
Safe Score (%)

(b) Vision-Language Safety (c) Image Generation Safety

Figure 1: Safety leaderboards of the 7 evaluated frontier models across four dimensions: Benchmark
Evaluation, Adversarial Evaluation, Multilingual Evaluation, and Compliance Evaluation. (a) Lan-
guage Safety Leaderboard; (b) Vision-Language Safety Leaderboard; (c) T2I Safety Leaderboard.
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Paper: https://arxiv.org/pdf/2601.10527

LLM2CLIP: Powerful Language Model Unlocks Richer Cross-Modality Representation
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LLM2CLIP: Powerful Language Model Unlocks Richer Cross-Modality
Representation

Weiquan Huang!*, Aoqi Wu'*, Yifan Yang?'*, Xufang Luo?, Yuqing Yang?, Usman Naseem®,
Chunyu Wang?, Qi Dai?, Xiyang Dai’, Dongdong Chen?, Chong Luo?, Lili Qiu?, Liang Hu'"
! School of Computer Science dnd Technology, Tongji Univeristy, Shanghai, China
2 Microsoft Corporation
3 School of Computing, Macquarie University, Sydney, Australia
yifanyang @microsoft.com, lianghu @tongji.edu.cn
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IZIEIRE LLM2CLIP, —ERKIESHEEEENEMENTTIG CLIP WFMERGIEESR, BinEE/ L8
RRESXHEARTVFAEINEDRARRIRT, EERA CLP KA. Z1ES558 IS LIBESR
fEgen. HFE—MEBEE “caption XLEFS" T HE LLaMA 3.1- 8B X3 LLM Z=#0)IIZkRIERS CLIP 17
SNABRNE: BRERIFEE, oWNEEEH, BEStHREaRE, FRABKE SimCSE XFH
Ef&HE 5 caption HIItEES), Mk LLM #RAIE caption ZEFTESEBADME. SBZMERAME
DreamLIP/Recaption SKEXXALIE, /R CLIP/EVA02/SigLIP- 2 SERMIT "fEHiA" : & LLM,
(NEHBHERA—MEREM adaptor, SHKRIGEE—EMITE CLIP XtLl4, RiNTEEHERN
CLIP XAYmfSes; /£ 3M-60M SR LRARE, LLM2CLIP S8/ IKNIGER, ZiEMIQE. ImageNet

LRI, THEADEI/MENLARAE LLaVA- 1.5 Mikimidens(Es LBUSEERETT.

Dense Caption Drawing Pie Charts

“The image depicts a pie chart under
construction using a protractor. The title
"Drawing Pie Charts" is displayed at the top in
purple text. The pie chart shows three segments
labeled "England," "Ireland," and "Wales," with
corresponding angle measurements in degrees...”

Openworld Knowledge l l
From LLM CC Finetuned CLIP
O LLM % Vision Encoder
|
Culture History = .
N [ Projector } [ Projector ]
Charts Visualization
Geography Language Feature Visual Feature
5 S e A
Geometric prow o vt/ T e
CLIP Loss

Figure 1: LLM2CLIP Overview. After applying caption
contrastive fine-tuning to the LLM, the increased textual
discriminability enables more effective CLIP training. We
leverage the open-world knowledge and general capabilities
of the LLM to better process dense captions, addressing the
previous limitations of the pretrained CLIP visual encoder
and providing richer textual supervision.
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ANSSEEREE L, BiRE CLIP/EVAO2, LLM2CLIP 7£ VIT- L/336 IRE T Top- 1 HEBE
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® TR IESSSARSKIRRINSMIBE: /£ ImageNet £, LLM2CLIP {RISTHAD FKMREEARRIERY

ERt, RELMERUEE, EEFNENSEISHBIACENS, mioU fFE AP AR, HIMNET
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Paper: https://arxiv.org/pdf/2411.04997v5

Toward Efficient Agents: A Survey of Memory, Tool learning, and Planning
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Toward Efficient Agents: A Survey of Memory,
Tool learning, and Planning

