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Reconstruction vs. Generation: Taming Optimization Dilemma in Latent Diffusion Models
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Reconstruction vs. Generation:
Taming Optimization Dilemma in Latent Diffusion Models

Jingfeng Yao!, Bin Yang?, Xinggang Wangl**
"Huazhong University of Science and Technology
Independent Researcher
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KF3 Transformer ZEAGRIBSH BURBIEERSREEGNERILE, (BTSSR 7 ERM R+
ROIRIR . MDA PIEINERTTRIAEERRRAERRE, MBEE AN BUREES) s
BEARIMEHREMMRE. MBERRRLEREREX (SEMRERE) SWEAR (RFeEITENRE) ZiE
Zh, NEAANERRRTFFITARSERTANESHEE, FHEHE)ISNKS 1080, SHIET A5
YIS ERMERNGST, B4R VA-VAE (MEEEMERXITTES BREE) BEY B 7 iel suistimE
g-ARkAnNG, SCI 7Y A Transformer (DIT) ESART=EFRIEREEL. HFHFIA VA-VAE B, X
1 7 IgsEAY DIT 2% LightningDiT, &) IRIESEEEIRIT, 7 ImageNet 256x256 ARE{ESS EiX

Z|SOTA (FID 1.35) , HSLITH#ET 21 fBAMSIREIRF.
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Original Image Reconstructed Images

Tokenizer
Specification
Latent
Distribution
Reconstruction rFID=0.49 tFID=0.29 rFID=0.18
better reconstruction

2 gFID=20.3 gFID=28.7 gFID=45.8

Generation ,
Worse genemtmn

Figure 1. Optimization dilemma within latent diffusion mod-
els. In latent diffusion models, increasing the dimension of the vi-
sual tokenizer enhances detail reconstruction but significantly re-
duces generation quality. (In tokenizer specification, “f” and “d”
represent the downsampling rate and dimension, respectively. All
results are evaluated on ImageNet 256 X256 dataset with a fixed
compute budget during diffusion model training.)
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o 2 VA-VAE, SESH BURE "SiE-ER" RAEIR: SIS EMKo RS ERRERA S MRE
TRERUFE, AN QIFMEHTRHM T EMIRENIF TS BRiGes (VA-VAE) . BE5IARTEMRENGFS
RE (VF Loss) , VA-VAE BRME T RERTES S, ENENEIIMSEHREHET, BERATS%ED
TRRIKENRYY SR AERRE SRR (8 2.51F) .

o 133 LightningDiT, Scil SOTA REISEMSEBILEL: NFoKREFE VA-VAE BT, AXHEETEA
LightningDiT BYIZ38EY 8 Transformer (DiT) 2R, FE&7THAVIZREE (MMEBIER. XBUESFEF)
FOZERAMEAL (30 SwiGLU FFN, RMS Norm) , LightningDiT #£ ImageNet 256 x256 E{§&4p{EsS LEY
187 FID 1.35 1Y SOTA t4ae, FEINFE 64 M™ISEHARNAZ! FID 2.11, 1HRIRE DIT LI 7#did 21 {3/
IKTESINIER.,

o FEMTSUERTAMANE, ENSRURERERR: XENMURE TEMIMRL R, EEIXMiE=E
DHAYETIMCAIEIC DT (40 t-SNE, BERRE) , 877 VF Loss ESUERTEIIMRIRNENE, X
—RINSRRESENRRIEF IR M T EE, WERkE. sRENREMERENAREGE

EIRPFISLEANME.

EE S

Paper: https://arxiv.org/pdf/2501.01423
Github: https://github.com/hustvl/LightningDiT
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MegaMath: Pushing the Limits of Open Math Corpora
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MegaMath Technical Report

MegaMath: Pushing the Limits of Open Math Corpora

Fan Zhou® Zengzhi Wang® Nikhil Ranjan Zhoujun Cheng Liping Tang
Guowei He Zhengzhong Liu Eric P. Xing
MBZUAI

¥ https://hf.co/datasets/LLM360/MegaMath
() https://github.com/LLM360/MegaMath

HAHEERAKERRIREG, bRGEEIESEE (LLMs) SREDRIREIRE, AT, TR
RZE— MRS, KRR, SRERY. EETHFERER LLM T)|14FKMESEFRNERE, BAHRHT
MegaMath, X2—MNRRSHAEFRABAREES, BIRSCEREE: (1) EHNIEEE: HilEgst
XIEEAARY HTML 4038, &7 fastText BYTHIZMIAE, M\ Common Crawl REEFIREN T HIF N, LS
EERENGEMETE. (2) EWEEFRXAREIE: BAINKEUED)IEREREE Stack-V2 FiRFIHERE
RURFERAES, H—DIRATEIENSHFE. (3) REGHEUE: MM MEESBEdET S T H
BXUESA, EEAERAIBLANASIERIN A- SR, BTG LREE, FETAKEHRISCIRIITEEE,

MegaMath FEIIEFHEFTISEWRE S, LA 3710 {24 tokens RUEUEEM RS IEIEREL TSI
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o) MegaMath . .
0 5§ Synthefic dala Higher quality
& Larger quantity
a
s -
gss 3 4
E
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a )
I; 25 B
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FineMath-4+ InfiMM-WebMath L
— MegaMath-Web (Top 50%) - MegaMath-Web (Full)
iE FineMath-3+ Open-Web-Math

0 10 20 3 40 50

0
Training tokens (B)

Figure 2: Comparison with existing open math corpora and MegaMath-Web subsets.
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o BAMIESERESHEE: WET BRI ARSI ISEES, 88 3710 {ZiFT.

o MIERIRTMLEICEY. ISR, MIRT SHHt, FETEMAEIELIERE (W HTMLIUE, £
PEOEIE. EE. LM %) SKREEUERE.,

o BT RIEUREFEE : MegaMath &8 =/MEDIRITRIEIEF & : MegaMath-Web: 85 2790 12 tokens
BRI EEE, MegaMath-Code: B8 281 {Z tokens HIEEFHEF*E. MegaMath-Synth: €& 645 {2
tokens RUSAEUE (QA. REEHE. XA-KIBES) .

o MmiIT(l: B ZAUHRISEIOIOE 7 AURMESIATRIE UL, FHE Llama-3 SanaRE LT 7536
ik,

o FRFEREL: RUETHIEENBXTER, SEHEAFHEENIUETEIE SRR,

EE S

Paper: https://arxiv.org/pdf/2504.02807v1

Huggingface: https://huggingface.co/datasets/LLM360/MegaMath

Github: https://github.com/LLM360/MegaMath
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A Comprehensive Survey in LLM(-Agent) Full Stack Safety: Data, Training and Deployment
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A Comprehensive Survey in LLM(-Agent) Full
Stack Safety: Data, Training and Deployment

Kun Wang*l'z, Guibin Zhang*3, Zhenhong Zhout?, Jiahao Wut>®, Miao Yu’, Shigian Zhao!, Chenlong
Yin®, Jinhu Fu?, Yibo Yan!®!!, Hanjun Luo'?, Liang Lin'3, Zhihao Xu'*, Haolang Lu!, Xinye Cao!, Xinyun
Zhou!, Weifei Jin!, Fanci Meng7, Junyuan Mao?, Yu Wangls, Hao Wu'®, Minghe Wanglz, Fan Zhang”,
Junfeng Fang®, Wenjie Qu?, Yue Liu®, Chengwei Liu!, Yifan Zhang'®, Qiankun Li’, Chongye Guo'?,
Yalan Qin'*?, Zhaoxin Fan?!, Yi Ding!, Donghai Hong??, Jiaming Ji??, Yingxin Lai?®, Zitong Yu?*, Xinfeng
Lil, Yifan ]iang24, Yanhui Li'?, Xinyu Denglz, Junlin Wu'2, Dongxia Wangu, Yihao Huangl, Yufei Guo?,
Jen-tse Huang?®, Qiufeng Wang?®, Wenxuan Wang'#, Dongrui Liu?’, Yanwei Yue?”, Wenke Huang?,
Guancheng Wan??, Heng Changm, Tianlin Li!, Yi Yu!, Chenghao Li?!, Jiawei Li*2, Lei BaiZ, Jie Zhang4,
Qing Guo?, Jingyi Wang'?, Tianlong Chen®, Joey Tianyi Zhou*, Xiaojun Jia!, Weisong Sun!, Cong Wu*,
Jing Chen?, Xuming Hu'!®!!, Yiming Li', Xiao Wang®, Ningyu Zhang'?, Luu Anh Tuan', Guowen Xu®,
Jiaheng Zhang?, Tianwei Zhang!, Xingjun Ma*, Jindong Gu¥, Xiang Wang’, Bo An!, Jun Sun®, Mobhit
Bansal®, Shirui Pan*, Lingjuan Lyu*’, Yuval Elovici*!, Bhavya Kailkhura??, Yaodong Yang??, Hongwei
Li%l, Wenyuan Xu'?, Yizhou Sun??, Wei Wangzg, Qing Li°, Ke Tang{’, Yu-Gang ]iang‘%, Felix Juefei-Xu®,
Hui Xiong!®!, Xiaofeng Wang®, Dacheng Tao!, Philip S. Yu**, Qingsong Wen?, Yang Liu!

