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Figure 1: The overall architecture of our Causal-Copilot.
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Paper: https://arxiv.org/pdf/2504.13263
Github: https://github.com/Lancelot39/Causal-Copilot
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MegaHan97K: A Large-Scale Dataset for Mega-Category Chinese Character Recognition with over 97K
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MegaHan97K: A Large-Scale Dataset for Mega-Category Chinese Character Recognition
with over 97K Categories

Yuyi Zhang'*®, Yongxin Shi'?®, Peirong Zhang?, Yixin Zhao", Zhenhua Yang®, Lianwen Jin**®

“School of Electronic and Information Engineering, South China University of Technology, Guangzhou, China.
bSCUT-Zhuhai Institute of Modern Industrial Innovation, Zhuhai, China
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Figure 1: Comparing MegaHan97K with existing Chinese character datasets. The green and blue bubbles represent handwritten and historical datasets, respectively.
The area of the bubble and the number in brackets denote categories in each dataset.
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Paper: https://arxiv.org/pdf/2506.04807
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Towards AI Search Paradigm

Yuchen Li, Hengyi Cai, Rui Kong, Xinran Chen, Jiamin Chen, Jun Yang, Haojie Zhang,
Jiayi Li, Jiayi Wu, Yiqun Chen, Changle Qu, Keyi Kong, Wenwen Ye, Lixin Su, Xinyu Ma,
Long Xia, Daiting Shi, Jiashu Zhao, Haoyi Xiong, Shuaigiang Wang, Dawei Yin'

Baidu Search
{yuchenlil3, yindaweil}@acm.org
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B TEEARIVA, B4 7T Al Search WEELRREA A SHKFKRIE.
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Emperor Caesar, by how many years? Guasy SubTask 3 q :f::: : Emvem:;m -Wu R
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Figure 1 | The Overview of Al Search Paradigm.
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A Survey of AlOps in the Era of Large Language Models
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A Survey of AlOps in the Era of Large Language Models

LINGZHE ZHANG, Peking University, China

TONG JIA®, Peking University, China

MENGXI JIA, Peking University, China

YIFAN WU, Peking University, China

AIWEI LIU, Tsinghua University, China

YONG YANG, Peking University, China

ZHONGHAI WU, Peking University, China

XUMING HU, The Hong Kong University of Science and Technology (Guangzhou), China
PHILIP S. YU, University of Illinois Chicago, United States

YING LI*, Peking University, China

AERE

RIZEBENERX AR AlOps” £ZRIRFGRIA, REHQRADIT T 2020 F 1 B-2024 F 12
Blal&ZRr 183 Wiz, BESRIUAHRERE (RQ1-RQ4) BF: @ LLM IAXIEES: HE/1SinEHiEs)
ERFEFFSINRASE, RS, QA FHEE, @ AlOps (ESNfIiEH——MNEIRRAY REWRERSE
B%. MIABHTENR IS, @ LM ISEFRECERN (BRE. BiE. @A, R, MREE) &%
ESPRIERMSRR, @ HMEERSEREENENES. (FEERE T IRMRIENHRE. a5k,
FHEHARFK AT,



09

16000 250
spf — Trend Line LLMs
LLM-bused Publications 14000 LLM-based Failure Management GPT-4o! =
5 200 =
€40 s 12000 B
3 = 10000 GPT-4o =
530 £ 150 =
- 28000 o
s 2 B
2 3 6000 100 €
E = CGiemini k-
z £ 4000 B
& 2
10 - s0 2
i——— i InstructGp lLaMA =
oL I " TS GPT-3 Codex
' o by TR T TR ChatGPT
FORSNN) /0 9 /0 °' °' »,Q I o »,O} SRS 000 2020 022 2003 2024 20%%

S v A\v .\v \v \\’ .\\’ -.\\’ -.\\’ N N NP ,.n -.0 Year
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and LLMs (the data for "# Publications in LLMs" is extended
based on [171])

Fig. 1. Analysis of Publication Trends in LLM-Based AlOps
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Paper: https://arxiv.org/abs/2507.12472
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Energy-Based Transformers are Scalable Learners and Thinkers
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Energy-Based Transformers are Scalable Learners and
Thinkers

Alexi Gladstone'?, Ganesh Nanduru', Md Mofijul Islam'?, Peixuan Han?,
Hyeonjeong Ha2, Aman Chadha’#, Yilun Du’, Heng Ji*, Jundong Li', Tariq Igbal’

'UVA  2UIUC 3Amazon GenAl' “*Stanford University >Harvard University

Al

% energy-based-transformers.github.io () github.com/alexiglad/EBT
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7 Energy- Based Transformers (EBT) &4 "L T3- (RGN XRGTHREE DS, FEIHET
PEAMTER/IMEBER, NTIEATCIETZ il “System 2 Thinking (KR + BIRIE) " BAEM. EX
AEMHEEFES E, EBT JIRKEUREIIEERTEOAR Transformer++: EEHEE. S8(&E. FLOPs,
IRES /KM ERATRET 35% B9 scaling rate, #EEMEEEINEE SHFHTREER/IMEEER, BT
SABEIRE 29% RIMBEIEss, MtnE Transformer++ TEFTWER. BT, EBT o MmIMUEIRAELX, K
MHEEZ W, EEGRERREEESES L, EBT (XA 1% RiERELRIATE# Diffusion Transformer, FHEUE
BE5 PSNR 5+HZLA LAY ImageNet ZetHmiEm==
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Transformer M RIIIN Transformer
! ' {
(a) AR Transformer (b) RNN (c) Diffusion Transformer (d) EBT

Existing Autoregressive Approaches

Figure 1: Autoregressive Architecture Comparison. (a) Autoregressive (AR) Transformer is the
most common, with (b) RNNs becoming more popular recently [22, 23]. (c) Diffusion Transform-
ers [26] (which are often bidirectional but can also be autoregressive) are the most similar to EBT,
being able to dynamically allocate computation during inference, but predict the noise rather than the
energy [27, 28]. Consequently, diffusion models cannot give unnormalized likelihood estimates at
each step of the thinking process, and are not trained as explicit verifiers, unlike EBTs.
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Paper: https://arxiv.org/abs/2507.02092
Github: https://github.com/alexiglad/EBT
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Al4Research: A Survey of Artificial Intelligence for Scientific Research
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Al4Research: A Survey of Artificial Intelligence
for Scientific Research

Qiguang Chen!* Mingda Yang!* Libo Qin* Jinhao Liu! Zheng Yan' Jiannan Guan!