Xiaofang Yang2' Lijun Li'""° Heng Zhou'?" Tong Zhul" Xiaoye Qu' Yuchen Fanl#
Qianshan Wei® RuiYe* LiKang'# Yiran Qin® Zhiqiang Kou’ Daizong Liu® Qi Li®
Ning Ding® Siheng Chen* Jing Shaol”

1 Shanghai Artificial Intelligence Laboratory, > Fudan University,
3 University of Science and Technology of China, 4 Shanghai Jiaotong University,
5 Institute of Automation, Chinese Academy of Sciences,
6 The Chinese University of Hong Kong (Shenzhen),
7 Hong Kong Polytechnic University, 8 Wuhan University, ° Tsinghua University

AREE
IZEMR—mER "SR (Efficient Agents) " BIERA, RETHERSHETHHRBIEHRIHEEY
HERIBRR: EIRISESRINER/RNRERT, K token i, HIEER. TEEAXRE. TEEHSEMAIT

BAE. (FERBUSEBAR=RAOER A T LSRR FUTIRRRAR

ic1Z (Memory) . TE%3] (Tool
learning) 5% (Planning) , FEHMERMNMMEAZIEST: EEEMATIE IR, SIEHRIIY
SUKFETHRMA (AT "SER-AA" Pareto BIRIEMR) . IOSXUNERLAMERLE LLM Y "BIFSS/ER"
HE, IBHEARCRELR token, IBRBICIZES. IMPIERESAMERSINTE, FHEHER
POMDP gz sk —d RS- N-shE-TEEN-BXSiZ” . EEARS L, (F&i% "idizt
aEHR"  (fEE. B, nR/ES) BEXAICIZ. BHECZ. JNMERICIZ. BEHNCEIZ. pBEEiZARS
BRI/ A/ RAICIZERE, RTESITRAETERE. TERARSTERSHE, RNIRRKRS
SERIENTIERES. SOUER. ISOMSFEIEEL, FHH—SPN T EREEUE LS B ISRE

/%\0
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Figure 1: The evolutionary trajectory of efficient agent research. The diagram is organized into four principal
branches: Memory, Tool Learning, Planning, and Benchmarks. Key works and their institutional affiliations
are mapped chronologically to illustrate the field’s development and categorization from 2023 to 2025.
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Paper: https://arxiv.org/pdf/2601.07372
Project: https://efficient-agents.github.io
Github: https://github.com/yxf203/Awesome-Efficient-Agents
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OpenVision 3 : A Family of Unified Visual Encoder for Both Understanding and Generation
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OpenVision 3 <€>: A Family of Unified Visual Encoder for
Both Understanding and Generation
Letian Zhang'!  Sucheng Ren*?  Yanqing Liu!  Xianhang Li' = Zeyu Wang!  Yuyin Zhou!
Huaxiu Yao®  Zeyu Zheng*  Weili Nie®  Guilin Liu®  Zhiding Yo  Cihang Xie!
lUCSantaCruz  2JHU  3UNC-Chapel Hill  “UC Berkeley  °NVIDIA
AEHE

IZIEXHRHT OpenVision 3, —EmMA "EfF + 46" F—2ENMRHIESERE, BirEER—0
RRATAANRNRS TSI (WRREE, B3XI5T) IsRERGER. REXA "VAE 4R
1028 + VIT YRADS8" HUIELSE— tokenizer: 55 FLUX.1 VAE SEIGE EREE, BRANSIIGH VIT £
VAE latent EIREVE—IIE token, ZEDBIENERSZ (VIT f#S + VAE f#1D, UG /latent
5 LPIPS) fIEEfED> (WHLFES + BGEFEER) . BEUBRSMCERRATIEXIK, OpenVision 3 %
FIFRESE: encoder BUBIHRT, 7£ LLaVA- 1.5 HEZRepsCHS CLIP MY EERMNSESIERRIERE

(40 SeedBench, POPE) , FINAEEZES4HASZSHEZMNTEES— tokenizer, H7E RAE &RIEZET

£ ImageNet EEUSERAY gFID (1.89vs. 2.54) , RRHEEARIF—MRRAEES.



