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Safety Alignment Should Be Made More Than Just a Few Tokens Deep
HEA

2024-06-10  (ICLR 2025 ZRHIEIR)

Safety Alignment Should Be Made
More Than Just a Few Tokens Deep

Xiangyu Qi Ashwinee Panda Kaifeng Lyu
Princeton University Princeton University Princeton University
xiangyuqi@princeton.edu  ashwinee@princeton.edu  klyu@cs.princeton.edu
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AIRET “shallow safety alignment” [A&, BISRIAESER (LLMs) MREXFEEEFERH
RIRIJLA token, SEXIMMING (WRERET. SEFEIMANE) EBRZRIREIE. (FEBIT
IIERR, MEEENZSEERRGT OEIRERER, FREXNEEATARMETINF. XEH—SRHAM
RS —REEEEE, EREFITEENRERERRERS, BANnEEE —RETLIRM
ERTERADEA token YD, IR EMIRNE. BIFLE, AXFIFRENREXIFTHER RE" token, &)

ERER. EREERELZSEAR.
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Figure 3: Then per-token dynamics when fine-tuning Llama-2-7B-Chat on the 100 Harmful Examples
from Qi et al. [22]. Note: 1) ASR of initially aligned model = 1.5%; 2) After 2 gradient steps =
22.4%; 3) After 4 gradient steps = 76.4%; 4) After 6 gradient steps = 87.9%.
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o 2 “IEEREXFT ME: EXRRIHER T IRIAESEE (LLM) LEXTHFEER LM token,
SHEZHEINIENEREISR, FRE "REZEXMTF X—FH—H

o IBTRELMESRIE: BILROWT, AKIMEERFEKRRIL token BIAJSRIREEXITT, AR 7RISR,
SERERE. MANEEEMIERRAIRME.

o Rl "RERENFT" MHR: RITEIEEENZAIRMEELE, BREMTHREMEES token, L
WAERAA] EERTHREI SFIRERI S,

® HREVFTHAFISIPIEE: BEARKANESRENILEXIFNEE (XXIFFRIJL1 token” RIBMR, fHEaltt
XRRERFA. ERERIZEMIFIEH,

EE S

Paper: https://arxiv.org/abs/2406.05946

Github: https://github.com/Unispac/shallow-vs-deep-alignment
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Learning Dynamics of LLM Finetuning

HH
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LEARNING DYNAMICS OF LLM FINETUNING

Yi Ren Danica J. Sutherland
University of British Columbia University of British Columbia & Amii
renyi.joshua@gmail.com dsuth@cs.ubc.ca


https://arxiv.org/abs/2406.05946
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Figure 1: The per-step learning dynamics and the accumulated influence in an MNIST experiment.
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° BRHGIEMRHRE: ETIECHT, (FEIRY T —MRBEavEiET RoiE, BIIE SFTMRIIASR
B, BREERE DPO MY ERATSTEXAL, SCISERRIZ T ARERTHREIRITTRIL, 79 LLM HUERIRI AR
PR TR,

EE S

Paper: https://arxiv.org/abs/2407.10490

Github: https://github.com/Joshua-Ren/Learning_dynamics LLM
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https://arxiv.org/abs/2407.10490
https://github.com/Joshua-Ren/Learning_dynamics_LLM
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° SHFERMBZHIWENX: BEXETRAAROEER (RF. 5. B8 MR, NA) RORER=NRE
HiEsE, BERNIIS. PRSIISES. BARIESESBME.

o RHIBSEMMSEMBAFAITFH: BUMEST. BRIFE. WHANESEE, EMRNTRE=INREE
SHIA RS SHANHE,

® HIEMREIRAISRREREE: BHETHREFRMUHBRHIREREE, RERER. HEEMRE. TR

SESERERIR, FREHARKEIESEREL. SRS, BRER M,

EE S

Paper: https://sici.nuaa.edu.cn/sjcjycl/article/pdf/202502002



https://sjcj.nuaa.edu.cn/sjcjycl/article/pdf/202502002
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Advances and Challenges in Foundation Agents: From Brain-Inspired Intelligence to Evolutionary,
Collaborative, and Safe Systems

HH

2025-03-31

ADVANCES AND CHALLENGES IN FOUNDATION AGENTS

FROM BRAIN-INSPIRED INTELLIGENCE TO EVOLUTIONARY, COLLABORATIVE, AND SAFE SYSTEMS

Bang Liu?%29*1, Xinfeng Li'*, Jiayi Zhang'-'"*, Jinlin Wang'*, Tanjin He®*, Sirui Hong!*,
Hongzhang Liu®*, Shaokun Zhang™*, Kaitao Song®*, Kunlun Zhu’*, Yuheng Cheng'*,
Suyuchen Wang?**, Xiaogiang Wang”>*, Yuyu Luo!"*, Haibo Jin”?Peiyan Zhang'?, Ollie Liu'!,
Jiagi Chen', Huan Zhang?®, Zhaoyang Yu', Haochen Shi?*, Boyan Li'", Dekun Wu?-, Fengwei Teng!,
Xiaojun Jia’, Jiawei Xu', Jinyu Xiang', Yizhang Lin', Tianming Liu'?, Tongliang Liu®,

Yu Su'®, Huan Sun'®, Glen Berseth®*:2°_ Jianyun Nie?, Ian Foster®, Logan Ward®, Qingyun Wu’,
Yu Gu'®, Mingchen Zhuge'®, Xiangru Tang'?, Haohan Wang”, Jiaxuan You”, Chi Wang'?,

Jian Pei!"", Qiang Yang'"!8%, Xiaoliang Qi'*', Chenglin Wu'*1

'MetaGPT, ?Université de Montréal, *Mila - Quebec Al Institute, *Nanyang Technological University,
® Argonne National Laboratory, ®University of Sydney, “Penn State University, *Microsoft Research Asia,
?University of Illinois at Urbana-Champaign, '*The Hong Kong University of Science and Technology,
"!University of Southern California, '?Yale University, '*Stanford University, *University of Georgia,
15The Ohio State University, '°King Abdullah University of Science and Technology, '"Duke University,
8The Hong Kong Polytechnic University, '?Google DeepMind, 2°Canada CIFAR Al Chair

ABRE

RYRGERA T UKRBIESRE (LLMs) JORIEREEREIR (Foundation Agents) RISFTHRESHbL.
EEE TSR (brain-inspired) AWRIRIAELR, FEDHT 7 EREMAIARI. B0, 112, REHLIE. B
BEREFHORR, FARTTERANERNN. BENEN. SERMMELURZSERIRFRENE. 18X
MBI EBEICEENTE. BRREMNAE

B, SREREARRECERENMEE. BASTa8E0, B
M. ReMSEENRSFESE. BISFRRNNE, FXEEAERNRT. HMESRELREHER

SRS, NSRRI ERERNNREESHSMERTTMA.
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0 \S Scene Understanding /

Logical Reasoning (L2)

Visual Reasoning (L2)
Decision-making (L2)

Adaptive Error Correction (L2)
Skill Learning (L2)

Cerebellum
Motor Coordination (L2)

Language Compreh
Production (L1

Temporal Lobes

Facial Expression Processing (L1)  Auditory Processing (L1) '
T a = S — Brain Stem
Lifelong Leaming (L2)  Context Recognition (L2)  Piefiexive Resp L) gnitive Timing and Predictive Modeling (L3)

Autonomic Regulation (L3)
Arousal and Attention States (L3)

Motivational Drives (L3)

L1: Well-developed in current Al.