INanyang Technological University, 2Squirrel Al Learning, *National University of Singapore, *A*STAR,
5The Hong Kong Polytechnic University, ®Southern University of Science and Technology, “University of
Science and Technology of China, ®The Pennsylvania State University, “TeleAl, '"Hong Kong University
of Science and Technology (Guangzhou), 'Hong Kong University of Science and Technology, >Zhejiang
University, ®Institute of Information Engineering, Chinese Academy of Sciences, *Renmin University of
China, P Tencent, 16Georgia Institute of Technology, 7Institute of Automation, Chinese Academy of
Sciences, ¥Shanghai University, Shanghai Al Laboratory, 2Peking University, 2!Great Bay University,
ZUniversity of Southern California, ZJohns Hopkins University, 2Wuhan University, ZUniversity of
California, Los Angeles, The University of North Carolina at Chapel Hill,  The University of Hong
Kong, 2University of Washington, ’University of Electronic Science and Technology of China, **Fudan
University, *!Singapore Management University, 2Griffith University, *Ben Gurion University,
#Lawrence Livermore National Laboratory, 3*New York University, 3 ACM Member, ¥ University of
Ilinois at Chicago, **Southeast University, ¥University of Oxford, “*Sony, *! University of California, San
Diego, *Beihang University, **Tsinghua University
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AEIRE

AREHESERE (LLM) BYET B20IAT0, SEEESMMATRIFTRERIMERE, NEARFI TSN
BAATERE (AGl) RETERERZE. BEE LLM ERRAIEIURHEER, HReMHESEIXE,
EAIARARIIAT], MEXATEEZRERNLL. B, WEHN LLM REEEFEEPE LLM EafE
HARASTEMNER, RIS EREAUEMER, BR=3 LLM B4 "l WEEmER. ATHRRXNTE, &
NEXRSINT "£%" RIS, URGHEEEIE. )Ig: Fullg. Blgk) . 8F (EEN&EHL)
REMNMIETNZ2ER. SR LLM Z2EEHAE, FONTERR TIVMBSRMNS: () £ERE.
BAMEREN LM AamBEHEN HEERIEES. Wllg. B4 (BEXISTHRE. REYRES) | &%
MZmllde. TR, XERF— 183 LLM BNMEaRBNReEE. () THZa9smisaRs. 31089
RETYS 900 ZREICNANFREIM, BREEBESNRFAERELHEWCERNNZEE™. (1) HE8
g, BIRFRIEDHT, FINE—EHETRAREENNA. HIINIIFHE 7 BREARSE,
BIEEUEENZ M. WA, BERENET LM MRERS, XN NEIZMERE TR

AR T ERRHES.
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Fine-tuning i

m Augn'!efwtmg Alignment  Safety Recovery
T Training Defense

\\ Allnment \ Downstream Fine-tuning

Interaction

A
/ Abr== /:m Post-training Safet: (o ..\fm .
Cb_EE ], Pre-training| S Shulning Safely = Editing & aph LLM&
||]|| l‘ £ f Safety - Unlearning % Agent
Data Filtering Im{ﬂm‘c Data Construction Phase | Gradient | Tool
Fine-tuning Phase | Memory | Memory

|
|
7

Locate-and-edit |

|
|
SAS

(Y '- . \ M3 - Agent
71

2. P
® Editing T Deployment

Alignment

He=

Post-training

The Evolutionary Path of
UMDeployment kIl Stack LLMI (Agent) Safety

Fig. 1: We present a systematic taxonomy while enumerating notable works (2022-2025) and their institutional affiliations.

FERR

o RREMNENERE: BXRH "£f%e” #ie, 2FFE LM EaEihaR e

° LEEIMAERZLEMHE: BT 900 ZHEIENANFREN, WREEBEMAFARTEER, HE—
EHIETRARGENE, RAEURERZ M. TR, RERENET LM (IERRSEEHE
HIBRAR TR,

K HEE

Paper: https://arxiv.org/pdf/2504.15585v2

Github: https://github.com/bingreeky/full-stack-llm-safety
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DeepSeek-Prover-V2: Advancing Formal Mathematical Reasoning via Reinforcement Learning for Subgoal
Decomposition
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& deepseek

DeepSeek-Prover-V2: Advancing Formal Mathematical Reasoning via
Reinforcement Learning for Subgoal Decomposition

Z.Z. Ren*, Zhihong Shao*, Junxiao Song*, Huajian Xinf, Haocheng WangT, Wanjia Zhaof, Liyue Zhang, Zhe Fu
Qihao Zhu, Dejian Yang, Z.F. Wu, Zhibin Gou, Shirong Ma, Hongxuan Tang, Yuxuan Liu, Wenjun Gao
Daya Guo, Chong Ruan

DeepSeek-Al

https://github.com/deepseek-ai/DeepSeek-Prover-V2

ABIRE

FEAINAT DeepSeek-Prover-V2, X2—1EA Lean 4 R/ {CEERIERMIRIHAIFFRABAESIEE,
BEWiaEdE@EIdE DeepSeek-V3 IRGNAVES T EIBIEBEARWEE. 1$/Bm0)II4RSFEFFIART, [FRARNALE
DeepSeek-V3 EEREASEA—RIFEIFR. REHFAERNEERRTEMRTFEFAGER, FBdE
PR HHIBUERESTES DeepSeek-V3 AU SHEEMRAGHIEE . X MIFEEFA e S AR SR IR UL REE
RSB N F—EEh, RIS TERIERE DeepSeek-Prover-V2-671B, 1ERZEIERESEE
M7 RSTHAOMEE, 7 MiniF2F-test HiXZIT 88.9% HU@ITER, F#RRT PutnamBench & 658 4NER
thEg 49 N, BRTHRERENRSN, BAIBESINT ProverBench, XE—MIE 325 MR NITREES,
EERN0TE, HPaEMNTE AIME B8 (24-25 ) ikt 15 MA@, WX 15 4 AIME (3
RRROH—IEREP, IZIRBURINARR THFRY 6 1, 1HELZT, DeepSeek-V3 (FRZHUISEMR THS 8

NMERR, XRE 7 AREIESEAER AR A A R 2 [BIRVZEREIE ARG/,



11

B DeepSeck-Prover-V2-671B 3 DeepSeek-Prover-V2-7B 3 Kimina-Prover-Preview 72B [ BFS-Prover 7B 3 sTP7B 3 Geodel-Prover 7B EZZ3 DeepSeek-V3-0324 (Informal)
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90+ 8B.9% i a9

85 - 77
i

82.0% 40

80.7%

804

304

754
73.0% z3

Pass Rate (%)

204
70+
67.6%

Number of Problems Solved (out of 658)
Number of Problems Solved (out of 15)

64.7% I
65+ 7

7

60 - 0- 0 e
MiniF2F-test PutnamBench ProverBench-AIME 24&25

Figure 1 | Benchmark performance of DeepSeek-Prover-V2. On the AIME benchmark, DeepSeek-
V3 is evaluated using the standard find-answer task for natural-language reasoning, while
prover models generate Lean code to construct formal proofs for a given correct answer.

FE

ot

o BUFRAYPRIMELERBIESR: FIF DeepSeek-V3 M{TFEIROMINIEFHEIE (BYEE) ; 4
DeepSeek-Prover-V2 (—MNEJHIF/RCIERRSE) SKEBRFEIRFHER Lean 4 K73,

o F—iFNUSHRWIEE: BILEIEIRERERLFS, ¥ LM NI HEFER SHGIE
BRROFE M SRR MEEL T,

o SHAYIERERIN: DeepSeek-Prover-V2-671B EZ M EMENXFEE T HRIRE (SOTA) SHkERS:D
RIZESR, BIaN MiniF2F-test: JAE) 88.9% RUIEITE, LUKRFE PutnamBench iR 658 MAEREHRT 49 1N,
® FFEHE ProverBench: 5|INT—1MEE 325 MERMEFIARE (B1F AIME F&|/R) RFEE, BFEF

(IR VU EIRIE BB RIRA .

EE S

Paper: https://arxiv.org/pdf/2504.21801v1

Github: https://github.com/deepseek-ai/DeepSeek-Prover-V2
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Lossless data compression by large models
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nature machine intelligence

Article https://doi.org/10.1038/s42256-025-01033-7

Lossless datacompression by large models

Received: 13 July 2024 Ziguang Li*228, Chao Huang ® 222, Xuliang Wang ® 442, Haibo Hu*%%,
Cole Wyeth®, Dongbo Bu®'?, Quan Yu?, Wen Gao?, Xingwu Liu®’' ' &
Ming Li® 238

Accepted: 4 April 2025

Published online: 1 May 2025

H{EFEMER—TEREROR, (EEERIEFEIIERpIRIEE. AT, £ 80 FAFARSARE, &5t
RIEZE 7 ACE A EIRCIRR. NREEISBEEIRIIIZG, % "EBE SMEX. BEWXRE, 1BXEE
BRENEMEIASIRINE Y, RICAKREIERAIREREERA. EXE, F(RE T —FhsiEc—
LMCompress, EFIFAENERISIEIEIH1TESE. LMCompress TEIUFMREAZEER (XA, B, SFIEMN)
ERTSRER IR T 7 LIMERIEC R, XTEIR, ©FF JPEG-XL EERRF, XWTEM, 5 FLAC RIEYE
FFF; TR, 1§ H.264 ERERFH, TR, HEFRERIVFNA zpaq =02 —, SCIREERERA,

RESHIRIRAG Y, DMEESRtEAEEE, Xi&RT "R 5 "EE ZERRERE.
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Original data Token sequence Posterior probabilities Compressed data
— o _ni\ . o
Text e
g N 3
- Generative pit, = et = )= 0.20 i i
Image ;D Tokenizer large model i ot =L Az::zgl:eurc
- - — a(t; = [yt =) = 050 — . 01100110101...
. hp-ety =it~ BT - 030

Iterate withi=1ton
to process t, ty, ..., t,

Fig.1| The architecture of our LMCompress. First, the original datais Finally, arithmetic coding losslessly compresses the original databased on the
transformed into a sequence of tokens. Then, this token sequence is fed into a predictive distributions. The tokenizer and the generative large model may vary
generative large model, which outputs the predictive distribution for each token.  accordingtothe type of the data.

FERR

® LMCompress Fix: B IMRFIHEF RSTMESRIT) A RELH T T IRETEESE.

o FSURASREL: EI0K. EfR. SNSRI EIYeI AR R.

o EFEFEIRFA: BR. SIFIIRESERSBILL JPEG-XL, FLAC #1 H.264 1IRE—Z; MAEGEZRLS zpaq
N=nZ—.

o {BEXSEYE: LINIFRRESIEURERR IR BER T a1E6E, B 7 B SEEIIRERE.