OpenVision 3

Generation
Reconstruction Understanding Reconstruction Understanding
| \ Image caption
1 | 1 ﬁ ¢ ? 022 B 1.89 1
Unified Add noise Text Encoder o D O @
Tokens Tt T e e e
Contrastive >
ViT Decoder Learning S

Understanding

e 83
o 611

VAE Decoder w0 B0 [ees [
ViT Encoder :
Unified Text Decoder
Encoder 3
VAE Encoder Reconstruction MME-P MME-C SiQA Seed GQA  POPE
Loss Captioning Loss OpenVision 3-L CLIP-/14

Figure 1. An overview of OpenVision 3’s architecture design and performance highlight. Left panel: The architecture of OpenVision
3. We employ a frozen VAE and a trainable ViT as the unified tokenizer, which produces tokens that are fed simultaneously into both
the generation and understanding branches. Middle panel: The learning objectives of the generation branch and the understanding
branch. For the generation branch, we focus on high-quality, pixel-level image reconstruction; concurrently, the understanding branch is
optimized via joint contrastive learning and captioning objectives. Right panel: The performance summarization shows that OpenVision
3 outperforms other unified tokenizers and semantics-based encoders in rFID and gFID, while remaining competitive with CLIP in
multimodal understanding ability.
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Paper: https://arxiv.org/pdf/2601.15369v1
Project: https://ucsc-vlaa.github.io/OpenVision3/
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Model: https://huggingface.co/collections/UCSC-VLAA/openvision-3
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Qwen3-ASR Technical Report
Qwen Team
¥ https://huggingface.co/collections/Qwen/qwen3-asr
T+¥ https://modelscope.cn/collections/Qwen/Qwen3-ASR
() https://github.com/QwenLM/Qwen3-ASR
REHRE
Hi, I'm Qwen, your helpful assistant. <eos> Language Chinese<asr_text>Hi, I'm Qwen, your helpful assistant.
T N 0000000ooa -
[ Decoder Cross-Attention ]‘—— L
& {[ DecoderISeIf-Ah‘enﬁon ] ‘ Qwen3 LM 1
b i :J ] t t |
S G 00000 - 0000000000 000000000
/AuT Encoder h | | |
a2 ( Self-Attention Layer ) ‘ 7 i)wgn J [ Pretrained AuT Encoder J [ Sen ]
— okenizer Tokenizer
3x [ Downsampling Conv2d ] I
B — Toowe— DOO0ODOOOO 8 .
.III'IIIIIIllllllllnlllllllllll III“II'IIIIIII"“I'I"I“' |IIIII“ %E_?ins';',;i' | I|I||I'||II'III-I|||III|Il'|||l'I|IlI||I'I|I'I|||II||||'|||Il Hi, I'm Qwen, your helpful assistant.

<sos> Hi, I'm Qwen, your helpful assistant. —

Figure 2: Architecture of AuT (left) and the overview of Qwen3-ASR (right).
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Paper: https://arxiv.org/pdf/2601.21337
GitHub: https://github.com/QwenL.M/Qwen3-ASR

Hugging Face: https://huggingface.co/collections/Qwen/qwen3-asr

ModelScope: https://modelscope.cn/collections/Qwen/Qwen3-ASR

Blog: https://qwen.ai/blog?id=qwen3asr
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Science in 2050: the future breakthroughs that will shape our world — and beyond
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Feature

THE SCIENCE OF 2050

Natureexplores the future breakthroughs that could shape
ourworld —and beyond. By David Adam

he Roman sage Marcus Aurelius by 2050, all scientific research will be done To adapt a cliché about computer models,
zald we should never let the furure by superintelligent Al rather than human  predictions of the future are usually wrong,
disturb us, But then he never hada  researchers,” Bostromsaid inan e-mail. "Some  but some are interesting. And Nature hasa
conversation with the futurclogist  humans might doschence asahobby, butthey  long history of seeking stimulation in fore:
Nick Bostrom about the state of the  wouldn'tbe makingany usefulcontributions.”  casts, projections and auguries about how
worldin 2050, Time o rethink your career options, research might unfold in the coming dec-