1) 1
; 0 iy S b e g | Different Brain Functionalities and
1 1
1 ]

Their State of Research in Al

....................................

Figure 1.1: Illustration of key human brain functionalities grouped by major brain regions, annotated according to their
current exploration level in Al research. This figure highlights existing achievements, gaps, and potential opportunities
for advancing artificial intelligence toward more comprehensive, brain-inspired capabilities.

o fHRATRBRIGIELS : SRS OEIRIRGIZI ARNTIRE S, 3R HIAKD-RAN-1Ta—(MARIFTEYE BE(AZR
MRt

o BRFUSEHPERAR: RERE TERIAIBEMML (2 Prompt, Workflow, TEf{t) MZE6RE
URIMERLE], SRRSINERESEIVUENL

o HESZ2MFIGE: NAERS (L5, PromptiEAN. BHfE)) ZONPRENK, SERHZSRMNE
RESEMERE, I SMERINAR.

EE S

Paper: https://arxiv.org/pdf/2504.01990

Github: https://github.com/FoundationAgents/awesome-foundation-agents



https://arxiv.org/pdf/2504.01990
https://github.com/FoundationAgents/awesome-foundation-agents
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Large Language Models Pass the Turing Test

EHA
2025-03-31
Large Language Models Pass the Turing Test
Cameron R. Jones Benjamin K. Bergen
Department of Cognitive Science Department of Cognitive Science
UC San Diego UC San Diego

San Diego, CA 92119 San Diego, CA 92119

cameron@ucsd.edu bkbergen@ucsd. edu
ABRE

ANERFER T ARBUESER (LLMs) EiRE=70BRME (Turing Test) A@idMiHAISEIGUER. /F
HHE T IUMERS (ELIZA, GPT-4o, LLaMa-3.1-405B 71 GPT-4.5) , @IS SELAXERENA, *
R TIEEIE ARPHRES PRI, SHIRRDEREAIR (12, WM. THRRESUHEREIE) BT, GPT-4.5
£ T3%HER FHRISIRARREA, B TELRAEREIER, EREFEEN LEY TEHERMK, Hx
H—LIBR TR (prompting) MTFEEFRMNEEZN, FHRY TEZERMANTATEREAN. &

REFEMAIGRITE L.
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Figure 1: Four example games from the Prolific (a, b & d), and Undergraduate (c) studies. In

each panel, one conversation is with a human witness while the other is with an Al system. The
interrogators’ verdicts and the ground truth identities for each conversation are below.> A version of
the experiment can be accessed at turingtest.live.
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® ERSEIR: GPT-4.5 (Rif7) E=AHERMWKPHEASR, BHT LLMs BELBEERMKNAYE LI

IHE.
o RFATEMEREM: REARIERI, REBIRPETE, RETRT (prompt) IHRELAXGESRE
HIKIEIER.

o HERMMERT: B30T ARG WU eEm. EFRUBRNEREREETRIBTPE.
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Paper: https://arxiv.org/pdf/2503.23674

® iE37N

Open-Reasoner-Zero: An Open Source Approach to Scaling Up Reinforcement Learning on the Base Model

HH

2025-03-31

Open-Reasoner-Zero: An Open Source Approach to Scaling Up
Reinforcement Learning on the Base Model

Jingcheng Hu'?*, Yinmin Zhang', Qi Han', Daxin Jiang', Xiangyu Zhang?,
Heung-Yeung Shum?
'StepFun, *Tsinghua University

GitHub: https://github.com/Open-Reasoner-Zero/Open-Reasoner-Zero,
HuggingFace: https://huggingface.co/0Open-Reasoner-Zero.

AIHRHT Open-Reasoner-Zero, XEBENHAHERESHIAIIRENFS (RL) FFEIIGESRE, €
EFEI R, EEMRFME. Open-Reasoner-Zero BIgREI&E (A vanilla PPO + GAE, BAf#
A KL IENHE, (RETARNAIESEMEL)  SMELTEERRITIIER TR SRR N S
RA<E, LB, TERFERIERIIERY (Qwen-32B) T, Open-Reasoner-Zero £ AIME2024, MATH500,
GPQA Diamond ZSMEENIE E#B# T DeepSeek-R1-Zero, ERSIGEBNAREN+SZ—. TE

SEFMTINGRB. SHRE. HEEMEENE, STEEIEEHEEE DRI RIS,


https://arxiv.org/pdf/2503.23674
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Figure 1: Evaluation performance of Open-Reasoner-Zero-{7B, 32B} on benchmarks (averaged
on 16 responses) during training. Using the same base model as DeepSeek-R1-Zero-Qwen-32B,
Open-Reasoner-Zero-32B achieves superior performance on AIME2024, MATH500, and GPQA
Diamond benchmark-requiring only a tenth of the training steps.
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ot

o IRFERRMEING: RESEMAY PPO + GAE (A=1, y=1) , & KL IEMIR, {VETFE=IFHHEAIHN
L, RGeS R,

o RERIIGFGBESIHREIRA: THEBEMIERT, Open-Reasoner-Zero LA 1/10 B9ilgrE B EM T
DeepSeek-R1-Zero S MEEEERIERIL,

o SEAMKFRSEIERN: R 7B, S8 HERE, NS 7 AIRHHERICE IPRIKRER,
BEIE 7 X FBINANY RERYI I,

EE S

Paper: https://arxiv.org/pdf/2503.24290

Github: https://github.com/Open-Reasoner-Zero/Open-Reasoner-Zero

Project: https://huggingface.co/Open-Reasoner-Zero



https://arxiv.org/pdf/2503.24290
https://github.com/Open-Reasoner-Zero/Open-Reasoner-Zero
https://huggingface.co/Open-Reasoner-Zero
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Scaling Language-Free Visual Representation Learning
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Figure1 We compare the scaling behavior of visual SSL
and CLIP on 16 VQA tasks from the Cambrian-1 suite
under different data and model size regimes. Prior vi-
sual SSL methods achieved strong performance on classic
vision tasks, but have underperformed as encoders for mul-
timodal instruction-tuned VQA tasks. Our results show
that with appropriate scaling of models and data, visual
SSL can match the performance of language-supervised
models across all evaluated domains—even OCR & Chart.
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Paper: https://arxiv.org/pdf/2504.01017
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XINYI HOU, Huazhong University of Science and Technology, China
YANJIE ZHAO, Huazhong University of Science and Technology, China
SHENAO WANG, Huazhong University of Science and Technology, China
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Fig. 2. The workflow of MCP.
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Recitation over Reasoning: How Cutting-Edge Language Models Can Fail on Elementary School-Level
Reasoning Problems?
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Recitation over Reasoning: How Cutting-Edge Language

Models Can Fail on Elementary School-Level Reasoning

Problems?
Kai Yan'2*1 Yufei Xu'!, Zhengyin Du', Xuesong Yao', Zheyu Wang', Xiaowen
Guo', Jiecao Chen!
'ByteDance Seed, *University of lllinois Urbana-Champaign
“Work done at ByteDance Seed, 'Corresponding authors
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Aboat sails at 15kmvh in still Answer: 18 ° 8/ Lo
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N Modified Problems:
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Porfomance (%)

204

A boat sails at 15km/h in still
water. |t spands 8 hours (:5“;" :Mi:‘ I
floating / drifting from

upstream location A o
downstream location B, with Dminco 18 8
. the water spead 3km/h. How = 144km — o4
Y long does it take to return Time = 144 [ 12 DospSesk  OpenAl  OpenAl  Gemini2)  Claude 47
m BmA? = 12 hours. J i “ol=1217 “o3-minkhigh Pro-0205 Sormet
a) Subtly changed condition b) Performance loss due to recitation
Figure 1 Panel a) shows an example of how ecurrent cutting-edge LLMs, OpenAl-01-1217 [32], fails to address an

elementary school-level math problem (see Appendix A.l for the detailed response) with subtle but crucial condition
change, simply reciting existing solution template (OpenAl-01-1217 fails with input being either “floating” or “drifting”);
panel b) shows the performance loss of cutting-edge LLMs due to reciting solution templates regardless of shifted
conditions on our benchmark, which is a staggering ~ 60% score gap on simple reasoning and math problemns.