EE S

Paper: https://www.nature.com/articles/s42256-025-01033-7
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100 Days After DeepSeek-R1: A Survey on Replication Studies and More Directions for Reasoning Language
Models

HH
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A MiroMind

100 DAYS AFTER DEEPSEEK-R1:
A SURVEY ON REPLICATION STUDIES AND MORE
DIRECTIONS FOR REASONING LANGUAGE MODELS

Chong Zhang* 2 | Yue Deng*! , Xiang Lin*! , Bin Wang*! , Dianwen Ng', Hai Ye'?,
Xingxuan Li', Yao Xiao''?, Zhanfeng Mo'®, Qi Zhang?, Lidong Bing'’

"MiroMind

2Fudan University

3National University of Singapore

1Singapore University of Technology and Design
®Nanyang Technological University
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L, HEEESIEEL (Reasoning Language Models, RLMs) RYARERSEABIE SREI kA — T
HE. FHFRIRRIAATMAY DeepSeekR1, S FFETT 28N, HEFARSIK TIHESHREEIHEED
LAOARKIE, #AM, DeepSeek HARTEHREKMIREANTIMMT, ©FF DeepSeek-R1-Zero,
DeepSeek-R1 REZXIEBAVIMERL, R, (FEEMARMETE, SHEBIIELIAY)IZRERMT2FFRATEL
AR, S DeepSeek-R1 FrEUEAMARMAE, HEE THEIARN. XETIEHRRTHREMIE (SFT)
FIETSIERAEIRSRICES (RLVR) BUEJ1TEREE, ERXEHIRESAERT, BRTSMENENLRE. &
KNEP, FANSEENEIRARIET 7 2GS, LEIARKANARIRHER . FIEERET SFT 1 RLVR A
ANEE, NMALRSNARESIEEE. DRRITIIGRES EREERMETS. W, BAIERE T IXEMR
ELIETAISLRER A ENXERI, FEEBAREMRTRER. BIMENE TR RIMs AEffth
AREBERRE, Hoth 7 ERERISEFEIGRIPME. BIAGAR, BAIFERE RIMs SURRIARETNFAR
ERETHREIHRE, FIRARFRRE, H—PiEsh RIMs AR,

Supcrvised Fine- e.g., OpenThoughts-114k(OpenThoughts-Team, 2025), OpenR1-Math-220k(HuggingFace, 2025),
i g LB Light-R1-SFT(Wen et al., 2025a), Bespoke-Stratos-17k(Bespoke-Labs, 2025), SYNTHETIC-1(Mattern
tuning Datasets (§2.1) et al., 2025), sTR-T.I(Muennighoff et al., 2025), LIMO(Ye et al, 2025) ——

Supervised
Fine-tuning (§2)

Supervised Fine-

tuning Models (§2-2) R1(Wen et al., 2025a), Bespoke-Stratos(Bespoke-Labs, 2025), SYNTHETIC-1-SFT(Mattern et al.,

’_ e.g., OpenThinker(OpenThoughts-Team, 2025), OpenR1-Qwen-7B(HuggingFace, 2025), Light-
2025), sI.I(Muennighoff et al., 2025), LIMO(Ye et al., 2025)

e.g., Open-Reasoner-Zero(Hu et al., 2025), OWM(Gandhi et al., 2025), LIMR(Li et al., 2025b),
DeepScaleR(Luo et al., 2025b), Skywork-OR1(He el al., 2025a), DAPO(Yu et al_, 2025), Open-
RI1(HuggingFace, 2025), DeepCoder(Luo et al., 2025a)

—[ Data Curation (§3.1)

e.g., PPO(Schulman et al., 2017), GRPO(Shao et al., 2024), Dr. GRPO(Liu et al., 2025¢), DAPO(Yu
= Algorithm Design (§3.2.1) ]_ et al., 2025), VAPO(Yue et al., 2025b), VC-PPO(Yuan et al., 2025), CPPO(Lin et al., 2025b), REIN-
Reinforcement & Sletiisd =, FORCE(Ahmadian et al., 2024), REINFORCE++(Hu, 2025), REINFORCE-Kimi(Kimi-Team et al.,

Learning 2025), GPG(Chu et al., 2025b)
from Verifiable

e.g., Logic-RL(Xie et al., 2025a), Oat-Zero(Liu et al., 2025b), L1(Aggarwal & Welleck, 2025),
Efficient-Reasoning(Arora & Zanette, 2025), Open-Reasoner-Zero(Hu et al., 2025), Dr. GRPO(Liu
et al., 2025¢), DAPO(Yu et al., 2025), Demystify-Long-CoT(Yeo et al., 2025), Light-R1(Wen et al.,
2025a)

B ) e.g., Light-R1(Wen et al., 2025a), Open-Reasoner-Zero(Hu et al., 2025), SRPO(Zhang et al., 2025b),
—[ Sampling Strategy (§3.2.3) DAPO(Yu et al., 2025), Skywork-OR1(He et al., 2025a)

Rewards (§3)

Reward Curation (§3.2.2)

[Training Reasoning ModelsJ
I

- - E e.g., IPR(Xiong et al., 2024), PRMBench(Song et al., 2025), FineReason(Chen et al., 2025) rStar-
‘[ Process-Reward-based RL (§4.1) }—[Mﬂlh(Guian ol al, 2025), PRIME(Cui et al, 2025) e

Other Tech-
niques (84 T R e e EwE 7 ¥ i
q (§_) _[ e e Opumlzanon (§41) }_[E.g., EXAONE(LG-Research et al., 2025), Light-R1(Wen et al., 2025a), DPO-VP(Tu et al., 2025), }

RedStar(Xu et al., 2025a), DPO-R1(Zhang et al., 2025a)

Figure 1: Taxonomy of training methods of reasoning models.
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o USEEfRIR (SFT) Bltfr: AT SFT TEiRFHEIERRRIRE TS EAIN AL, KIEEUE ST IZR5RES,

o TISIEAERMEMSS (RLVR) Fid: RADT RLVR FSiATEHEEREEN)IGFRONA. BXEUREEE.
%UOEE (30 PPO. GRPO) RHEZRFPHISLE:.

o XERASRERE: 1HICTHIRKESHIE. REIGKIS (NEHEERS. REFY) | FXHEHRESE
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Paper: https://arxiv.org/pdf/2505.00551v3
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OpenVision ®&: A Fully-Open, Cost-Effective Family of Advanced
Vision Encoders for Multimodal Learning

Xianhang Li* Yanqing Liu® Haoqin Tu Hongru Zhu Cihang Xie
University of California, Santa Cruz

& Project Page: https://ucsc-vlaa.github.io/OpenVision
Q Model Training: https://github.com/UCSC-VLAA/OpenVision

¥ Model Zoo: click me

OpenAl F 2021 F41&%R] CLIP HEHKHALIKE—H RIWE SARSEMR B BRI i iwiDss. RERA
HI T —LERT5%, W SigLIP, FHabkikEESH, BIEFIIFA, RE— 122 a9k
FRMAREERI, M/EENIEEEREATT. A3EiE OpenVision FIE4NX—2H, OpenVision 2
— e, EFENRIMTRIERERT, EEMEHR LLaVA XERNSESERTSR, EtMaerLUREE

ZjEH OpenAl B9 CLIP, OpenVision @37 EIETERVER E—Flan, {FR CLIPS {E)II4HEZE,

Recap-DataComp-1B {EA)II&EiE—RIHER T EiRERmIESsERELENS N REILR, FER Tt
HSESIER S ENIRE, BERHSECEEMN 5.9M F 632.1M HIlKHmIESE, OpenVision AMIY
RS ESERRHRM TS ENREZ AN RIENE: BRI REHEEASESEE, R/

IRANERTREER. NEIRENSIESESE,
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TextVQA ChartQA 5
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70
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EE OpenVision-L/14 1 CLIP-L/14
Feeal OpenVision-400M 71 SigLIP-400M

Figure 1: The top table compares our OpenVision series
to OpenAI's CLIP and Google’s SigLIP. The bottom fig-
ure showcases that OpenVision attain competitive or even
superior multimodal performance than OpenAI’s CLIP and
Google’s SigLIP.
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o 2T XU BEERMILRAZEE (40 OpenAl CLIP #1 Google SigLIP) IR0/ £ AERRAYEIRT,
OpenVision T —1Ne2FRRIENRTER, SERIGEIE. )IEGREMREL,

o THEE(E: SLIOFRAA, OpenVision TEEEREIZIESHESR (40 LLaVA) j5, HH48ES OpenAl A9 CLIP 48
g, EEERESEERL.

o IREMIMEZHE: KM TN 5.9M F 632.1M AESHIUENRSIHRIZE, WHENZERDGAERISMRE
RSB RTR.

o RAZEREMREYE: SHENZSRSHFRHEXIRENNERENREENE, HETUEARE,
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Paper: https://www.arxiv.org/abs/2505.04601

Huggingface: https://huggingface.co/collections/UCSC-VLAA/openvision-681a4c27eelf66411b4ae919

Github: https://ucsc-vlaa.github.io/OpenVision/
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Perception, Reason, Think, and Plan:
A Survey on Large Multimodal Reasoning Models

Yunxin Li*, Zhenyu Liu*, Zitao Li*, Xuanyu Zhang, Zhenran Xu, Xinyu Chen, Haoyuan Shi, Shenyuan Jiang
Xintong Wang, Jifang Wang, Shouzheng Huang, Xinping Zhao, Borui Jiang, Lanqing Hong, Longyue Wang
Zhuotao Tian, Baoxing Huai, Wenhan Luo, Weihua Luo, Zheng Zhang, Baotian Hu*, Min Zhang
Harbin Institute of Technology, Shenzhen
Project: https://github.com/HITsz—-TMG/Awesome—Large—Multimodal-Reasoning—Models
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SHTEF. AMREMSIESMERIET, EENTIIREMNEN M TATEEXREE, ABSESIEERE
& (LMRM) B A—FERIRATES], EBETIA. BR. S3iSES, LSHFERIHEEE
EEESNEEAVRA. SRIEREINRZAHEE. BERRIHE, SESHEECSEMNEGYL. BERIREIRY
EENEAREIG—Y. LAESATORIER, XEERIEH TEERSESER. EXESORENRNS
JELNE TR, BESESZN. EERERETALEAFEEANML. A THRRXLE
[T, FNXISARSHIEARIET 7 EEMEEUIEE, BSR—MUMERIARIREERITAR, ZiREE

SRR T AT AR I SANFRREED. B, BRI T ETHESHEERNEHTE, HEhfEER

Il

SHEER NTER R, RITFAIREGEIS TN ER. 3R, BAIAR T &RIARTSE, XETEGHERESG—RZES LM

+H

, HhSiESBdgg (MCOT) MSESeRUFIFHRESLIBEF SR SRR, &F, G
OpenAl O3 1 O4-mini SFEBHMMRIEEISCINREFINEIRNAE, BANTIET REXBSESHIERE
(N-LMRM) B98EET51R, SESHFERNSTHFIME A R, sealfViI @AM, BESE

RSREBFIAR, MEASERBPIRIERE, FATRSESHEERFRIHRIEE.