Dengyun Peng! Yiyan Ji' Hanjing Li' Mengkang Hu> Yimeng Zhang* Yihao Liang*
Yuhang Zhou® Jiaqi Wang® Zhi Chen’ Wanxiang Che!

1 LARG, Research Center for Social Computing and Interactive Robotics, Harbin Institute of Technology,
2 School of Computer Science and Engineering, Central South University, > The University of Hong Kong,
4 Independent Researcher, > Fudan University, © Chinese University of Hong Kong,

7 ByteDance Seed (China)

AXERYS "AldResearch” — ATEREMEEETERII—HTRRGR. (FEETIATF LM 152
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ROZE—HEZR, FMIDREER. BirATEIFNISISFARRMAET LA, R Al FERARHEER. €l
FEENESAESW S EIER. XEH—STIEEEMRRE. TENASHESRIFNMERNA, (CTEMIESE.
TEBESHARFESFERR, FANEFRARE, 5xl. CESRe. IRBRESFIooaRTREE,

EEARRERMREANOSKFKNRIERE.



13

), Idea Q@Q Significance
% Mining \- Assessment i

<] Theory @E Experiment”| |
B Analysis 5 Conduction ]
N

o |

Y h
Full-Automatic Discovery

=|=] Related Work
[LE Retrieval

I ® Overview Report
=%  Generation

Al for Academlc Survey

&% Semi-Automatic

Academic Writing

Full-Automatic |
AcademicWrin'ng :

Goodl. -“s,} op Alfor Academic Peer !
Paper!! @i\gﬂi @ I%VICWI(I%g E

B %]
S0 2B

|
Review || Review || Review | !
Reviewer Discussion )

Al for Scientific
Comprehension

E =) Textual Scientific
| @@ Comprehension

i
i

i Table & Chart

i Comprehension
i

\

Al for Scientific Comprehension Al for Suent:ﬁc Discovery Al for Academic Peer Reviewing

© © ©
© ©
Al for Academic Survey Al for Academic Writing

Figure 1: The mainstream processes and categories of Al4Research, which can be divided into five key areas:
(1) AI for Scientific Comprehension, (2) Al for Academic Survey, (3) Al for Scientific Discovery, (4) Al for
Academic Writing, and (5) Al for Academic Peer Review. Each of these areas contributes to improving the
effectiveness and efficiency of Al-integrated research and publication.
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Paper: https://arxiv.org/abs/2507.01903
Github: https://github.com/alexiglad/EBT
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GLM-4.1V-Thinking: Towards Versatile Multimodal Reasoning with Scalable Reinforcement Learning
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GLM-4.1V-Thinking: Towards Versatile Multimodal
Reasoning with Scalable Reinforcement Learning

GLM-V Team
Zhipu Al & Tsinghua University

(For the complete list of authors, please refer to the Contribution section)
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9 B SHIRATE 28 MATFEEFEMEH Qwen2.5- VL- 7B, H7E 18 INEFS LIBSSEETF 72 B £9
Qwen2.5- VL- 72B RFJR GPT- 4o, FACTHRAEEER, EMREESRMARS, MAREIFTAERM

=X B RAISESHEET S,



15

<|think|>From the given image, ...

o o o [ S - OEOEROECE - OOO00O0O00O- O0O0000o0ad
{ Language Decoder ]
000000000 -0 - OEOE0EOE - 0O00000- 0 —
' Image 111 1 Video 1 1 could you tell me...? [ Predicted token
1574 tokens 13650 tokens ‘ w
MLP Projector -\
| @ GLM-V
ViT Encoder =

(Native resolution w. 2x temporal compression)

Height: 1596

<
N
I
=
=]
(o]
T

©
<
o
=
D
©
o

5 X c
Width: 952 | Width: 2548 | Width: 980
Image 1 Video 1

Figure 2: The architecture of GLM-4.1V-Thinking. The proposed model consists of three
components: (1) a ViT Encoder to process and encode images and videos, (2) an MLP Projector
to align visual features to tokens, (3) a Large Language Model as a Language Decoder to process
multimodal tokens and yield token completions. GLM-4.1V-Thinking can perceive images and
videos as their native resolutions and aspect ratios. For video inputs, additional time index tokens are
inserted behind each frame to enhance the model’s temporal understanding capability.
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e RLCS IREIRYEESHIIRILE S : I2H Reinforcement Learning with Curriculum Sampling, #E)IIZ95)
SEEEAEESESEL, BEIRFSEHRRASEM.
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Paper: https://arxiv.org/abs/2507.01006
Project: https://github.com/THUDM/GLM-4.1V-Thinking
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Al Research Agents for Machine Learning: Search, Exploration, and Generalization in MLE-bench
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Al Research Agents for Machine Learning: Search,
Exploration, and Generalization in MLE-bench

Edan Toledo '-‘2'*, Karen Hambardzumyanl‘z‘*‘ Martin Josifoskil'*, Rishi Hazra® T, Nicolas Baldwin',
Alexis Audran-Reiss', Michael Kuchnik', Despoina Magka', MinqiJiang', Alisia Maria Lupidi', Andrei
Lupu', Roberta Raileanu', Kelvin Niu', Tatiana Shavrina', Jean-Christophe Gagnon-Audet', Michael
Shvartsman', Shagun Sodhani!, Alexander H. Miller', Abhishek Charnalia', Derek Dunfield', Carole-Jean
Wu'!, Pontus Stenetorp”, Nicola Cancedda', Jakob Nicolaus Foerster', Yoram Bachrach!