= Math - Arithmetic

= Math - Geometry
Math - Probability and Combinatorics
Reasoning - Optimization

» Reasoning - Commonsense
Reasoning - Deduction
Reasoning - Game Theory

Figure 3 An illustration of the types of the problem of our dataset.
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THE AI SciENTisT-v2: Workshop-Level
Automated Scientific Discovery via Agentic
Tree Search
Yutaro Yamadal:", Robert Tjarko Langel:*, Cong Lul-23."| Shengran Hu!:2:3, Chris Lu?, Jakob Foerster?, Jeff
Clune?35.% and David Hal-t
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’_ Tree-Based Experimentation [;Egh Paper Write-Up

e
LLM Idea/Plan —b{ 1. Preliminary Idea Investigation 6%]
Innovation v VLM Feedback
—_ & [Write to exp. log) DlSelect Best Node] |
Y [ 2. Baseline Hyperparameter Tuning r_‘l?h ] Manuscript
- Template
Novelty Check & [Write to exp. log] DOlselect Best Node] ,-" £
Sem. Scholar ) J I
S
[ 3. Research Agenda Execution E'.?\fl ] Manuscript
f-—"—\ & [Write to exp. log) y Diselect BestNode] l
Idea scoring/ | |
archiving [4‘ Conducting Ablation Studies é?h ]— Reviewing
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Figure 1 | THE Al SciENTisT-v2 Workflow. The workflow consists of several phases covering
automated idea generation, experiment execution, figure visualization, manuscript writing, and
reviewing. Unlike the initial version, THE Al SciENTIsT-v2 removes the dependency on human-
coded templates. Instead, it employs agentic tree search (managed by an Experiment Progress
Manager across several stages, orange) to generate and refine code implementations. Subsequent
experimentation leverages the best-performing code checkpoints (nodes) from the tree search to
iteratively test various research hypotheses.
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Github: https://github.com/SakanaAl/Al-Scientist-v2
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VL-Rethinker: Incentivizing Self-Reflection of Vision-Language Models with Reinforcement Learning
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VL-Rethinker: Incentivizing Self-Reflection of
Vision-Language Models with Reinforcement Learning
Haozhe Wangooi, Chao Quf, Zuming lm:mgi , Wei Chu?, Fangzhen Lin®, Wenhu Chen"!
HKUST®, University of Waterloo”, INE.AI*, Vector Institute'
Corresponding to: jasper.whz@outlook.com, wenhuchen@uwaterloo.ca
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Performance Comparisons on Multimodal Benchmarks
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Figure 1: Performance comparison between VL-RETHINKER and other SoTA models on different
multimodal reasoning benchmarks.
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Figure 4: Method Overview. We present a two-stage RL method based on Qwen-VL-2.5-Instruct. The first
stage enhances general reasoning through GRPO with Selective Sample Replay (SSR), which retains explored
trajectories with non-zero advantages and selectively replay samples based on their advantages. The second
stage promotes deliberate reasoning using forced rethinking, where we append a specific rethinking trigger to
RL rollouts.
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Paper: https://arxiv.org/abs/2504.08837

Github: https://github.com/TIGER-AI-Lab/VL-Rethinker
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A Survey of Frontiers in LLM Reasoning: Inference Scaling,
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Figure 1: Growth trend in LLM reasoning. We show the cumulative number (in thousands) of papers
published from 2022 to February 2025, based on Semantic Scholar| keyword search. Research on regimes and

architectures has accelerated notably since the introduction of Chain-of-Thought (CoT) in 2022.
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Whole-body physics simulation of fruit fly locomotion
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Whole-body physics simulation of fruit fly locomotion
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AXNMAT Kimi-VL, —fESFFRZERES (Mok) ME-ESEE (VLM) , BERSHISES
W K ETSORMRKRERRYAEE. Kimi-VL (GEGE 2.8B S4B SRISEE, ESRERMISSSHIR
IBEAS (AFEREG/ASTERE. OCR, HFHE, SEEMRS) fRIMLE, E5ERSH VLM (10
GPT-40-mini, Qwen2.5-VL-7B %) #3E, FEE T RETURiEE GPT-4o0, Kimi-VL 3TF &< 128KAILT
NEL, SEEEMMIRKIRE, KIMEFSEREN, FEERESHENIRIZEE MoonViT, SLIXESS
PRI RIS EIRRE . T Kimi-VL {EE AR TIEEIRA Kimi-VL-Thinking, £i3 <5508 % (CoT)
FIEFRRAES) 14, BER T ERSIESHEEEN, RATHEBANSRSRYHRE, ZRERABE
FHR, H& T ERSESERRANRRE,

Kimi-VL-A3B-Thinking s S P
* Gemma 327817 el
na '___-—'. OVO-T2B-Pronvliow
Gemma-3-12B-T[.-—"="
v -
®
M
A
g Gemma-3-4B- [T ;

B

DeepSeek-VL2-A4.5B
L]

| Ulama-3.2-118-Inst.
[ ]

Acti:ated Parameters ll{li]-“J
Figure 1: Comparison between Kimi-VL-Thinking and frontier open-source VLMs, including short-thinking VLMs

(e.g. Gemma-3 series, Qwen2.5-VL series) and long-thinking VLMs (QVQ-72B-Preview), on MathVision benchmark.
Our model achieves strong multimodal reasoning with just 2.8B LLM activated parameters.
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Figure 3: The model architecture of Kimi-VL and Kimi-VL-Thinking, consisting of a MoonViT that allows native-
resolution images, an MLP projector, and a Mixture-of-Experts (MoE) language decoder.
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The most-cited papers of the twenty-first century
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THEMOST-CITED
PAPERS OF THE
TWENTY-FIRST
CENTURY

An exclusive Nature analysis reveals the 25 highest-cited
papers published this century and explores why they
are breaking records. By Helen Pearson, Heidi Ledford,
Matthew Hutson and Richard Van Noorden
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WS | BRSNS RETHRG A, S TEMRRY, MIEARELAIAS., XEEH, ATEHEE.
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TOPTENMOST-CITED WORKS OF THE TWENTY-FIRST CENTURY

Rank Citation Times cited (range

(median) across databases)

1 Deep residual learning for image recognition (2016, preprint 2015) 103,756-254,074

2 Analysis of relative gene expression data using real-time quantitative 149,953-185,480
PCR and the 2-**%, method (2001)

3 Using thematic analysis in psychology (2008) 100,327-230,391

4 Diagnostic and Statistical Manual of Mental Disorders, DSM-5(2013)  98,312-367.800

5 A short history of SHELX (2007) 76,523-99,470

6 Random forests (2001) 31,809-146,508

7 Attention is all you need (2017) 56,201-150,832

8 ImageNet classification with deep convolutional neural networks 46,860-137,997
(2017)

9 Global cancer statistics 2020: GLOBOCAN estimates of incidence 75,634-99,390
and mortality worldwide for 36 cancers in 185 countries (2020)

10 Global cancer statistics 2018: GLOBOCAN estimates of incidence 66,844-93,433

and mortality worldwide for 36 cancers in 185 countries (2016)

Source databases: Web of Science, Scopus, OpenAlex, Dimensions, Google Scholar.
For a list of the top 25 most-cited works, see Supplementary information (go.nature.com/4tsggtd).

