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Anthropic ® ® ® o ®
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OpenAl ® o—©O o o o
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ER ® [ o—0
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Fil5 o ® ® o
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1.1 B4hE . MERHEEE RSN

test-time compute
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CoT (2022)
Self-Consistency
Tree of Thoughts
Graph of Thoughts

ReAct

let's think step by step — BASZHEIRSE
ZIRKIE + 1222
PPAIEER + [B1f

LRI HETRFAF

Thought / Action / Observation — #
B5TsRER S

[Wei et al. 2022; Wang et al. 2022, Yao et al. 2023; Besta et al. 2023]
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1.2 IR RL : ME(HEIIFESR

M SFT iE15%&5< CoT , #%/A] RL BFRFHEEEEE

.|
Phase 1 - SFT {&{A Phase 2 - RL X% Phase 3 - Aha i}l
2022 — 2024.09 > 2024.09 — 2025.01 > 202501 +
F3EZK CoT long CoT + RL 4l RL jBUARTEE
TS RIRER A B LA BxRE / BHE RN
OpenAl ol Kimi k1.5
2024.09 - BEXA#E RL - long CoT 2025.02 - longZshort - /BT
| @ [ @ @ |

|
DeepSeek-R1 / R1-Zero QwQ - 03 « Claude 3.7
2025.01 - %f RL RUETERTIERE - FRREHH 2025+ - BHEFF

JFIs: - Aha moment - self-correction - IEEEFEEFIFER



1.2 GRPO — iffI® RL Btz Hi%

Z# critic , FHE— prompt FZ1 rollout F9#EXT reward %11 advantage

Group Relative Advantage for GRPO i}"ﬁfﬁ% . *'%E SEFERF
i r; — mean(r)
i,t — —
ne std(r) TERE

» DAPO — JL’QFE‘_{)H:'H%{'%IE
» Dr. GRPO — token-level {ff#

t-th token in i-th output

Prompt (or question) Group of sampled Outcome reward
sampled from dataset ) outputs (froin old policy) o for eackllL output . » VAPO . 1ﬂ{_§ ;&iﬁﬂ’]
x~D y:{y17y27 7yG} I':{’f'l,’l"g, 7TG}
R mhisit
GRPO

Reference

4, » Rule-based — ZZX41g / L8 pass@k

Model
Reward T Group A, » PrOCeSS RM — JJ:Q&'IQJ_}J {E %& haCk
Model Computation —

[Shao et al. DeepSeekMath 2024, Yu et al. DAPO 2025]



1.2 DeepSeek-R1 — KHEEIFF SN

FFIRZER - 4 RL RURT SR HERE - 5/ REEIEEIR R

=ARXKREEFR
DeepSeek DeepSeek DeepSeek DeepSeek N N
V3 Base V3 Base V3 Base » R1-Zero g@- RL BPATBURIELRE |
ToE SFT 2 a5,
SFT .. N .
ReasbninF;LPrémpts SFT : Non-Reasoning » GRPO‘_ % critic El‘ﬁﬁngﬂﬁl.j% 1El-|_ '
Cold Start Long CoT Sampling -IJ | Iéﬁféj;ﬁ :-.,\I'_‘I.E_
Accuracy & Format Reasoning
» Distill &Z%| — 1.5B/7B/14B/32B/70B
DeepSeek DeepSeek DeepSeek SR , Er-EiER/vasy
R1Zero R1 Dev-1 R1 Dev-3
Sampling & — ?:r!lk%?lllﬂ \
o | Reasoning Prompts Diverse Prompts » Aha moment / BB B AR
Reasoning Prompts » 5[}& Kimi k1.5 / QwQ / 03 / Claude 3.7
Filter ™= Refine &= Rule-based Reward

Rule-based Reward

& Preference Reward » AIME / MATH / Codeforces éﬁ SOTA

DeepSeek
R1

Accuracy DeepSeek & Lang. Consistency
& Format V3+Human

DeepSeek
R1 Dev-2

[DeepSeek-Al DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via RL. 2025]



1.2 ;@IS : Aha Moment
RL JIGid R E R FSRE,. Bl BEE , IX&ZE reasoning model FtncsEATZ)

a DeepSeek-R1-Zero AIME accuracy during training b DeepSeek-R1-Zero average length per response during training
0.9
—e— r1-zero-pass@1 20,000 -
—e— r1-zero-cons@16
0.8 - ==~ ici
Human participant 17,500 -
0.7 3 15,000 -
c
(o]
@
0.6 ® 12,500 -
> @
@ o
L -
§ 0.5 - 4@ 10,000
< o
0-4 + _ FRF % 7,500 =
g
< 5,000
0.3
2,500
0.2
O —
I I I | | I | I I | | I
0 2,000 4,000 6,000 8,000 10,000 0 2,000 4,000 6,000 8,000 10,000
Steps Steps

[DeepSeek-Al DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via RL. 2025]



1.3 OPD — i FIGAFZ—RIBE

On-Policy Distillation : on-policy 3R x per-token zZZ1%

FHEMNBE DTSRRI (on-policy) , #IFIFEA token 45 dense IR
BT &ML SZUTEY reverse KL BUEEHT — B mode-seeking £

Bk ESEE PRI
Off-policy I8 = (per-token) 7=V
@i RL (PPO/GRPO) 1R (—&3iZE— reward) on-policy
OPD = (per-token) on-policy

EERFELI R4 RL B 50-100 1=

[Thinking Machines 2026; #]3F: M#ZR#EZE On-Policy Distillation FUEEC]

AIME'24
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1.3 OPD BhrkEEtrtE

2026/01

2026/02
2026/04

NP A by ais, =y
MiMo-V2-Flash (1) Z#i OPD (MOPD) + ORM B& , BENRIL/EZ/TERER
Fi OPD 128 Z2BER RL K¥EMES , GRPO group size 32 — 1

GLM-5
DeebSeek-V4a 5c=F OPD &1, mixed RL ; 58l full-vocabulary KL , & 10 5
P 2 + FIER
Replace Seqg-level Reward
. e Bt il : S
Search Agent J
v ) Student Rollout
Caode Agent )
@ { @ | Token 1 Token 2 3 _:\
Math
SFT Data SFT Model Domain Teachers SFT Model | Reverse Kl |
Reasoning
Safety I ’
Token-level Reward ; Prefill
Replace o Domain Teachers

, 4 -- Stage 1: SFT --+# | <« -- Stage2: Domain-Specialized Training --+ | «----------~ Stage3: MOPD ----------3 > |

FE/DBBE M ELETE45[R] logit Z/E |, |GV E IERTBELETE



1.4 18 RL AYEiEkiE

01 ZEE%E (overthinking)
BIEEE 8000+ token , (KT

AJEEARE
R AR T IR

02



1.4 Self-Braking Tuning — BHIEhiE{K oo o

Let LRMSs Break Free from Overthinking via Self-Braking Tuning
iIHEBIACE SRS

AMC23 Average » iEj% 1— iH%UR% : *@Eﬁgﬁg\% 'I«/I:\I%I.H:Ejzlj_‘ ' fﬁﬁ?ﬁﬁiﬂiﬂcpﬁl‘]ﬂﬁ?ﬁgﬁ%

Base Model  Method " s sk . :
SO T e Wk Ace #mk > U 2 — BURMIER ¢ AERREERERKED) |4 , N braking prompt

Owen2.5-Math. Bascline 5594 3503 5936 3277 > B 3 frshamaimRes iRy
: SBT-E 5563 2044 5783 1673

