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Calvin ABC-D ° Real-World Dexterous Hand

I 3. VPP fE{ EAENL AR PEREXT HE

% A BF 98 18 300 Yucheng Hu, Yanjiang Guo, Pengchao Wang, Xiaoyu Chen, Yen-Jen Wang, Jianke Zhang, Koushil
Steenath, Chaochao Lu, Jianyu Chen, "Video Prediction Policy: A Generalist Robot Policy with Predictive Visual Representations.”

ICML 2025.
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ZERHIFEIE S Jianke Zhang, Yanjiang Guo, Yucheng Hu, Xiaoyu Chen, Xiang Zhu, Jianyu Chen. "UP-VLA: A Unified

Understanding and Prediction Model for Embodied Agent." ICML 2025.
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MATH MATHS500 GSMS8k College Math OlympiadBench
pass@ 1 pass @64 pass@ 1 pass@1 pass@64 pass@1 pass@64

QWen2-7B-Instruct 53.18 59.92 85.67 22.13 25.13 20.65 24.98
SFT 55.98 61.04 84.76 24.74 26.86 21.03 25.38

DPO 57.24 63.44 85.90 31.64 35.72 20.88 25.83

PPO 58.70 61.98 88.47 35.72 38.44 21.82 24.54
REINFORCE++ 59.81 63.58 88.19 35.58 38.28 24.49 25.62
GRPO 59.89 62.92 88.07 35.02 37.09 23.85 25.72
StepDPO-HF 57.78 63.54 87.90 30.92 32.36 22.91 24.19
Ours-DPO 59.92 66.84 88.60 34.68 36.58 21.48 24.69
Ours-RL 61.08 68.20 88.70 35.77 40.10 25.88 27.31
MetaMath-Mistral 28.68 34.66 75.28 17.56 21.67 7.10 12.09
SFT 28.60 38.28 75.94 17.31 21.72 6.67 14.07

DPO 26.70 38.68 74.50 14.84 20.94 5.43 15.10

PPO 27.78 32.54 78.11 17.81 20.90 7.06 10.56
REINFORCE++ 30.33 34.38 78.19 18.32 20.98 7.85 9.87
GRPO 30.76 37.08 79.27 18.38 22.39 6.67 11.55

MCTS-DPO 29.92 37.44 77.53 17.85 20.84 6.57 11.68
Ours-RL 32.13 41.34 81.81 19.76 24.28 8.14 14.32
Llama3.1-8B-Instruct 49.96 70.33 85.97 28.11 37.34 16.34 34.47
SFT 50.72 64.96 86.37 30.03 39.10 16.89 34.41

DPO 50.36 71.54 86.68 27.39 36.77 15E7S: 36.29

PPO 50.50 65.18 85.06 26.38 34.22 15.75 28.39
REINFORCE++ 52.27 67.14 86.93 28.72 35.84 18.37 35.11
GRPO 51.22 71.00 86.58 28.04 37.82 15.41 34.37

Ours-RL 54.23 72.36 88.36 28.94 38.19 17.33 38.61
QWen2.5-7B-Instruct 75.30 79.62 91.89 40.41 44.48 36.00 41.77
SFT 75.17 80.33 92.27 41.09 44.39 38.12 41.23

DPO 75.03 76.97 92.06 40.57 44.78 38.23 42.76

GRPO 76.24 81.14 92.34 40.72 43.68 38.07 40.64

Ours-RL 76.74 85.16 93.02 41.12 44.18 39.70 43.21
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2 R IE 18 30 Jingyue Gao, Runji Lin, Keming Tu, Bowen Yu, Junyang Lin, Jianyu Chen. "MARGE: Improving Math

Reasoning for LLMs with Guided Exploration." ICML 2025.
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W BRMTSE18 3 - Ruigian Nai, Jiacheng You, Liu Cao, Hanchen Cui, Shiyuan Zhang, Huazhe Xu, Yang Gao. “Fine-Tuning

Hard-to-Simulate Objectives for Quadruped Locomotion: A Case Study on Total Power Saving” ICRA 2025,

Sim Policy Update

3N
Net Power Reduction

r : hard-to-sim factors + rewards

15% 8
7.5% v=0.5m/s
Real Dataset v=0.8m/s Measurement Model
0% v=1.1m/s
Iterat @
(available states, hard-to-sim factors) f: available states — hard-to-sim factors
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XFG, SRR T RS W A 0 U715 MindPainter),  EUHEF NS SN S5 AR 3R T I (B i
MindPainter I Z5 N5 5 2Eki#s (PBG) HINGERCHT BA) LABEITIN(E 5 A 4 RIS Rl Fefe, 2t — B IHBRIGAS Rl 22
B, BRORIE S ROEREERE . IR, 207N T 2 M mask SEE, SOHL TAER R E R TR, SURAPRER,
T T A RIS 5 T A s i LR SCE BRI B R

% i FWF 58 18 30 MindPainter: Efficient Brain-Conditioned Painting of Natural Images via Cross-Modal Self-Supervised

Learning. Muzhou Yu, Shuyun Lin, Hongwei Yan, Kaisheng Ma. AAAI, 2025

Stimulus (a) Pseudo Brain Signal Optimization (c) Model Inference

r 1 Brain  Real Brain Signal
% Encoding [y, /"4 e/ e - - SRSt >%
’ NCE Loss

<User Maskmg> |

1
1
B ¥ Pseudo Brain P Brain v Real Brain Slgnal
cup J Generator It I Adapter u u ) ]
Image CLIP . Brain Signal -
Embedding Pseudo Brain Signal Embedding
(b) Cross-Modal Self-Supervised Fine-Tuning Brain :
e % Adapter J l+N0|se
{ y <C> cLIP % Pseudo Brain o Al — Brain L = =}
J Generator U™ P Adapter m u & B
E— 4
Pseudo Brain ¥ <Condition> o8
<C> <Xy > <C> . <Conditign> -5
. i ) Signal - -
b

I|:><xt> . Difiusion _, 38
+Noise Model

<Inpaint Maskmg> <0u1pathaskmg> <Randnm Masking>

i
Multi-Mask Generation Policy " -> Reconstruction Loss Output

K 1: MindPainter I 2 5 H#E PR AR U0

K 2: AR TR RS g E LS
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o IR T 2 EMA NN 54y, TSR SR g 5. R IZRAE A TE b de, HT R

VB SUE SRR RO ERAEE . AEILERRE B, 3207 RS0 X U AN (55 A2t A TR, DA A T AR L 58,

R SIS S Z PRI T I B REE SRR LR AF o BRILLASN, 207 A RERIGIZACRE ST, FERUR A BRI DL N

few-shot learning {598 ] AT 2 A 45 = T i TR A 45 R
2R WF 5T 18 30 MindCustomer: Multi-Context Image Generation Blended with Brain Signal Muzhou Yu*, Shuyun Lin*,

Lei Ma, Bo Lei, and Kaisheng Ma Interational Conference on Machine Learning (ICML) 2025.

Overview of MindCustomer

Dual Contexts Generation

Visual Stimuli
. .

<

Image Context l

lext Context —T

Triplet Contexts Generation
lindCustomer

Image Context
[/

“Cyberpunk Style

K1

Image Context

MindCustomer

Image Context

MindCustomer

Image Context Image Context

“Change Material

_F /¢ -MindCustomer JRFEME Y 45 -image context 4 45 o
N

image-+text 2E N EEHR N4 few-shot learning 4= il 4

MindCustomer

MindCustomer

New Human Subject Few-Shot Generation

“Evening SKy with Grand Nebula

[ Visual Stimuli of

Shared Deep Layer

- -
Subject-wise Embeddings

Semantic Extractor |
x

SoftCLIP + MSE Loss

(1) Brain Representation Pre-training

@
‘

Reconstruction

Subj-n IBT -
Brain — Diffusion
e — P ——> Embedder — @ = = | —> e
Subj-n IBT Transfered Image Emb
~ Image Context ™MRI = = = =
1 (2) Diffusion Model Fine-tuning
I I\ U Opt
Transfered fMRI . ) Errboddor S
- e P T Diffusion
Subj-n Subj-n fMRI
Shallow Layer |  Shallow Layer | R S S Brain Emb
Embedder

(3) Brain Embedding Optimization

* ‘

Image Context

J

e —— Samlmmsd G
image Emb | o,

Brain Emb
- -
Text Emb (optional)

Text Flow

(4) Multi-modal Integration for Generation

ﬁ =
Fine-tuned
Diffusion N |
Image Flow T

Generation

¥ 2: MindCustomer JI| 255 HEFRFFEAE
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VFEPTRTEAR 1 T DOGlove, —FOTEUA I HIRRA I il SRS ERie FE RS % FER%E 21 AlEhE
e 5 B HEARGE SARAEST, A LR HER SR8 RIS F P SRR 1 e S s iR . Bt s AlE Bo & F
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SREAEFS B, VIR 2 >0 S o