TOP TEN CITED PAPERS

Just 3 papers have more than 200,000 citations each, according to the Web of Science database. All three
cover biological laboratory techniques. This update to a 2014 list of most-cited articles shows that the top
three papers remain unchanged. But there have been shifts in the positions of others (triangles), and some
additions that were not on the previous list (orange stars). For alternative rankings from two other
databases, and a median ranking across all three, see Supplementary information (go.nature.com/425g9dn).

1 355,968 citations

Protein measurement with the folin phenol reagent (1951)

2 259,187

ins during the assembly of the head of bacteriophage T4 (1970)

3 242,864

A rapid and itit hod for the q itation of ities of protein utilizing the principle of protein-dye binding (1976)

4 (16) m

d gradient af imation made simple (1996)

5@

Analysis of relative gene expression data using real-time quantitative PCR and the 2**°; mathod (2001)

*6 133 965

Preferred reporting items for jews and meta-analy the PRISMA statement (2009)"

*7 116,706

g for image recognition (2016, preprint 2015)

-+ o T

Efficient iterative schemes for ab initio total-energy calculations using a plane-wave basis set (1996)

o  IEEEEETTYY]

Using th lysis in psychology (2006)*

v10(7)

Development of the Colle-Salvetti correlation-energy f la into a f ional of the el density (1988)

Data show citations from Web of Science ‘Core Collection” ]oumals as of Malch 2025, 10 pelmll wmparlson with QOHI list (Nature 514, 550-553;
2014). Orders would change if citati ics from other datat were included (see

*Paper was published in multiple journals simul ly. This total aggreg: i to all journal \.larsuons.

tCorrected for data error in Web of Science, which lists a different paper by the same authors.
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Perception Encoder: The best visual embeddings are not at the output of the network
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Perception Encoder: The best visual embeddings
are not at the output of the network

Daniel Bolya!:*, Po-Yao Huang!"*, Peize Sun'*, Jang Hyun Cho!?*'!, Andrea Madotto!*, Chen Wei',
Tengyu Ma!, Jiale Zhi', Jathushan Rajasegaran', Hanoona Rasheed®'!, Junke Wang*!, Marco Monteiro!,
Hu Xu'!, Shiyu Dong”, Nikhila Ravi', Daniel Li', Piotr Dollar', Christoph Feichtenhofer!

'Meta FAIR, 2UT Austin, *MBZUAI, *Fudan University, "Meta Reality Labs

*Joint first author, "Work done during internships at Meta
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AIURH T Perception Encoder (PE) , —fHEMEGSISIEERITCHN T ImISEs, PE RAXHIERY
b e-BET4k, (UKEXTECRERIARISRZEENIMTIFIE. ARAM, RIEANTERANFHIF TR
LMmHE, MEREETEE. Alt, FERETIESXT (BATSESESEE) fIZEXTF (BTFEEM

WESS) FRFFEXSTEI30E, BIXEERIBIREINEE L. PERIKEREASHABRGSIBIS X, BFR. 1

=

TR, B, REMIRERS SIS LIRS T RNRMAER. HEHAR, (FEFR7ER. Bk

BEFERIATUEESR, ) 7 MEBRRARREL,

State-of-the-Art
Language Encoder

I
! a Large-Scale PE

| ] Contrastive Pretraining

: : Language

t Image 52

r ot N PE State-of-the-Art

| 1 f Core Spatial Encoder

: _ | Mo PE

e s ' : Spatial | i : .
=0 i (VIR i Box |i Mask ! Maskiet || DepthMap !

Figure 1 Perception Encoder (PE) is a family of large-scale vision encoder models with state-of-the-art performance
on a large variety of vision tasks. By using a robust contrastive pretraining recipe and finetuning on synthetically
aligned videos, PE not only outperforms all existing models on classification and retrieval (§2), but it also internally
produces strong, general features that scale for downstream tasks (§3). PE unlocks the ability for large-scale contrastive
pretraining to transfer to downstream tasks with alignment tuning to capitalize on those general features (§1, §5).
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o E{LERIH RATNIIGHS: RH T —MIXETHRRE-ESIGAIREmRISEE (Perception Encoder,
PE) , IEATEFNSESTIG, BHTRE)IGME, BRESREIAT RIL.

* ZESTHRMPEFHERR: EXRFEIEEAIFINIE: RUNTRAFAENEELE, MESHE
FRIEE. BIRRER "R 5%, TETVGXLREEIREMEtiE, BERT NESESES (1

PR AE, . REGETTE) K.
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o F—HIMIEIRIIZRRIR: PE KIKIER (PEcore, PElang. PEspatial) BEEERSHSRAISZE. MR, AE.
TEIEMRS SIS LBUE SOTAMR, REMMEEHAEGSIUMESIIAERBEIFRER (STAEKE
B) RFFEE,

o KIURS RS A\ TREMSTERS: : WEATIN T KR, S ESRER PE Video Dataset, 79050
NSRS ESMAFIRM 7 RLREIREEA.
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InternVL3: Exploring Advanced Training and Test-Time
Recipes for Open-Source Multimodal Models

Jinguo Zhu'*, Weiyun Wang®'*', Zhe Chen*'*7, Zhaoyang Liu'*!, Shenglong Ye'*, Lixin Gu'*, Hao Tian”",
Yuchen Duan®'*1, Weijie Su', Jie Shao* !, Zhangwei Gao™ !, Erfei Cui”'!, Xuehui Wang™'’, Yue Cao''f,
Yangzhou Liu*'!, Xingguang Wei'!, Hongjie Zhang', Haomin Wang™-!!, Weiye Xu'l, Hao Li'!, Jiahao Wang'',
Nianchen Deng' , Songze Li', Yinan He', Tan .]iang'z1 Jiapeng Luo?, Yi Wangl. Conghui He', Botian Shi',
Xingcheng Zhang', Wengi Shao', Junjun He', Yingtong Xiong', Wenwen Qu', Peng Sun', Penglong Jiao',
Han Lv', Lijun Wu', Kaipeng Zhang', Huipeng Deng', Jiaye Ge', Kai Chen', Limin Wang’', Min Dou',
Lewei Lu?, Xizhou Zhu*', Tong Lu*, Dahua Lin®', Yu Qiao’, Jifeng Dai*'*, Wenhai Wang®'*