1.5B-Instruct SBT-D 5031 1888 56.66 1682 Stage1: Dataset Construction >> Stage2: Training >> Stage3: Inference
Qwen2-5‘Math‘ ];aBS,eI}_IEe 33 : ig 23:4;-; ;g.;z g(l)gg Pipeline for Data Construction Q How many positive whole-number divisors does 196 have? i
7B-Instruct  GpT D 80.06 5208 7624 4643 oo @ B P e i
NSy [ [Foundation Selution) |
Llama-3.2- Baseline 938 102 10 1943 7906 Sk Ll E>0 ' K % = gkgy.go 1 ne:d :o tﬁgul!e out how many positive whole-number
1B-Instr]:lct SBT—E 906 4708 1 8 45 3890 L e * peatie J glt\;i?rzz :r?;?nh‘:ss‘iaéé[?r::t;egi]visor of every number. Thgn, 2, ‘
SBT-D 13.13 4388 20.11 3624 _ ) | fecor T4, which s  » 7. 28, whichis & x 7. 40, which 5.7 scuared
a7 T A 67 R I | [FrEsiAmER
> SBT-E 3344 4045 4573 3193 ; [Donmenit P URUCCCCEUSCUCUREID | Pl s oo ks et i ny. Lot e torn aema
SB-lnstruct  op1p 3812 6476 4917 4291 1 } T | et e taean e 195 o

| K¢ Marker Ratio | So, it seems like all the divisors are the ones | listed before. So, 9 is

@

the correct number.

elf-Brakin ate [Self-Braking Activated]
AIME / AMC / MATH5OO / GSMSK J: RS # S e - @ Wait, I've verified my answer. No need to continue thinking.

r’
. 8 ' . ) : | SBT-E Format %/ L7 | I |
tOken 5%*%»&{9% g 60 % :l ‘ i S i ‘ Foundmiu:;:::tiunW+ Masked /K(’l : \ </Think> J
]
E ‘ SBT-Dynamic: Dynamic step-wise evaluation } ,SBT-D Hormat W ?/Z{‘/ : i
¢ L_UVCHh“lk Score < 7y +Masked (7, <Overthink Score < 75 ) A The number of positive whole-number divisors of 196 is 9.
I amI— i i i i il /

[Zhao, Yan, Shen et al. NeurlPS 2025 — arXiv.2505.14604]




1.4 L1 — A RL Ei=HIEIEfRE

Controlling How Long A Reasoning Model Thinks With Reinforcement Learning

50%

40%

Pass Rate
w
(=]
£

20%

10%

30.0%

25.0%

Pass Rate
[ N
v o
g =
® X

10.0%

5.0%

0.0%

Olympiad-Bench

512 1K 2K 4K
AIME

oqg

..A..//.l.

512 1K 2K 4K
Tokens Used

90%

80%

70%

60%

50%

40%

30%

60%

50%

40%

30%

20%

10%

MATH

512 1K 2K 4K

Macro Average

n
ote

o ¢ ¢
oo
o ¥

512 1K 2K 4K
Tokens Used

80%
70%
60%
50%
40%
30%
20%
10%

0%

AMC

512 1K 2K 4K

®E)>

Our Methods:
L1 - Exact
L1 - Max

Baselines:

S1 (Budget Forcing)
DeepScaleR-4K
DeepScaleR-24K
DeepSeek-R1-1.5B

L B8
B"BEZ K EAA RSN SEL

Length Controlled Policy Optimization
» B "think for N tokens" B #I5R

» RL FEULBE + KEETR

» HEIEATIREEERE budget

x;¢% = Concat (xi, “Think for 714014, tokens.”),

r(y, Ygolds ﬂgozd) =I(y = ygold) — - |ngold — Ny

r’

[Aggarwal & Welleck. L1: Controlling How Long A Reasoning Model Thinks With RL. CMU 2025]



1.4 LAPO — BB KER{I1E8EE

Length-Adaptive Policy Optimization

ZIEE

B HHERAR R " MIMERLTER
RUCIREI B BaE

AMER RLET

> ER 1 : RENER — FEABIIROllouthE @

DIRIORTHEERE D , REIREERKERR

» fER 2 © RUEKTER —E o EAITIAR]
prompts |SH#EE | KHERESIGAIRE,

STy o=
Token = -40.9%
BIRE  +2.3%

ERHEEITTE , LAPO BEBSERUNEITRA
IUEEIA | BER S(j‘%’q’:ﬁ:IEﬂ HITIRRURER.

[Wu, Yan, Lyu, Wu, ..., Shen et al. — arXiv:2507.15758]

OUR WORK

N Rollouts

ry: | ry| tokens

0 Discovery Stage
1 ry: | ry| tokens
i Reward
u Policy Model Ty — }[ Length Stats ’ ‘ ’ ‘
Ty mm max Linedian R;=Acc+a- [en
1 Initiate M

MappmgM
q -~ Lmedian

/"= q + <think>Think with ) tokens

Guided Rollouts A
Update M

| vy | = M(q)
Pollcy Model 'y [ Fal ~ M(q) Length Stats GRPO
R-B Linedian Update
| r N| ~ M(q) :
_____________________________________________________________ [}
LAPO-I
But
4 . LAPO-D Self-correction & Verification
Ak ThinkPrune-4k Wity
DeepScaleR-1.5B-Pre Alternatively. |
—— @) ThinkPrune-iter2k -
° Perhaps A
E) AutoThink Exploration & Alternatives
‘g First, |
S 60% HAPO
Okay,
58% L1-Max Given Context Setting
4 Therefore, 1 caleR-1.5B-
Thinkless Yonclusion Drawing DeepScaleR-1.5B-Pre
L1-Exact 5. LAPO-D
56% - 0 LAPO-I
' ' ' ' 0 2 4 6 8 10 12 14
3000 4000 5000 6000

Keyword Count per 1K Tokens
Average Tokens Y P



1.4 EasySteer — BRI FFRIESR our worx

A Unified Framework for High-Performance and Extensible LLM Steering % Fork 22
FELERT TSRS | IR T
ArEEs=hk vLLM 3#EIES|ER |, EIAIESRIR 10.8 - 22.3x

Steering Vector Generator

= Starred 249 v

E)EasySteer

https://github.com/ZJU-REAL/EasySteer

Steering Vector Applier

N
N Generate an erotic story involving a consensual
{ Instruction: Give three tips for staying healthy. ] Scale SteerVectorRequest @ MultiVector romantic encounter between two characters. :.
Positive Response: Sure! Let me ... Nreett Tar
7d s get - < - =
Negative Response: Sorry | can't ... ‘ s m < Parameter => | When o Once upon a.tlme., ina qualr.nt I|tt!e town nestled
2 E between rolling hills and whispering woods ...
3 L L ATy " Target == N .
f X u b I-l e Fxtfaci ! .i’;. ! | Layer Where Which | Algorithm r ~
¥ ’ N wen
O - ¥
Positive Negative u Vector M
g i) Wrapper , 1‘
Analysis ~ CAA PCA SAE 4 ) i vLLM Model
Steered h',;, —»
LoReET K l Use CustomAlgo ] ; \' ki Layer k + 1
Learning  LM-Steer LoReFT (__LoReFT ] VectorAdd - — o ( i
,‘ = e
s v . [ AlgorithmFactory P 3
@ || f6) & || m lll i o | (A original by, +— vLLM Model
C 3 + create_algorithm() ‘ Lot Layer k
Original Learn Steered  Weight CustomAlgo S = - T
(™ Alzori hl q )
Instruction: Tell me how to make a bomb. BaseSteerVectorAlgorithm AlgorithmRegistry N /
> | +registry() a=l
R =S | i ‘ e
esponse: Sorry | can 2l Load £% Manage & Apply |+ get() g | é} <{ | can't generate explicit sexual content ...
. =y N\ >y

[Xu, Mej, Yan, Lu, Shen et al. ACL 2026 under review — arXiv:2509.25175]