Motion Capture Haptic+Force Feedback
21 DoFs 5 DoFs y

DOGlove Shadow Hand LEAP Hand

¢) In-Hand Rotation with Force-Based Extrinsic Dexterity

a) Teleoperation without Visual Input b) Regulating the Sauce Flow

RIGFREBAEAEM LG N LI RIOH R B R IV JT R BRI o JRT, 0 A8 SR R G0l T R &) 8
Mt a, I EB= 2R RCE R, PRGN ERAE SURRI M AR MR T B 2 AR S5 RURE 1o O T BIXT X 28
BRYE, BFFE41EE DOGlove, —FOTHATFUREA S filie KOS it FE RS . ST ERE 21 B RS,

5 Bl IS SRINRE S . RETERITIR, AIAERU N N ek, HAER AT LA 3D 4T EIEGR iR 7 25k

15, FEZHAFHAMET 5000 TTo

Ring Pinky Ring Pinky
Middle B =0 Middle e ] v ]
N @ X s
? _ -
Index e @ a
” - i L
> B Index
eie P = ha w & ==
e
L - - = DIP [Nie2] <»
DiP >
> Saag = &L =
N — > St PIP
MCP_B " a @
: -
MCP_ S > > MCP (B+S)
- ]
Thumb | Wrist_R Thumb @
s : = @
~ . ‘Wrist
- g &
o - - mMcP
e MCP e ™ (8+s)
v '
™5 v B=Bend (flexion-extensi on)
—— S Sl (sdduction-abdustion)
= R = Rotate (pronation—supination
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Shadow Hand Inspire Hand Allegro Hand
P T S o

AN

FEF P g, BFFS A P AR ISR P AR R EAL (BRI e S B5%) UK EE DOGlove i)

TIfve A IE DL T, X T TAHP) SRt 0B B 3R, Bl I S5 B TR ERE R AE R, Ao S G5 B TR R
SHF SR BE 2P, AR SCR AR A Wi e ey, AT AR A e S5t AT AR T S R E B (R BT S5

FISER S IR AT 55 58 B T o

b) Grasp the bottle without visual input <) Identify objects without visual input

WHEAE ] DOGlove EHAER T T, R&E ¥ 2N HARIFE G EMEF IR T TEIRE, FH 28R
GG 27 ST SR, B RSN ) SR i Eh %6 . DOGlove $248E T — R IR AL I IR AR 1 it SO e T &
ARG

1Z %S WF 98 18 C: Han Zhang, Songbo Hu, Zhecheng Yuan, Huazhe Xu, “DOGlove: Dexterous Manipulation with a

Low-Cost Open-Source Haptic Force Feedback Glove” , RSS 2025.
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VPRI HIR T DemoGen, —Fh T Hlas NERAVER & A /7% %0575 AT UG HHEANRS R SAS,
A AR R A RHR AR SIS R SR A LR XN TS BT B & e, BAESGED LAY AR
TR AN SRR, (UHR 220 i AJEREER SRS, DemoGen RIVRT AR SR Y e e & R AR
M) AN 25 B R AT RPN SRR o

"One-Shot" Imitation Versatile Skills & Platforms

Dexterous Hands  Deformable  Bimanual

1v BERS 2 [RZ AL R SRR 52
W EPEANE R SEIERTTE, ARSI Sz 25 AL RE TR LA A B0 E SRS 5 R s i — D S I o
AN

R RBE7R 1RSI LA A SKI ISt R s e R BRI A SR I FE IR Y RITHRAERE
T SR AR B DA B RE 7 BUR S A (AR KR B T S =S Iz A RE T, T aE i R ER Y
BRI FITT 52 o

(i

2. TPl NERVER 25 R A K
B EIRR A T2 AL M)A, B 5252 H A9 DemoGen J5 35 S BRI A S s 1, I R =g AE A it
SEMI, AR B IR EA s SRR E AR SE L s I R SR S R R - (RIS, VRO —Fh e Bl B A K

J7i%, DemoGen T TS AYAERRACE, AT Z AR EERT 7N B0, AT Al LLJT A LS T A i

3 MR A s, SR — 2 NSETR I ZRtilas AR 1SS
FEALAE A — 45 N SEBUR N IR BRI BRSNS , AT FE A K DemoGen MBI ZAECHINLER A5, B8 HUE

KN BERGF ENE, BT 7 RS ENLSER, 50k T DemoGen J7 A UM«
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Egocentric )
Observation o

Dex-Rollup Dex-Drill Dex-Coffee Bimanual
Manipulation

AN, IR |1 DI RESA i , DemoGen HEZL AT LU — 20 SZ RS RN HT AN TP 5 e f i) 0 A1 SMZ AL RE
AL SRR Zhengrong Xue, Shuying Deng, Zhenyang Chen, Yixuan Wang, Zhecheng Yuan, Huazhe Xu, “DemoGen:

Synthetic Demonstration Generation for Data-Efficient Visuomotor Policy Learning” , RSS 2025.

(a) Source Demo (c) Generated Demo
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] TR A AT 55 1Y LM 3KBIHIPY el ae A 35 il

B PY ENL s NS 2 REE TR — B REASRAL , ANASMEA T E BCRERIRAT , (BTN SRR R AT BT B )
RXEE AWML, Pz 2RI HEME ML TR, KN FPAES AU Z 2 ORISR L, &
FORMLE AR & RIGH IS S BREERE, RN 20 BATS . 2 MERPkR.

Mg, mREHFRARD T ESRINGAET RS, REMEHGESER (LLM) T el ArESs
Mk o R GE_EJEA 24 B LLM agent 4 A HERRASCER , 6045 TR SO - S0 RE AL LA FI S EALIE: ,
PIEPRE E SR 5 55 TR g oy SR LG AACRD, SEBUPHER. & MRy )2 ool TR 3R A 27 Tl 2k i
WaaATE B, HEW). BULuE. BURMISERE ARSNGB, ARCAE R 2RI AT LIS iR e He bk
AT~ ik B FEVRL eGSR M IS G 2055 , RGURIL B0 TEUA LLM 8732 3R 4027 5T U5 dE Y AR 36 (A5
IR 70%) , FFRREIEREAE/ MK CyberDog2 HLgs N ESEMZ BUESr, JRIR 1 2B REHRIR S BIZS BN SACIR DL
HIRES e XTI TARJRIR 1R SR FHLE AT 55 P E AN 24T 55 O REI T I3 70, DI AR B ZRplas A A

FRBEST T

AR WF ST 18 3 Yutao Ouyang, Jinhan Li, Yunfei Li, Zhongyu Li, Chao Yu, Koushil Sreenath, Yi Wu. Long-horizon

Locomotion and Manipulation on a Quadrupedal Robot with Large Language Models. IROS 2025.

= User: exit the office with the lights off

v
LLM reasoning RL controlling
M Semantic planner Motion planning:
Parameter calculator EESOREChial S O

</> Code generator

.\/‘ Control policies:
&N climb, stand,

A
@ Replanner _p Parameterized sit, hand_reach,..
= API calls
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FEEMN: R4
E R RN - W3 BT

N - PSS EHEERG AN T - WACHS AT B A XS EAEEY R TR (R TR
BN GAEWISAE T, s FRARGE KBNS — TR . & R3S B R BALE R S B RB AL S HIAE .
JE IV S G Y o LA AR e B2, HARRAMZ I BLE i IS el P S5 1 05 O0E 1
FEE LRI S HGH . 2R BRI —Fh ML, (QURIEZES). Wi LIS B MK/ FRoEsit, SHMER
Bty ARRER LRI A B T4

B REARSHRIME R Z — R T AR ERIBIIE A Bl A SR NRBLL 2, S iy A
LSRN EA . Ak, AN Y BOSROE B AR 4 S S AU E RO SR R B A IS Zh B T A, 45
PRI H A& MG A A B - SRR G LA . Bty TEYIZB B, MR S RIREAR M S 2 Sh L HE &
B2 —E—BUEM LY ; HERIBEE TR A BHTEE BE AT I R ASRSRAE, PRAE R R Hh B (A 7
BN S ZARIE R SRR — 2Tt

T AME ORI SR i B SRS UM A AE E . BUE TAESREE N F Sl TR Y i = B s i faf
B SRIAAT TR SUAR S AT - T3 o X T WA B2 AW i AR 58 L, SV S (i it (R s i 2 18 30, 08
Fils N5 o T SRR N TS B0 B W BB ATARRS BT 58 1N, BT T TR 5 WS S A5 o A ITEAE S S R AE 2 AP,
R TSR . B RN, BE R RE, IR SR e A TR IR, S T A TR L
(S S Y R

ZOREFSEIE 0 Wenkun He, Yun Liu, Ruitao Liu, and i Yi. "SyncDiff: Synchronized Motion Diffusion for Multi-Body

Human-Object Interaction Synthesis." In The 20th IEEE/CVF International Conference on Computer Vision (ICCV). 2025.
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LB, (HRE AL 515 XFT 5 B AR A X BB S T E B S S B A 55 18 B
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SLHG RN, RIGEAUAE R R T ERE , IR At RE AR s 3 & H AR AR BRI (TR ),
HAEZ PR FANAR AR LR A SRIZARE S BT sE it — L RAIE T R EE sk A AR Oh 5 S P T R 1k
JT R EH] o