!Shanghai AI Laboratory SenseTime Research *Tsinghua University *Nanjing University
“Fudan University “The Chinese University of Hong Kong "Shanghai Jiao Tong University
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AIGRHT InternVL3, —FESBRESESTIGEENRFFRSES KRR, SE5T)IGIESEER
1TSIESERRITIEARRE, InternVL3 FEBE—MERREXG G SARSEYEILAE N ALHE, M TIES5IR
FERTSEENNELSET. ZRESINT TR AERD (V2PE) | SEHINEIIGEAR (WIBRERMEME
BiRFNA) . URSHENIGEMIRIE, BEREATREGESIRHEE. ENCER. 82, WISFEMMES
FRIFRIM, SLWEEREKRIA, InternVL3 £ MMMU EERSESEE LEIE THAIFRR SOTA, FEZIUES
PEEESERERIDFEER, SEFRIKAR, (FEBLATFIGEEREENNE, (B T —SESK

RERTAFR SN,

InternVL2.5 | InternVL3 InternVL3 Qwen2.5-VL ngﬂ:ﬂy Claude-3.5  ChatGPT- Gemini-2.5
78B B 78B 728 Sonnet do-latest Pro
MLLMs

Maodel Weights X X X
Training Data g X - X X X
Q};}?—L‘iﬂp’lm 70.1% 65.6% T2.2% (211 70.2% 64.5% 66.4% T72.9% 74.7%
f}ﬂ‘“‘““ 72.3% 752%  T9.6% (7131 74.8% 70.5% 65.1% 71.6% 80.9%
gi‘r’m £9.1% 85.2%  89.7% (0.6 1) 88.7% 88.1% 81.2% 86.3% 89.5%
Cher0A 88.3% 86.6%  89.7%(141) 89.5% £8.3% 90.8%
=ikl 1) 95.1% 9.7%  954% (03 1) 96.4% 96.5% 95.2%
i':ri"gﬂr::g;i“’@‘ 84.1% 76.8%  85.2%(L11) 87.3% 84.7% 74.3%
i lgch 57.4% 499%  59.0% (171 55.2% 58.1% 55.5% 57.0% 64.1%
OCRBench o
el 854 880 906 (521) 885 877 * 894 862
m“mm’"l‘h 63.6% 58.8%  65.7%i2.11) 60.7% 61.3%

Figure 1: Multimodal performance of the InternVL series and other advanced MLLMs. The InternVL
series has consistently exhibited progressive enhancements in multimodal capabilities. The newly released
InternVL3 significantly outperforms existing open-source MLLMs. Moreover, even in comparison with state-of-
the-art closed-source commercial models, InternVL3 continues to demonstrate highly competitive performance.
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Figure 2: Performance of various MLLMs on the OpenCompass multimodal academic leaderboard.
The enhanced InternVL series—InternVL3—demonstrates outstanding multimodal capabilities, significantly
outperforming both the Qwen2.5-VL series and closed-source models such as Step-lo, GLM-4v-Plus, and
GPT-40. Remarkably, InternVL3-78B also remains highly competitive with the state-of-the-art Gemini-2.5-Pro.
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FHEREKRS, ZEGSKIMESFROEFRE

o SEHAMBIISGRNE: SR RERE (SFT) SREERFMHE (MPO) , XIBRFERAESIESHE, TR
{EMA. GUI BFESHMES ERIZRIL,

o MiAIHEIERESIIESE: S|\ Best-of-N FUHBIY RERES, ECESIRSERIMRE (VisualPRM) TTIREHE
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o ZIRELEITFMMSE: InternVL3-78B £ MMMU, MathVista, AI2D SENAFFSESEE FRIFTFFHRELER
EpksR, BRESEMERAFREE (W GPT-40, Claude 3.5. Gemini 2.5 Pro) ,

o IESSZIRSHENHEE: TIEASESEBNER, RERARIEERIMIESEN, ERTSIEZR.
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Tina: Tiny Reasoning Models via LoRA
Shangshang Wangl, Julian Asilisl, Omer Faruk Akgiil], Enes Burak Bi.lginl,
Ollie Liul, and Willie Neiswanger i
lUniversity of Southern California
ABIRE

AIRH T Tina, —#iEid LoRA SCIINSERUNEEHEEIES1REY (Tiny Reasoning Models via LoRA)

kk

Tina LAY 1.5B 240p0/IMEE9 &G, SRAHEANERL (LoRA) XA, EEHZS (RL) MERRFBHESIE,

I_|.

BRI EEfRTHEEROHEIERE . SLIRERER, Tina NMNE AIME24 F2/N TR EES ERUS Tild 20%
ROMEREIRTT, EISHERIESAD) I SIHERAFEERE (X 93E5T) |, EMRESRAZIAEI T SEFE. i€
NERFGRER T HIEE. LoRA SN RL BiEXIEEERAISINE, FHEH LoRA BEISRIRIEN HEIR ARV
Himttgzl, ERRERERNR. Tina WL, JIGATEENESTIR, 7/ MRESHHEERR

HERSKE.
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Figure 1: Overall comparison between Tina and baseline models. The Tina model in the figure corresponds to the

best checkpoint in Table 10. Reasoning performance denotes the average score across AIME24/25, AMC23, MATH500,
GPQA, and Minerva, as described in Section 3. The calculation of each comparative metric is detailed in Appendix A.
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Paper: https://arxiv.org/abs/2504.15777

Github: https://github.com/shangshang-wang/Tina

Blog: https://shangshangwang.notion.site/tina

Training Logs: https://wandb.ai/upup-ashton-wang-usc/Tina

Model Weights & Checkpoints: https://huggingface.co/Tina-Yi
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The Bitter Lesson Learned from 2,000+
Multilingual Benchmarks

Minghao Wul*2, Weixuan Wang3, Sinuo Liu3, Huifeng Yin'#, Xintong Wang!*, Yu Zhao!, Chenyang Lyu!,
Longyue Wang!, Weihua Luo!, Kaifu Zhang!

! Alibaba International Digital Commerce
2 Monash University

3 The University of Edinburgh

4 Tsinghua University

5 Universitat Hamburg

A3 2,000 ZANMEIES (ABEE) BEEHTTREDH, WY TSESTUEIR, [ENREISE.
HRA&I, RERAEXR, RENSRFESHEREETSES, RBFESTEREEE. KASHEEER
FREESHIE, ALBERIOOH, BEFEEMUEESAIHN—SMEESTHTEEE. 1BNERET
SRIZESITFIRNABIR, BRETEMSESEERESEME. TSR, hikit. sSCRM. 1ES5HMT.
SACESSHETURN, FEHARRFIBEEAESER. RFRES. NN, LLM BaiFllSES0E
FRhATTE. FEFTF2IKIME, #ERILASAPO. MRV ANSIESTFUARRER, (BHESHAR
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Natural Language Generation
Low-Resourc ng

Resource Language:
Localized Benchmarking
LLM-as-a-Judge
Efficient Benchmarking

Culturally
authentic

Figure 1 | The overview of this work. We examine over 2,000 multilingual (non-English) benchmarks,
published between 2021 and 2024, to evaluate past, present, and future practices in multilingual
benchmarking.
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ALPHAEDIT: NULL-SPACE CONSTRAINED
KNOWLEDGE EDITING FOR LANGUAGE MODELS

Junfeng Fang!-2*, Houcheng Jiang'! *, Kun Wang', Yunshan Ma?,

Jie Shi%, Xiang Wang'' , Xiangnan He'l, Tat-Seng Chua’

!University of Science and Technology of China, 2National University of Singapore
fangjf1997@gmail.com, jianghc@mail.ustc.edu.cn