IFAIR at Meta, >University College London, 3Qrebro University
*Equal contribution (author order determined by a game of UNO), "Work done while at Meta

BB Al ARRERICA "BRRE 1 + B8FES O JUMER, FHEHAY ELRFS AIRA-
dojo, HILFE L, gt TH#HEFE OAIRA, H5 Greedy., MCTS, #HUERFERKE S, (NERE
FEDAIHE MLE- bench Lite REEFINERE 39.6 % f&FtE 45.5%, BE&E MCTS FIIX 47.7 %, RIFLFF
iBR, BXH—FEN "WIE- WA 2RO ERETRIZUREMABRGIESEART, RERaEE 9- 13
MNES R, AIRA- dojo KA Apptainer &5 Superimage EtiE&, Sx3F H200 GPU + 24 # CPU 1Y
WEFR, WIETKEN, THAERNTEMSTESY, (FERTICEFEN. NERE ST RIEERIER

BRI IR ER.
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Figure 2 Overview of AIRA. Given a problem specification, AIRA maintains a search graph whose nodes are (partial)
solutions. At each iteration, the agent (1) selects nodes via a selection policy, (2) picks an operator via an operator
policy and applies this operator to the node, and (3) scores the resulting solution via a fitness function. Here, a greedy
node-selection strategy applies the improve operator to the highest-scoring node.
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Explicit Reasoning Latent Reasoning
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Bandwidth* = 15 bits Bandwidth* =~ 40960 bits
Figure 1. Explicit reasoning transmits discrete tokens (= 15 bits each), whereas latent reasoning

exchanges full 2560-dimensional FP16 hidden states (~ 40,960 bits each), revealing a ~2.7 x 10°-
fold bandwidth gap between the two approaches.
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[ Layer L—1 ] B Computed O Skipped

Layer

Recursion Block

il i

D D [J__] [:] D [:1 Sequence Position
B - People who feel comfortable defending their views—def
ensively confident---may also eventually change those
[ Layer O ] views and corresponding behaviors.- - Drugs August 26,

Figure 1: Overview of Mixture-of-Recursions (MoR). (Left) Each recursion step consists of a fixed stack of layers and a
router that determines whether each token should pass through or exit. This recursion block corresponds to the gray box in
the middle. (Middle) The full model structure, where the shared recursion step is applied up to N. times for each token
depending on the router decision. (Right) An example routing pattern showing token-wise recursion depth, where darker
cells indicate active computation through the recursion block. Below shows the number of recursion steps of each text
token, shown incolors: 1, 2 ,and 3.
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Thinking Process

________________________________________________________________________________________

4 1
! 1
i @ RoboBrain2.0 LLM Decoder !
\ 3
| | | I} I
! Task Instruction | ! Scene Graph ! Image1 L Image2 l Video1
(TTTTTTTTTTTTTTTTTT T T TR y (TTTTT T T T T T T T ST o TTTTT T T 1
: Tokenizer | MLPProjector | !
____________________________ ’ {———————————————————————————————————————‘|
? : Vision Encoder i Image 1
8

ymmmmmmmmmmmm s
: Place the cup between the { ~ . . -
: pen holder and keyboard, | ‘ | Lkl | Vs !
| Line up with the cup's logo. 4§ 5‘ 4 - " ' R W) 5‘ ; ‘fl f fk ‘/.

Task Instruction Scene Graph 84 Video 1 Image 2

Figure 3 The Architecture of RoboBrain 2.0. The model supports multi-image, long video, and high-resolution
visual inputs, along with complex task instructions and structured scene graphs on the language side. Visual inputs
are processed via a vision encoder and an MLP projector, while textual inputs are tokenized into a unified token
stream. All inputs are fed into an LLM decoder that performs long-chain-of-thought reasoning and generates a variety
of outputs depending on the task, including structured plans, spatial relations, or relative and absolute coordinates.
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Dechunking

P

(d) Upsampler

1-P, 1-Py 1-P,
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1 Jolel lelolel ool Iok

(b) Downsampler

r@O0000O0OOED

Chunking

|||||||||||||||||

Figure 1: (left) Architectural overview of H-Net with a two-stage hierarchical design (S = 2). (right) Dynamic Chunking
(DC). ( bottom-right ) Key components of a chunking layer: (a) a routing module for dynamically drawing chunk
boundaries, and (b) a downsampler that selectively retains vectors based on boundary indicators, reducing sequence length
while preserving semantically significant positions. ( top-right ) Key components of a dechunking layer: (c) a smoothing
module for converting discrete chunks into interpolated representations, and (d) an upsampler that restores compressed
vectors to their original resolution based on boundary indicators. Linear in equation (3) and STE in equation (9) are omitted
in the illustration for brevity.
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Figure 1 | Cost-performance plot. Gemini 2.5 Pro is a marked improvement over Gemini 1.5 Pro, and
has an LMArena score that is over 120 points higher than Gemini 1.5 Pro. Cost is a weighted average
of input and output tokens pricing per million tokens. Source: LMArena, imported on 2025-06-16.
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Figure 1: Train and Validation loss curves. Here, the “Validation loss (computed via AW)” refers the
loss computed using Ty + aw () i.e., the trained model prediction given only Tquery but with MLP
weights modified by AW as defined in Equation (8). Left: Training loss and both validation Loss
curves. Right: Close-up of validation loss computed both ways; i.e., using Ty (C, z) vs. Tw 4+ aw ().

FE

ot

3%y

o RETINGZEIFFEN: BEICOASIZGRIE, (NETEREASS LM #EE5EES.
o HHERENSH: B ENESFTIRRIRECERESY, SR, ATASAIHEERE
o [NZERATSMIESHE: EXADEK. BRHHT. NER FHESHIYEUSS)IEREESRIRER.

o EEVHIIESHENRS: T2FASEENIRE, BRsT%att.

EE S

Paper: https://arxiv.org/pdf/2507.16003




30

o itX+H

Being-HO: Vision-Language-Action Pretraining from Large-Scale Human Videos

HHA

2025-07-21

Being-HO: Vision-Language-Action Pretraining
from Large-Scale Human Videos

1,3.% 1.3.% 1,3,%

Hao Luo Yicheng Feng Wanpeng Zhang Sipeng Zheng**
Ye Wang?? Haoqi Yuan'? Jiazheng Liu! Chaoyi Xu?® Qin Jin?
Zongqging Lu'?1

'Peking University ?Renmin University of China ?BeingBeyond

https://beingbeyond.github.io/Being-HO

ARE T — M — NSRS S EEYATISTESR Being-HO, EEMF AR "BHAZL" K986, MM
RITE(FAEREARS A ERIRN. Being-HO BITHWESRS. SEREIR. ISR EIITTEIRS
Being-HO Bench, #RUMSLHRIAKEAR, FRAEEMLEIFLEAGOESREH TG, LeE
SRR, 217 Being-HO WFFAMREMEZIEENR E EZ2MTRITHERE, TEEAXFFHMEPEEER

RIFLIBRE DS —EE.