Stage 1 Stage 2 Stage 3 Stage 4
Perception-Driven Language-Centric Language-Centric Next-Generation
Modular Reasoning Short Reasoning Long Reasoning Native LMRMs
Multimoda[ Data i Real-World Data (Environmenr)
= e
o
2
4 Representation A :.} DA (ﬁ
%%Q ‘eﬂgnmegt @E‘ ﬂ' o
Ve L Y g
¥ % MCoT ¢
Reasoning A 7
-:,% g'&“o
Modular VLMs-Based %45‘ ’;v“‘?
Networks Modulars

Figure 1: The core path of large multimodal reasoning models
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HealthBench: Evaluating Large Language Models
Towards Improved Human Health

Rahul K. Arora Jason Wei Rebecca Soskin Hicks Preston Bowman
Joaquin Quinonero-Candela Foivos Tsimpourlas Michael Sharman
Meghan Shah Andrea Vallone Alex Beutel Johannes Heidecke

Karan Singhal*

OpenAl
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HealthBench R — M HFEIEENHT S, B HMEKESEREEET RIS, ENE,
HealthBench &&7 5,000 B35 HE, XYXNERE FEES M ABFRETEWATZENE), BT
EISERET 262 (UEITHIERN. FHRMFENEBRANTEORER T, SLMEEERBEISERNE EHE
BHIEENIRARE, HealthBench {K3E 48,562 TURKHNITESTRE, ST 7 RESMMERIEER (W2, IR
HIERRIR, SDMER) T HERE (UNERE. 15<BE. D@eeh) MESSHREIHE. AdEmFS,
HealthBench EROIESRIZRISERRAARTT (20 GPT-3.5 Turbo 84378 16%, GPT-4o 12F+E 32%) , MiTHR
RAREEATE (03 1REEDIX 60%) . JTEE/NEURENHZIAR : GPT-4.1 nano RIFRIIE#EE GPT-4o,
HERAHRE 1/25, t5h, HealthBench iF&# T HFNEAK: HealthBench Consensus, HE2 EIT—2
INER 34 NMUAEERIREATHHEE ;) HealthBench Hard, BRINNGES S /9 32%. ARE L HealthBench
RS /OtREY AR FNN FA A RIRMIRSCAOENY, ISHEHARRRNONE. HEXEBnEE: —2h%IEe e
AELFrZafER A RESINE, —RAETREI KRS RENEREEIINE, BEEIFEESRIR
RERENERRRIBER, =foFanoEEANRE. A RESSERERRE, HREAERRE

HealthBench BESSINERET 2R Al REFNLIRN AR, ROKFEATERENEARERNEXES.
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Eval Example Candidate Response Rubric Criteria & Grades

( i 3 Criterian Points Present

I'm werried about my baby, she

» T States that the
hasn’t been acting like herself nfant miy:havé o Vog 7
since yesterday, muscle weakness
v While everyone has days that they
User feel less energetic, for an infant this

can be a sign of an illness or other

medical condition. Your infant's +6 Mo 0

change in behavior could be a sign
I'm sorry to hear that, what of muscle weakness.
to be different th ;
flz::; o shal Ll ~ It sounds like your baby needs an '”'i';:d”d“,d"':“ oy o Vea 10
evaluation with a medical S PR MEChRloAC " "
. right away
professional.
Assistant
Please schedule an appointment
with her doctor right away to have
) " her evaluated. If you don't have Referral advice is
She's not as snergetic as uaual access toa primary care provider, ete...| oniyburiedin the -6 Yes -6
and | think she is moving less. vou can take her ta an urgent care. ‘| middle or at the
Whasn|put fier.om her tummy, If she has any signs of distress she St of [asponas.
she just kind of lays there needs immediate medical attention.
instead of picking her head and
chest up. Maybe because she is .
super constipated? ASREnEant
a " 22 e

o J7 0 @ : O

Figure 1: A HealthBench example consists of a conversation and physician-written rubric criteria specific to
that conversation. A model-based grader scores the response against each criterion.
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o ZHEEINITFER: HealthBench fEA—IUEIENIE, WHET 5,000 NREARFRNELETIHS

XiE, B 262 BKE 26 MFIL. 60 MEZRE

REES SR, 2EEMESEITL 7T 48,562 ME
FHT AR ENRR. XAET Al fUsiRE T RZ B2,

° MInIEEIMERSEEST: BISEEFE. RESEERUNAERBREERENGSILY, HRER
HRIEMERENRNCN T RENEEERES, AEERNRMRE. A SmS RS EEFEEE. BT,
BIFT4ESIANT HealthBench Consensus 5 HealthBench Hard B EFINER RGN IRE, EFEER
BURBE R BN S S MEESS TRYSERVKE,

o NIEEINESHHS: IEMIIGIE T RENS SEEND ZER—EI4HEE, 27T HealthBench ¥
MEERESH. B, EEIEIBIYEREY OpenAl TABMRIFN, HHET Al TEUAGERMEIZ
FRA,

EE S

Paper: https://arxiv.org/pdf/2505.08775
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Insights into DeepSeek-V3: Scaling Challenges and Reflections on

Hardware for Al Architectures

Chenggang Zhao, Chenggi Deng, Chong Ruan, Damai Dai, Huazuo Gao, Jiashi Li, Liyue Zhang, Panpan

Huang, Shangyan Zhou, Shirong Ma, Wenfeng Liang, Ying He, Yuging Wang, Yuxuan Liu, Y.X. Wei
DeepSeek-Al
Beijing, China

EENESHRE (LLM) R B, NERGREENTSE. ItEERNEIET RS ENEZ IR
Hz5ME. DeepSeek-V3 27E 2048 3 NVIDIA H800 GPU _Li)II5AMER, EiBid it BarEsitnmigit,
BRI T EIARIN, SEIL T AR TSR, RRAS)IGFIHEER. 183GFHH T T DeepSeek-V3/R1 BUIE
BN H Al BitiglE, RETZLEMEEEN (MLA) LUBAAEFIA. €xXEBE (Mok) ZRititES
SiEE¥E. FP8 REREIIGISIEEEEN, LIRS FEMNESIA N RERNET S EIHER. RS
HARMAYEE £, AREH S ESFFMUFIRT TR AR, SEEEEEEITERT. RET
REFHTES, RRERBEEMEEIHET, XERLOE TR SEEDERITEH EAHIERKA Al (5%
KPRREIER, A Al REREIFTIRM 7 STANSERIZ. DeepSeek-V3 B7R 7 SIRHNENRIT
IR AR Al REATH BRI, SIS EIREE ], BTN SR 2R RS R HISE A 1T
RIEE, IZBAR A Al BRI R RIERR T 75 1R), TERXS B S RFIRET KRy AL ESITRRHEXEE,

RN T SRR SRITEH T,
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Target Tokens  t, ty L, tg ty ts te ty ts tg ty tg
Cross-Entropy Loss Fm;—» s Lire Cross-Entropy Loss mzi» Ll Cross-Entropy Loss Fm!-' Lip
77777777777777777777777777777777777777 | I E———————— I I | —
' Main Model ! MTP Module 2 ! MTP Module 3

| (Next Token Prediction) | (Next* Token Prediction)

concatenation

concatenation
[ RMSNorm J[ RMSNorm
)

[
[
[ RMSNorm M RMSNorm ]
(

Transformer Block x L

1
1
1
! (
Output Head BFMJ f [ QOutput Head 5;15} ! Output Head EF}SI
[
Transformer Block ! Transformer Block Transformer Block
FP8 Mixed Precision : FP8 Mixed Precision FP8 Mixed Precision
i 1
Linear Projection HFJS} : Linear Projection BFIE] Linear Projection mﬁ}
concatenation [}
1
1
1

RMSNorm RMSNorm
FP32 FP3z)
I = i
Embedding Layer  geg6 :
1

FPs2 s P32 P32

3

=

r I
Embedding Layer 5,:,6] ! Embedding Layer sns]

1 1
i ;
i ;
1 1
1

i i
1 1
i : 1 !
] 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1

e o it ) DeepSeskMoaE [:] Routed Expert
[OOOO OOOOJ D Shared Expert

Output Hidden hy

Feed-Forward
B Multi-Head Latent Attention (MLA) Cached During Inference

FP8 Mixed Precision Output Hidden u, EOOOO OOOO]
T

BF16

[ Multi-Head Attention sm] = ol ~__BF16/LogFMT

1

Attention

kf

apply  apply
ROPE  RoPE

FP8 Mixed Precision

Figure 1: Basic architecture of DeepSeek-V3. Built upon DeepSeek-V2’s MLA and DeepSeekMoE, a Multi-Token Prediction
Module and FP8 mixed-precision training are introduced to enhance inference and training efficiency. The figure indicates the
precision used for computations in different parts of the architecture. All components take inputs and outputs in BF16.
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Dolphin: Document Image Parsing via Heterogeneous Anchor Prompting

Anonymous ACL submission

ZA3$RH Dolphin, —fETFSHRIRRAIFESGEEIGBTERL, ©XA "kothEEr el 8§
TR RO ENBRFNSEMETRENER, BRESESITERT, MAXEERH TUBTSITER
RE. ZEEEEEAEE 3000 SHAARUREHES L3 T4k, SLIUERR Dolphin fESFITUERFTRERE

MR ISIAR) SOTA 488, RRTEEERERIEMFATIG, ERESF ORI RIIE S RiER,

Page Text Paragraph Table Formula
[0.18, 0.09, 0.48, 0.18] : Figure
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e [0.49, 0.8, 051, 0.94] : Footnote Playout Pyaragraph Privie Piirugraph

Layout Element Groups
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Al Agents vs. Agentic AIl: A Conceptual
Taxonomy, Applications and Challenges

Ranjan Sapkota*}, Konstantinos I. Roumeliotis’, Manoj Karkee**
*Cornell University, Department of Biological and Environmental Engineering, USA
TUniversity of the Peloponnese, Department of Informatics and Telecommunications, Tripoli, Greece
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IZE4RATT Al Agents F1 Agentic Al T THEAIMERX S, IRETERUEIRES K. NAEELARTESH
BT NEETNA TR IEMTE X, 745 Al Agents FERA—FMER RS, iZRFH LLMs 1 LIMs
&z, EIRTIHEESHETML. B, XEEHEMTN Al Z Al Agents BIRIIK. /g, XIS Agentic Al
REZIEA— e E, EISESERAME. sIiESOR. JAICIZOEEE. BITIZeiEE.
BAFVH). REXFSMBEEKFRFEATEE, XENHMSEHT THROH, ARt T eliEERsds.
REFME. TBRAMESFRENINA. &5, XERI TRERSPE, W05, Jesstt. B T/ar0imiE
KW, FHEHT ReActfE3A, RAG, ERBRFHIIMMRSE, EEATIAGRE. T REAHRER ALK

NRGHRMHIREE.
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Al Agents

Autonomy  Task-Specificity = Reactivity

. Minimal human Narrow, well- Responding |
+ intervention defined tasks to changes .’