RIED AR EFT S RB ARG Z BT, ZSERESETHIEIBCAIEIRE, Alphakdit BIEFT
MG SEM R BIRRENRNETE, NESNEH BrIRNENSARERREBIFRERIR. %54
(NEENBRERMEPIEIN—TIRTAE, EFUEZRASTHERRIENZAIMEE. SLIR4ER*RF, AlphaEdit
£ LLaMA3, GPT2-XL. GPT-) &/ MEEFIZTUTES LIS TSR, F9RFHA 36.7%., Lo,

Alphatdit EERIFAUBRAMAT RBiE, AR, HEAAIRREERA 78RS,
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Figure 1: Comparison between the current Figure 2: Performance of various model editing
methods and AlphaEdit. (a) and (d) exhibit the = methods on LLaMA3 (8B). Results with asterisks
objectives, where A is the coefficient to keep  in the superscript are from the ZsRE dataset. SST,
balance between ey and e; in the objective; RTE, and CoL A demonstrate the general capabil-
(b) and (e) show the distributions of hidden ities of the post-edited LLMs. The experiments
representations after dimensionality reduction  are conducted with 2000 edited samples for se-
within the pre-edited and post-edited LLaMA3, quential editing. Detailed settings and results are
respectively; (c) depicts the output of the post- provided in Section 4.2 and Table 1, respectively.
edited LLaMA3. Best viewed in color. Best viewed in color.
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6. SUBMODULE Configuratian Rarsthg def _init_ (self, .. optimizer:
# Training loop CONSIDERATIONS * Read and parse the i - def encode(self, .. torch.optim.Optimizer =
for epoch in range(5): - configuration file = optim. Adam(
outputs=nodel(inputs) a. Multi-Head Attention (contig.yami) using PyYAML # Add positional encoding transformer_model..
T b. Feed-Forward Network BY: ETY B and optional dropout. r=e,
Loss. backward( ) (FEN) - .., optimizer settings encoded = betas=(betal, beta2),
c¢. Positional Encoding (Adam with p1, B2, ?;};égx;ﬁi"m’mmﬂ"g ) spe=peilen

No optimizer! epsilon),

Figure 2: PaperCoder framework. (Left) The naive approach, where a model directly generates code from the
paper. (Right) PaperCoder framework, which decomposes the task into three stages: (1) Planning, where a
high-level implementation plan is constructed based on the paper’s content, including overall plan, architectural
design, logic design, and configuration files; (2) Analyzing, where the plan is translated into detailed file-level
specifications; and (3) Coding, where the final codes are generated to implement the paper’s methods and
experiments.

FERR

o ZEREMHBERMFIERL: PaperCoder IRHZEEREAN LLM B2, e EWIS CERIBEIEMRIED
MK, DITFER=MNER, BASTIRIRFEATY R,

° SERRMESERMLITE: MUBIENMURETTS, BEBRICXIFESERHT AN, IEBERAR
EERRBEESSHFEN T ENTIRETTE.

o (RHRIASMSEI#HT: PaperCoder SHFNELIICNITIE, BIELRIBIBAT, KIBRTEMEMIEIT

CE, HWEEIWHAITRRIZSEFTAR.
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Paper: https://arxiv.org/abs/2504.17192

Github: https://github.com/going-doer/Paper2Code

it "+

BitNet b1.58 2BAT Technical Report

HER
2025-04-25
BitNet b1.58 2B4T Technical Report
Shuming Ma® Hongyu Wang® Shaohan Huang Xingxing Zhang
Ying Hu Ting Song Yan Xia Furu Wei®
Microsoft Research
https://aka.ms/General Al
ABIRE

AIIRHT BitNet b1.58 2B4T, XEEMFR. [RE 147 (1-bit) KESHEE (LLM) , UL 2012
8%, HE 4 B ESUELL)IE. BitNet b1.58 2BAT $HXWF A, 8 NHEIDR ST BRI T
TIREUWAL, BE BN 1.58 AANEEMWH 8 fislEEMNIA, LM T IREEREFNERN, RE7SEM
BRERSBEFRRIMEAAMEE, BREMESIER. HFHEE, NS RIHESFSIRETNFRI
TR, ABSHTIE 1 LEWEEFFEN (PTQ) B, HEHH—LAFSMNA, BitNet b1.58 2B4T

EFFFEERNERN GPU/CPU SXGHIEST, ARIFEZIRINMG FAREERERM TR TR,


https://arxiv.org/abs/2504.17192
https://github.com/going-doer/Paper2Code
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Figure 1: BitNet b1.58 2B4T advances the Pareto frontier defined by leading open-weight LLMs
under 3B parameters in terms of performance versus memory, demonstrating superior efficiency.

FERR

o IRESWAY 1 (IE5R43: BitNet b1.58 2BAT Z2EMFFIR. [RE 1L (1.58 i) KIESKRE, SHIIE
k2012, BEMEREFGA. SFEEETER, ERTRRZRZR.

o HEESSBEIRBUESE: BT ANREIERE) %, HEEOESIER. R 4% ABSSnEREEl
L, MeEEAaERENE AR TR,

® LIRS SAML: B4t Hugging Face REUNE, F&MiEA GPU 5 CPU ISHUEENRS (B1F
bitnet.cpp) , HEFAMTIFH—LHARSEE.

K HEE

Paper: https://arxiv.org/abs/2504.12285

Github: https://github.com/microsoft/BitNet

Model: https://huggingface.co/microsoft/bitnet-b1.58-2B-4T
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TECHNICAL UPDATES

BA

o FHARTNE—
Science XEIRE: Al BUOEHERCHE(NRZEIERR

HH

2025-03-28

Al gets a mind of its own

ABIRE

(Science)ZETF 2025 F 3 BARMAINE (Al Gets a Mind of Its Own M RIS T KEHESH&REL (LLMs)
EREAES PRI "OFEL" (Theory of Mind, ToM) BIBED. HHRAIN, REXLARBEREEN
PRSI ASE, (BXMRIATERT I E0ERIRIURE, MAFRIEBER A OERTS. XEEE,
SR Al RFEDIREEENRIRAEWAE, BRAFAROENEZEE, X5IKT7TXTF Al 2E865EL
Rz fE HR AR ERAHC IR AITIE,

I 5
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K e

BR35EE: https://www.science.org/content/article/ai-gets-mind-its-own

o RAHME=
BT S AR ESEB A S R MY BUESEEL Dream 7B, ZEMAGIFTSHRESRIRLLE Qwen2.5

7B

HHA
2025-04-02

B Oream 7B (Diffusion) [ LLaDA 88 (Diffusion) Qwen25 78 (AR) [ LLaMA 388 (AR)

75

EBAF NLP FAEX S4BT 5 AL =R 7 Dream 7B, X2 B AIGRAAIFHRY B KB SIEEL.
Dream 7B RAIERG #EE, BI2FIFHTIMUSSRMAEES BN, T, 8%, FEES
LRIESEEUEMEREIEE (30 Qwen2.5 7B, LLaMA3 8B) , FESZMEE (WNFUR. EELTENME
55) LXIEW@SG. HEEEET AR REENEYRA E T BEN EAEESIIER0G, F0)IEMRE
5800 1Z tokens, f$5FH 96 3 NVIDIA H800 GPU i)l4k 256 /\id, Dream 7B BEFFREAMSIESHING,

IV AFARIGHEEGED, i BUESEEERKIEHEE, SRR RENAEE T HE.