“There's a good likelihood that  Nature readers! ades, Most notably, the journal marked the

I, 52275
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FARMEE: https://www.nature.com/articles/d41586-025-04100-6
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Image Generation

callitatZai 7 O GitHub 7 /% HuggingFace 2

P
Wi

et . $HERIR EiR
FAXFE

ﬁ*&ﬂﬁﬁﬁ. ey ey
Em o ettt ZHIPY |

-

fECHERR
FARFZ: https://z.ai/blog/glm-image
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GPQA Diamond IMO-AnswerBench LiveCodeBench (2025.02-2025.05) SWE-bench Verified

PhD-level science questions IMO-level math problems Competition coding problems Software engineering
92.8 924 919 91.5 91.4 90.7 80.9  80.0
87.0 86.3 87.7 80 X 76.2
824 783 o0 833 gog %48 75.3 731
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60
60 60 60
40
40 40 40
20 20 20 20
0 0 [ 0
T2-Bench Humanity's Last Exam Humanity's Last Exam (with Search)
Function calling Expert-level questions across broad subjects Solving with search tools
85.7 85.4 58.3
82.1 o3 80.9
80
o0 U la0.8 432 455 458
60 40.8 .
40 36.5 355 375 40
30.8
10 20 251 30
20 20
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10 10
0 ] 0
B Qwen3-Max-Thinking (with TTS) Qwen3-Max-Thinking (without TTS) W DeepSeek-V3.2 Claude-Opus-4.5 GPT-5.2 Gemini-3 Pro
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R T Qwen3-Max-Thinking #2284, EFEMTRERUEZ R THURBKBENERTE, FAEH TS GPT
- 5.2- Thinking. Claude- Opus- 4.5, Gemini 3 Pro, DeepSeek V3.2 S&ERITEZMRERE FRIXIEL
R, YHEBETAFRRERTHEEENR (MMLU/Pro, C- Eval &) . STEM (CPGA, HLE %) . #8
(LiveCodeBench, HMMT, IMO- Math %) | $5<Bfa5xI>F. TR (BFCL- V4.5, VitaBench ),
K ETX (A4- ICR) SHERHE, B= Qwen3-Max-Thinking ZESTUEESHAE. RIEHITHEXES L
FE—IBNEEMRTKF. NEANATHEEAEEEAATE. KiEEE. KIBRESNARRNEENT R,

FHRHETED OpenAl 3825 APl LUK Qwen Bz APl ERIZIEERIRHITES.
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BZREERESESAER Kimi K2.5, BEY 15T EXEEEIE LS4, ERB. WRIERS
"Agentic” R LEEXIBIRF, HUSEEFF AT, BENMULESRNAEE. MRSMEEE (40
AIME 2025, HMMT, GPQA- Diamond, MMMU- Pro, MathVision, OmniDocBench 1.5, VideoMMMU
%) 5 GPT- 5.2(xhigh). Claude 4.5 Opus(Extend Thinking)ZIARRI SRR EI ST, XMHRSE I8
PR IRESZITVREEEE (SWE- Bench Z7%l. LiveCodeBench (v6). OJBench. SciCode %) LEM
HIBARISSH A TF2ae ), REFHANET "Agent Swarm” FHTEREAMELR : BISFHITEHRILES
(PARL) , KimiK2.5 SEELEMENASMTIERNER T, BERESHMES, CIEFEESZIA 100
FRIE, HITARESA 1,500 X TEEA, £ HLE, BrowseComp. SWE- Verified & Agentic E/#H

AR Office TFtaki L, 1HELE Agent &RELI 4.5 EHREIRINE,

EE S

FAREZ: https://www.kimi.com/blog/kimi-k2-5.html

Weights & code: https://huggingface.co/moonshotai/Kimi-K2.5/tree/main
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Figure 3 | DeepSeek-OCR 2 adopts the visual token compression mechanism from DeepEncoder,
employing an 80M-parameter image compressor that reduces visual tokens by a factor of 16.
DeepEncoder V2 differs by replacing DeepEncoder’s CLIP module with a compact language
model architecture. Through customized attention masks, this LM-style vision encoder acquires
CLIP’s knowledge compression capabilities while initiating causal modeling of visual sequences.