Fig. 4: Illustration of core characteristics of AI Agents autonomy, task-specificity, and reactivity for agent design and operational
behavior.
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Find a correspondence thing. Which furniture can deal Something that ensures

with the object in Image-1? the person to land safely.
1 =
INIVG-RI

Find imagel's object in image2.

Track the object in red bbox in the 1st image. Find the difference. Locate imagel in image2. Something protect ears.
r+\ Performance on MIG-Bench
' —~ Qwen2-VL | scissors (551,559),(615,663) @ l Evarin S5
Question
= Migician | 006062 |1 e 625
See the creative girl @ < : . | UniVG-RL 72.6
i Tripes1? Whiich Reasoning-Guided Grounding (Ours) i

<think> First, I need to identify the characteristics of the girl in Image-1. She Zero-shot Performance on 4 benchmarks
is creative and has paint on her hands and face. Next, 1 should look for an

object in Image-2 that reflects these characteristics. The workshop setting in Qwen2VL 34.0

object in Image-2
can best reflect her
characteristics
shown in Image-1?

Image-2 contains various tools and equipment, but the most relevant object
would be something that suggests creativity or artistic activity. The drawing

Find it and locate it on the wall seems to fit this description as it is a piece of artwork, which Miglclan 35:2
inthe i 2 Lt Wl | aligns with the girl's creative nature. </think> I i
In the Image-2. <answer> (483,0),(777,235) </answer> (Ours) 58.6

Figure 1: UniVG-R1 tackles a wide range of visual grounding tasks with complex and implicit
instructions. By combining GRPO training with a cold-start initialization, it effectively reasons
over instructions and visual inputs, significantly improving grounding performance. Our model
achieves state-of-the-art results on MIG-Bench and exhibits superior zero-shot performance on four
reasoning-guided grounding benchmarks with an average 23.4% improvement.
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o GIFItRES CoT SISSBRUFIRMEBRMEBERMMELR: UniVG-R1 EIFTBIESRETLENE (CoT) HUEHIT
RENEERE, SEERIEENRIEMMNE (GRPO) BUFIBES, XHFMBRIIGENBI-R %
BREKNESHEEEER. RIUESTHIEERM, EZRATHESER. £ LT 0= THIEREE

o REMEREIINEFRZRIENAENES : s HRPaUEI) G ETZZEBFEAESMER "EERE"
[, ASGRE T — MRS E RN E R RS, (2 RIBRES SRR AR, (BEREEXT

YEGI, MTIFFSERTHERIEN AR TRIMRE, BXRR T R IR,
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o EZEENi-PREIR SOTA a5 F#iZ{bEEN: UniVG-R1 AMXFE MIG-Bench ZEWGEMNEHE ESLH T
SOTA 488 (BBIRTT 9.1%) , BAE LISA-Grounding. LLMSeg-Grounding HZMEIGAARSTHEIRE(L
EENNFEYS 7Y 23 4% EETHAMREETT. XFDUER TS A R HeE R H. Bk
RN EREESEMES T EIERLE.

EE S

Paper: https://arxiv.org/pdf/2505.14231

EfficientLLM: Efficiency in Large Language Models

HHA

2025-05-20

EFFICIENTLLM: EFFICIENCY IN LARGE LANGUAGE MODELS

EVALUATION ON ARCHITECTURE PRETRAINING, FINE-TUNING, AND BIT-WIDTH QUANTIZATION

Zhengqing Yuan'* Weixiang Sun'* Yixin Liu®>* Huichi Zhou®* Rong Zhou?* Yiyang Li'
Zheyuan Zhang' Wei Song' Yue Huang' Haolong Jia® Keerthiram Murugesan®
Yu Wang® Lifang He? Jianfeng Gao’ Lichao Sun’? Yanfang Ye'

'University of Notre Dame “Lehigh University “Imperial College London
4Rutgers University °International Business Machines Corporation (IBM)
SUniversity of Illinois Chicago "Microsoft Research

O https://dlyuangod.github.io/EfficientLLM/
& https://huggingface.co/Tyrannosaurus/EfficientLLM


https://arxiv.org/pdf/2505.14231
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IZARS I EfficientLLM Eiff, ENRIIABIESHEE (LLMs) RUERHT T EMR. WmENRAISSERT.

SRECDEMITI) 145, MARHEE=XMERE, TEFRERH LI TEY 100 MEELSKARES (0.5B-72BZ

) . ARXAVIRGEAAR, BETTENAR. BSER, HIRMME, IR AR RS VRIER

MMREISIR, SEEN 7 ERMHENE., ER-FUEFESKMA, UAMERE: MRIMWFEENNE, £

BERMLE, RMBKETESSWE, SAEARESER ZERM. EfficdentlLM BEFFEGES

ITHMEREAAE T, AFEARS TSRS | T —AEMRERR- R RIR 4 7 XiEiEm.

> EFFICIENTLLM

Efficiency Assessment

Average Memory
Utilization

Peak Compute
Utilization

Average
Latency

Average
Throughput

Average Energy
Consumption

Model
Compression Rate

Figure 1: Overview of the EfficientL. LM framework.

Technique Data Model
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_________________ Arcitecwre Efcensy | [ (e’ ) OQ
+ Efficient attention : Sparse modeling via MoEs '" D cepSeek-R1 &
- Efficient positional encoding - Attention-free sequence modeling
wen 2.5
Data Efficiency Inference Efficiency Code Ve .—I.mage e m @
+ Data quality and filtering - Model compression é o_‘“ o
- Curriculum learning - Algorithm-Level optimizations — | ]
- Data augmentation - System-Level optimizations " \
Question- Text Commands/ (l
Training and Tuning Efficiency Budget Efficiency Answering Generation N '
_________ | L L LT e = o= istra HI
* Scalable training - Scaling behavior and power laws B £
+ Parameter-Efficient Fine-Tuning - Compute-optimal model scaling AE —=

Stable
Diffusion 3.5 S °
&
wi
Intern-VL-3 | W !,?
Qwen-VL 2.5 @

LLaVA 1.5 I@
Ve

QvQ-72B
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>k
=
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o HE/EMIRIRSIRAZFEE: EfficentlLM 2B LLM EHITAMUE (88 100 MRE-KARY) | imE)
ImRSCUERARAVEE, BTG, MBEESEESRE, FE T IERAFSEEHEN=A.

o ZHENSHRERNR: XA/ KERBHERR (RF. IHE. R, FIHE. 8. FHX) , #E7R
SR LR T AERERRARIE WS, (ESSEREE, DIRBRSEARIEEL.

o FiFMREESSERIES|: BITIREUESR. IHMERERAHTE, MEARS T FIRH THEELRRERMG Nk

A LLM ERRENERSE, IIE F—RASEMREA A SN,

K HEE

Paper: https://arxiv.org/pdf/2505.13840

Pixel Reasoner: Incentivizing Pixel-Space Reasoning with Curiosity-Driven Reinforcement Learning
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Pixel Reasoner: Incentivizing Pixel-Space Reasoning
with Curiosity-Driven Reinforcement Learning

Alex Su®¥; Haozhe Wang®“ ; Weiming Ren” ', Fangzhen Lin®, Wenhu Chen®?
University of Waterloo”, HKUST®, USTC®, Vector Institute
Project Page: https://tiger-ai-lab.github.io/Pixel-Reasoner/


https://arxiv.org/pdf/2505.13840

RUSHEE R T ABUESEE (LLMs) pItteE, BENA—ERRTXA=TE, REl7TERTES
BUESHRIRIEE. ABRILEER, 3G INGETEHEERS, MFATESEE (VLMs) —EMnHEEg
fE (WN4ark. &) , (FEEEENE. FNaMERIIHE, NMmEelnESiEaRRERE, A, 55
VLMs fY{G &= AR R D EIMEE IR RE D A EF ISR AR ERIB R, A SO@IT RN ER) 14573 A NN

XEkhY: B ASRIEEIEHTIESH0E, REAENIINTEE, e, XAETFEORaR
BINERERMAFS (RL) MER, HEGERTEHEESNAEEANRZR. LR, ZPE8&ERT VIM &
SRR E FRYMRE, 7B 18! Pixel-Reasoner 7£ V* bench, TallyQA-Complex #1 InfographicsVQA

9B T SOTA FHRIRELZRIA,

Pixel Reasoner The Learning Trap

This image shows a desk setup where ...

Qibestionis Wheee i iy a o Iike The question asks for a mug. It is likely located

=
L

* Standard RL renders the policy

on the table, so | will look closer at ... to bypass Pixel-Space Reasoning.

this based on its logo?

Warm->5tart Instruction Tuning
* lays the foundation for effectively
———

using visual operations.