I, 52
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Blog: https://hkunlp.github.io/blog/2025/dream/

Base &8Y: https://huggingface.co/Dream-org/Dream-v0-Base-7B

SFT #&8Y: https://huggingface.co/Dream-org/Dream-v0-Instruct-7B

Github: https://github.com/HKUNLP/Dream

Demo: https://huggingface.co/spaces/multimodalart/Dream

o RAIME=

Meta R HFFRSESAES! Llama 4

Catagory Llama 4 s
Benchmark Bahemoth Claude Sonnet 3.7 Gemini 2.0 Pro GPT-4.5
Coding
LiveCodeBench 49.4 - 36.0° -
10 02/01/2025)
earioning & Krawledge
MATH-500 95.0 82.2 9.8 -
MMLU Pro 82.2 — 794 e
GPQA Diamond 737 68.0 64.7 71.4
Multilingual MMLL (0penin 85.8 832 = 851
MMMU 761 M8 72.7 74.4
BiRE
SE

Meta F 2025 &£ 4 BA# T Llama 4 RFIZHESKIESEE, 83F Scout, Maverick #1 Behemoth =
MRA. ZREFIBXRAREER (MoE) 281, SFHFRESESMA XA, Bk, . &5n) 315
S, Hep, Scout ##2EIEH 17B IEBEXSEMFI 10M L TF™XEO, 8eEE1 NVIDIA H100 GPU Li=1T,
EERRZRAVIAE, Maverick #EU4HH 17B JEERSEF] 400B 2548, KA 128 NER, tBelTF GPT-40

I, 52
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#0 Gemini 2.0 Flash, ERTFEZYIEAME, Behemoth R EFHIE%D, FHHEIHE 288B EHKEE]
29 2T Ris#y, BFR21E STEM EENS B GPT-4.5 488,  Llama 4 ZFEEEE Hugging Face
EFTOHFHE, Meta iHRIERMEEFEY LiamaCon K& bi#—Hihe R kmy Al HEEFNF= ik,

K e

Blog: https://ai.meta.com/blog/llama-4-multimodal-intelligence/

Hugging Face: https://huggingface.co/collections/meta-llama/llama-4-67f0c30d9fe03840bc9d0164
Github: https://github.com/meta-llama/llama-models

HIBERZ &% Artificial Intelligence Index Report 2025

=)

2025-04-07

Artificial Intelligence
Index Report 2025
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HriBtE HAI FBA&7 T (Al Index Report 2025) , £EFIE T £k Al KERIKSEES, KEiEdH, Al
TR, SRR, NENFRENBERT, 2K A KRKEFS, 2024 FXEFAA Al iREIX
1091 {Z557T, BHERI 12 &, AIEET. BEAI. HEERTHINAINE, FDA EftHE 223 7 Al IKzFE
TIRE. IRERISH, AEERAAIETRE (18 NARME 280 1) |, hETREEEEFERENIN LAYZEE
BimHK, RIS, SECEENERT Al RE. ERENRREERIFRSGERERER. RERWBE LT,
(BLERARIT Al 2PHFIEUERSRARIEMAGTE. Al ERARINET. e, BERIIRIZNEELE, H
BERRPELRABBE R IR B,

K e

IREEM: https://hai.stanford.edu/news/ai-index-2025-state-of-ai-in-10-charts

SEIRE:  https://hai-production.s3.amazonaws.com/files/hai ai index report 2025.pdf

o BAITH

Google /&% DolphinGemma: IRZFEBHIESHIEEYIFIAIM Al 1REY

HH

2025-04-14
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AEIRE

Google F 2025 & 4 BA% T DolphinGemma, XE—NEEMEEBHRIRNA LSRR, ZIAE
F Google DeepMind SR T BANEFABHINE (Wild Dolphin Project, WDP) &EFF&, FIF
WDP B 1985 FLRKERNFE BB AEFIT HEIERTIZ. DolphinGemma EF4 4 {ZE4a0E 5t
NEIHREY, KA SoundStream SRR RERS. OEAMBERITEHITHD, BEBETRNFIAEMER
BEFRIEERS, 1ZRERITE Pixel FHLLIETT, SOFIUAEIEREMI DT, HARENFEED
DolphinGemma LI S/BHRINEZSR, HENEIMIBENHARHE,

K e

Blog: https://blog.google/technology/ai/dolphingemma/

AR Al &fh 2.0 HEEIHHEH SESIRIETIRE
HH

2025-04-15

oI 2.0

RFT 2025 F 4 BRM TR Al 2.0, XREBHIWBSRERAERNERTHERRE, FRESIATS
BEMTIES (MVL) REER, XFHRAPBIXE. B WESMOIE AHEASERNIERE. o

RAI 2.0 FEEFSERI. 1B XIEME, WREFEFHELNEERT, MESTRRESREGRIENRE, TR

I, 52


https://blog.google/technology/ai/dolphingemma/

53

FRIERRABIHTIEMSERE. &ZEHRI, AR Al 2EKFEFAEESRH 2200 75, RitERAIBTEL 1.68 {2
%, BGEE 344 125K, o, RFERS T EREMEEEE 2.0 (KOLORS 2.0) , fEiENAIER. BE
REFFZANEEN EBEERT. TR Al 2.0 NARIFSERFE Al KRR A ERIRIE T T EE—
&, BOTReEE N AR Al HiRs) AtEE,

EE S

BEM: https://app.klingai.com/cn/

o AT
OpenAl IER &% T 03 #1 04-mini FEEFT—HEIRIER]

HH

2025-04-16

ELO Scores across vision-based red teaming categories

W GPT4o
’ ol
1200 o4-mini (Pre)
@ o3(Pre)
[
1100 L4 ® ®
° L4 ® o
o g °
S 1000} - ¢ 'y
* o
. ]
900 m |
800
. [
» N o @’\“ ¢ PO g
@& \c’b (/oo bvb (\\OQ C‘)d '\*O&
& & & g ¥ & Ny
© & N P N
A S « K\
L &
‘;\Q
2
Figure 1
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AERE

OpenAl IETUAR 7 03 #1 o4-mini FERFHT—UHERER, BRREIRSEESEES], SHFMINE. Python
T, BESXXEDHT. BGER. Ballt. KHRFEMCIZEFIE®SER, ESRATERGE. WmER
FESHIRREER, 03 5 od-mini BEAME "H#UE4E" BUFI)I4%, EERZRHITSSHEENEH
43, BFthERETEEGHREENNE. R2PUER, WETESATESR. i, IR, Ndh
AREFLEBRRIATRIMNER o1, 15HIRESIESIES. SRBMSEMIFFIAT T EEUSHE . F=751
¥ (40 METR, Apollo, Pattern Labs) MEBEM. EIREFIMBLEEEIHIT 7 SHETME, FRKA 03
8 Al AR RTEIRE "RMRHENE" SERETRFLSR, BRARAZIENBIE. HREEEY.
HELZEENELLMRENEBRT, EETBIR IR B RRIMES, KAZRSERLHF SIS
2. ZIE566/177E, 03 5 o4-mini f£ MMLU 13 fMESIUHISBRKEF, EIHEEEAEIRENE.
BxKE, 03 o4-mini (KFRT OpenAl {EHHERES]. REXTFHSRSEM LHEEHRRE, BRIAXRE
M SRENRFFRLHEHR, FRSFEINA SIS TUHAIGF SIS IE.