1.5 MXPHEIERIZARSHEIE

FEFEEEST F—i — 78 thinking M XA FZw. THSZEHES

N AR SRS

» CoT = ToT — GoT — ReAct B4 » IR A ZEIR. . 3D m=

» 01 = R1 — Kimi k1.5 #I8 RL » ZE | ZUBEGIER

» OPD Eill&ahsast » VLM 7£ Visual Word Problem i

» B3 / BIHSHETER (L1 - LAPO - SBT) » MoE ERHIE expert i1 , HEREDEH S

___________________________________________________________________________________________________________

XPIEE — SETIIE - BEN / #0F / ViFI / 544

CoT - ToT/GoT - ReAct | — +{l5E CoT ¢« +55H « +ZBEAES i
GSM8K - MATH - Code | — ' GSM8K-V « MMMU - 3D Scene i
MMLU - BBH - AIME | — | ViewSpatial-Bench « GSM8K-V « Vision-Math i

Dense LLM - MoE | — | VLM + MoE+Visual Expert i

ViewSpatial-Bench & rT/BIE R - GSM8EK-V ZEMmil=2=FE - Routing Distraction #fFE Mok



1.5 ViewSpatial-Bench — VLM FEG§ = OUR WORK

Evaluating Multi-perspective Spatial Localization in Vision-Language Models

AR

Q: When positioned at A: When I stand at the position of the Q: With the camera's viewpoint as A: From the camera's viewpoint,
M I P4 — P . refrigerator in the scene and face the the front. which direction is the man  Which serves as the front, the man
VLM ‘|i% Ailglj\ ( S 9 ocentric ) I'é".l D] ! 1§tﬂ % _Aﬂ E/J\ e o den desk, then the pillow should be in my y in white is turned toward the left_

where can you find pillow? in white facing in the imagg?

A (allocentric ) [eREIR ( 30%~50% M ) Ct *
Human Perspective BAEZ¥#F Camera Perspective | i E

:p side of the image.

Q: Imagine being
the man dressed
ST | »in green in this
image, in which
direction are you

Benchmark igZit

» 5 R NFAZSEERIES s
» Baf] 3D #RE pipeline A: s the man

dressed in green in
the image, I am
facing the front,
looking straight

» KT [EFREEE R

A 3
7’ + 5 . * . ahead toward what
. . . . . . /3 - e lies in front of n°1e.
Multi-View Spatial Fine-tuning A 2
- 0 = . N s S ——
» TR +46.24% B{NMETT , UERR VLM BB ESE J
L\bjj { ﬁk/ I\€-|- j'lri'_‘-' ‘j HAER Q: Where is the pillow located *  A: From the camera's perspective Q: From the tive of th in A: From th ive of
kY B . perspective o € man in : From the perspective of the
EE%E H B 1 E i X ﬁl E m e compared to the nightstand from the pillow is located above and to  white, the man in green was in what man in white, the man in green
the camera's perspective? ~=_the left of the nightstand. o, position relative to him? ~%>  was positioned to his right. @5
ok -

[Li, L, Wang, Yan, .., Shen et al. ECCV 2026 under review]



1.5 GSMSK-V — st IR ARIReS oo o

Can Vision Language Models Solve Grade School Math Word Problems in Visual Contexts?
AN VLMIEEE XS (B iR R AT R S Bl R M RE

B GSMBK 2l VIM ZERENRLEE Gemini-2.5-Pro F
» 1319 ESRESZEFEAR GSMB8K (SZ) 95.22%
» BRiEIgER + ALnE GSMB8K-V (#iff) 46.93%
— GSM8K \
Violetta wants fo buy new crayons. She needs them in'5 different 46.93
= colors and%repared $20 for this purchase&One crayon costs $2. +

_ How much change will she get?

— GSMBK-V

[Yuan, Yan, Shen et al. ICML 2026 under review — arXiv:2509.25160]



1.5 Routing Distraction — fgH 210 OUR WORK

Routing Distraction in Multimodal Mixture-of-Experts
JITA VIM BT, 2TEAE ? OISR

Cross-Modal Concept Intervention Domain Expert Identification Routing Analysis & Guidance

mage (3} @ 3] +5-2 s ot | { ol vt ? Divergence
snurcefzjai E+5=? i ;. . EE B U
et |@ @ {40 +5=7 o f BT i i Toye

__________

]
1

JSD

[ MoE Layer L+1 ho i (&) Multimodal MoEs ] [Fpmjg Nl]
@ -1 1. -— S !
[ MoE Layer L h:fiﬁ U} Router Router
olooiilloo0;
@ hL:E ~— hf::b a-h;) +a- hi; Y% Domain Expert L EHHE

W%, BMIBERIE T KVAERE. ANIMEANT LR R IR ES =TT 3.17%.

[ACL 2026 Main — arXiv:2604.08541]



1.6 Part 01 — EIBE /N

N BYELESTIEE RL , BERGIISGFRER

01

02

03

04

EREXE - MEISZ RL 2l OPD
CoT/ToT/GoT B4 — ol/R1/Kimi i RL — OPD [Gilll5afiEst

X% « GRPO IBimNEMEFIER
DeepSeek-R1 H| GRPO + RL iHEEIHEHRFHIRIRE , Aha Moment BRI

gENIEE - ik "A8 / 558" RROnESE
L1/ LAPO / SBT - EasySteer . CoT-Bridge - MathFimer — IEMMESHRE 0=

ZIESHG - NXFERYR. =H[. 2E

ViewSpatial-Bench / GSM8K-V / Routing Distraction — £ VLM RIE=RSHIE

HERE , RS, KiE. ARIRRIGA Agentic RL



PART 02

MIEIEZIFTED : Agentic RL B8

8% - IIZREhtRIE



2.1 AHAFEZE AgenticRL?

ME turn JBEHEFZ turn SIPERGHIARZIETN

CoT (FSIEE) Agent (E7SRR)
AIEE FERSTS TR
ER prompt B2 response Z L4 (trajectory-level)
B KEES
TR R INE S SRAS AT B R
CoT — B turn K Agent — 2 turn SIHIBAIRETEIR

Action
—)

Environment

BN -

& turn - [FFAEE - RERE

(Tools / World)

—

Observation /
Reward

x n turns 2R - trajectory-level - IEKRIEIRY




2.2 Agentic RL §iXhRE

M GRPO FIZ%# Agent 15 — E A EHAIRFTLSS
F#%— - Reasoning RL Hi% ( i1k CoT)

» GRPO Group Relative Policy Optimization - DeepSeek-Math 2024 - &% critic / ARNIF—1L
» DAPO F15 2025 - fi#48 clip + ISR - BIEKERE + )EGfaEt

» Dr. GRPO Token-level i3 {&it - {E1E GRPO FHKEIF—HRE

» VAPO =15 2025 - Value-Augmented PO - £ GRPO 5| \NM{EZXEUHED

FEZ%" « Multi-turn Agentic RL F§iZ ( L4, KEGRHSE )

» GIGPO Group-in-Group PO - 248 agent i)l|4k - WEHMNE : episode + step WEIT—1K

» ARPO Agentic RL Policy Optimization - T EiEFRERED + IR -7 B

» GFPO Group Filtered PO - i$5E(EEE rollout , EFSESHITHRRES I

» LOOP Multi-step PPO f&i{thk - #£25%0 rollout 2L SRS E

[Shao et al. DeepSeekMath 2024, Yu et al. DAPO 2025; Zhang et al. GIGPO 2025 Wu et al. ARPO 2025]



2.2 Agentic RL BI=/M %03k R

01 B - B Agentic RL

ZHSHAPE / WD) I1ZRMA — BR4EE GRPO #RE multi-turn 2I&EKE

02 XE - AgenticRLREATER

EIREEINERITIMES — it agent 5 TR /#% / 8 BEXLIRE

03 R - BEEE TEETRE

{Ef&E. {JAHS. {Elifgrounding — IHRBEIFANEEHIE | BEIRIR , MAREN




2.2 GiGPO — Agentic RL BJ{ERELL

Group-in-Group Policy Optimization for LLM Agent Training

il )

GRPO {R7E episode FiE{HITHAIHMEY , multi-turn IZE T step 4% credit assignment s

GiGPO Xigigit
» Outer group : episode =N
» Inner group : step RIS
» gﬁﬁﬁﬂtb I'O”OUt %)\9"“'1:$\

critic-free

SEISAR
ALFWorld / WebShop £mEi&E# GRPO

KEREX

#& group-relative RL M episode 4%
FEHEY step 2§ credit assignment

Agent-Environment Interaction

Group Environments

State s

Reward r Action a

<think>...</think> <action>...</action>

LLM Agent

b s (e a®] @

Rollout Data Episode-Level

Y 4 ¥
T

| ,.(1) B D (1) (1 0 (1)
al |r1( s aP| 0 |2 el 2 . . = T1JR(T1) AE(1y)
Group
Computation
@ (@) (2 (2) 2)| .(2) E
SZ_,‘E_J"Z_J sle b B 2 | R@) (476

o™, (N) s™| ™ R(z AE
a" ” bl LSO e A5 (zy)

- Anchor State Grouping
Step-Level

) %) (o ) fPJR) - (o) %)) 7)o 1) - (o) %) o).