WRCRITGEIE 3 Yitang Li, Mingxian Lin, Zhuo Lin, Yipeng Deng, Yue Cao, and Li Yi. "Learning Physics-Based Full-Body
Human Reaching and Grasping from Brief Walking References." In Proceedings of the IEEE/CVF Confetence on Computer Vision

and Pattern Recognition (CVPR), 2025.
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> @ ')
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LS |
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EIME SR AL NS E R REN 22 > R s, BRI - WIS SRR U5 % CAHMP REAE E 528 |
UG 20 14% MPERESR T. 1% 50K CORE4D YA S EEE [ 25 R HI HLas A, FFAEOT BENE I ZR T P S
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ZREBIFEIE S Yun Liu, Chengwen Zhang, Ruofan Xing, Bingda Tang, Bowen Yang, Li Yi, "CORE4D: A 4D Human-

Object-Human Interaction Dataset for Collaborative Object REatrangement”, CVPR 2025.
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NSRBI G Zifan Wang, Ziqging Chen, Junyu Chen, Jilong Wang, Yuxin Yang, Yunze Liu, Xueyi Liu, He Wang, Li Yi.
"MobileH2R: Learning Generalizable Human to Mobile Robot Handover Exclusively from Scalable and Diverse Synthetic Data." In

The Forty-First IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). 2025.
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NSRBI G Wang, Shengjie, Jiacheng You, Yihang Hu, Jiongye Li, and Yang Gao. "SKIL: Semantic Keypoint Imitation

Learning for Generalizable Data-efficient Manipulation." RSS 2025.
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ZNSRFFTI8 3 Suning Huang, Zheyu Zhang, Tianhai Liang, Yihan Xu, Zhehao Kou, Chenhao Lu, Guowei Xu, Zhengrong
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Algorithm Testing performance 1ID generalization
Order T Distance |(km) | Order T Distance |(km)
Our Algorithm RLD3 237.2+34 7.0+13 2340+39 7.0+13
.. . VPS [17 232.1+£5.7 37.8+7.7 229.1+£58 38.2+7.6
Taxi-dispatch Algorithm Deep[-di]spatch [23] 230323 155+24 229023 151+23
DDPG [22] 186.9 +£5.2 27.8+3.0 183.1+5.5 27.9+3.1
DRL-based MADDPG [25] 215.7+£3.7 29.6£0.6 212.0£4.4 30.2+0.5
MADDPG-RND (3] 228.6 £3.5 653 +0.7 224.0+£3.7 663 +0.9
MAMFRL [39] 2243 +£3.7 343+53 221.1+£4.8 349+55
MAPPO [40] 229.0+3.5 63.1+0.8 2254+45 61.4+10.1
S Mpyopic-dispatch 229.8 73.2 228.8 73.1
Optimization-based M?;ogic-disgatch with PO | 225.4 20.1 2218 203

M2 BT TR EIERSOR I
SEBG BTN T A2 T B R A O ELEAEE . 455 R RLD3 61T B IR 55 30K SR sh & vt 7 T KBS 4R 7T
RO BAIAE =5 T8+ 43 LA R 388 55 S50 A GBS R R RE T, 7 138 AR e h Al e HURE A I 5 A 7
9, WERER T A ZUNE R A AR . AE9 ISR, Ik I MUV, BEE REMEY K, Bin]
B 2 PR BRI S
RS 18 3 Jiaxuan Jiang, Ling Pan, Lin Zhou, Longbo Huang, and Zhixuan Fang, “Tackling Sparsity in Designated
Driver Dispatch with Multi-Agent Reinforcement Learning” , Proceedings of the 24th International Conference on Autonomous

Agents and Multi-Agent Systems (AAMAS), May 2025.
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RIS Junning Shao, Siwei Wang, and Zhixuan Fang, “Learning with Limited Shared Information in Multi-agent

Multi-armed Bandit” , Proceedings of the 24th International Conference on Autonomous Agents and Multi-Agent Systems (AAMAS),

May 2025.
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2025.
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(a) Input (b) Pre-processing (c) Optimization

Surfacial

Volumetric Topology Representation

(Optional)

e
Lo
Gaussian | Splatting

Refinement & Filling
N g

g

g

5 &
=z g

Loss

1 BRI

MR T BATREEE T — D EARER, R T T 0TI R RSSO 55 SR B i R A Rt
AR ST AL B R FE AN R Pt (FEEEET 3D #TEI% ), ST MR TR . S5 BN, Ahianr
FEHTT 53 B LE PGSR (PSS IOE R 5.26 f5F1 4.81 £, I Gaussian Surfels PR 1.28 fo SUEIRIS, FHEAAFIEAHM
PN BT AR T T 2.33 f5. 2.5 {5 2.55 15 . FEAEATFSALE H A — 450 3D FTH1, LS IESE PRl gl 471k
BE RGN PSS FOIE & — RENHRL SR, 2B LREAE 2 Fa A ST N RUE LA

ZEERAFSEE S0 Xiong X, Hu C, Lin C, et al. TopoGaussian: Inferring Internal Topology Structures from Visual Clues[C]//

The Thirteenth International Conference on Learning Representations.
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A SRR
FEERA: REMRA
AR M AL S T B S B R (LSPO)
KRINE SR (LLM) 3RS B sET SR AR A 16 5 2 SR S L P 5 EUS T a3 . 2R, it
BB N HTIRARZEBRIES N2 e EZe i BBk, X2 B X S ZRBE BRI PR RE ), UK H
IR IE S H. FT RFTEE/ME (CPR) isgth2z>) (RL) LSS 7 k@ i iE LahtEas |, FibA

T SO SR A3 IR TR A A T 5 A5 i SRR Fr) R RE (AR S S2 AT [T A (i 2250 T, ELAPAE B 1R =5 ) 2

N1 H
AR A
ReAct SLA LSPO Iter. 1 LSPO lter. 2 LSPO Iter. 3
0.6-053
0.4 0.29 0.330.330.33 0.330.330.33 0.330.330.33
e | i | I | ¥ | 02 02 02 02 02
) 0.020.02 00 0 o ‘N B ] R
R J S Sp L R P HI ‘\;: L I-{ -I’ S Sp L U‘. P s ‘;;' L R P S. Sp L
exp. = 0.39 exp. = 0.33 exp. = 0.33 exp. = 0.33 exp. = 0.00

P 1. B AR BE (A A ] Ml A B 2 T 7 2 A R A [

N R LR, REAT AL TSRS AR (Latent Space Policy Optimization, LSPO) Hi%, fiftk
IR FOAAERN B ATE S 2B REREGE . BRI AU GEAAEIX S T IRAE 55 A7 A2 [ A (i JeF A 304 23 [ 2 1
[AlE, BT GO R SRR ka6, 500 B AATE S MuE 2B 00 SRmk b s ), (6 e BRI AL SR G
SR R I P SR e [ B SR 5, Rl B AL (DPO) A3 LEM. I AEX BB Bz A ) 2%k AX
LSPO i REARAS LA AL fE THH SR HEFL S 1H 5 58 HAE 1o AR AR SEIR S5 SRR, WHFE N R I T IEAE R O A
SO BT RG , REREFRTHE RERRIL, JPHBE AR AR GEK, om tHHAR B ARG S 2 8 R ZE Py sE
LSPO REfBHE i KBIUAE F SRR 5 2 8 REAR AR T Y TS RE

RSB Zelai Xu, Wanjun Gu, Chao Yu, Yi Wu, Yu Wang, “Learning Strategic Language Agents in the Werewolf

Game with Tterative Latent Space Policy Optimization” , ICML 2025.

Werewolf's Latent Space Seer's Latent Space

Iter. 1 Iter. 2 Iter. 3 Iter. 1 Iter. 2 Iter. 3

4 2. LSPO ' REMR It 15 AR B INdy™ f sh VR 2 ) I A BT S

‘Win Rate ReAct ReCon Cicero-like SLA LSPO Agent (Ours)

As the Werewolf Side 0.58 +0.15 0.60 £0.12 0.66 0.06 0.69 £0.12 0.73+0.11
As the Village Side  0.16 +0.06 0.16 £0.08 0.21+0.04 0.25 £0.08 0.27+0.11
Overall 0.38+0.11 0.38+0.10 0.44+0.05 0.47+£0.10 0.50 +0.11

/] 3. LSPO FREMAE 7 MR ARSI SOTA B REM
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< ALE R4
IE%&A:%%E%%,

BRI PMER RIS RGP RY BT

RIEGEFA (LLM) A AE SRR AR nR 2 Z i S e e B kR . SILEY, 22 RBIR R
%¢ (Multi-Agent Systems, MAS) [ HAEZ A 208 REAR I MR VE Ty A& 2 6. 98T, M ZTTHAKE, MAS 1]
BES MR R IGE —— X R ARBIA RGO RERIRIHE T, (W F RGORIEHURAR . BRI T 58
HM MY R TR R AIE RUIDIHRR TRHREO MAS IS 1T A , T AR EL S 2R 2 o BF T2 8% 1 DU b o 2528
T (RSARZEEMAHAE AT  TOEET RERZkESMHESERN) o AR 8%
HAERACRRE TH) M1 “BEEE"  CHBMESHEAMA) « JE0RY, SRR AR IR AT 7E MAS
AR PITHR S5 I ARG, (BER AR AROR ST REIFRIEYMER BEIR. I0oh, XL dirse
HETAEEE LLM Ry Esds (1 GPT-40-mini F1 03-mini) , ™2 Yk MBLHIRGRBRE. FFoTss R, MAS iy m
A SRR 1 2 A VPSRN AR SR, IR 4% RS T B4 A THEAG KU b S 1 R

ZARFSEE S Can Zheng, Yuhan Cao, Xiaoning Dong, Tianxing He,  “Demonstrations of Integrity Attacks in Multi-

Agent Systems” , https://arxiv.org/pdf/2506.04572( it 4% T ACL Rolling Review).