31

7 =

BEE | VAT| {gpg/ Tmrp)

[ X Being-Ho J
SESsEsEs ©08 000
- /GRQ\ /MLP

3 Fhmia
Alignment 1
)W, ?{ "?‘P'

¢ pre-train post-train

post-training

Figure 1: Being-HO acquires dexterous manipulation skills by learning from large-scale human videos in the
UniHand dataset via physical instruction tuming. By explicitly modeling hand motion patterns, the
resulting foundation model seamlessly transfers from human hand demonstrations to robotic manipulation.
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e.g., Chain-of-Thought [1147], Zero-shot CoT [559], ToT [1255], GoT [69], Self-consistency [1123]
ReAct [1254], Auto-CoT [1107], Automatic Prompt [311] , CLEAR Framework [708], RAG [597],
Cognitive Prompting [564], KAPING [48], Dynamic Assembly [311], etc.

e.g., Mamba [1267], LongNet [220], FlashAttention [200], Ring Attention [682], YaRN [839],
Infini-attention [798], StreamingLLM [1185], InfLLM [1184], Self-Refine [741], Reflexion [964],
StructGPT [495], GraphFormers [1230], KG Integration [1330], Long CoT [148], MLLMs [49], etc.

e.g., Context Compression [321], StreamingLLM [1185], KV Cache Management [1399],
Heavy Hitter Oracle [1343], Hierarchical Memory [505], Recurrent Context Compression [447],
Activation Refilling [865], Context Window Management [1082], etc.

e.g., FlashRAG [506], KRAGEN [755], ComposeRAG [1168], Sel-RAG [41], CDF-RAG [537],
GraphRAG [378], LightRAG [364], HippoRAG [370], RAPTOR [936], RAG-Gym [1192],
Agentic RAG Systems [973], Graph-Enhanced RAG [838], Modular RAG Architectures [316], etc.

e.g., MemoryBank [1372], MemLLM [785], Self-Controlled Memory [655], REMEMBERER [1308],
MemOS [643], Charlie Mnemonic [584], RecMind [1124], Sandbox [461], LongMemEval [1180],
MADail-Bench [390], MEMENTO [572], A-MEM [1211], CAMELeT [397], Architectures [1191],
Short-term & Long-term Memory [943], MemGPT [819], Memory-Enhanced Agents [577], etc.

e.g., Toolformer [939], ReAct [1254], Gorilla [834)], ToolLLM [875], Granite-FunctionCalling (5],
Program-Aided Language Models [309], ToRA [345], ReTool [274], Chameleon [715], al [766],
APl-Bank [621], MCP-RADAR [314], GTA benchmark [1098], PLAY2ZPROMPT [263], etc.

e.g., KQML [284], FIPA ACL [1155], MCP protocols [37], A2A [1015], ACP [468], ANP [1],
AutoGen [1167], MetaGPT [412], CAMEL [606], CrewAl [188], Swarm Agent [814],

3S orchestrator [901], SagaLLM [128], Communication Protocols [1219], Orchestration [902],
Coordination Strategies [631], Agent Communication Languages [360], CoA [1337], ete.

e.g., Comp Level A [841], System-Level Integration [1141], Self-Refinement [741],
MCP-RADAR [314], LongMemEval [1180], BFCL Tool Evaluation [835], SagalLM [128],
Brittleness Assessment [1268], Contextual Calibration [384], Multi-dimensional Feedback [288], etc.

e.g., GAIA [778], GTA [1098], WebArena [1378], VideoWebArena [482], Deep Research Bench [87]
StableToolBench [363], NesTools [377], ToolHop [1264], T-Eval [160], BFCL [835],
NarrativeQA [556], MEMENTO [572], API-Bank [621], Mind2Web [206], SWE-Bench [500], etc.

e.g., Performance Gap Assessment [778, 1098], Memory System Isolation Problems [1340, 1180],
0(n?) Scaling Limitations [737, 299], Transactional Integrity [128], Multi-Tool Coordination [314],
Self-Validation Dependencies [394], Context Handling Failures [214], Attribution Challenges [1122],
Safety-oriented Evaluation [87], Agent Assessment [973], Orchestration Evaluation [901], etc.

e.g., Theoretical Foundations [1141], Scaling Laws [737], O(n?) Computational Challenges [299],
Multi-modal Integration [482], Compositional Understanding [841], Context Optimization [669],
Frameworks for Multi-agent Coordination [128], Information-theoretic Analysis [314], etc.

e.g., LongMamba [1267], Sliding Attention [299], Memory-Augmented Architectures [1372],
Modular RAG [316], GraphRAG [378], Context Assembly Optimization [1141],
Tool-Integrated Reasoning [314], Agentic Systems [973],Self-Refinement Mechanisms [741], etc.

y

e.g., Domain Specialization [87], Healthcare Applications [390], Protocol Standardization [250],
MCP/A2A/ACP/ANP Protocols [622], Human-Al Collaboration [1378], Security Issues [934],

33

Production Deployment Scalability [1236], Safety [973] and Ethical Considerations [841], etc.

Figure 1: The taxonomy of Context Engineering in Large Language Models is categorized into founda-
tional components, system implementations, evaluation methodologies, and future directions. Each area
encompasses specific techniques and frameworks that collectively advance the systematic optimization of

information payloads for LLMs.
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Figure 1: Flow diagram of our pipeline. See the main text for detailed explanations of each
step.
FER
TUrn

o HFEEN: £ AIME IR PAZISEINE, BFHEERENBEIRM.
o KLETXWIE: ZIFHEIT 100 /5 tokens B ETXIKE, AIAMERKISISHIE.
o ZiRTHEND: EFWEGR. XA, S, WIESSESMARERESERES.

o FNESIEEINGE: Think” RAAIRBESERENSREUENE, ESENMESHEHR

EE S

Paper: https://arxiv.org/pdf/2507.15855




37

® it +/\

AlphaGo Moment for Model Architecture Discovery

EHA

2025-07-24

AlphaGo Moment for Model Architecture Discovery

Yixiu Liu'?** Yang Nan?* * Weixian Xu'-%* * Xiangkun Hu?*
Lyumanshan Ye''2*  Zhen Qin® Pengfei Lin'%*"