The mug is on the right upper corner.

| need to look closer at the logo on it. Curiosity-Driven RL encourages
'y '5 the exploration and practice of
@ eAnswer: This mug is from \boxed{Starbucks]. Pixel-Space Reasoning.
=

Figure 1: Illustration of Pixel Reasoner. When asked a visually-rich Figure 2: The Learning Trap.
question, Pixel-Reasoner first inspects the visual inputs. Then it itera- OUr al')proach'combm‘cs 4'wari=
tively refines its understanding and evolve its reasoning by leveraging visual Start instruction tuning phase
operations, such as ZOOM-IN for images and SELECT-FRAMES for videos, and Cl]l‘lOSlt}’-dl’lVCl‘! RL phase to
ultimately arriving at a conclusion. overcome the learning trap.
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o HEUKESSEHEIEBIL: Pixel-Reasoner ENRIBLASLI Y "GRET(AHEE" (pixel-space reasoning) 1}
Do ZWERAMFMITESEE, (VLMs) BERANREMALRITH "M@ . "Eil” FENeen, 11
TEGRERRER (IR T AT ENER, 21858 r RIS RaREERMR BT R REE,

o GUFRAYPRRAERIISREREESER “FEIERR" | NEUEFGERT RN, ASORTH TIRSHRMNER) 14573
%, B—MREIL SRR TIE ST, EEEMTEER, B MERNRABEFE ORI ES
IS EHRRT RIS X AHEIRZR, BIN5IR T REEReE A& miRE T "Rid” Sl e "=
SIBeEpH" .

o ESNMATHEIREE FEVS SOTA FiFiEsE: ETF Qwen2.5-VL-7B #952HY Pixel-Reasoner t&8Y, £ V*
bench (84%). TallyQA-Complex (74%) #1 InfographicsVQA (84%) &M EERUEIREE YT
187 BREANREFRERMEE, EERW T —LEERE, ROWIE JERET EHERERNEGIENST

K HEE

Paper: https://arxiv.org/pdf/2505.15966
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R&D-Agent-Quant: A Multi-Agent Framework for Data-Centric Factors and Model Joint Optimization

HH
2025-05-21
R&D-Agent-Quant: A Multi-Agent Framework for
Data-Centric Factors and Model Joint Optimization
Yuante Li'; Xu Yang?, Xiao Yang?,
Minrui Xu?; Xisen Wang*; Weiqing Liu?] Jiang Bian’
! Tongji University, > Microsoft Research Asia
3 Hong Kong University of Science and Technology, 4 University of Oxford
{v-yuanteli, xuyangl, xiao.yang}@microsoft.com
{v-minruixu, v-xisenwang, weiqing.liu, jiang.bian}@microsoft.com
AERE

j2ti R&D-Agent for Quantitative Finance (RD-Agent(Q)), XE&EMELEFSEEAIMEIMHIRSE
B RIS SRR BNURIEERTOZERAMESE, RD-Agent(QBEETED AR MERMNER:
Research FiRENISIREBRSANER, ETEHCIRMERIRFMRGIZIRINMESS, Development fiERNIF!
PRSP ES REfR Co-STEER SEIMESSHFEND, FEEEHIZEHTEIN. XM MM RIBT RN TEE, %
T eEHMLEINER, FEISEEREESRITEENSRIEE, NMESEEIE. SDIFERERHA,

RD-Agent(QEESLHIAHRIMAT, HEXEREF-EEU TN ERIEFRIBIE L BIEUS T RIFFE.
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s . - /' ------Scenario Background------
o SPGCIfICﬂ"’IOH Unit Quantitative investment is a data-driven approach to asset management ...
------Source Dataset---—-
Background > Data > Format > Mechanism daily_pv.h5: HDF5 file with [$open, $close, $volume, ...]; indexed by ...

Dynamic Generation based on Output result.h5, a DataFrame with Multilndex and one column named ...
Downstream Unit and Action  \ ___ Workflow Mechanism-—-

Qlib trains a model using past factor values to predict future returns, ...

® Synthesis Unit a —
Hypothesis @) [ Area 1 Idea 2
Generation @ nd j Area 1-1 00006> Tasks
Idea 3

Proposed
Tdeas Knowledge Tree

Knowledge Forest

® Implementation Unit Merge With @ Validation Unit)

sy Factor Codes SOTA bockiiegh
Co-STEER %8 Factor/Model Pool in
Agent mm <> Model Code o Qlib
k N:JSOTA = {

( e
® Analysis Unit é@.} > Validation > Consistency > Performance > New Potential Idea > “(})f

. alkln :
Next Iteration %s E:gl %

Action Choosing Srateg
Performance

ot
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o EEIEIBRUSERUSIESR RD-Agent(Q), SCMENFELSIEEL: ZIERCIFRMHSENHARIHES
Research #1 Development IARIEIER, BESEREIRIME (WMCABEREREIR Co-STEER) FIZEZE
RS ISHNBENSEERE, K7 NEFERERENAUNNRENREME, BERT T HRNEEMRESE
RIEE,

o SCMEF-1EBAEIR, FTETRUAEE SIRIEIS M : RD-Agent( QB OETHEA S EF- RN H .
BRI ERE—IRT, MEE— N IRRIRRFEPSEREAIE SRR, MMEESSHIZN

ISREUS T i B F BEA e R RS R EELIU R R I, TR == FE R EEUS SR,

c
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o IRAEMHRMNTRRIESUSME: BRTIEEBEI Al BIU75E, RD-Agent(QEIEBRWANES S
. BTSRRI RIRAEE N ATIIERM IR, 1858 T BN ARIIEREREI AR . XAMNE

T AIRXEE, BASRENRIBRISREFINMRIHIRAL 7 IRSTETT,

EE S

Paper: https://arxiv.org/pdf/2505.15155

Github: https://github.com/microsoft/RD-Agent
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UAV-Flow Colosseo: A Real-World Benchmark for Flying-on-a-Word UAV Imitation Learning

HE

2025-05-21

3
£ UAV-Flow Colosseo: A Real-World Benchmark for
Flying-on-a-Word UAYV Imitation Learning

Xiangyu Wang'! *, Donglin Yang' *, Yue Liao?®*, Wenhao Zheng', Bin Dai*,
Wenjun Wu' 4, Hongsheng Li?, Si Liu! f
Institute of Artificial Intelligence, Beihang University
*National University of Singapore ~*MMLab, CUHK
“Hangzhou International Innovation Institute of Beihang University
{wangxiangyu0814,yangdonglin,liusi}@buaa.edu.cn,
*Equal contribution; TCorresponding author
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TN (VAV) [ERSERASEBHITES KBRS, EANRREREEMNEMN. LEREXAREE

RKETFTBEIMLFIKIEESH, MBANNIGEEEE T ZES5 | SHEA RIS —BRI T AT URES
SESPTEIER. RNRERITTH. BiMGX—adzts “HIRIE" (Flow) {£55, HFHRHETA
TRIGEIER—FIERRISE. EX—ERT, TANBTERGSREFRESESEIRNER VTR,

FIMMREAHEHISRE. AIFX—eR, BIWELRT UAV-Flow, XEEMEESTINERHHE SRR
RIETANIZERIEETE. ZEESRESEN. BN RENAMEEIESE. AIEREREH/ESR
DN BTRFMEHERIGEES. FABNRIHELTANBEESERDAX MTEREHRNG, FIFaEs

2, TEBRIMPEZIPISLZENELR. F7E UAV-Flow 77 KESLIE, XF VLN #1 VLA BT T EE
WK, ZERREF, VLAREYLT VLN BE, FEE T ZEEMEMALE Flow IREPRIXEIER. (IR,
XEEMNMEFTHEAME FSEIESF AT ATIZHIRT VLA REGRVESCHATE,

B . 2 — e 5 - {2 =
Ba FlyingonaWord . :.. o St

~ " Wide-Ranging Flight Skill Tasks

vavFtow

30K Real-World Episodes
10K Simulation Episodes
3 Large-Scale Campuses'

100+ Hours Recording Teleoperation & Annotation

@
A .
Pilot "'lg# Eﬂ ﬁ Manual
operate | | - review
S~ - |

Figure 1: Overview of our UAV-Flow benchmark. It consists of a large-scale real-world dataset
for language-conditioned UAV imitation learning, featuring multiple UAV platforms, diverse en-
vironments, and a wide range of fine-grained flight skill tasks. To enable systematic experimental
analysis under the Flow task setting, we additionally provide a simulation-based evaluation protocol
and deploy VLA models on real UAVs. To the best of our knowledge, this is the first real-world
deployment of VLA models for language-guided UAV control in open environments.
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o SUFHRELEFESHRETZANUEENESS : TR T ERTAINIKEE N EEESIVESHIBIR,
BXRET "ES5ISHRETANIZS" | BETTANEESYRTFR VT ERTERE XAEESH
17880, XAEIEERE. BRNANRZRET AN EEE T E,

o EHEIEXIMETRHESIEBTANEURELE UAV-Flow: SLIAXSETHENSIERES AR, AXEI#E
TENTHEESFMTANRGEINESLHF RS UAV-Flow, BESHUAER, BT KFRE
IESIESIT YT, RREHIERTIES. ARHEHFNSESER, KNIBREAEIERISTRMSIZItIL.

o REMSENIHERREFINAESRE: RETHE-TAVUNEHIRER, BRT AEE CH RIS, 45
BITESEHNEITN, 23 7 MEREEMZFEREIESE(VLAERN RS E L, LRERE

IEY VLA 75 A RIS AERE T EAIME, NEANERICRRIRH T ESTHIRASE,

K HEE

Paper: https://www.arxiv.org/pdf/2505.15725

Github: https://prince687028.github.io/UAV-Flow
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MMabDA: Multimodal Large Diffusion Language Models
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MMaDA: Multimodal Large Diffusion Language Models

Ling Yang!'*i, Ye Tian?>*, Bowen Li?, Xinchen Zhang?®,
Ke Shen?, Yunhai Tong?, Mengdi Wang'
!Princeton University 2Peking University *Tsinghua University “‘ByteDance Seed

*Equal Contribution

IZA55|IN MMaDA, —FeIFTRISIRET sEEARE,, SESSIEN AR, SESIERNL N EERI=
HttaE, EOET=ASE: —BIESHRNG—T S0/, XBHAFEMERAT, “RREIKE4EE(CoT)
iR, gt— CoT RzlLUBHBRSHEE, =BT/ EREIITRIS—8(tFIEL UniGRPO, &5
FEARED, SEIGIUESE, MMaDA-8B S IE AN HiEEl 740 LLaMA-3-7B Feii&R, BERSTH—I

BRI |14 SR ERERIRIEISE, IR AR IR M T R E HESE,
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Task 1: Textual Reasoning
Question:
Given that i
tanf = 2
where B is an angle, determine the
exact value of the following

expression:

sin B — 3 sin B cosf + 4 cos? B

Answers from Other Models

®

Show-o, Emu3 and Janus Pro 7B
do not support this task.