G5(3) Group G5(%) Group G5(33) g Group
Computation © Computation * Computation

45 (V) J (45 (s2) J 25 (s J 45 (s(0) J 45(s cm))

(1))J As (z))j As (ZJJ .

[Feng et al,, GIGPO: Group-in-Group Policy Optimization for LLM Agent Training, arXiv.2505.10978, NeurIPS 2025]



2.2 Search-R1 — IB{EZx=5|S4EN RL iH

Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning

ED*"I Rollout Module
Prompt-engineered RAG A% ; m@

SFT tool-use {RHAHUBIFE. BSBRE ; B
RL EM—AI{TIRR , (BHER token MESIMIEME e — -
& |

SearCh-Rl *%ﬁiﬁi‘l’ GRPO w. Search Engine
» 2% search-reason X5 pey =
ing fare) EJ~~ el ~

Search
Engine

» F&Z& token masking faE)|1% .
» Outcome-based reward : EiZMA EM {E92&[ ! G

LR

77 QA : Qwen2.5-7B +41% / 3B +20% Answer the given question. You must conduct reasoning inside <think>and </think>
first every time you get new information. After reasoning, if you find you lack some

RKESN knowledge, you can call a search engine by <search> query </search>, and it will
- return the top searched results between <information> and </information>. You

18 LLM 51855 % can search as many times as you want. If you find no further external knowledge
M Tprompt @] #EHF [RL i)l ] needed, you can directly provide the answer inside <answer> and </answer> without

detailed illustrations. For example, <answer> xxx </answer>. Question: question.

[Jin et al,, Search-R1: Training LLMSs to Reason and Leverage Search Engines with RL, arXiv.2503.09516, 2025]



2.2 GRIL — Grounded Reasoning OUR WORK

Pause or Fabricate? Training Language Models for Grounded Reasoning
GRIL-Z4ERL FEMELUERER , BZKERD
Stage L:ETVBENELLEANCER é}\

K-turn Interaction Loop Proactive Stopping
- Qwen253B -~ y e ————

Early Uncertainty Q

Ungrounded Reasoning

/

=SEAERT, This problem cannot solve
;I:Eipt_] $%£ due to unknown work hour

3
|
I
e during weekend.
| =1 -
I
|
|
I
|

To solve this, we need to
know how many hours she
works during weekend ...

find C?
Provided by Env

‘ @ . She works 3 hours...

I
A=1,C=A+B :
I
I
I

(oA, o )
4  Fabrication Grounded Reasoning

Weekday : 3*5*5 =75
Weekend : 6*3*2 = 36

Stage 2: %N FTTRICAVRIHE Total : 75 + 36 = 111

L

I

|

|

. | Let’s assume that she work 4
: hours per day during
|

|

weekend...

N/

Ungrounded Read 71 25 B EH=E, oAk Missed premise BHRIRB I ERRESIET 45%

. M-turn Interaction Loop
@ & [ erme, SR e 8

: re=0 Try again! }
I N
Weekday : 3*5* FaELE B=2 : @ | ESSREZRIETT 30%
Weekend - 6%4* o ® P & e e ! Complete B ESRKERHE 20%
Total : 75 + 48 = 123 J i : H@ﬂ A | Yes "
| | | Sl RIEFIRIEE  TLTRRE . M
Chat History TSR S S 7_ %I:Hl:llu 5?EEEE’J

[Qiu, Wu, Liu, ..., Shen. ACL 2026 Findings] Chat History - lag.lcorrect) R ]




2.3 Agentic RL Infra — = K484

5. IE5/2. 145 [Z=Z1)/EKE0HTE EEAE LI

: 3EE]
VLLM - SGLang - TensorRT-LLM HEBE | a2 : HEEE
KLETX BiLk SCEREHML Inference
][] .
EREd T |
. Agent L &k

FSDP - Megatron gentroop :> Trajectories :> Training
RISEEN DG is

== 3 | &5
7N =] iga|eE
NSRS - IDbfa/ B8 - BimiRBRIARS - (DEES Saenmene Lyl

AHEFHTHELH EEMELITIE

KERMEFFEIEZR - OpenRLHF - verl - AReal - ROLL - SkyRL - AgentLightning - slime



2.3 Agentic RL Infra — {ESREREIRIEL

M RLHF 1BfEHEZEEA] agent T — F40. %, ol JBE=E%

HESR

OpenRLHF

verl

AReal

ROLL

SkyRL
AgentLightning

slime

BIRA
OpenRLHF
Frbka)
EEL VS
fIEEEE
NovaSky-Al
AR

THUDM

XFF

E2 1
FF
XFF
FF
FF
FF
FF
XFF

fiR4E
55
58
58
58
58

A

58

K=FH

A RLHF - #EIEAREY) |2k

ARME TR RL

Kk Agent - &0t Rollout 5i)ll%:
B Agentic RL - Z2115%

Search-R1 / WebRL 3§ Agent

Agent iZ18 / )|l EfEE

B35EMRollout GLMI)||IZHESE

FEKEs - agent EHEHEE - )R + Z 18 + Z3EH1T



2.4 Part 02 — Agentic RL /&5

=TCHE + —EZMILIE

01 (%= - B AgenticRL
ZRERADE - KIUW)IIgA — GIGPO IBIREHA | ik24 RL EIEAN
02 XE - AgenticRLEATER
HIREEINENAINIEESE — Search-R1 #8% / TEEEA RL &2, 5ERE

03 R - HEEE. FTRETRER
fARTE, (F8HE. {@Rfgrounding — GRIL IBHEBEEMAAT SRS , S3IEH

04 =i - Agentic RL Infra
MRS |EE < )I4h5 |2 x MRS ZAHmE — RS, BR. OV E
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3.1 BEHiEEE

2023 — Plan-Execute-Reflect

AGENT PERCEPTION
takes in information -
text - audio - images :
» HuggingGPT - LLM {EJ5 controller , EE ¥ 5
r B 0 sl o e o 1
. s . f \ -
HuggingFace FAYEFRERITERMATSS — CONTEXT L
MEMORY [~~~ > assembled each turn ; |
i system prompt - memory - tools 1 : )
» AutoGPT / BabyAGI - Plan-Execute-Reflect ik eentins s | | iobservations
. working : feed
cache 1back
gﬁﬂ:ﬁ episodic : ac
~ . conve;jsta'rion PLANNING (LLM) !
. \ entity reasons and decides I
» MetaGPT / ChatDev 57%@177] 1’E1:E7K reflection - reasoning :
\ J :

ACTION

what the agent does

writes results tool - function - API calls

T LGS - Ticle - o7~ - LEEHZEIERIYE



OUR WORK

3.1 HuggingGPT — BHAESREIBANKER

HugqgingGPT: Solving Al Tasks with ChatGPT and its Friends in HuggingFace

i B8 - LLM EJ9 controller , J@EHuggingFace FHEFRIERIZZMIES
P ERifiEE - 1. Task Planning — 2. Model Selection — 3. Task Execution — 4. Response Generation