!Shanghai Jiao Tong University 2SIl 3Taptap *GAIR

() SII-GAIR/ASI-Arch & Model Gallery

ASHRHISIEBIZEY &I (Model Architecture Discovery) Sl AT— 128 "AlphaGo Moment" RAYZSHY
7m, EREE—MBRER, LIRFHEIRER, THEFIEHGEREMEREENE, FEISY, SREBseFEK
MAKITFITHIUNE, AR REREEEMER. KEBEIHhEs 5B, UL AlphaGo &

SERUFISMEREERY "R . PERFRBEEMEIAMIZTIRETDRE, BEESRFRENE.
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Figure 4: An overview of our four-module ASI-ARCH framework, which operates in a closed evolutionary
loop. The cycle begins with the Researcher (purple) proposing a new architecture based on historical data. The
Engineer {orange-yellow) handles the subsequent training and evaluation. Finally, the Analyst {blue) synthesizes the
experimental results, enriching its findings with knowledge from the Cognition module (red). The output of this
analysis informs the next evolutionary step, enabling the system to continuously improve.

FERR

o IRHSERIEAISARINER : ISREEIRITN "AKES" TER "B+ G+ RFRRRE.
o SIANKIEIHERNE: DAEBRERERSD)I4, RARTIESMEERAENAY R,

o IFFNEAMPRZEED: NRIZAMMAEFEEIRTT, EREANFRTIERENN, MEBEFERE
ENG: i EN

o SFRFXREH: SETORTRE. ERTERT. BRTNESEIRSER,

EE S

Paper: https://arxiv.org/pdf/2507.18074
Github: https://gair-nlp.github.io/ASI-Arch/
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TECHNICAL UPDATES
BRARHS

RAENS—

Kimi K2: Open Agentic Intelligence

HHA

2025-07-12

7 B 12 B, BZEEREIFRENHICSEESEXREE Kimi K2 (BiE 320 2. 8848 1 B12) |
APl fit&(X 16 JT/B5 token, ERNELERHAIEAR Kimi- K2- Base 5 Kimi- K2- Instruct, £%
20 7%¥F Hugging Face TEERME 1.2 /. &EBE 155 T token FillZs+5|\ MuonClip + qk- clip
TALRELANIE logits JBKE, FHRISSIERE, BEIAME Agentic HUESMSER RL, K2 ZREmTE
TERASIMERAN, 7E LiveCode Bench, AIME 2025, GPQA- Diamond & 28 I NFFEVES MBI
DeepSeek- V3- 0324, Qwen3- 235B- A22B, ##& SWE- bench Verified EX{§ 65.8 % pass@1, 18l

AR GPT- 4.1 Bk, ML, Kimi K2 SR SOTA, X3 OpenAl HFREEZRRERES.

. Wb
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Agentic and Competitive Coding

79.4
72.5

SWE-bench Verified SWE-bench Multilingual LiveCodeBench v6 OJBench

Tool Use Math & STEM

Tau2-bench weighted average* AceBench(en) AIME 2025 GPQA-Diamond

EE S

Blog: https://moonshotai.github.io/Kimi-K2/
GitHub: https://github.com/MoonshotAl/Kimi-K2

. uuh
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(Nature) K CHEZE Kimi K2 /25— DeepSeek HfZI

HHA
2025-07-16

Kimi gﬁﬁﬂb?-ﬁﬁ‘

Al EERDF ¢ B A 8 F 5o

" orem SM =
4 7R, IR
Moonshot Al’s Kimi K2 model has been praised for its writing and coding abilities.

RERE

XF&ERIE Nature ERIEFEHENIEIAE Moonshot Al F 2025 £ 7 BiEHAIKIESIRE
Kimi K2 #77 M8, Kimi K2 E2—MFHENER Agent BUESHER, BRIITSESEMES. MK, 7
A3 TESREN, RETCHIE— NS TTHIER Reasoner B, BERBERMBIESERIN/ RN,
ESANEENR (30 LiveCodeBench, Creative Writing v3) FEVE{LRRSR. ZEEUFEA "E50EE"

(Mixture of Experts) 284, BRS#0X 1512, BXLFRENEX 32B, FRMIEESIHERER. HRHIWEN
"HE Al KEFRIN— DeepSeek BIZY" , XIEKFRIR Al £ZNERGRITENA,

EE S

Paper: https://www.nature.com/articles/d41586-025-02275-6

PhVAVAVAVFAPFAVFAFAPA
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OpenAl fRHFMRELET3R IMO 2025 £h#

2025-07-19
42> Alexander Wei
e g‘?‘
1/N I’'m excited to share that our latest @ experimental reasoning
LLM has achieved a longstanding grand challenge in Al: gold medal-level
performance on the world’s most prestigious math competition—the
International Math Olympiad (IMO;

I3 1=1
RAERE

OpenAl EHIRE—FNERepZHIERAEEEE, £ IMO 2025 B75%H LA 35/42 ot 6 )
5 B, ke, MSNTHBLEIREN Gemini2.5Pro (13 9) . LEERASAEKERIIN 4.5 /N\idinE
AN, ZIE—INESIMETER, HEXEERESEHTERIINE, H=(UmSEETD. OpenAl EXGtl
$8 A Greg Brockman FEAEMREASMIX—BIEM, SIREERN, HRERBZEEFHIE GPT- 5,
MR—TUBLSEIEM R, ARTHRIFEAEERAR, #ANTRERRES CoT SExl. RIEV\iiFaeliEtt
RS TSIEIZ (RE DRI RS,

EE S

Blog: https://x.com/alexwei /status/1946477742855532918
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® AN

FHIAFRET OpenReasoning-Nemotron

2025-07-20
[ DeepSeek-R1-0528 A OpenReasoning-Nemotron-32B [Z7] OpenReasoning-Nemotron-7B
N Qwen3-235B-A22B ZTZ OpenReasoning-Nemotron-14B
80F
= ool