ABE

DeepSeek-OCR 2 2— M HERN AR —REA OCR/ iEiiniRE, BETSUHINM IR
2% DeepEncoder V2 5R& LLM #ZS88141, BirnEERiTFSBENRN ESRHEENEREBEESZN
gef). 1RBLRA "vision tokenizer + LLM" 83, ESUETEYID ARERRI—4E token 5l (R=%Y 256
x1120 token) , BEZESWRTENSEREEERONMEEEE, WRESHE, XARSHBEXIEXRHAT
S—EtE, NMESREER. XAR5, RE/AHIERELZR IS, £ OmniDocBench v1.5 &
L, DeepSeek-OCR 2 EXf§ 91.09 5589 SOTA £5R, HE|3—4miEEEE (R-order Edit Distance)
BAEMTF _E—K DeepSeek-OCR K Gemini-3 Pro &X3tbERSE; £ PDF &EipR+, HEELRIUEREE

FLOPs SiEERtA LthERE T, (AL "SFE + B INEMLS.

EE S

FARFZ: https://github.com/deepseek-ai/DeepSeek-OCR-2/blob/main/DeepSeek OCR2 paper.pdf

Hugging Face: https://huggingface.co/deepseek-ai/DeepSeek-OCR-2
Github: https://github.com/deepseek-ai/DeepSeeck-OCR-2
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AERE

Prism iRt A— ERRHAARRIREELTFTE, [KEH GPT- 5.2 IKzx), mOBREER—Fe
HIT@IeSORE. MR, NmEESR "wmigss + WIREIF" DBRIEREN. RFEEREAS
EfzfT GPT- 5.2, iLXEEFFEGANCN BRGNS, ET ETX. 2. SENE. BRSR, LHE
TXRENSESEN, HRARTUMEE—FRETTAERRS. REES. A7#HSSEM. 5|IBEKBIUE
BNERREEE, FLSERIMERISINSEFE. FENSITHEMRE. THemAEHR, Prism JRE
k5 PDF/LaTeX EREAEMSTI, B35 ChatGPT PAMKSITE, 12t "UEHE" 19 Al BIEER, €
IEEERE. INSEIRENAE. S45IRREHNS, (EREERMEIN A LTI FMITHEMEERR LT

B2 RIS HIRENE,
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RISl : https://openai.com/prism/
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AEHE

AEZEEEMREMIN Al "O%" 5IRENAY, ARFEREARENBHEIERIRERER, Al &
HEHAFERXABREE, FEXNETD "BR” EFIREEE 10 B, ZEXRALEHENAFER.
FAFELEFREEATEKEE 9999 Jt, ERMRTHE Al SIFEREEAE, iZRAE Al FEREEARR
1%, B "BERE" FBENERER, BAENNAENERER, £l Al IREBET "IRS" Mk 7=

R NER—RYERE.

EELBERAZERT "Al SIaEAER" FRE T IRFERERSIERA

e, RERTENSS, BHRELMRKAFNEARKRIYSEENE, REFKEISIPFNER, FHIRBE.