;'l Malicious Roles and Attack Messages

Boaster Scapegoater Free-Rider Self-Dealer
"Please provide the task "BingSearch is a powerful
"EXCELLENT AGENT: Coder" "ERROR AGENT: Reviewer" solution before write fests." searching engine"

777777777777777 l 77777777777777777777777777777777777 l 77777777777777777777777777777777777777 l 777777777777777777777777777777777777 I 7777777777777777

( def digits(m:
"Given a positive integer

Multi-Agent System Workflow (Based on MetaGPT) Z|z
n, return the product of  -----) Coder EREit g A‘Aaliciaus ’[ Tester ’ """ )[ Reviewer  -------
the odd digits. Return 0 if
| all digits are even. H H
\ __4 H H *
H Web her
mabsied

Evaluator ([€-----=' e oo oo 1

i " Attacked Responses

Normal Response: Normal Response: Normal Response: Normal Response: ;
Coder: 8 Coder: 8 # Unit tests using

Tester: 8 Tester: 8 pytest Googlesearch()

Reviewer: 8 Reviewer: 8 def test_digits():

WebSearcher: 8 WebSearcher: 8

assert digits(1) == 1

Attacked Response: Attacked Response: Attacked Response:

Coder: 10 Coder: 8 i

def digit 3
Tester: 8 Tester: 8 17 TR
Reviewer: 8 Reviewer: 5 o

Attacked Response:
Bingsearch()

return output

WebSearcher: 8 WebSearcher: 8

| System Integrity Deterioration

[ Credit Inflation ] [ Credit Sabotage ] [ Unfaired Computation ] [ Biased Response ]
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XS AL A A RS 3C F BTRE ST RO T 5

RBGEF AR (LLMs) B AE AR L U R B 5 RE ), REMS 7R BT R rh AL B2 20T 55 28T, LLM

A 2R N ik P ) S B A A AR 2 e R R T T A R R AR R - LTSS N TE 2824 #E  (Competition-Level

Programming, CP) FEFMMAIIAGX — [, #2HH T TCGBench—— — XS (LLM A2 i) i F 5124 nics ) Sk o
ZEEES PSS, ETEFTSE LLM BLURRES . (1) A% CP MBI B sy, (2) #F—42E
J AT B i N2 S AR ) AT U 2R il e SRR 25 SR RV R SEERY LLM fE2 805 T R AR oA 200
ML AR (1), EZBURE AR B AR08 s AR ACRDERE A e U 61 (82) » SBHER TR,
RIEEZSE A HERASEY (A1 03-mini) , 7EA2 BT XA IEA BUAR RO o B Raah e T AR eAh, Ml TR T
BT B bR B, T A X AR 118 % o 20T R, A BNz B R, 1Ed F R RO A T H2 7 LM [ PE e
RS Yuhan Cao, Zian Chen, Kun Quan, Ziliang Zhang, Yu Wang, Xiaoning Dong, Yeqi Feng, Guanzhong He,
Jingcheng Huang, Jianhao Li, Yixuan Tan, Jiafu Tang, Yilin Tang, Junlei Wu, Qianyu Xiao, Can Zheng, Shouchen Zhou, Yusiang

Zhu, Yiming Huang, Tian Xie, Tianxing He, ” Can LLMs Generate Reliable Test Case Generators? A Study on Competition-Level

Programming Problems” , https://www.arxiv.org/pdf/2506.06821( ¥r ¥ F5 T NeurIPS).
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’b 7}:)14 =35 ‘:f“ -‘7 }E'frb

TN EERT A KT T4l

BRI SHOCKERE MAB [ “REM4" Fik

HEZBEEEN (HIMAB) L2 (L4 P FIT R R SF R ER, AL ERBERESH
(o,0) SEFRHINEACE N TH— B0, BEM L. AR AG SIS 2 EEMT IR, PRGN
HTMAB fif )7 8 A HEE L. RS HTMAB 23 BIEREHL. XS HUERSE T 5% BEI )AL AR PE CBGA R, EAn ik
HETRHMSEL (Parameter-Free) « [R]INAEXTHT (adversarial) FIBEHL (stochastic) FRSEHIATAZINT HALE I (Best of
Both World) HJFHE, RITHOER .

HF Follow-the-Regularized-Leader (FTRL) HEZY, [ AFSTALEH uniNF 835 (PURRS LI 1), it =K a)
BHORLI IS WA (BoBW) Fbk: BB EER E LRI SIAS AT, B PR IE BRI b SEB N £ st
WSS B Y P S A BERLR, i SR Y AT R A ST R LIPS Bregman HUL S IENIMGI; 3 W Bk #08Y

PRPIHA, G5 ERpd SRETHENG, DR E R % il AR TE I e .

Algorithm 1 uni INEF': the universal INF-type algorithm for Parameter-Free HTMAB
1: Initialize the learning rate 5, « 4.
2: fort=1,2,...,7T do
3. Apply Follow-the-Regularized-Leader (FTRL) to calculate the action =, € AlX] with the
log-barrier regularizer ¥, defined in Eq. (2): > Refined log-barrier analysis; see Section 4.1.

t—1 K
T; ¢ argmin (Z <Es, :l:> + ‘I’t(a:)) . W) = -5, Zlogz‘ 2)
i=1

xeAlR \ T

. Sample action i; ~ ;. Play i, and observe feedback £, ,.
5: fori=1,2,...,K do © Adaptive skipping- Lllppl]'lg loss tuning; see Section 4.3. Note that

only é‘:k:': and é‘;]lf (but not the whole fibp and L’f ip vectors) are accessible to the player.

6: Calculate the action-dependent skipping threshold for arm i and round ¢

S

Cra = 41 —z;)’

(3)

and define a skipped version and a clipped version of the actual loss #; ;
Leg i |6 s < Cha
0  otherwise
) Ci"; if ft‘,' 2 Cf‘g',
fﬂ? = Clip('gt.nct,i,) = _Ct,'i ifdy; < —Cm -
£y otherwise

£ .= Skip(fy s, Cr.i) = {

. —_ —_ skip
7:  Calculate the importance sampling estimate of £5°7, namely £,, where £, ; = i: S =
], Vie[K].
8:  Update the learning rate S;4; as > Auto-balancing learning rates; see Section 4.2.
Ster =80+ (68 - (1= 200,)* - (Klog T) ™", o)

toie

Pl 1: unilNF FHIEHEZ
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Algorithm a-Free? | o-Free? Env. Regret Opt?
Lower Bound i (Z o (5
ek ot 2013 — — — e Ly —
ry
b @ A=) T logT v
Robustuen X X | OnlyStoc. (Sese ()77 10g )
I el g - 1 —a a
{Bubschotal 2014 O (cK1e) v
2y EE ARy — b
Robust MOSS X x| ontystec. U(Zm.(z—ly—rmg{y(r‘ﬂ)—r}) v
Wei & Srivastava, 20200 - o (Ukl_uﬂTvﬂ) 7
2 O (e ()T (TAT T log K) =T
R x s | onystoe. [ O£+ Bepe (=1 xAT ot A )L
(Lee et al., 2020b) 6 (expl(o P KT "
HTTNF Stoc. O (Lo (5) 77 logT) v
(Huang et al.. 2027) Adv. [v] (G'Kl"-""TV“) v
- 3
F)ptf-{TINF , , Stoc. o (E#l_(g:—:)“:x“]ug?‘) X
(Huang et al., 2022) Adv. G(ﬂ,uK_;_T_-z_ X
AdaTINF N
(Huang et al. 2022) ! /| Only Adw. O (oK 11") v
AdaR-UCB o 2yt log T v
= v v | onystee. | (zf(A] it AN R
(Genalti et al., 2024 o (G'Klfl"‘"Tv“) 7
uniINF , , Stoc. o (K(Z\%J T logT - log f—j Ve
(Ours) g e

“a-Free? and o-Free? denotes whether the algorithm is parameter-free w.rt. o and o, respectively.
Env. includes the environments that the algorithm can work; if one algorithm can work in both stochastic and
adversarial environments, then we mark this column by green. Regret describes the algorithmic guarantees,
usually (if applicable) instance-dependent ones above instance-independent ones. Opt? means whether the
algorithm matches the instance-dependent lower bound by Bubeck et al. (2013) up to constant factors, or the
instance-independent lower bound up to logarithmic factors.