Accuracy (in
S
(=1

Do
(=]
T

AAl Score (Estmd)  GPQA MMLU-Pro HLE LCB SciCode AIME 25 HMMT Feb 25

OpenReasoning- Nemotron 2ZfFHXETF Qwen 2.5 2213, 208 DeepSeek- R1- 0528 FiEHEH
ROTFIRHEERIRAL SRR, B 1.5B. 7B, 14B. 32B VISR, AITEAME CPU/GPU ia17, BTHE. B=E5
AMESS. REME 5 M FHERNIT LN ERBETHFESEERKER OpenAl 03, H4E4& AIMO
- 2 1RHHY GenSelect@64 RIEEIXY K. 32B hRATER LCB £ pass@1 B 70.2 FAE 75.3,
7B WRARIEEEEFRERIETHE 20%, RIAESEEZHKE. FEIEIE TIR 5§ CoT 17AtERK
FK5INEL RL BFA—EUERII T,

EESES S

Blog: https://x.com/NVIDIAAIDev/status/1946281437935567011
Hugging face: https://huggingface.co/nvidia/OpenReasoning-Nemotron-7B

PhVAVAVAVFAPFAVFAFAPA



44

o RAMSH

EBE IMO £hE AlEE! B88 Gemini £F 35 D HREFEREHE

=k
2025-07-21
Advanced version of Gemini with Deep
Think officially achieves gold-medal
standard at the International
Mathematical Olympiad
HEIRE

Google DeepMind SRFHEHAY Gemini Deep Think 7£ IMO 2025 [FRE&HIPNEMRERE 4.5 /\dF
AEHE. AEAESEHTEIE, XGe 6 @K 5 &, LA 35/42 DikehE——X—m&E IMO HE
SEAAIE, RASIKEMNARLLEHR Al £4t., 1818 AlphaProof HKEFZZ(LIESRISHI, Gemini B
BRRmANER S T, ERRERHKAERTSEIEE. H "Deep Think” BRIEXNEEHTRESEENSS
HEIRIZ, semiESRZM CoT [Ri, FBIYERUFISEREMRBEH SIS RERRENRENE. 228
NS EAXNRIE SRR FROBSEHRE, 5125 OpenAl "BiFEhE” MREGRISZILLS R

A,

EE S

Blog:https://deepmind.google/discover/blog/advanced-version-of-gemini-with-deep-think-officially-achieve
s-gold-medal-standard-at-the-international-mathematical-olympiad/

I £ 7
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Qwen3-Coder: Agentic Coding in the World FIIEBEEA&HFREAIEE Qwen3-Coder, 4B8EEE

Bk Kimi-K2, DeepSeek v3, GPT-4.1

)it
2025-07-22
} QWEN3-CODER
—
ABIRE

Qwen3-Coder & Qwen BEIRAGFTARAIAENAEARERS], EHRA
Qwen3-Coder-480B-A35B-Instruct SKF 1T S&#4. 35B BUERY MoE 284, [RESZRF 256 K token L
TXHEEE YaRN FBZE 1M, $HNEERSHE PR HEMURIBERSER. TU)IGMENESEE. £
TXSEM="MEET BZE 7.5T token (X35 70%) , HFA Qwen2.5-Coder EXESHEHEAR. &
WNEMERSIN Scaling Code RL 5 Agent RL: BIEE "KEWRIE. FFMT" EXLFS EEMBNTIREE
WEIEN, BFEET 20 k TR IEKIERRE RN, £ SWE-bench Verified ZFEFFIR SOTA. LE4h,
BA#EE CLI TE Qwen Code, 1&BE prompt STEWNMY, #H—LSEIEEEAY Agentic Coding #E

RSt

Code: https://github.com/QwenLM/gwen-code
Model: https://hf.co/Qwen/Qwen3-Coder-480B-A35B-Instruct

I £ 7
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DeepRare Ak £KENMAEILERMSETRS, HEES Last Exam MR

HHA

2025-07-24

a Input DeepRare Output Traceable Reasoning Reference Sources:
P P P
Top-K Rare Diseases Ehlers-Danlos Syndrome (EDS) is a group of » "= Online Knowledge banks
Gy Lcal According to Nature [1], the diagnostic process begins » () Latest Papers
Descriptions 1. Ehlers-Danlos Syndrome with a thorough assessment ... Family history plays a
ertical role > [=] Similar Clinical Cases
HPO 2 Wi S s ©Omim [2] highlights the importance of with various EDS ¥ > e Bioinformatical Tools
sublypes, such as.
Items 3. Cystic Fibrosis References:
Furthermore, as noted by OrphaNet [3]. a
g) AR Hi=on s Disesce :::'n'::“:;‘;‘;’:\::gz’::f:;;:‘;?;ﬁ:ﬂ:‘ﬂ““9‘"9 ek [1] Nature: https://www.nature.com/xx
= Genomic [2] Omim: https://omim.orglentry/xxx
& i Consid: ll these facts together, | d EDS
S Testing & ErEET PR m:::; Er“s’\‘gp:mm;ﬁ.:;ms\:?el.:t’ea ;:C;Z;::n case. [3] OrphaNet: https://www.orpha.net/xxx
b I
i ok '
4 ! 9, %5
1 1 Bo%% o
| \ : e e
| i 5=
| ) i = ' R7
I LLM-powered Agent Orchestration Degcision-making Memory Bank I Ay z% e a:;@
1 1 Tt v
1 3 1 g
' ' Sy S
1 Agent Servers 1 Gone Varant [ RESBUr j Assistant
' ' ataba.
] * Disease Normalizer . Case Searcher Ei'_i_ Phenotype Analyzer ]
1 1 a0 Decisio,,
1 Phenotype Extractor E Knowledge Searcher %\ Genotype Analyzer 1 s wgz“w Make,
1 1
1 1 1
1 : «
: External Data Source ! >
1 R
e A = (LA
I i X I é
I Websites Case Bank Literatures Guidelines Knowledge Base Genetic Resources |
1 1
1 I
c RareBench RareBench RareBench RareBench MyGene2 MIMIC-IV- Xinhua
(MME) (HMS) (LIRICAL) (RAMEDIS) Yy Rare Hosp.
Cases 40 88 370 624 146 2283 1875 975
Avg Info
9 52.7 103.7 59.5 46.1 29.4 70.9 50.1 16.4
Content
Avg HPO Ids 12.2 19.4 143 10.1 7.9 18.0 10.1 4.0
Rare
3 17 39 252 74 58 2150 355 314
Diseases
Clinical _— ’ Clinical Clinical
P ; Scientist Patients -
Source Literature Center Literature Literature Center Center
Uploaded Uploaded .
(Germany) (USA) (China)
Public v v v v v v v X
Gene @) @] O o ()] © @] [ ]
d
60 < Specialised Diagnosis Tools DeepRare
General LLMs @
Reasoning LLMs
Medical LLMs
5 Other Agentic Systems
DeepRare
g
8%
3 DespSeek-R1 Claude-3.7-Sonnet-thinking
: O O
g i DeepSeek-V3 Claude-3.7-Sonnet Gemini-2-FT Ds-R1-search
b [ GPT-40 L Gemini-2-flash e O
O PubCaseFinder O O O Baichuan-148
MDAgents (GPT-40)
MMeds-Llama 3 MDAgents (DS-V3)
] @) @)