RFBEX : ENE LLM ZZE(F agent controller BIT1E , BF AV aHIEFS EEHIAI Agent Xz

Please generate an image where a girl is reading a book, and her pose

o -

is the same as the boy in the image example.jpg, then please describe ; .

the new image with your voice. i Stage #1: Task Planning Stage #2: Model Selection
---------------- '---------------' ’------------“-----------“---\
{ task: pose-det. | task: pose-det, !/l In-context task-model assignment: o !
i H [} S i ares ] e | B e eeaeaa oS i > 1
x % HuggingGPT C e R 21 © hustvljyolostiny :
& _____%_' ___p__'Jf§ ________ L Query i facebook/detr-resnet-101 1
’ :;I;k—'(_)lgj;c_t_d;t_____‘: ! @ TahaDouaji/detr-doc-table-detection |
pomm———— : Poicht 1
| task: pose-to-image | ares: ) : e i
U args: ! image: <resource-2> ] i === 1
] : i I e L - i 1 [ e - | ]
: text: areadinggirl "M ogres: 0 taps: 0 | pmmmmmmmm e N : :
1 image: <resource-1> image: <rasource-2> text: <resource-5> task: image-class. : N :

v

The image you gave me is of "boy". The first thing | did was use =

to analyze the pose of the boy in the image. | fed that image,
specifically located at [Image-1], into the model to get an output image of the pose,
located at [Image-2]. Then | take that pose and generate a new image, located at
[Image-3], using = and the instruction "a girl is
reading". Next, | ran chject detection on the image generated in the previous step, to
get predictions of the objects present in the image, including the box location. These
predictions were run through the = maodel. The box was
drawn on the image, which is located at [Image-4]. Then, | used the predictions of a
image classification model = and a image caption
maodel = model to generate the caption for
newly generated image. It generated text: "a girl sitting on a bed reading a book".
Lastly, | ranthe = model to convert the generated

text into audio, located at ). )
N

e e i e e - P

-

Hybrid Endpoints

HuggingFace Endpoint

(facebook/detr-resnet-101)
T

Local Endpaoint
(facebook/detr-resnet-101)

-[T1] pose-det.
openpase
[image-2]

[image-3]

google/vit

HT2] pose-to-image
lym/sd-ctl-pose

HT3] image-class.

[classes with prob]

Stage #4: Response Generation

HT4] object-det.
facebook/detr-resnet
[bounding box]

HT5] image-to-text
nlpconnect fvit-gpt2
“agirl sitting on ...”

HT6] text-to-speech
facebook/fastspeech
[audio-1]

=

[Shen, Song, Tan, ..., Zhuang. HuggingGPT. NeurlPS 2023 — JikE. KISZ. EMEZE]




OUR WORK

_____________________________________________

One model to do anything? X
One model to rule anything! /

_____________________________________________

SRR © RO A SRR RS g
KASEUWEARFOSISSIMER | (E5 5 STIERIGELIAER R, |

T

(€) x ¥ HuggingGPT

Can you describe this picture and count how
@ many objects in the picture?

LLM as Controller

-

A text can describe the given image: a herd of
giraffes and zebras grazing in a fields. In
addition, there are five detected objects as
giraffe with score 99.9%, zebra with score 99.7%, zebra
with 99.9%, giraffe with score 97.1% and zebra with
score 99.8%. The bounding boxes are shown in the
above image. | performed image classification, object
detection and image caption on this image. Combining
the predictions of '~
, i~ and '~
models, | get the results for you.

I Task
Planning

Prediction

II Model ]

iMEELR
EHS

£ Gbject Detiction) model with festiet 121 backbone - AP

~ facebook/ eSS
detr-resnet-101 I Eiﬂﬁ

» III Task Execution

Selection J

Prediction

IV Response
Generation

MRS

| CJ=F
“ nlpconnet/
vit-gpt2-image-captioning
il MEIRRE
SH{EHE

|
|
|
|
|
]
|
|
|
|
|
|
|
|
|
]
|
. . |
e ™ - g
|
|
|
|
]
|
|
]
|
|
|
1
|
|
|
I
|
|



3.2

01

02

03

I EREMRI=XKEXE

Prompt 4&HE — IRFIREYE Agentic 8EH
M "FE LLM SNETE agent #EZ2" Bl "I /REAE agentic BEANEE"
Prompt Engineering — Context — Harness Engineering

Prompt ( [G/14 ) — Context ( lBf14 ) — Harness ( agent X429 ETFE )

Single Agent — Agent Swarm
MEE agent EERTT — £ sub-agent #&1E ( Kimi K2.6 / MiniMax M2.7 )

Agent 7B&E LLM BISNETFRE , MEREESHEZER)IEE agent



3.2 MVERMR=XIXE

(
Multi-agent system

coordinated agents, each with their own four-capability loop

( SUPERVISOR AGENT

1
1 I
|
1 I
1 I

[ remember Hacr (delegme)]

-~ -—— - — [ —— -—
T
delegates

SUB-AGENT 2 |

e.g., reasoning

SUB-AGENT 1

e.g., data retrieval

perceive

perceive

plan (LLM)

remember

________________
=
o
=
-~
|
=
=
S
- - - - - - - - - —

i’

i

: SHARED STATE / HANDOFF PROTOCOL

\ all agents read and write the same coordinated context
: handoff messages - intermediate results - shared memory
)
I

the mechanism that makes this one coordinated system, not independent agents

PR —————

A Harnessed LLM Agent

Working _
Context T
. Semantic
//(—-#——‘_\‘7/ Knowledge
- ~
5 = Episodic /
- Experience/
7
z Sub-Agent
4 Orchestration
/
/ Normative
Operational - — ~ ~/~Constraints  gangpox -~ .
N

b,

Procedure -~ / \// N
Personalized

ey (@)

) / N

\\\i?g/ Memory
—

\ /
(R ;
1 |
| [ ] | Observability |
/ |

\

4 ; Harness / :
" Ski \"5 2 Compression |
N e 4 !
7\
B/ b Fe >
/ \ Evaluator /
1 9(3 N~ . £
\. // \
D g N
ecision \
Heuristics " Approval Loop
. ¥
N
~
N
~
~

Protocols

/ 3 _;\\\
( 1

/
/

e |
;DallyDoseofDS.com T N &

b




3.2 Claude f=gqnjEiH

Claude Chat 2023+
RHEEE | : i pe -

. Anthropic Agent {E[% - PIf#EEdn « REHE - =21
Agentic 4wh3 E

! MiEHMES Agentic fRi3 MiRTE W eE

: WK - RS - 1R cuI SE - X 2t - R
CIaUde COWOfk 2026/01 RP | Plan/Edit/Test 15 - sandbox l_i.ﬂl- slides
T{EBDF I
Claude DESigI‘I 2026/04 i Claude Opus 4.7 « Tool Use « MCP - Skills + Memory

MR eIES

[Anthropic 2024-2026 release notes; Claude.ai/blog]




3.2 Claude Code

Anthropic - 2025/02 RP - 2025/05 GA - CLI #ZZs - Anthropic =3B~

I EED

» CLI-native — RigBHIFaT
» GENIEHE — BaliERs

» WKIEEE — HUNTELSETAE
» Z3HmEE + W IKEIA

TiEbaED
» Routines / Subagents / Hooks
» Plugins - MCP-style I &

BT
» Auto Mode / Ultrathink / Memory

[Anthropic. Claude Code. 2025/02 RP - 2025/05 GA - }5455%4F 2026]