K e

BAERS:
https://cdn.openai.com/pdf/2221c875-02dc-4789-800b-e7758f3722c1/03-and-04-mini-system-card.pdf

o BARENETIN
Kimi FHEEHEMEMER, #ATZREENN, BIRIEREI

HH

2025-04-25
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etffot-th-

t
ooy | T

O Text Token 000000000000
(O Audio Token Audio Head ]
() Blank Token DDDDDDDDDDDD
O Audio Embedding ( Text Head ]
[ Shared LLM Layer J
T — | ———

O000000000C-

LQ@D_Q@_D_D_D_D_@_DE—|

f

{;%‘; Audio

%, Whisper
Tokenizer Encoder

?—I_r
“obfoodie-e —stfoofpe-

Figure 2: Overview of the Kimi-Audio model architecture: (1) an audio tokenizer that extracts discrete semantic tokens
and a Whisper encoder that generates continuous acoustic features; (2) an audio LLM that processes audio inputs and
generates text and/or audio outputs; (3) an audio detokenizer converts audio tokens into waveforms.

Moonshot Al &% T Kimi-Audio, X2— MNTRRIEMERMER, SIFEER. ENSESESME

%5. Kimi-Audio &7 12.5Hz Eaiass, Rit 7 LUEEAFIEABA. B token JMHATFELEI LLM 28

1, FFR TR detokenizer, Fl)IIZEA T# 1300 5/ N\IBHIES.

SEE, ERESTBAEIERI TG4, FESHES IR, SRR, SMoE.

NG, BRFSESHAIRS

IEEXIEFES,

ESNMEENR AR TFHERE SOTA 7K, #B# T Qwen2-Audio, Baichuan-Audio. Step-Audio &5t

%8, Kimi-Audio 5e£FHRTREUNE. HEEAIBMHMLTRS, HERENERIIARRM THIvEM. K

KB IH— S RREF ERNEIEAFS. S

EE S

BEARIRE: https://arxiv.org/pdf/2504.18425

GitHub: https://github.com/MoonshotAl/Kimi-Audio

SERAET TN, FRELIERRS ASR/TTS fotmERIAER.
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o AT
MREEARSITIRAER QWen3, BRSIKEIEFTIRISEE

HH

2025-04-29
P
Qwen3-235B-A22B Qwen3-32B OpenAl-ol Deepseek-R1 Grok 3 Beta Gemini2.5-Pro OpenAl-03-mini
MoE Dense 2024-12-17 Think Medivm

ArenaHard 95.6 93.8 92.1 93.2 - 96.4 89.0
AIME"24 85.7 81.4 74.3 79.8 83.9 92.0 79.6
AIME"25 81.5 72.9 79.2 70.0 77.3 86.7 74.8
LiveCodeBench
LivetodeBenc 70.7 65.7 63.9 64.3 70.6 70.4 66.3
ka‘j;smes 2056 1977 1891 2029 L 2001 2036
Aider 61.8 50.2 61.7 56.9 53.3 72.9 53.8
LiveBench
LiveBenc 77.1 74.9 75.7 71.6 - 82.4 70.0
BBFCL 70.8 70.3 67.8 56.9 - 62.9 64.6
MuldlF 71.9 73.0 4838 677 . 77.8 484

|

Qwen FBAIETUAR7 T Qwen3 RIIKIEE, pAMRISREETIREE, et EEM DeepSeek R1,
Qwen3 53INTERENESHEENE]: SRAERAREERERL, R ESTIMREIE, B THE
B4, Agent BEJTKIBIGR, [RAESFF MCP 1Y, BEBEERANE N, EAEEL Qwen3-235B-A22B Zith
BB 4 3Kk H20 B, SBEMAHER R1 THHE 60%, Qwen3 75 |IZRE0EMIE ESLIIENMS, FRT 3675
12 tokens #17)I14x, 25 119 MIES. WRFFIRESE 2 > MoE #224F0 6 1> Dense 158, Ti5RIEHEE!
Hugging Face. ModelScope. Kaggle &¥&. Qwen3 HAMINSEEMARETTEENER. 18N
S5&1EEE L NEEEEE,

I, 52
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Blog: https://qwenlm.github.io/zh/blog/qwen3/

F&BY: https://huggingface.co/collections/Qwen/gwen3-67dd247413f0e2e4f653967f

Github: https://github.com/QwenLM/Qwen3
Demo: https://huggingface.co/spaces/Qwen/Qwen3-Demo
Demo Chat: https://chat.gwenlm.ai

I, .
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RESOURCE SHARING
RBRD=E

o BENPE—
{Prompt Engineering)

KB BYH

ABIRE

{Prompt Engineering) Hi Lee Boonstra 5, &—4MHMA LLM (KEUESEE) NAFAEMETR
A TESLERENRSIER. £ PESINTRITEMIER (prompt) LISISESEEENER. SRERTHE
7. REEERHEE (WEE. top-k. top-p) . BEETRA (TR, BEER, DER, RAER. B
BifR. FTOERE) |, 12EE4E (Chain of Thought) . RPRBYE (Tree of Thoughts) . Ei&MHER
(Self-consistency) . #EE-175 (ReAct) FaiRnklg, PHENBTHIBET (BRB. BEAR.
EEAE, FHABE) URSESER (XA+ER) | #ARE TR IENSESE, R0, B
i, PAfEmEESR,. FEREEESS. BYFENRGIFLEES, ABAEERNEE LM IRRIHHNE
ERETE2EMERNSE.

HiFnEE

https://drive.google.com/file/d/1AbaBYbEa EbPelsT40-vj64L-2lwUJHy/view
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o FENE_
{Linear Model and Extensions )

KB BYH

(Linear Model and Extensions) BISt&HERINREY REFT, M 7 A MHEEAERICER,. H#HRTTA.
REWSSI20T. TS SIENME. ZEFEE, | MR, BXREIEN XETHHE. o EREERER
DFEAR. EPTERCSLRES, MUGHTTENEFHES, REAFERT R BREIAISEirREdE D
G, L, BHREEXEIE, EEFRITFREXMRAIRFSEFEA. BIRFIMIELIRENIARE

FKBESXRE R, B ARNEENNAIASITEESARE T £ESE.

Bk

https://arxiv.org/pdf/2401.00649
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o FENE=
{A Practical Guide to Building Agent)

KB BT

IZiEmER R IEE, RAMETETNESHEE (LLM) ERERE (agent) 19&75EIRIE
LB, XHESREN TERRENERHE: EETHITSSBMES. BERKED. EaEERINETIE,
HEREFSERTA, IEEH—So T EERASRAENMEGS, SESIREK. LRI
RFLURBERSE S EIRIES.

ERHEE, PR TEREEN =X OEMES : 22 (Model) . TR (Tools) . #% (Instructions),
HLA OpenAl Agents SDK A, BR7T ARSI SIBX LAY, FHINMREEE. TEEX. 189
WMESREINT, IERAH TIHMEEE. MCERAISERREA. XHRiTie T BRI S ER SR RARRC,
£ Manager Pattern fIEZFR O EE AN, BHFRERBIVSEMERIERDAELRE, &5, 18
FEE 7 "$FA="  (Guardrails) HHEEIEZE. RRUTEUHSHENERER, EEIDERF. N
RIGFIAINNE BN, BREEAERe. SETTESRE. AMS, NMEmAFERSI BE

BECIERIEIAR ML T E50ME. RIERTIRITSSCN R, el T BB SR PHNEEE S AR,

HiFnEE

https://cdn.openai.com/business-guides-and-resources/a-practical-guide-to-building-agents.pdf
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