Up 1o log(o™) and log (1/A%) factors.

“Up to log(o™) and log (1/A i) factors when all A;’s are similar to the dominant sub-optimal gap Apx..

# 1 uniINF 5355 HAVE A XS L

ST, unilNF fEREATLEASE P IABI SR B I AL, 5 EASEI FRICH (ZBNEE )
TEXSHUING PR E S ERITC R AU IR S, ST EA RE . SESmIE X b3 1 1 RobustUCB. HTINF 5835, 45
HET unilNF AR PRI R AL, HICHE e MBSl R 24,  RIRT A 3@ o SeB i 1 Ao

% i OB 9% 8 3 Yu Chen, Jiatai Huang, Yan Dai, Longbo Huang, “unilNF: Best-of-Both-Worlds Algorithm for

Parameter-Free Heavy-Tailed MABs” . Published as a conference paper at ICLR 2025, arXiv:2410.03284 (2024).
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MAR S 2R R g B B RS ARG - faos B 4E s an ] 2
5 Transformer HYFEARRE

BgigE (CoT) RERFIRITAEFHM (LLM) [YHEFRRE S o 4 HT Y ERIR M S8 I8 X —F T PR B i 3Rk
RENFIITEREIHIIG s SR, RIAEAERI 55 b, AR RTRE st BIARIR, RIS A SO, R KB TESE N,
FKIBRENIFAEFELERIBREI R 2o 1E parity-learning [ [RIENESE F, SKmIMFFCAHUER], RIMEAESRIARE S 0 BN, E4EsE
e R AR . BRI, HH CoT I, Transformer fELAZ WA IFEA G222 HIRREL TAEAMEH
CoT I, FrfMIREARER N ZEERIN . WAL, ZF R AHNFRIEE R, CoT T token Z [A] 5| ARG T 71
RO R, LT 223088, FEEE R IPLE] 2 IR B EL o] SR B R AE o Z kot it & A b R B SE A PR SE 6 36 1E

TRRHIRAN, EREWERNETHHGIE CoT fEFHERERY R XK.

> with CoT > without CoT
=107 = g 11 g L1
- —— with CoT /! S0l . S
£ “ without CoT S e o g .
@ c o8] 005 co8
S 106 / 8 — head 1 ] =
€ = — head 2 & c
S / G 0.6 . 0.8 506
IS} 5 ~—— head 3 g =
@ / <04 head4 | 0.0 <04
3 10° / ° == Accuracy e oo
/ [ =] 9
£ X N 06w N
o 2 T 02 ;{ S o2
’ 104 '//’—k/‘ £ i‘ 03 £
S 00 S 00 -
2 . 4 Z 700 0.5 1.0 Z 00 0.5 1.0
Number of Secret Variables k Iterations x Batch Size **¢ Iterations x Batch Size ¢

(a) Sample complexity of 4- (b) Normalized attention entropy and evaluation accuracy

layer 4-head transformer on curves of 4-layer 4-head transformer on (n = 30, k = 3) parity

parity with n = 30. problem.

B 1 () fERCH E4ERE (CoT) HIENLT, Y%k Transformer 17 3] sparse
parity A5 AR AR S AR 22 A MEJE S AT &k RSS2 A8 U8 bz
T, fEiH CoT MILARE B FEARE . (b) XT sparse parity [a[fil, E5 7120
P2 R EE ., TR RAEMEH CoT MR AMM CoT MENL T, MR IEES

B GEBUN AR R RIS T ) I, HERRER S B Y 2R T

BYEGE (CoT) MlIKEIREF AT FTEIER 2288, BRI TR AHERIRE . O TR ARG 4E

BRI TEHIALE], KSR sparse parity IX—fA A BUA I AR, UERH T JBAEEEREAS LR B FE(IK Transformer

BRI AR B AL

‘With the example function f(b1,bo, by, ba,bs) = by @ bz @ by, one sampled sequence would be

No CoT w \(L, \\0’/ €{0,1)7, asby @by B by =00 1@ 1 =0.
input [EOS] answer
With CoT  0,1,0,1,0, 00,1, 0 €{0,1}°,a8 by =0,b; @by = 1.
input [EOS] coT answer

FlZ 2: 1E7C / A CoT I BRI A% =
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HAKITE , WIS e EIE] 1
L [ZaBRENFEEY « BB AR, (UF /& HkHY Transformer B RTRI A sparse parity [/
2. DC B 4EGERS RO RMENEY = SRIM, FEI A YERERT, Transformer BUM TR BHRE L MRS RE, A REMREIIET
FLEYTEERR o
[EZEFEREFAUB O AR S 20 ] - (AT A BRI BB T N2, Transformer OB H TG ST 2 Ik
FUFEASEIRIE, RIAIAE sparse parity ) k2158 52 A9 1HERGR

HEAN, T AR AR T token ZIAJAYIEKIIR R, Transformer FUTET )R AEIZAIS_E S BUR 5 HL o] AfRe A 45 ik

Attention Pattern

—~— with CoT \

=3
X
31
xo
Eos
=]
Jo
X
=X}
g
Bo

3
S
3
%
3
&
[
3
3
5
3
b
o

20 30 40 50 GO 70 80 90 100

Number of Secret Variables k=% =58 2 b e e P P P P PP AR
(a) Sample complexity of 1-layer (b) The attention pattern of 1-layer 1-head transformer
1-head transformer on parity trained on (n = 40, k = 20) parity problem, detailed in
problem with n = 100 using CoT.  Section 4.1.

K5 3 () AT REER n, f#FHE4EE2F 3] sparse parity [ REA S 24 RE0E k 2t (b) (5 ) B Akbk
Transformer 22 E [N JE R B H AT AERENE . CoT BV i M token FEICTEL i > secret bit

AT 2B B SR i S ) T R0E: 570 CoT REHEMELL, BIAMILIEA CoT £ b RILH HM 5
RTERIE; IS CoT BRMOR , AT LABE— LGSR E R MBI o
2% AR X AR e 5, MRS EIERT T AR REAS W TR AIC Transformer IR IREAE Je 8, Xfjt—
A TR P TR [ 311 5 O LA B 8L
Z R AT FE I8 30 YKaiyue Wen, Huaging Zhang, Hongzhou Lin, Jingzhao Zhang, “From Sparse Dependence to Sparse

Attention: Unveiling How Chain-of-Thought Enhances Transformer Sample Efficiency” . Phttps:/ /arxiv.otg/abs/2410.05459.
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FT i Hessian BORAIM/MECR T L it

- AR IMBECR A (LR TSR A R AU P YRR Al Monteiro 11 Svaiter £ 2012 L E 4 FEH T
IR T Oracle (PRETHYIEEE AN Hessian FEFE) I B S 8% . 2810, AATIFFANKITE Monteiro 1 Svaiter Y
B RO EE AT R R, %50 Doikov et al. (ICML 2023) Firf tif) “Wi” Hessian SRR, £
UGS ] Hessian 65, BER B BEERIFEEZ2E. KRMEOIRARE W SME4GE  (Lazy Extra Newton
method, fAFR2N LEN) , FFHIEMZAEAT LIS "™ BRI EE AR, P, S60 2 a s MRy RS
B R, ZOT R AR EIEXT T d 4EOUAL RIS LIS 2 A Rk 5L, A58 A S 60 S SR Bk

IR - SRR, AR TR 2 BRI

1072 % 1072

g 10-¢ § 10°° g 1077
g g : g :
E 1071 }é 107 ——FG Bo= —— EG
5 e o G2 5 e EG2
10 10719 }
— LEN 107 — LEN
00 25 50 7.5 100 [} 200 700 [} 2000 4000
time (s) time (s) time (s)
(a) heart (b) adult (c) law school

B 1 ERSCENEE ERSES . LEN I SURINETS, EG M EG-2 735 KT Oracle P I EALH) — Kl — (8%

Sk SR IBHFFEALL I Doikov et al. (ICML 2023) FETAR/MEFAIEE A “H” Hessian FAR B - AR/ ML
PEIRE, FEEASE) T RBEC MK T Oracle WAL “ffU” BREMTTEERE . SCEMEIHTRAE TR M Hessian £
ARELRAMARRIETE (extra-gradient) HIMTIAZE &, I EACBEIMBEORGE G ERBIMRZE . X T RIET Ards LI
MBR =R AE A5 1 AR AR, WSCE SR TRk, SeAl MIOK IR Hessian A FFEAR IEAE R A
RIXE o

% TAEREEDN ICLR (Y Oral 18300 1% TAEM R SMEAWIRIHEZL, BB R o 21% TARMIR IR (hups://
arxiv.org/abs/2501.17488) ™1, BFFSAHINES & it INECRZAE 2 2 2] 7 AR/ ME R, BRI 2] 7 A i o