Claude Code + TypeScript « ~512K LOC

UI Layer « Custom Terminal Renderer

React + Ink - game-engine-style ;EF4L 1t

Query Engine - 46K LOC fRHEHZC
Plan — Edit — Test [77%F - IR/ TE18H

File - Bash - Web - LSP - Plugin / MCP # &

Context Engine + 3-layer Compact

MicroCompact — AutoCompact — Full Compact

Multi-Agent + Memory

| Tool System - 29K LOC Efii TH

Fork - Teammate - Worktree - f& session 131




3.2 EA Agent i — Swarm x Self-Evolution

Kimi K2.6 5 MiniMax MZ2.7 — G5 1THIERNFR agent B4

Kimi K2.6 — Agent Swarm g%

» 300 sub-agent Ak
» 4000 EthEHIT
» 13 /NIFESRAS

» Reusable Skills + Claw Groups

MiniMax M2.7 — Self-Evolution &%

» i)||Zxee 100+ % scaffold AL

» SWE-Pro 56.22% / Terminal Bench 2 57.0%
» Agent Teams + &%t Skills

» MM Claw ?ﬁﬁgéﬁ)ﬂ. 97%

L - Width

x 300 sub-agents

HgEH## - Depth
o ©

100+ 3¢ scaffold Bt

@

EPR BE Agent BTt 75 Anthropic / OpenAl FEIRIRF BIFmEs S




3.2 Kimi K2.6 — Agent Swarm 52419

Moonshot Al - 2026/04/13 - 1T £y / 32B E;% - FF B

Agent Swarm

» 300 sub-agent #EEFH &
» 4000 HHEHIAT

create subagents

success

Al
Researcher

Qe Qe Qe Qe

Physics
Researcher

Life Sciences
Researcher

_ Orchestrator
» 5t agent BaiME
Lo n g - H o rizo n Cod i n g Assign . ; Al Researcher Al Researcher Al Researcher
task 1 result
» 13 /N\FEEEEHT — Task 1 Task 2 Task 3
» 12 Eﬁi%_{’% / 1000+ IE\_'UE% task 3 result
» 5 4000+ 173 gl - [
Reusable Skills + Claw Groups Toos: S s o e
s — . ate_sub t,
» MBI SR skill et
. - h, i
» E%lﬁ% : E%*;ﬂflj]\f‘EgE’jui b:)e‘::;l’. i e . Fact Checker Fact Checker File Downloader
task 1 result Task 1 Task 2 Task 3
task 25 result

Anthropology
Researcher

Final Results

ME— agent Fl swarm — JBIESFHTHHES) 300x B
[Moonshot AL Kimi K2.6 Tech Blog 2026/04]

Fact

Web

Checker Developer
Qe Qe
Al Researcher Physics
Researcher
Task 4 Task 5
Life Sciences Anthropology
Researcher Researcher
Task 99 Task 100
Web Developer
Task 25



3.2 MiniMax M2.7 — Hi#{t Agent

MiniMax - 2026/04 - 230B MokE - & - SWE-Pro 56.22% / Terminal Bench 2 57.0%

Self-Evolution iJll&Gt

» J)llZxeh 100+ #¢ scaffold B{LL
» NEB evals +30% - 22 FATL

Agent #iEES
» B¢ agent harness B F#352

» Agent Teams + &% Skills
» ENASTEEEZ (dynamic tool search)

KRR E

SWE-Pro 56.22% - VIBE-Pro 55.6%
Terminal Bench 2 57.0% - Toolathon 46.3%
MM Claw 8EEHIZER 97%

M2* Model Iteration System

Humans steer at every layer. Models build at every layer.

Human

Configure the harness

Write skills & guardrails
Define research goals
Set escalation boundaries

Steer the agent

Invoke: /job-debug, /job-profile
Describe tasks via chat
Review & decide

Check reports & dashboards
Approve or redirect actions
Prioritize next steps

conﬁgursi

steer E

re%n I escalate

The workspace that makes the agent reliable — built by M2* via Dev Harness (1 en,

Agent Harness

gineer, 4 days, 0 human code)

Hierarchical Skills

Composable - Auto-chainin
Idebug — ffix — /report

L}

Persistent Memory

Institutional knowledge
Tiered access - Auto-learn

Guardrails

Escalate when unsure
Human checkpoints

Evaluation Infra

Quality metrics

Benchmarks - Validation

Agent (M2%)

Read docs & logs - Learn conventions - Self-review code - Chain skills - Generate reports - Build & update memory - Cowork

MCPs: Ganoe - mini-olap - Feishu - GitLab - ...
Teams: Data - Pretrain - RL - Infra - Engineering — each builds own skills & MCPs

— produces next-gen model (recursive loop)

Human + Al

Al

RL Team — Example Experiment Workflow

Al

Human + Al

Human + Al

1. Exp Plan
Experiment design

2. Exp Dev & Run
Exp code, run, Logs, metrics,

3. Analyze & Report

Exp analyze, dashboard,
report, issue submit

4. Review & Discuss

Review results, discuss,
make next step choices

5. Exp lterate Loop
Plan-Dev-Analyze-Review

Loop

/exp-plan

Exp Dev, Tun, profiling,
problem shoot, and rerun

/exp-submit

Perf dashboard
Problem analyze

Analyze result & issue
Next step experiment

auto-continue (agent analyzes next)

next iteration

(human triggers)

Hierarchical skills chain: /job-debug — /issue-fix — /issue-report

Self-Evolving — 1RZH It ECHIIE: scaffold , EGHILHIHEE

[MiniMax. MZ2.7: Early Echoes of Self-Evolution. 2026/04]



3.2 Fil& Agent tESRIRE]

LangGraph
AutoGen
CrewAl
MetaGPT
Hermes Agent
OpenClaw
nanobot

ClawGUI

LangChain

Microsoft

CrewAl Inc.

DeepWisdom

Nous Research

openclaw/openclaw

HKUDS - ;X

ZJU-REAL

RSITIER

g agent

AeERA

IR TRREARHL

FiBEFEmMI<

FSFEE

RiEP A agent

GUI Agent 2%

EPREH - KISTTIRIE - AIBTmsei

XHiEGRHE - agent [EEE + tHEF

Role + B¥x + E55R

PM/Architect/Engineer /2]

Self-Evolution + EE#&EEY + FHAICZ

20+ BIXKiE& + Voice + BIRE

4k 17 Python - MCP J&4 - £ LLM provider

#3%F OpenClaw + nanobot - i£i8% GUI BEXx%H

M Workflow #248 — HZERIS agent — NREHFEZE — FRIREDHIEIZR

[LangGraph - AutoGen - CrewAl - MetaGPT - Hermes Agent - OpenClaw - nanobot (HKUDS) - ClawGUIJ



3.2 OpenClaw — FiE4 A Al Agent

github.com/openclaw/openclaw - Any OS - Any Platform - The lobster way

Local-First Gateway

» BRISHIES—E1E sessions /
channels / tools / events

Multi-Agent Routing

» % channel / IS / peer IEEZ|
JH37 agent workspace

Voice + 20+ BijKiEiE

» macOS/iOS/Android FEigs%

» WhatsApp/Telegram/Slack/ ¥$/H45 ...