® FRANEh

&% DeepMind &5 AlphaGenome, &t Nature £7H

HHA

2026-01-29

a Input DNA sequence (1 Mb) b c
—— Sequence
[ —v—‘li—v— V= | partioning D AGTCASTC S e Gzcaazc
| | | | | Encoders AGTCAG Random shift = cagTcae
ANIAN ANIAN N Random shift ReUare)
Int ted i i 3 I 1
macsec: O O D 0 O W @ | oo — o crancs
Aandiband ey A complement (50%) Ao 4l
VYN Y § Decoders e or  caaccT
o b | PP
i1 Pl i o (_lﬁ
Outputtypes | | 4 | Vil ! ! I} &
RNA-seq _ | (AN A i = 667 173 | '1bp Teacher Student
CAGE _| 546 188 [ibp
PRO-cap | 2 0 1bp =) s L e
305 67 I b
D:::; - = 167 18 - b
1bp [} | i |
Histone ions i b, 1,116 183 [ 128bp Observed Predicted P’;‘:‘;‘f" Predicted
TF binding A 1617 127 | 128bp
splicesites __J  ILliL1, [T} 4 4 [iBp Lo Loee)
Splice junctions 180 [ 1bp .
Spiice site usage 1e0 IR Model type Data split
DNA 8 2048bp = be oo
contact maps TIREELT)
B Pretrained  Distilled  Fold split (0-3)  All-fold
e
Modality Evaluation Metric Resolution  Value Comparison Modality ~ Evaluation Type Metric  Value Comparison
Splicing| SPlice ste classiication  auPRC  1bp 079 DeltaSplice {| 1.0 ClinVar splice site region ~ Causality auPRC 057  Pangolin{ [| 3.7
Splice site usage Pearsonr  1bp 0.86  DeltaSplice | [} 6. ClinVar non-coding auPRC 066  Pangolin{ | 2.9
RNA-seq coverage Pearsonr  1bp 059 Borzoi ClinVar missense auPRC 0.18 DeltaSplice{ [l 13.7
32bp 0.78 Borzoi Splicing | Splicing outlier (zero-shot) auPRC 022 Pangolin{ [ 59.1
RNA| RNA-seq gene expr. LFG Pearsonr  Gene 057 Borzoi Splicing outlier (supervised) auPRC 028  AbSplice
expression| CAGE coverage Pearsonr  32bp 074 Borzoi sQTL Causality auPRC ~ 0.76  Pangolin
128bp 071 Enformer MFASS auPRC 051  Pangolin
Alternative poly(A) Spearmanr  Gene 0.87 Borzoi eQTL Direction Spearmanr 0.49 Borzoi
DNase-s Profile JSD 1 051 ChromBPNet QTL (zero-shot) Causality auROC ~ 0.71 Borzoi
covrage »;:;,::ns ’ 3::[) o:s ¢ " goriei ANAL gqrL Esuperwseiij Causality auROC 080 Borzol
. expression
DNA 128bp 087  Enformer ENCODE E2G (zero-shot) auPRC 075 Borzoi
accessibility | ATAG-seq Profile JSD  1bp 0.46 ChromBPNet _ paQTL auPRC 063 Borzoi
coverage Pearsonr 32bp 057 Borzol CAGI5 MPRA Causality Pearsonr ~ 0.65 Borzoi
128bp 072 Enformer _Efl“ig ds/caQTL Direction Pearsonr  0.70 ChromBPNet
accessibil
Histone | Histone ChIP-seq Pearsonr  32bp 0.69 Borzoi  ds/caQTL Céusahw auPRC 0.52 Borzoi
modifications| coverage 128bp 071 Enformer TF bi"dmg{ bQTL Direction Pearsonr  0.55 Borzoi
TF binding [ TF ChIP-seq Pearsonr  32bp 055 Borzoi bQTL Causality auPRC 0.50 Borzoi
coverage 128bp 058  Enformer 0 20 40 60
Orca contact maps Pearsonr 4,000bp  0.79 Orca AlphaGenome relative
comact Orca contact maps Pearsonr 4,000bp  0.42 Orca improvement (%)
cell type differences

AlphaGenome relative
improvement (%)
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REHHE