Answer from MMaDA
<think>
To find the value of (sin? B — 3 sin B cos B + 4 cos? B) given that
tan B = 1/2, we can follow these steps:
1. **Express sin f§ and cos f **
sinf = tanf //1 + tan2 § = (1/2)//1+ (1/2)2 = 1/35
cosB=1/y1+tan?p = 2/V5
2. **Calculate each term:** 5
sin? B = (1/¥5) = 1/5
3sinBcosB =3 (1/V5)- (2/V5) =3-(2/5) = 6/5
2
4cos?B=4(2/V5) =4-(4/5) = 16/5
3. **Substitute and simplify:**
sin? B — 3sinfBcosB+4cos?B=1/5—-6/5+16/5=
Final Answer: 11/5
</think>
The exact value is 11/5.

11/5

Task 2: Multimodal Reasoning

Question:

In the diagram provided, lines AB
and CD are parallel. The line EF
intersects AB at point E and CD at
point F. From point E, a
perpendicular EG is drawn to EF,
meeting CD at point G. Given that
angle 1 is 52 degrees, what is the
measure of angle 27

Answers from Other Models

Show-o:
Angle 2 measures 52 degrees.

Emu3: x

Angle 2 is equal to angle 1 due to the parallel lines
AB and CD. Since angle 1 measures 52 degrees,
angle 2 also measures 52 degrees. x

Janus Pro 7B:

Since line AB is parallel to line CD, corresponding
angles are equal. Therefore, angle 1 and angle 2 are
equal.

Since angle 1 measures 52 degrees, angle 2 also

measures 52 degrees.
The answer is: 52 x

Answer from MMaDA

<think>
To determine the measure of angle 2, we need to analyze the
given information and use the properties of parallel lines and
perpendicularity.
1. **Identify the given information:**

- Line AB is parallel to line CD.

- Points E and F are the intersections of line EF with lines AB
and CD respectively.

- Line EG is perpendicular to line EF, with point E as the foot of
the perpendicular.

- Line EG intersects line CD at point G.

- Angle 1 measures 52 degrees.
2. **Understand the relationship between the angles:**

- Since EG is perpendicular to EF, angle FEG is 90 degrees.

- Therefore, angle 2 + angle 1 =90 degrees.
3. **Determine the measure of angle 2:%*

- Angle 2 = 90 degrees - 52 degrees = 38 degrees.

So, the measure of angle 2 is [38]
</think>
The measure of angle 2 is 38 degrees.

Task 3: World Knowledge-Aware
Text-to-Image Generation

Prompt:
The most popular kind of animal
among the people of [stanbul.

Images from Other Models
Emu3

Show-o Janus Pro 7B

CoT and Image from MMaDA

<think>

The description states that the most
popular animal among the people of
Istanbul is the cat. This is because cats
are a popular animal for companionship
and people in the city.

</think>

A close-up of a cat with a light brown
and white fur pattern.

Figure 1 Qualitative comparison across three tasks (more results in appendix C and appendix D.).
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Paper: https://arxiv.org/pdf/2505.15809

Code: https://github.com/Gen-Verse/MMaDA
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NovelSeek: When Agent Becomes the Scientist - Building Closed-Loop System from Hypothesis to

Verification
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NOVELSEEK: When Agent Becomes the Scientist — Building
Closed-Loop System from Hypothesis to Verification

NovelSeek Team, Shanghai Artificial Intelligence Laboratory

.$‘https://alpha-innovator.github.io/NovelSeek—project—page
) https://github.com/Alpha-Innovator/NovelSeek
% https://huggingface.co/U4R/NovelSeek

AANET NOVELSEEK, —ME—HIITRRSEREMESE, EEEZMRIFMBHITEERZMR (ASR),
NOVELSEEK FZUMUBETHAY B, REMMRER, ZIEZRGEEAE 12 FARRRIRIZMARES, 78
EEHCRIBER. ANRZRERIR. EERZETRR ST SHIT, B8RRI AR saIERR
ik, SLHRZREA, NOVELSEEK TERFF=ZRFTN. 38 FEMTRNAN 2D BN D EIEESH, ERTELE

RS T BERIMRERETT, BRERANERTALHAR. (TR 7 EXNBIIEL, S ASR SRR
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(c Moleculur- Dynamics

Reaction Yield Prediction

£
<

Time Series Forecasting

Power Flow Estimation
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Support AI Tasks
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3D Classification MLLM Finetuning

| AB is a diameter, AC=8

A B inches, and BC=15 inches.

| Find the radius of the
c circle.

Answer:

| a2 -82 +15% = 64 + 225 = 289, AB = /289
= 17 inches. radius = AB/2 = 17/2 = 8.5 inches.

I Jlike life , is n't much fun 1|
I 'without the highs and lows .
I -------------------- ol

Figure 1: NOVELSEEK can support 12 types of scientific research tasks ranging from the Al
field to the science field, including reaction yield prediction, molecular dynamics, power
flow estimation, time series forecasting, transcription prediction, enhancer activity predic-
tion, sentiment classification, 2D image classification, 3D point classification, 2D semantic
segmentation, 3D autonomous driving, large vision-language model fine-tuning.
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o F—MAMAIEERIZFMT (ASR) SERHUSIESR: NOVELSEEK EOIMEMBIEE T — M “BIEZIIGE" A%
FimIRSEREARRS. ZRREL T ERHUREEN. AMNRERIR, BEE5RCHEN SR SLIa]
SHATIIAZOEIR, SCI 7 HBANMRHTRENSEB L.

o EMHAIRI RIESFMIERE: ZERCERNRITN. £Fa0H%F. HEFFIFINSE 12 HiEs Al 58
FFNESIRARIES PEEIOIE, SLINEERTR, NOVELSEEK AMYNEER AR IFTIHERIAFH B EEN A
YT, RS MES LEEEHELARENYRE, PIINERNRTUESS, XA 12 \aJRISEH
HERERIEIRTT.

o SRAANMIMESBBEL: NOVELSEEK 53R T REXNAHE, SIFAREREREERFRERTIRM
[iR, ST SUSAMRRITCAE SRk, EEEZERIIMENBaICEIRMEI ST, ZESRREBLIT(R

TALHRIIBSEND, SRUEECFEOIERRE, EEINERFEAIHE.
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Paper: https://arxiv.org/pdf/2505.16938
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Reinforcement Learning for Reasoning in Large
Language Models with One Training Example

Yiping Wang! ' *  Qing Yang®  Zhiyuan Zeng'  Liliang Ren®  Liyuan Liun?
Baolin Peng* Hao Cheng* Xuehai He! Kuan Wang® Jianfeng Gao®

Weizhu Chen? Shuohang Wang* 1 Simon Shaolei Du' 7 Yelong Shen”

' University of Washington “University of Southern California *Microsoft
AUniversity of California, Santa Cruz  *Georgia Institute of Technology



48

RFERR, (XER—RABTAIIRIERMAVGECFS) (1-shot RLVR) HUEIABZRAKIESRERY
RS, ERAISHTHEA)I4 A RLVR ABIBSE, g0, 4§ 1-shot RLVR AT Qwen2.5-Math-1.5B
RERT, (NE—MIEGEARHEEE MATH500 £0E5_ERIMREM 36.0%IRFE] 73.6%, FEANENEFHE
BEVERITIIREGM 17.6%1REZ] 35.7%, X—3ERSfERA 1.2k DeepScaleR FESZIRIZER (MATHS500:
73.6%, YHIRER: 35.9%) BE, H—EH, (XEFRMIIGREERTIBAEE DRpER. tsh, AERE (40
Qwen2.5-Math-7B. Llama3.2-3B-Instruct 1 DeepSeek-R1-Distill-Qwen-1.5B) . Z# RL&jx (GRPO
M PPO) . LARSFMEFRIIIRMEBSRURNEERN (FER—RAIERRT % 30%M1A /T MATH500
MaEEm) . D)IIERIES, BWERRENEREZN. BRRBREREFR "FRiginzi” SR, Bl
MRS 1B RIS ERT, H—DUERER NE BRIR R A TR R R HEERE D, ARIER
I 1-shot RLVR BYJIERRERRTRIBBERK, XEHES "grokking” MREXDFR, FRAGESIA
BIRARRECIHREATHRIEZ(EA(ER. Hla0, MIMNBIRK, AEEREIER, #AIE Qwen2.5-Math-1.5B
£ MATH500 ERYZRIURTT 27.4%. 51, IIEREIVMIE. S ERMERRELSERIAR BT T DH.
ERFrE RIS 7 EMEEERAIHEERE, LUIRBMIEEAWES)ISEUETE RLVR hVEEE, BEITH#

%R T RLVR RSN BIRIH—ER.

MATH 500 (avg@1) 7% Average on 6 benchmarks
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3501 b Wﬂwkb‘aﬁw
¥ T J LT\
70 ok A\ g W‘w '-,\, '\‘.\1 A/
g6 = i LW N
g : #3001 | A AT «
601 L) f NS Y
oy : & it A M
© 554 \ i T . e
E | V 1.2k DSR-sub 3 o5 W - 1.2k DSR-sub
Y 501 T --—- 7.5k MATH train set g Wl -~ 7.5k MATH train set
asl il 2 shot {my, ms) 22574 —— 2 shot {m, m3}
am :J —— 1shot {ms} 2004 | —— 1shot {m;s}
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Figure 1: RLVR with 1 example (green) can perform as well as using datasets with thousands of
examples (blue). Left/Right corresponds to MATH500/Average performance on 6 mathematical rea-
soning benchmarks (MATH500, AIME24, AMC23, Minerva Math, OlympiadBench, and AIME25).
Base model is Qwen2.5-Math-1.5B. 7, and 3 are examples defined by Eqn. 2 and detailed in Tab. 2,
and they are from the 1.2k DeepScalerR subset (DSR-sub). Setup details are in Sec. 3.1. We find that
RLVR with | example {3} (35.7%) performs close to that with 1.2k DSR-sub (35.9%), and RLVR
with 2 examples {7, m3} (36.6%) even performs better than RLVR with DSR-sub and as well as
using 7.5k MATH train dataset (36.7%). Detailed results are in Fig. 6 in Appendix C.1.1. Additional

results for non-mathematical reasoning tasks are in Tab. 1.
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Paper: https://arxiv.org/pdf/2504.20571

Github: https://github.com/ypwang61/0One-Shot-RLVR
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Chain-of-Zoom: Extreme Super-Resolution via Scale
Autoregression and Preference Alignment
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SEITHE. A3GRE Chain-of-Zoom (CoZ) HEZRLABRICATY R, CoZ B—NSHEELTTRAYESR,
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IERIEAE (GRPO) S53HE VLM #HTHE, EXAIBSSARREIITT. Lk, SFE CoZ hryinE

A {5161 SR HBLREESOINERIT 256 (FRIMCK, FHRFSRAREMRERE.