T
Specialised Diagnosis Tools

I £ 7

T
General LLMs

T
Reasoning LLMs

T
Medical LLMs

T T
Other Agentic Systems DeepRare
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DeepRare 2EMNHEBEFHZH LLM SEEARS, JRSGERHEBRMA, HPO FREIMS
VCF EFZR, BtHFRIMRISRER TREERE, H=EREEBRKICIZHRREN. 40 RNEAIER
FRENSREFIIREARY, SSMERIE- BREINERIMIMEE, FEREEEET 8 MRS, 6401 4l
& 2919 fhEmmaviENs, DeepRare X3 1013 FEmIAZ] 100 % R, 1Y Recall@1 5 57.18 %,
BRI EE 23.79 NEOR, SESMART Recall@1 15X 70.6 % (Exomiser {¥ 53.2 %) . Xt 180 5l
RHINATIZERE, EERESEHIHE—EE 954 %, EZRIRKIEE.

EE S

Paper: https://arxiv.org/abs/2506.20430
Demo: http://raredx.cn

I £ 7
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o ARSI\
FRILHSESENFEE QWen-MT, X592 MiES

HA

B GPT41 Gemini-2.5Pro Qwen3-2358-A228 B GPTA.1mini Gomini2,5Aath W Grwen3-88 = gwen-miturbe
a8
a7 [T
[LEUE
8é
Fea)
as o (13
s
s
ssu
a4 arne 0y
-4 o 8.7
[ELE]
e gy, nrnr 2y ]
B
82 ne
8 i
a0 »a
79 I
MuliiDomain ZhEn Multi-Domain En-Zh Muli-Domain En-De Mulii-Domain De-En WMT24

¥ The svokeation was corrind o wing COMETIZ,
7 Geminid 5-Fra infarancs wan parformed = eaacning mods.

I, 52275
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ABIRE

FEEE Qwen BARHREFHENFER Qwen- MT (Turbo) , EF Qwen3 ZEHIMIEE, i)l|4-E0EH
EHHCSTEMENFEAR, SHFSEIHESIRICED%, BERAMINERESRBE. Qwen- MT
BE 92 MESSLE, JEATEKARDIESHER. ESTWlasfATIFUsEiol R EmEE, o
GPT- 4.1- mini, Gemini 2.5- Flash, EEEEEER TAILTF GPT- 4.1 #1 Gemini 2.5- Pro, FERIRA
28t Mok (ExRBH) 2819, FEWERE. AR, BSEHEE, SIFAETM (terminology

intervention) | 4iE#E7~ (domain prompts) FIEHFICIZ (translation memory) F4FiE,

EE S

Hugging Face Demo: https://huggingface.co/spaces/Qwen/Qwen3-MT-Demo

ModelScope Demo: https://modelscope.cn/studios/Qwen/Qwen3-MT-demo

APl Doc: https://alibabacloud.com/help/en/model-studio/translation-abilities

Blog: https://gwenlm.github.io/blog/gwen-mt/

I £ 7



50

A Meta R TIFzUHEHEERABRICIZAEEY

HH

2025-07-25

4} memories.ai

Building multi-modal agents and Al assistants with
hiuman-like visual memories.

I £ 7
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ABIRE

Al Meta RTIL&RA (Shawn Shen) IEHEBMIRZTFE X L5, ftt5 Enmin Zhou HEEIFIHY
Memories.ai IFRAHEEMARMEICIZER (Large Visual Memory Model) , iZIAREEASESK
IESRE (multi-modal LLMs) TEFREICIZEHSHIERES,

IZRBR &R ARIIICIZIG RTINS AIERAFREE. RREXIKHER. BEXEKER, FEFCIZ
NESHEFEEHTRNEE, BEROCIFETSINSEREKNE], seaEFIMTaRT. Wi, FEEUERLANL
iC1Z. ESERICIZEEfE, BWEATARS IBHLRESIURERZ, FEESAEEAERNE "TRK" WK
ETXR9EESD. MERFELESZER RN,

EE S

WebsSite: https://memories.ai/app

I £ 7
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o FEARINS
BiERMAEE GLM 4.5, & MaE#1d Claude 4, QWen 3

HH

2025-07-28

LLM Performance Evaluation: Agentic, Reasoning, And Coding Benchmarks

12 benchmarks. MMLU-Pro, AIME 24, MATH=-500, SciCode, GPQA, HLE, LCB (2407-2501), SWE-Bench Verified, Terminal-Bench, TAU-Bench, BFCL V3, BrowseComp

65.0
°36 632 609 604 598 592 588 cer sso
) " 7 : LA -
= A ® y 4 A + & o _ - 46.3
K ® .
v " 9 @ @ o & < @ & O w g
o & e & ‘K{? v 3 4:"‘/’5:96\ & & & &
& & S ¥ ¥
(}@’& Y > (}_bob@ & O“i"(‘q @?& &
£ o &
Agentic Reasoning Coding
Agenic Benchmarks: TAL-Bench, BFCL V3 (Fulll, Reasoning Benchmarks: MMLU-Pro, AIME 24, MATH 500, Coding Benchmarks: SWE-Bench Verified, Terminal-
BrowseComp SciCode, GPQOA, HLE, LCB (2407-2501) Bench