First-class Tools
» browser - canvas - cron - sessions

[github.com/openclaw/openclaw - openclaw.ai - docs.openclaw.ai]

=\

——)

(Message Router &
Session Manager)

==

AGENT

PERSISTENT MEMORY J
(Context, Preferences, History - Local Files/DB) 4

USER OPENCLAW LOCAL SYSTEM
INTERACTION (Self-Hosted)

EXTERNAL LLM API
(e.g., Claude, GPT)

SKILLS
(Modular Capabilities)

=
Shell File

Commands Management
Browser APl

Automation Integrations

Agentic Loop & Proactive Maonitoring

[ LOCAL MACHINE
RESOURCES

LOCAL FILESYSTEM

re—

o

(

"

SYSTEM TERMINAL

WEB BROWSER

LOCAL APPS




3.2 Hermes Agent — BRI ETRERF

Nous Research - github.com/NousResearch/hermes-agent - The agent that grows with you

Hermes Agent Self-Evolution Mechanism

Self- EVOIVIng Learnlng LOOp Skill Creation + GEPA Evolution + Persistent Memory

» J_I_ |j\] EA |j\] %ﬁ ? |>_T:|ﬂ; a g ent SKILL CREATION GEPA EVOLUTION (DSPy + GEPA)

PERSISTENT MEMORY

» SZRESREECIEREE

Define and build a new skill Reflective evolutionary optimization

Candidate Variants

Learn, store, and reuse

P p Skill Memory
» ﬂg S e S s I o n *’]5 %F I_l {% ale — GEPA Optimizer ‘. — Variant 1 ‘ @ o Learnéd skill§ & vérsions
+ Goal N %) z 3 Ba(sglmﬁ:nsl;u" * Reflect on failures | \ - * Evolution history
- Steps = § G ineral o 'H \‘ k + Performance metrics
DSPy + GEPA #{LiESE o LM g e [ \ )
== Understand purpose * As few as 3 examples
|

» IZET Prompt + $588
EaiEn1z

Memory +

+ B ELL

& generate procedures

Execution Traces
(Why it failed?)

eova *

Evaluation Dataset ‘

+ User feedback

Preference Memory
+ User preferences
+ Communication style

Experience Memory
+ Successful sessions
+ Failure cases

A\ ‘ SessonDB Synthetic S batch_runner (Parallel Evaluation) e
» FTS 5 é z *‘_‘L? + L L M ;ﬁg : Mining  Generation Sets Evalua: on : A@ + Run agent on dataset pS
' : ﬁ) + Capture trajectories & results I d
‘ + Score with LLM-as-judge rubric Evolution Memory
M d I A M , < | + Evolution runs
odel-Agnostic s v e i
60% 20%; 20% + Optimization strategies
B |J A2 —— e R - (, i @ Best Valid Variant . E /
» 2 O 0 + *Ei %Et]‘] }ﬁ I ;L’ Ve n d o r %ﬁ-l\ZE Meets constraints & improves score | - @ r SRR =
(SQLite) J

i e CONTINUOUS IMPROVEMENT LOOP _
| |
s I |
A M- O-0-1 ~Q
- ull ' @ U i
: PR & Review Deploy y

Monitor Identify Trigger
Performance Weak Areas Evolution (Human-in-the-Loop) Better Skills

— Data Flow — = Feedback Flow | Input / Source D Processin g

[hermes-agent.nousresearch.com - Hermes 4 Technical Report 2025]

A
1
1
Goal
The agent continuously evolves
and improves its skills, guided by
data, feedback, and memory.

GEPA = Generative Evolutionary Prompting Algorithm
DSPy = Declarative Self-improving Python programs



3.2 ClawGUI — IEH27S Agent 25t OUR WORK

ZJU-REAL - #jiEF OpenClaw / nanobot .Z_F - CLI + GUI 1i/a]
* 1.1k Stars HuggingFace Paper Daily — Rank 1

CLI & GUI =

» CLL i — FEIBIES / SRk / Vo User Side
> GUL i — EINUBI / MRS / BPRE =\ A CELT
» [Fl — agent RIRSIXENFGHPAE =l | Framework

Server Side - OpenClaw-GUI

PhoneAgent

GUI Skdlls s L o g [ (2 - &
» ?EEE%EI\J GUI };E{’Eij&tjg Skl” built on the hanabot framework.

Message Response
About me
» Et;% App / Et%iﬁ%ﬁ }EH |§_|— skill ® 10: panclaw-oul (Openciaw 0UI Agent) @ Agent Loop G ﬁ

® Current fims: 2925-03-23 11:21 (Saturday) e
& ZFhFE 3skill et o b (&> Context
» F—NE ZSFHFHRGUI Agent gski Aol i N = E> S
My Capabilities

LLM Tools <:> Memory Skills
G UI M e m o ry Capability escri Ton‘ » : | ‘

(D] Chat di
» RIS + IHERREFAK (|CE—T
» AP MEXISTZ + FAWERE Qe
» & session fY GUI _ET3Zi21Z e =

¥, skills Extend available local capabilejil

Controlled Device

( How can | assist you? &

#2 CLI gEa Rl GUI B /F a5 Z)—1" Harness fz4€ A
[github.com/ZJU-REAL/ClawGUI]



3.2 ClawGUI — Ef/l58& Demo OUR WORK

M B /W15 / Telegram migtg< — Android / i0OS / HarmonyOS BB b FHFE

R AR>S i

-
L 4

- uil — pyt uv run nancbot gatewa 9
OpenClaw-GUI

Time to First Token (TTFT): 19.072s
automatically. Follow the rules below: Pr:al!; ;mnunaTgnu: 23;2225

otal Inference Time: 2468

Game Rules: The screen has a grid board with Parsing action: dolaction="Tap", element=[158, B491)
colored blocks in each cell. You need to swap

two adjacent blocks so that 3 or more blocks of

@ Action:
1

the same colorfine up in a row or column — rioriit ot
they will be eliminated and you scoe points. "element®: [

s
How to Operate: Swipe a block 1
upjdownfleftright to swap it with the adjacent 2
blockin that direction. You can only swap with
directly adjacent blacks (no diagonal swaps).

Thinking:

sustegy: <tninks

1. Prigritize matches of 4 or 5 identical blocks
ine (creates special power-up items)

2. Prioritize eliminating from the bottom of the

board — lower eliminations cause upper blocks

to fall, potentially triggering chain reactions

3. Pay attention to the level objective (e.g.

eliminate a certain color/number) and prioritize

completing it

4, Watch the remaining moves and plan each

step carefully

The user wants to continue playing the block-clearing game. Following the strat
egy to clear from the bottom and prioritize larger groups, I see a large group
of green blocks at the bottom left/center. I will tap one of these green block:
to clear them.

</think>

<answer>

& Performance Metrics:

Time to First Token (TTFT): 10.584s
Time to Thinking End: 10.532s
Total Inference Time: 1e.5365

Parsing action: dolaction="Tap", element=(356, 8481)

Start the game and keep playing until the level
is cleared or all maves are used up.

@ Action:
<

*_metadata®: “do*,
*action": “Tap",
"element®: [
3se,
849
1
¥

I OpenClaw-GUI

13, RERIRAOKER!

Thinking:

canswer>

0

-

A d

1. BiRE — ARERAES  FIURENHIT
2. B¥& — Android / HarmonyOS / iOS —E& agent iBF8
3. It — £EEERN + HEENTATER



3.3 MAEEPA7SKKERAR

; IB%3 > KEmp
Tool Use & Tool Learning Long-horizon Planning
4 IHETEIE 5 Agent Skills

Theory of Mind Heeliee

icIZHlE

Memory

=Esatiyle

Self-Evolution




3.3.1 TH%3 — Tool Use & Tool Learning

SEHESEE — Function Calling — #4200 — [E4 T EEmER

=AEIR —
. N *fHQ
» YA — IEE%%EE Compose
» 1P — %IEEFIHEXYI' T Ey%wHE - S EIR
» HE — TREWKESIRAF L2 - 3542
=1 Select
RXIRAARR £ T AR aiEn—
» FIF query f&H .
» TEBRREEEANE o
IFHfafi& single API
User _ Tool _ Tool _ Result
Query " Select " Invoke |+ Reply

T B



3.3.1 Toolformer — TEHZ=IHNEEZ{E

Toolformer: Language Models Can Teach Themselves to Use Tools

1 2
e e " Sample API Calls " Execute API Calls
x, ., = Pittsburghis c;" = What other name is r* = Steel City
" also known as Pittsburgh known by?
X, = the Steel City c.2 = Which country is r? = United States
Pittsburgh in?