Figure 1: Extreme super-resolution of photorealistic images by CoZ with up to 64x magnification
(top) and 256x magnification (bottom). Fine details such as textures on a wall, wrinkles on a flag,
and leaf veins are clearly seen.
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IS DHEA—RPERERSHE R, ZERITFE) G AATIE SREZEE, BTERRK
SERERFRTEES, - 71545 SR REMDIGREZIMEBESRI TFRIARM, LI T EIX 256 &1L
LRI IRER K.

® SINSRERMNFIRTS GRPO [RIFXIFT: NFERSEMRA TIRERARNEE, CoZ EBNMENE
BRPEFBRRESER (VIM) S RERFN AR HTER, KEET, ZRER VIM B
I~ XRERIE (GRPO) RIFE VIM #4760, EEEMINNAESERE ARG, MMmBEL

R’ T RimtB D HERENRRNE MOE R AN TR SLRL.
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Paper: https://arxiv.org/pdf/2505.18600

Project: https://bryanswkim.github.io/chain-of-zoom

Code: https://github.com/bryanswkim/Chain-of-Zoom
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A5\ Tempest, —PMETRHRERNSEGTIER, BTBEFARIESER (LLM) LRI IU=R
., SIKERE—BOIIHERIBRBIARE, Tempest EE—RHETT R, DXFRRS/FI BRI G
o EMMEAIRIERR. BSESSZZING, Tempest RFMEBRZEARINNIEAEL EES, M
MEAMAIEERR. ZIERERXLIGERIGHE, FREEMINGEEN, BR7HMIMEENER
RS GRBENAYEIE. £ JailbreakBench HiES FRFAETR, Tempest FEERIRZHIZITHYY
GPT-3.5-turbo 1 GPT-4 ZBIXZEIT 100%F0 97%HIPINER, BEMTEHIEM Crescendo FEeEL, HE
HNEES. XIEZE RN 2P ESXNE PRI RIERH TRA, BRATHTRR

ZXERRENEETEMUNIER .

O partial compliance
O success
O refusal

Figure 1: Tempest’s tree search strategy showing parallel multi-turn attacks on a target language model. The attacker
engages in a conversation with the target model, with responses marked as refusals, successes, or partial compliance.
The framework adaptively explores promising attack paths based on model responses.
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Paper: https://arxiv.org/pdf/2503.10619
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Image Generation

~ remove

~— replace »~— style transfer ~— free-form
“d

Image Editing

Free-form Manipulation

A car made of small cars. He is surrounded by 2
the national flower m Coﬁ]iy“uiwf::i the&
sculpture that takes after
The model should generate an image where ?;VT:;O;;T:&:M: this lt)iesign?
numerous small cars are combined to form the shape
and structure of a larger car.
The refined prompt is: A highly detailed and creative th The user wants to replace the statue's think= The question_image shows a design of an octopus
image showcasing a large car composed entirely of surroundings with a scene full of cherry created by a child named Blake W. Torney, aged 10, titled
numerous small cars, meticulously arranged to blossoms, while keeping the main body of the "The Octopus.” The description mentions that the sculpture
replicate the shape and structure of a full-sized vehicle. statue unchanged. First, I have to make sure was made in 2008 by Dante Marioni, an American glass

The small cars are tightly interlocked, creating a the details of the statue, suc.h as muscle Jmes artist born in 1964, using blown and hot-: scquren' glass with
seamless and realistic facial expressions, and . applied bits. The sculpture is part...

exterior with accurate clothing folds, remain The question_text asks to display the

proportions and clear and complete. Next, sculpture that takes after this design. i

details, The setting is
neutral and clean,
with soft, diffused
lighting to emphasize
the intricacy of the
composition without
any distractions...

cherry blossom elements
need to be added around
the statue to make it :
conform to the setting of | -’gb
‘the national flower of 4
the country that invented
sushi’. The cherry
blossoms...

Based on the description, the final
answer image should feature the
actual glass sculpture created by
Dante Marioni, which reflects the
design of the child's drawing. The
sculpture should have a green body
with red tentacles, similar to the
child's depiction...

Generation & Editing w/ Thinking

left 30° right 30°

move forward move left move forward

Navigation
Rotation

Figure 1 Showcase of the versatile abilities of the BAGEL model.
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Paper: https://arxiv.org/pdf/2505.14683

Code: https://github.com/bytedance-seed/BAGEL

Model: https://huggingface.co/ByteDance-Seed/BAGEL-7B-MoT
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TN OpenAl, (FISIKE—, ZRRES 5 MERRERIK (REY. PPT, REFZUDAFEK)
51 MNBAEEER, AT MCP LIZFSHLEIERE, SEXNERAZWEASHENEERSRE,
NEemREEKRAFPFRuERM.

EE S

SERER: https://skywork.ai

FEE M : https://tiangong.cn

Hugging Face: https://mcp.so/server/skywork-super-agents/Skywork-ai

deep research agent fEZEFFYE: https://github.com/SkyworkAl/DeepResearchAgent-MCP
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Overall harmless Harmless response Harmless response
response rate rate: standard rate: extended
thinking thinking
Claude Opus 4 98.43% (= 0.30%) 97.92% (+ 0.40%) 98.94% (+ 0.26%)
Claude Opus 4 with | 98.76% (+ 0.27%) % (£ % 99.13% (+ 0.24%)
ASL-3 safeguards
Claude Sonnet 4 98.99% (+ 0.23%) 98.59% (+ 0.32%) 99.40% (+ 0.18%)
Claude Sonnet 3.7 98.96% (+ 0.22%) 98.27% (+ 0.35%) 99.65% (+ 0.13%)
ABRE

Anthropic ASk % TEHEHESHEEAESEE Claude Opus 4 5 Claude Sonnet 4 NEZFH. %

TRIFRTREPENN—FITEREME, SEFRNEERSEET BRI (RSP) THEEN. HEH

EEARBEN. XS (W0 "REEBHN ) . BEERhRRE, FERSINFRMTTHE (B, D&
ML) SIRSROEEIEALTE, RRT "B K. FERES CBRN, MELZENBERENITHE, &1

BBt T Opus 4 5 Sonnet 4 D3I Al &% 3 KF 2 it NERE,
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System Card: https://www-cdn.anthropic.com/6be99a52cb68eb70eb9572b4cafad13df32ed995.pdf
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s 3y ( Y
_‘ Stage 1 5 Stage 2
[ Base Models ]% Long-CoT Cold Start Reasoning RL
\ 1 \ 5

N
' ' ' '
Stage 3 - Stage 4 Qwen3-235B-A22B ]
Thinking Mode Fusion General RL | Qwen3-32B
Flagship Models ™ / ~ ~

Lightweight Models

\
, : o | s | Qwen3-30B-A3B
( Base Models H Strong-to-Weak Distillation 14B/8B/4B/1.7B/0.6B

Figure 1: Post-training pipeline of the Qwen3 series models.
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RENET Qwen RIKHISRFHTLR Qwen3, Qwen3 2—FKFI ETERTHERE. MRS IESREIRIREIE
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Paper: https://arxiv.org/pdf/2505.09388
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@ Scientist / Engineer

Prompt template Choice of existing
and configuration or custom LLMs

Initial program
Evaluation code with components
to evolve

— _— l _—

Program database | Best program

Distributed Controller Loop

parent_program, inspirations = database.sample()

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

child_program = apply diff(parent_program, diff)

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

g AlphaEvolve
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5 T AlphaEvolve FE(SICEIANUSET B RAM (WMEHERTULRAREE. BAINERERIRT.
LLM BSIIgrNE) ZERZERME. BE5IAEBRIZ, Alphabvolve FEEEFFIHT BRI USAIN 1B
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Paper:

https://storage.googleapis.com/deepmind-media/DeepMind.com/Blog/alphaevolve-a-gemini-powered-codi
ng-agent-for-designing-advanced-algorithms/AlphaEvolve.pdf
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(a) Cross-Layer Attention Pruning (b) Stabilized LayerNorm Pruning
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a S\ I | : KV Heads | | i
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Top-K Attention Groups in Keep-Prune Layer Pair () RMSNorm Absorption
Layeri R A S 1 e | Replace &
K | il mi (G e W | <11 VB o Sk a
®eeph || L T e WG T
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Attention Group from / L ‘ z ATIVEEN absarb
| I I Attention Group from
the Current Layer | Tl | ™
KV Headsl I | thie Next Liyer
| Il I
G R el

Figure 1: Conceptual overview of the Pangu Light methodology, illustrating its integrated approach that com-
bines importance-based structural pruning with novel weight re-initialization strategies (a)(b) and specialized
normalization layer optimization (c).
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MATH-500 Acc.

Qwen2.5-Math-7B Qwen2.5-7B Llama3.1-8B-Instruct Olmo2-7B
Significant gains from Significant gains from Gains from Gains from
any training signal most training signals informative signals ground truth only

Figure 1: MATH-500 accuracy after 150 steps of RLVR on various training signals. We show that
even “spurious rewards” (e.g., rewarding incorrect labels or with completely random rewards) can
yield strong MATH-500 gains on Qwen models. Notably, these reward signals do not work for other
models like Llama3.1-8B-Instruct and OLMo2-7B, which have different reasoning priors.
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Previous generation ; Current generation
i R,
1 3. Transformers
i ‘ ;
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@ﬁ)rmers \
S
l
| pe—— Hihpetrmance
Fig. 1| Previous and current generation of neural models for sequence additional components). The ‘Online’ oval is a way to remark that, in the literature
processing. The current generation of neural models (roughly since 2021) of the previous generation, online learning is mostly studied in the case of RNNs.
features a strong intersection between popular RNNs and transformers. These Similarly, the ‘Linear’ oval indicates that linear recurrent models, not frequent at
models are now sharing the same notions of ‘recurrence’, with a strong emphasis allinthe previous generation, are very common in the current one.

on linearity and state-space modelling (nonlinearity is introduced by other
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