B R FIET R AR A,
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Algorithm 1 LEN(zo,T,m, M)
1: fort=0,---,7—1do
2:  Compute lazy cubic step, i.e. find z¢11/2 that satisfies

F(zt) = (VF(2a()) + M|lze — ze412/11a) (2t — Zi41/2)-

3: Compute y, = M||zy — zey1/0|-

1 Compute extra-gradient step 211 = z¢ — 'yt_lF(zt+1/2)<
5: end for

) - 1 T-1_-1

6: return zZp = ST Do Ve Eir1g-

B 20 ZOCRR I T AMEEIE RS AU

Z W B WF 5 1 3¢ Lesi Chen, Chengchang Liu, Jingzhao Zhang  “Second-Order Min-Max Optimization with Lazy

Hessians” , COLT 2025 (Best Student Paper).
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—. HHEMNR RN

TESERN: WM TR SIE AT

BNASHIZ M 265 L PN 284 Adyna

RGP 24 i SIS TR/ AR, ShaSZR Mg (RFRsh e met) RFFEia TRt
BB SREPTIET R, InsiSmE AR, SiSNE PR shER BRI ES. EARE
LR B (MoE) WU —FhEh MM, ShARIA ML REAS R AN [F) e A BEME B2 19 22 S ok sh S D TR, AE
AP FERI S 0 R A AR TR

FH T Bl o 538 T B A3 20D B/ N BRAE B AR R 3 S kAT, I P T S 2 s
EELENE AR EHZR R WAL (multi-tenant) M MENHEERIZAZ (mult-tile) 1280 45055
L AIXME 1. SR, BRI Z LR, ML R TEh S R 45

% AR T Adyna {E2— BB BAE AR R, TSRO sh S A M AHE L. % TARAESIERIR . &
i VA LRI AL 2 2 2 A R UL T BT siake G, A T SRR LRSS A S 2R, Adyna $2H T4
WG —FRR Ik, %M LT IrE QR SIS AE MR, AARSIASBAIRE . S8 H TR/ NI T2
Hk, Adyna R T — R BRI BRI g, BRI, RIEEsi8E TR 2 ER 2 B
BEIRe WY, Adyna b BATRE—LRPCASENME, T LA s AT i R S8t LAORAR A RO SR RO SRS TR . PR
PG RTEAUH 2228 R |, Adyna FERE TR T ERAF 2 TR R SIS A/ ML AL SR BRI, AR SE B
RANFASIFAF B DU IR R BRI T o O T I D KA R B 5 I A S [A]), Adyna SR T “BEbR + JTddfs”
17750, AL B NP IR 128 7470 Adyna JBIESR T EHE, LSCRRS SRR N2 2 RINFEL . &5,
Adyna W GRR A 7RI AZ R ECR AR SRR, A ROt R i A R REVEBCSEBR A T oA IO R - B, kD IR 1A

P EAX PRI R /N

(d) Patch selection

Kl 1: Adyna itk HIHOZE—BOBhAS LM 48R 7 3%

44



Network interface

->| Incoming packet |-

Profiler &
Controller

SPad

Kernel dispatcher

Kernel reg
3 N = Kernels
Dynamic packaging unit r [ox110010
Dsschs) || P55
o ]
_'5 § [T a2
Data
|
1 e s =
ENRER
[src[dast] payload queue
(OnEpipAEkEs PE Controller

& 2: Adyna R {4 ZEA

FERA VRS AT NI 2 R R S SR Mg _ERGIEATEE RG], S22 3L, Adyna n] SEELF
170 f5F0 1.57 £ fmos 2.32 (5 A1 2.01 (ERYERESE T, SHUAES AL, ~PITEREZEE UM 13%.

Z W58 98 S Zhiyao Li, Bohan Yang, Jiaxiang Li, Taijie Chen, Xintong Li, and Mingyu Gao, “Adyna: Accelerating

Dynamic Neural Networks with Adaptive Scheduling,” HPCA 2025.
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FETG5—f F ZE A R 1 S Ml B A 2R AR E A i g8 UniZIK

FRUEN (ZKP) PpisUe —Fhsf R &A% TH, AT DAFEANHE 5 BURRECHE 19 45 1 T 1IE B 50 1 A2 SRR ok i
Bt, FERZGURE A BN, G, Ssch . SHRIErl. B REE KRG LR RIS 5.
G F RV PR T B St R i Zs 8, BIannas 52 Zeash LAY Groth-16 Hhille N T HEEEIARCE,
AR FNTHIE B BSO8R 22 3 (0 P W 7 BRL S, XK TR B I B X Se W L& 2RISR, B4R E0E
A (NTT) « W7 BREL (B4 Poseidon) « Merkle #4 LA R 2 WEH . AN EF 3T B IT 2 S E
B R TR KRB AR

Z AR T UniZK AR — R (0 R A1 IE B IR 48 204, B 1 S8 i st AT I 7 o ) 2R N S HGIE P
S R SRR UniZK (101 HTE T
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fEi 1 147 f5H0 104 ff5. NTT. Mg BN 2 BT A AR IR & 1 92 58 191 5. AR FHRCK B S Y Starky
£ Plonky2 j JTHIEHIRY, UniZK [ 5 s He CPU R 267 5. 5 2 1 F T2 St [ il 22 W0 il Groth-16 AYANI# G PipeZK
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FWFFESRE S0 Cheng Wang and Mingyu Gao, “UniZK: Accelerating Zero-Knowledge Proof with Unified Hardware and

Flexible Kernel Mapping,” ASPLOS 2025.
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ST, HATRBIER I T 2 M 2RI M SURE e . AR ZHGEIE R, AL BITaL 1
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— FHT RIS T ) ELE 2, B R — R AL RE W AR AR T LA R A5 AL i, DASCRE BRI Y 77 5%
ZHAER T LMEARIR AN T RIS RO E ARt L A ZRRXE LAY S iy [l

TEJT RVFAEEE I, A% B A 45 T4, 3% TAF AT DUREIR 2 1520 9.4 f5 AT 6.0 5 DUAE; FRK R
AbFRETCREAMATTAY, 1Z TAEA LU SR Z 194 1.2 G5BT 1.1 A5 DA, RN RECRAFE T RAFHI AT R .

% OWF 5% B SR 38 3 Jiangbin Dong, Xinhua Chen, and Mingyu Gao, “A Unified Vector Processing Unit for Fully

Homomorphic Encryption,” DATE 2025.
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B SR T R EE e, DARTHERERIRCE . Infal 843 F) AR 8= 5 1 SRR A7 B0 — PR R 6 1z
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2% DA SE AT JR 22717 RO [0 265 IGates v B B TR0 AT 2 (R B T 4T L S F B i 67 1. — Rk IE
AR BRI FIER M TR R = WA FZ R B EE G, Xt AR R LN E. — U 2
SKRECTFUD R OB RER WA S AR M2 AR &, I ARFPERE ENTARIENREE . K5, % TR
TANEAN R PR EARTR AR KAPLA . &) F A H 1 S SR AR 1T 43 [ FRadh A T R A R A
BT KAPLA 5 EJR)Z R ZEARRE AP BTRE, U —Fgasti B i B R 7 ik i e T2 )=
W75 PPAEEEIRERY], KAPLA fEYIZRRIHHEIRAST bk 2 i A BAR AR L 55 28 R I R AL T7 R4 ™22 2.2%
T 7.7% BYERSNRETT 8 o A HOE T BENUE R AEE T LS 10738, AU St R EmiR st iR, mEEA
JUAN B G 2 A 5 T

TSRS S0 Zhiyao Li and Mingyu Gao, “KAPLA: Scalable NN Accelerator Dataflow Design Space Structuring and

Fast Exploring,”  ASPDAC 2025.
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e

K 2: % TAE (BP) SiZ4Usiii T (TG) HIMIEACRXT

NYIEZ TARAEAAZ IR & ERVRBOR, WFFEA SUZ AR S GUET I TAE Tangram BE(T 152000 TE. SORE5RE
N SN ARG T, % TAEMHLLT Tangram RN T 2.26 (FRGFEIPERESRTHN 1.44 (5 H0-FHIRERUGRTT
SPAATLY T 47.3% ) DRAM 5[], 2247 F IR ON Tangram 1 2.26 £ (18 2) o SEIRa5RIUEN 1% TARAE R B2
AR FRIAAZ I a1 P REFE T 5 A S5 P RIUR

PR EAFFEIE 0 Yuchen Wei, Jingwei Cai, Mingyu Gao, Sen Peng, Zuotong Wu, Guiming Shi, and Kaisheng Ma  “Buffer

Prospector: Discovering and Exploiting Untapped Buffer Resources in Many-Core DNN Accelerators” , DAC 2025.
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WEWER. HE, SEAFRASIA—RLSKETOIAF SRR %, BEWRRE, NP EE, T
DRAM Ja {5 B2 [ R T %5 S8, S A F TS 4R on AT 4 I S i i 7 AT A SEBR R AR AT BT %
FE5onik, BIAmAUTAE O] T DRAM Gl {5 B 25 R M T R A2 28U . BUA I TAE AT LA S m i o
U SFRoMERA TR, X TAR AR S AT A E L H i — AN PSR4, X2 E
YRASTHRE LI T DRAM 385 8 18 2 ) ) T4