611
581 554 553 g4y

Al

330 510 g5 472 450

K ) & o
c: o & @_ iy
C,\?h ("" \;K oa@ b."é\ ’@&;éb;'ﬁ &« &
& 07,.9” ¥ ‘@sp

I, 52275
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AERE

Zhipu AlIEERR T 7 IEAIAIEELRSI GLM- 4.5 1 GLM- 4.5 Air,GLM- 4.5 5 3550 {ZE88(H
th 320 {ZREESE) | Air IRAUREITZE, {08 1060 {225, BiESE 120 2. MFREGS: BE
PR SEATEXERESTREEA "B&&EL" (thinking mode) , LARABTFHREWMNAY “"IEEE
#" (non- thinking mode) . BfIIE&HBIK L TMEO (X 128Ktokens) . [REREUEARRESD, FF
WEHZHF HuggingFace, ModelScope, AEES Zai F&REA,

s agentic (REIRR) | BEAESABERR 12 ITER Benchmark £, GLM- 4.5 FRI
FIEREE=, GLM- 4.5 Air HEZ575, JUETE TAU-bench, BFCL-v3, BrowseComp ZHAIB(ESHIFHRIR
SRR FERCEFNIBAEHEE (10 AIME24, MATH500, GPQA) AR SWE- bench Verified #1 Terminal Bench
RISMESTIIRIMNT. BN, SREREMENMICAOERERR, HEEENEFR. FoEn, ETEs4

HERE.

EE S

Hugging Face: https://huggingface.co/collections/zai-org/glm-45-687c¢621d34bda8c9e4bf503b

I £ 7
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B2 BEEFHREANSRAE AL MOE KR8 Wan 2.2

HEHA
2025-07-28

Every Shot, Wan Take
AEIRE

Wan.Video 2HMEEE Tongyi Lab #EHAIFKEL Al YBRENEFFESABIERMSEREN, &0
FeER7 Wan EFUHERL (80 Wan 2.1, Wan 2.2) , Wan 12\ A SESRERSREISNEEH, X
BFEASHE IARAIUR. BISEAUR. YURIES) . Wan REIEEFFRIEMN (Apache- 2.0) , X5
EiHZRR GPU (30 RTX4090) TizfT, FRMSMHRESHEIRAIRME,

EE S

Wan Web: https://wan.video/welcome
GitHub: https://github.com/Wan-Video/Wan2.2
Hugging Face: https://huggingface.co/Wan-Al

ModelScope: https://modelscope.cn/organization/Wan-Al

I £ 7
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o RAMET+=

Qwen3-30B-A3B-Instruct-2507 %5, 3B EiiES%% 3090 aliz{T

GQwend-J08-A3B- Giwen3-30B-A38 Gwend-235B-A228 Gemini-2.5-Flash
Instruct-2507 e Non-thinking Non-thinking Non-thinking CRamarett e
100
a0 L
70.4
69.0
e 65.1 —_— 861 445
oid 61.3 b8 L2
60 503 586
548
520
43.2
40 401
58
F)
290
27
247
216
20 I
0
GPQA AIME25 LiveCodeBench vé Arena-Hard v2 BFCLw3
(25.02-25.05)
For reproducibility of Arena-Hard v2, we report the win rates avaluated by GPT-4
"Q}E
BiRR

Qwen3-30B-A3B-Instruct-250 A—3RIEBEER, (non-thinking mode) #8!, ESETHEE 30 12 (3B)
2%, ERIH SV RMEATFEE—IAIEY Gemini 2.5-Flash (JEE# 1) F1 OpenAl # GPT-40
—HEIBSERsE A RE, XIS EREENE SRS HEUS T EER. SEHAIN Qwen3-30B-A3B
1LY, FRATES TS &R T SHzCiRTt, than AIME25 MNZRIRY 21.6 BFAZIT 61.3, Arena-Hard
v2 BGRM 24.8 IBHEIT 69.0,

EE S

Hugging Face: https://huggingface.co/Qwen/Qwen3-30B-A3B-Instruct-2507

I £ 7
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RESOURCE SHARING

o ZENZE—

{Foundations of Large Language Models)

KB HTH

ABRE

RERFIEEIFFAIRE 7T RESERE (LLM) NEMIFICSRAKRREIKEG, BMEESERT. JIZ0H.
BENRI. MWFoE. SRS RUNKEIRIHSSSN5H. (FENEERERA, fIET Transformer 28
WE. TGS RERIE. SIES52ESEENRINAE, BEHRY T KEEANTT. 2. HEENER

FEREREAMB, B—AXTF LLM NEGIESHNGARBE,

HRhHE:

Paper: https://arxiv.org/abs/2501.09223v2
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S MIBMAKESEREH, HATRAITERFRENERRAEY

RINR AR R AR AT AL T 2014 6 A, (EABEFRLERE “/NEN” A, HALL “iLAIRBONISE” Jfiidr,
TR T N LR BRI AR B R KB 2 B - ) A S .

AFRERERGEE . YR, ZSEREARERSERE AL O, BEHZHTRHERE . FT 0O GRYID 210
REK, B TSR BFEEEMAR, HS5RIIRZELE “ N LRSI .07, HEZ) Al TRER K EGIE 58 AR R,
.

AT, SRR AT B ERRIE. Dbkl A RS 2 TR AR R T 2. MK D2 E, Badh
VBRI AL R ALETIBG TR RS0, F AR A KK ST T Al BE5R 535000 AN VR A28 23 [ @ A B ) SCHE e R EE Tt
G, PSR RERSAR M E SRR 1 A BERE E TR AL 51, BRAERIRE DA R B3 EH  SH R AT

TEWMFHENY, /D (https://www.niuxuezhang.cn/video-enhancer.html) « HitPaw Z5ifg Py AM 0142 S ki, DL« —8E = AL F1 5 A
B O, NAERRE LIRSS . R A EOSEFAURS . B, FANESCRR 4K 8K B ENB I E R, #BKE
F P A SE B AR SIS HitPaw Edimakor SBIT AL TE & G . 215 SN BIRESIIEE, 1k ABRGIEZR BRI CIEIES NE
G R

X RN G, R AT EFEEAL TR BN 5 LG 50% M TRHE AR B, LLE CMMIL 1S056005 25 E FrAU A IE 7R £ 52
BEIOREAZSE JT o SRR, FATEIEILTT . Bk, s S iR S S i E g i 4Bk 200 2/ B ML IX 1) & = IR S5 M 4% . 1A
AR RINTIEERBAA S, WARAZ L “HARTR” NS, FREHRE AGC+ ™ LN FH L 7t .

Rk, WAEBECEINE IR S A ST A, LB ABRERE BRI EREAIE, TFREBET B ORE R,

PRAFPAFAFAPAFAFERFAZA
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