AlphaGenome 2 Google DeepMind &fhF&ZT Nature RUIERISERERZE (£95A% DNA 1Y
98%) "FHIEITHEE" FUUMREY, BRRER—IER MR EEEETTIS D FRE SHEEXBLAIRNN, =Tt
XA (regulatory variants) YR FRNIBEI SEIEREME. AlphaGenome LUKIAZY 100 JHiREK
FERY DNA FHWEABAN, BESESFIRNTNSZRARS S At , SEERRAEXES. RBRTY
R /EEERES AN (splicing) &, NiMEE—EEPESZNFIEHEEREES RNA INTAIX
¥INTD, AEZIMAFENSYELsLIEH, AlphaGenome EEIEEEANTUN_FEEEZRETF, 18t
Enformer FFFIERIES MESTIEL/ MR FRIERE, HER 7 EETHEAIF AT RREEIFRIEE
5 (g0 3" UTR XiEER) BESURTIEIRIEES, ERNEEARTHREAIESRIR, HiEERAEEEER
KT ST,

EE S

Paper: https://www.nature.com/nature/volumes/649/issues/8099
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RESOURCE SHARING
REDE

o RRPE—
Vibe Coding #5rg

H(B: KBEBeE

Vibe Coding 8—15 Al E3HRERNEIRTIERIE, SERIMFAELIBMISEIERNIE. ANERF
MAATNIBERE. FAEE, CENEIERTA. Wiiily RINEERE, BRLNRREAIRRIC 9%

i, EERLE Al KESEIEREL.

HiFnkiE

https://github.com/2025Emma/vibe-coding-cn

o ZHEPEZ
Claude Skills &&

HKB: KBEBeE
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Skill FARZORHEWRE. B, (BSIEEAIRATSRNEERR, IHEEN  "HIRR
1T1ES" TR "BEMMPUTERES" . EREEAE Anthropic SHKE. FHEKEMEL. OpenAl 4
SH=M, EREEREEWHAE. RAG. ZEEIMMESRAT MEENAR. TEPZE—L Claude Skills

AIEIR

HiFHEE
Anthropic ‘B J7 H /i Skills : https://github.com/anthropics/skills  (40000+ stars)
Awesome Claude Skills: https://github.com/ComposioHQ/awesome-claude-skills  (19000+ stars)

Claude Scientific Skills : https://github.com/K-Dense-Al/claude-scientific-skills  (5800+ stars)
Code Skills : https://github.com/obra/superpowers  (21000+ stars)
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RN AR R AR AT AL T 2014 6 A, (EABRFREEREH “/NEN” A, HALL “ibEIRBONISE” Jflidr,
LT AN L GRS KRR AR IR B 4 3R = B A S .

AFRERERGEE . WG E. SREANRERSEWE L OEAR, BEEZBFRHERE:. FT R GRYID %1
RER, B TSR BFEEEMER, HS5RIIRZELE “ NTEREARBEG .07, HEZ) A TRER K EGIE sR AR R,
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HAT, POERHEE ) AL SERHIE . TWAT I AR S 2 AT SR R T . ARCK R ARG & &, 3£ i
SV BRI ML R ALEGIBG TR RS0, F AR B KK ST T Al BE5R 53 5000 M VR A0 28 (AT A B ) SO R R 2 Tt
G, PSR RERS R M E IR AR 10 A RS B T AL 51, BRAERHRE AR ST S H R AT

AT, /Y (https://www.niuxuezhang.cn/video-enhancer.html) « HitPaw Z5ifg N AN 44 fb i, BL “—%8 5K Al FL3E 0
BN, NERRE LRSS . R A EOSEFAURS . B, FANESCRR 4K 8K B ENB I E R, HBKE
F A AL ZE B AR I AESITS ;. HitPaw Edimakor BT AL TE &G . Z15F SIS TIEE, 1k ABRGQIEZR BRI SIEIES NE
G R

REEQNH BRI 5, 2 A AL TS BRI & L 509% M TR AR RIBN, L& CMMIL 15056005 %5 [ BRAUEAIE A& 2 52
FEMBERZSE Sy o STRIRYIEHS, BATE AL, B, bS5 ns SC i it da it 45k 200 2 A~ SO X () 8 B 55 46 . 1R
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