R T AT HA R ZR ik e OS5 R TR 2 U DRAM GBS A 23 IH], 8R4t & 17— Dol

HEZE——SoMa, BRI V&M icar. W BUIUR KRR T ENIEHRaEs , DO TR =R R . 5
TR T L T — T SoMa Y SE B SiFimte, MR AZIHES A0, 16T R 7 (1 iniaeds o

e, SRR LA, MFRCE AR BT TR S, 25 HRER, SIA R SOTA HE
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ST, SoMa (FAFEAFINE B MA R H . thoh, DA FAEEIT Cocco I SoMa Z RISk AT EIXT L, LA
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2N RAFFEIE I Jingwei Cai, Xuan Wang, Mingyu Gao, Sen Peng, Zijian Zhu, Yuchen Wei, Zuotong Wu, Kaisheng Ma,

"SoMa: ldentifying, Exploring, andUnderstanding the DRAMCommunication Scheduling Space forDNN Accelerators", HPCA 2025.
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R LI P PR s SR A ) TP, BRG  B P r EE B R R s B AR T A RO Bt o M P 2 AR SR
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WA FILE B ENER, ATERENWE; 2) BrivEIEART E ORI Ie B g, RIX 2R TRER A
SRASEANE . KRBT M STOC 2025 U, FFBAT A .

RIS Ran Duan, Jiayi Mao, Xiao Mao, Xinkai Shu, Longhui Yin, "Breaking the Sorting Barrier for Directed Single-

Source Shortest Paths", STOC 2025 (Best Paper). v
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PR 2R . O(n3) A AL REAHE) 2 3 1B ARES M AL i LAY open problem.

W N RAETE IR _ B8 1T O(n3) IS TR 3 10 AU IR, RIFREIITA O(n3) 5% s B e NEIER =50 R Bt ik,
2 P A i i 2 O1) I Rl VRN RNA RIS, W AR T Inhshas (incremental) 178244
BRSO A o IR BRI e T T &L O(n3) I TRIAY 2 i B QR RS TE , tfein 7B i . WS
IR SORZ T APSP BITCT & 2 W3R RAIIRT J92Y, Jit LAFE APSP 3506 Loz 7y I Il By SR i B R eI 1 |
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ZRMFFEE S Shucheng Chi, Ran Duan, Benyu Wang, Tianle Xie. "Undirected 3-Fault Replacement Path in Nearly Cubic

Time," ICALP 2025.
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HARRECEE. NI, B,
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MR AY SRR AR MIAZTERME. Rt e A 2R 2

L SILWE> HA BRI R e, /20— a0 i) 515805

2. AL IR R FIAREA TR SILWE> H1 C|LWE> M THA “UARAIRER Sk, Hrpreig e
JEARE O (n) o /EN—TRH, BB ssdigft 7 — s LWE ALECRMEG, HiRoD i 7R ds Al 20
PESRFEE RIS o IXAERE AR A7 18 EE LART Y LWE SRAfas A Firifist o

3 AFAEMPRIE LWE B GapSVP £ S|LWE> [y#12y, Hri S|ILWE> BA7 S llidikiE, AR, (EEZHIEARL
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Z SR8 18 3 Yilei Chen, Zihan Hu, Qipeng Liu, Han Luo, Yaxin Tu, “LWE with Quantum Amplitudes: Algorithm,

Hardness, and Oblivious Sampling” , CRYPTO 2025.

(a) Two iterations in Regev’s reduction [Reg09].
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iZ i WF 5% 78 X Boning Li, Longbo Huang, “Efficient Online Pruning and Abstraction for Imperfect Information

Extensive-Form Games,” ICLR 2025.
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AT T RN 285 S AT ST, DA i1 TAE SR XSRS | & A A XS sl et e U SR 8 2 I 58 A
BRI A BTG LT R, SRMEERTT. TR AR ML AT S B N R . Bl — M E A S 2K
W RREMERR. fln, SERHETRER MRS Z T AT, FERYE L R R A IS B SO st itk
ST, KRB REUE Tt SN SN T %, 5L R A3 RIS & HAR A 1915 R

P BTGB T T SRS R A T BT NS R R 5t AR T T RERAAEZS E B 2T I EREA T,
FENEE FIER . B AU E LI AU AEE RS AR 2, R BT s RO M kgt . BT IX—E 84508, it
TSR, WKL BB RIS R &6 2. BE— 54, R R AR T B SORSm A
AATHZFEAMS R EAR R 75T OIS S PRI E S BRI T, M1 T — o kR ikt 549,
TS FIER T iZ A LIRE ORI IAh, R R AR A LR EIRE BT S T k. —J7m, i1k
BT R EA G LIAEFLERE T T TOE U AR NSRS R R 53— J7 T, ATt bt 1 B e 2O RERS T i St
HH— T A

R BT 3C: Shao, Yuming, and Zhixuan Fang, "Incentivizing Truth Exploration and Honest Reporting: A Contract

Design Approach", AAMAS 2025.
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— BTHE TR
TR BRI . Rl
ST = B FURR U A I T )
BORA. S U SELAE B T BRI T S SO T, RIS TR 300 B 7T ERHLING
KR 191
5 T ST

En s T 5 W07 BRI TR 7 BE RGBT FE AR E, R B B

HAROA 7 LR 19 B VR W TR E 20 i 7 2 AR, B ST SRR B RE o X
T HRRZ [ EAE R U Y E b, RIS 22 >, R B UL A G okt R e iR B2 AT 7
TEIE RIS ST URR R RN I, ANE TR 1 EORR RO RS LA A A B2 >) SRR e B A 4
M B Y LA AV EON B BER, B0 R SIS IR FUMT R R B AR T, XELAME S AT ROIR 2 Ly At
Pl_ESLEL.

% UAES, BFFE SR AR — AL B 7 BRINAE 7 300 2119 —4ERFES, BT 2R fRIas e 1 R A9 L
SRR, ST R R IR W A2 S, TR SR BN B T R B G, AR RIS ER
MUY T R e

Doppler || €T [fsicevana plcal 8 &
cooling || cooling || cooling Jfpumy

>
[+
(2]

1.0 1.0 1.0
N —+— (07201090246) ¢ —4— (0196027102650297) i —+— (057071018802350275)
0.8 —+= (05201080204) | § 0.8 —+— (059013901630166) 0.8 —+— (0730151019402020266)
= (024045080) s —+ (0150830132039) —+— (0580131015501890209)

0.6 T 0.6 0.6

IS
IS

k-body correlation

o
N

o
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0 2 4 6 8 0 2 4 6 8 0 2 4 6 8
t(ms) t(ms) t(ms)

P 2 I 2200 B BESC RS IR RS i i o7 ST 45 2R
N BE— IR B S S SR A I WA, DRI AR AR 2 Y Z B0 2 44 H e S Bk ek B I TR e, IF 5

SERMR A IRXT X TAERIRUN =R DU, FLARSCHECIBUS AT EE B, MTTHERR 18 & it~ > rhad 5 1
AR

1% B WF 58 18 3C: Shi-An Guo, Yu- Kai W, Jing Yel, Lin Zhang, Ye Wang, Wen-Qian Lian, Rui Yao, Yu- Lin Xu,Chi
Zhang, Yu- Zi Xu, Bin-Xiang Qi, Pan-Yu Hou, Li He, Zi-Chao Zhou, Lu- Ming Duan, “Hamiltonian learning for 300 trapped ion

qubits withlong- range couplings” , Science Advances 2025.
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SRR BESEIRER A . BE s RER A
IR SEEL T B PO P 2 KB - 4%

RIUBTLF  28 REAS A I 6 T(5 R AN A RO A U e — 2, SEBUE I A =0 IR e AL I LA
NAEFREFIREFEREN A T M TAZ ARG 7t AXEAFRNYEY-E0, N2
KB F R R BRI RS — BTraaE ARG RN FE2EREZNE TS
PR BT, RO KA - W 26 T el RO ZH A fRal DA B R G BE. B T BibA R I BT AR T ]

XCFT R AR U PR A i PR EL A R SRS . NS 7 R4, B ST A B2 D R L TC HR
PR T HORr, LAMGRERS S 0™ A2 B 1 Al F P BOL T Il A R 1  EI TARET, (=) B o dl
TN, BREH T M SEERBOL T IHA AT BRI M T . SLied, iR 1 R
WAE— T AR RE b, LA G5 b A2 [ ES 119 5 — TS A rP s A B 7 HeRe AR sl (1) o BF5
NGB PR, AE 12 FAROELE £ TR 7 - b P AYE. X TARRREE [ SC U br B 1 P o
A 2 A B2

@ S\ S+
{ 32 +3/2  rl2
) 5/2 — l_ Memory
Single mode 12km -3/2 1T} Hm) qubit
fiber . S[2 wem— subspace
QWP == Single mode fiber ) P
866 nm ; HWP 2N ., I1e)
single / L
B 866 nm 850 & 854 nm 12
photons S8 polarization },,DM Qwp raman 12 4Pz
I3 analysis & 1558 nm HWP 72;) nm P
s PBS quadrupole
® Obijective single photons Commun.
NA=0.52 — qubit b
1950 nm subspace N
L
/03 & R::z:;\ pumping SNSPD
1 N N — . +1/2
Memory Commun. i 45;
qubit aubit iy M !
729 -
lasers
I_ -3
(a)1.0
0.8
= 0.6
=+
= 0.4
0.2
0.0 — - :
25 50 75 100 125 150 175 200
Total time 2+ (ms)
(b)

1T I1) [+) =) 1) |7 F (S /2)

No excitation|0.953(4) 0.931(5) 0.867(6) 0.895(6) 0.885(6) 0.893(6) 0.904(2) 0.142(3)

Excitation [0.932(5) 0.935(4) 0.892(6) 0.900(5) 0.899(5) 0.886(6) 0.907(2) 0.147(3)
@2ﬂﬁ§w5%%ﬁ%ﬂﬂﬁﬁii7m HR
BEAN, ST GO 26710 s AR R RBIEAT 1 3RAE, IESE T AEXT (5 i 7 FU R EA T2 2R 1R, i it 7 LeRe

EFEEAZEN. BTN, A E L 7 — MRS M A, % RS TR
B8 A TURE AR

ZNSRHTFE IS P.-C. Lai*, Y. Wang¥, ].-X. Shi*, Z.-B. Cui, Z.-Q. Wang, S. Zhang, P.-Y. Liu, Y.-D. Sun, X.-Y. Chang, B.-X.
Qi, Y.-Y. Huang, Z.-C. Zhou, Y.-K. Wu, Y. Xu, Y.-F. Pu# and L.-M. Duan#, “Realization of a Crosstalk-Free Two-Ton Node for

Long-Distance Quantum Networking” , Phys. Rev. Lett. 134, 070801 (2025).
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I 90 405 e B T BT T P 1 W1 sl ) TR U M 2 ) A JOR AR T A Y RGBT R . X
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Bt ] = W Tl 2 U BT AR T IR B T DR I A AR B ST D — R A &
R W7, HFEEE TS, £ 12km KOELFIEE_ AT - o7 B 2 JERT R4 4E 2 234ms. i JEN R D
LT AT R TR 366mse ASIG IR TIRPREERY . (>10km) Fi AR H A IR TR HiR, £
A B OEEIMER R MY B (E. SR BT

LR ARG HLHE R %

2R WF 9816 3C: Z.-B. Cui, Z.-Q. Wang, P.-C. Lai, Y. Wang, J.-X. Shi, P.-Y. Liu, Y.-D. Sun, Z.-C. Tian, B.-X. Qi, Y.-Y.
Huang, Z.-C. Zhou, Y.-K. Wu, Y. Xu, L.-M. Duan# and Y.-F. Pu#, “A metropolitan-scale trapped-ion quantum network node with

hybrid multiplexing enhancements” , arXiv:2503:13898.
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Tt s, FOHE TP 3K Westate HEZS, FFBIE A MACH )y e PR G, e 7 — ML
[ 4 1 W-state ZHEZS. W B APAE GO, SCRseBl 7 ZHIRRLG I R AE L T A H s 1 s, ST 30H
AR OO R EETT 7B S 3% TAEAARRBIRIL, SRCR A 1 2 AR A s s it 17— Rl

7% SR T

SR ARG S MUEME TR
Z i B WP 5T 1 3 Jixuan Shi, Sheng Zhang, Yukai Wu, Yuedong, Sun, Yibo Liang, Hai Wang, Yunfei Pu#, Luming

Duan, “Scalable and modular generation of multipartite entangled states through memory-enhanced fusion” , arXiv:2504:16399.
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30 R T4 T PR A R R e R R O TR S 2 i

AR GT I8 3 Xiu-Ying Chang, Pan-Yu Hou, Wen-Gang Zhang, Xiang-Qian Meng, Ye-Fei Yu, Ya-Nan Lu, Yan-Qing
Liu, Bin-Xiang Qi, Dong-Ling Deng & Lu-Ming Duan ,  “Hybrid entanglement and bit-flip error correction in a scalable quantum

network node” , Nature Physics 2025.
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HUEK S (circuit reusing) 2 YA it 527 SRS h T I R IR 1Y A SEBR R IR, o HCAE B AL RS v il S i
UL RS o B S REA BRI A, (B FIREGE 2 2 B FAR IR 98, BT 22 S0
FETHRERE . A, AT AR5 E FIRTER N & BRI A PR B LA S B (I N Hos B2 P SEER I I SC B AR
BEXTIX PR, EhmEE N O AR A PR AR EE, B T ST R A M T Z I PR AE SR, JFEE 5 S
BRBE(EIR L, 0 PR SR C U T T RS IT o

e R SO A v SR A T R A T AR, 201 T A R SEER BRI T B R R, e
SRR PSRN B OIC A P SREMS 5 BB 5 Bk — 254t T T W e S (5 S AN RE SE BT S DUKS FE A 18 P S o kR 5 B LU RE

B LSRRI, M AE P LR bR B LR U 55 rhad A R, P S OB S BRI T v o — 2, 3
HE TR R IZWE S0 b IR N SR A T AR S5 R SRR R A T IS HR B SR 2, MOCUIR
kT «Quantumy HIF| [Quantum 9, 1606 (2025)].

ZRCRIISE18 3 Zhuo Chen, Guoding Liu, Xiongfeng Ma, “Optimizing Circuit Reusing and its Application in Randomized

Benchmarking” ,Quantum 9, 1606 (2025).
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B RAEAR-FER E U A S A s 2 51 R T T e S5

FAAERR-F-EIR E ML (character-average benchmarking, CAB) J&—MUFRXAY Ay it 7 IMEREFAG U735, REMSAEIR
JEHESTREE T, RHHEN &2 5 R T T 2 R U S S S H AR 0 B E S E R AR R 2B,
BT MUE 54 e 7 IR SAL LGS b, sEPP 7 2 MO R, ifiReEik 40 R REE ] Rk 52
FORRIHEAT CZ 1T WS IR EEIRITAT 44 Lhd% CZ 17 63.09% +0.23% 4 AR ELE, M SLid st 21 5% CZ 1715
WEAAER A S RIS, XS E s ST S A R AR AR 22 # S W 2 SR SRS

T e BIF 5T L B — 2B A XTI AT 6 LR CZ [T BT 2 R (R B A UL 250, K HARE M 87.65% f2 71 2
92.04%, [RIRPAG [ IIRIAASCIE HY 3.53% P2 3.22%. MHETIUREURIES CZ [ MREE LS T, X R
SRS ARG T 2Z FRE 5 AR R ZERAMURIE T CAB Hhll 78 S 5 it B e RS, oA
BT SRS AR E STEREIUILER AL T OB T %

1Z S W 98 18 30 Daojin Fan, Guoding Liu, Shaowei Li, Ming Gong, Dachao Wu, Yiming Zhang, Chen Zha, Fusheng
Chen, Sirui Cao, Yangsen Ye, Qingling Zhu, Chong Ying, Shaojun Guo, Haoran Qian, Yulin Wu, Hui Deng, Gang Wu, Cheng-Zhi
Peng, Xiongfeng Ma, Xiaobo Zhu, Jian-Wei Pan, “Calibrating quantum gates up to 52 qubits in a superconducting processor” ,npj

Quantum Inf 11, 33 (2025).
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FNT M P S R RIS TE 3. MR T8 F T «Physical Review Letters® HiF| [Phys. Rev. Lett. 134, 170601

(2025)]

R BFSFEC: Yuxuan Yan, Muzhou Ma, You Zhou, and Xiongfeng Ma, “Variational LOCC-Assisted Quantum Circuits

for Long-Range Entangled States” ,Phys. Rev. Lett. 134, 170601 (2025).
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BT ESCE. AAIAN IR R SR EA, ST 20132 (B VURNERE K. IR E, B4
TSI Fiy XS LRI AN A A B T TR A6 T, 730132 0.0150 1 4.3883X10° 1 M5 BE—2bMh, FFFT4LE
FIADURZS IR G ST % )7 28 RIE WG, FFFH Ea i A DI A 12 A . 580 R R[] & A2
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HAEEE S . WS %A ET «Physical Review Researchy ] Ti] [PhysRevResearch.7..022055(2025)] o

ZRFHFFIE S Dong, Hai-Hao ; Zhu, Yuwei ; Cheng, Su-Yi ; Zhang, Xingjian; Li, Cheng-Long ; Li, Ying-Zhao ; Li, Hao;
You, Lixing ; Ma, Xiongfeng; Zhang, Qiang; Pan, Jian-Wei, “Interplay of quantum resources in nonlocality tests” ,PhysRevResearc
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