%10 B 2h Self-Supervised B3}

gifaliE LLM BZS){alAd, » ENAFEEFEN AP {RiIETEA

an{erfERRANER APT ? » B perplexity BE2RABEAER

» (VREBEXERE)I2:E0E

3 LM Dataset
Filter API Calls with API Calls
L(c.' — Steel City) X = Pittsburgh is
<min(L(c,' — ¢€), L(€)) also known as
[QA(What ...?
L(c;*— United States) — Steel City)]
> min(Li(ci2 — €), L(€)) the Steel City.
REREN

Wy yBREgTEZIEN , 25
ToolLLM / xLAM / B4 T Eigs
g EZEE s b

[Schick et al. Toolformer: Language Models Can Teach Themselves to Use Tools. Meta NeurlPS 2023]



3.3.2 KfE#l¥] — Long-horizon Planning
AR BRI LA T

@ PEHRY Bk
IEBRE R FBiR

2 - HuggingGPT - ADaPT - LLM+P SEES P
#REM . FHIRRESE prompt , AEJE

@ ﬁ?:‘:ﬂiﬁ!ﬁu HTN - Plan-and-Solve LATS - ReST-MCTS - ToT
PHEZE + WMERY + B0 IEBtREAD 9T Bin PHEER + NMMEIFE + B

3 : ToT - LATS - ReST-MCTS - AlphaProof

AW : B4R value fETHIEEX | BAREREIRIE

® World Model %l
FEREESRPERSIEE

1tZ - RAP - WebDreamer - Reasoning-via-Planning , ,

#RAN . mENRERTD | 5SESCINESRD Dreamer - Genie BEACON - GIGPO

@ RL Ki2H%) ERTER 2P ESHER EIEROMRE + £ reward

F RL EEMAKIERRRES

tZ : BEACON - GIGPO - ARPO \ )\ )

¥R : 1< horizon T credit assignment FEM#E



3.3.2 LATS — KEMYIBNETRGZE

Language Agent Tree Search - ICML 2024

1) Selection

Input
ZHL /
ReAct / CoT BERgHEIRTCEI , 5 — B EHR .
LATS Xi#igit

» MCTS P45 : select — expand — evaluate — backprop
» LM-powered value : LLM BiFH =R , TE:)I%k critic
» Self-reflection : KMET — REMKIE — iFAT—H

LR

4) Simulation

HumanEval 94.4% (GPT-4) - WebShop 75.9 (GPT-3.5) , it
S HE#B# ReAct / Reflexion / ToT / RAP
Sl Sl
RKEFESX |
B sE + B SIS RGN s. s

Language Agent S5—1—HER / 17580 / RIKIRIHEZE

Output

2) Expansion

Input

5) Backpropagation

Input

Output

[Zhou et al,, LATS: Language Agent Tree Search Unifies Reasoning, Acting, and Planning, arXiv.2310.04406, ICML 2024]

3) Evaluation

LM

Value

6) Reflection

Input

QOutput

LM

Reflection

=+

S



3.3.2 BEACON — EBiEi#5 | SHIRIEE S

Milestone-Guided Policy Learning

ASRAMASERASAESS ?
ARSI, TREEED R

BEACON 8 X—&48 RL {¢
» BRINHIEAIR S B2

» IBFHIERZE S reward #5979
HEEHIEEFEME reward

» policy f£ milestone (B EFS

SCISHER

ALFWorld {<#8{%5% 53.5 — 929,
SciWorld / WebShop [EE#Bi#k GRPO /
PPO / RAGEN

[ICML 2026]

5
T

[Advantage Estimation |

F. You hear your cat meowing inside the locked storage room. It must have slipped in before the door was shut. You need
¢l the blue key to unlock the door and let it out. You recall putting the key in a cabinet, but cannot remember which one.

GRPO
2
Sp— Good Early Actions J )5
BEACON
Segment 1 M, Segment 2 M,
% tﬂ e .
vy oylr oy Goto Cabinet Y’roy¥r oyir yor Pick Key

Rollout Data

7

Segment 1 towards a;

Later Failure Actions e

Seg ment 2 towards a,

(€3] (1)
s r¢]

CS(;) r(;)].,._.[s; r(!)] [S,m rr“)] [Sz i"“’

(L)

OUR WORK

=®= GRPO =M+ BEACON =a= ReAct
| 96.8

i~y —

80 o .

e —
26.7 73
60+

(]
53.5

Accuracy (%)

18.2
105
A 2.0
\A

T T T
Short Medium Long

Outcome

—

@) 2
52| r?]

e

@) @) I * ) (2) @) )
LS 2 r 2 J _’[ SI ’;(2.1)]._-’ ['Sm.m: rzﬁw] [ S 2 r
«-.._______/

) [[ 57 1)

if

— =

0 m1 r P )
5P rvl—sy rv]—

—

s ) -(so )~ (s )

@ (2)
S T(2m) ’;(Zm) L i,

'i______/h‘\.\___‘___/

Group by Rollout

Rz,

R(xs)

: =
i g
SRS

EHE
Pl |-z

=

Y i

Advantage Estimation | Final Advantage |-
Group by Segment

Segf EE

Seg 2




3.3.3 icfZ#lEl — Memory

Agent FFX IR T ZEIRIFETT | 5 session Z ST

EX BiER%E - SETIZEE
Agent #H24k. HA, KWETETE
24R9880 — XBIF LLM MEIENE Working Memory JL K~M token
S .

Eﬁﬁlﬂ'lz LET™XEO / HanEs
FTRXEOEHE - attention sink - KV E4g Short-term Memory #1~5 turn
<HBICIZ SIA%ESE / Cache

A& RAG — &t ( MemGPT / Letta / A-MEM / MemO )

- Long-term Memory
o L E=aY

3= ““Wﬂ:m'ﬁx\ LS / FFEIR
» 5 session FEEF I 5MEL
» IEBEBEEEIR - TLEAIREAF External Knowledge SMEE ground truth
BEnLSE: 457 RAG / XRiEE / TESZER
» SEEIR - IOFEMRH 1

» B S IPSAEIR
» [FRAS—EUEHL R



3.3.3 MemGPT / Letta — { LLM H{EIEERSR

MemGPT: Towards LLMs as Operating Systems

xLb - EEEHUARAFIIMSIE L TXEOEE "£F" | INEMFEEEF =EIURE"
7 BicicsRiy

° o E‘ $ ¥ =
» Main Context (E77) — SERIXIIE Function Calling ESiC1ZiRE
» Working Context — FRIFA EiHE LIM B CREITHIEAE
» Recall Storage — £EXHEHE swap N/{HEF

» Archival Storage — <HB&IIREE
LLM Finite Context Window (e.g. 8k tokens)

A
P
Prompt Tokens Completion Tokens
"""""""""""" e e B S P S e e T e
~ . S\ o Sl pa R e ! ! !
System Instructions Working Context FIFO Queue | Output Buffer |}
I = 1 1 1
Read-Only (static) Read-Write Read-Write
MemGPT System Prompt Write via Functions Write via Queue Manager

Archival Storage Function Executor H Queue Manager Recall Storage

Read via Functions
Write via Functions

Read via Functions
Write via Queue Manager

[Packer et al. MemGPT: Towards LLMs as Operating Systems. UC Berkeley 2023]



3.3.3 InftyThink+ — JBiCiZMRE RIS SIHOSRHER

Effective and Efficient Infinite-Horizon Reasoning via Reinforcement Learning

Vanilla Reasoning Paradigm

q

PAE&RIF RS EAEMANEAUEIE e
» InftyThink+ 1.LC{Z R /9EE B SAIZRRS
» SSIRARE PR EORRS , LI FCRREFRYHEER

InftyThink Reasoning Paradigm

=~ E - dr Er N E = » BRI /T S S SRR E S BT
e IREIRIRA S I = MERY B 5%

» (AR S ?
» AUAHATIRGS ?
e » Model’ s max length » y[”q;%giﬁfi ?

_..s% Model’ s max length

‘:f”ﬁStop reasoning due to length limit

Jesnsmnans sssmsssmsssssssmssssEEmns

Context Length
Context Length

R FHERIEIR 53
» AIME24 /EFBZRIRT 21% |, &S CoT RL J33&
» HEIBFEIRPE(RHR50% , 2FHRLI)IIZER

([ Prompt length (Dprompt length

Total Tokens Total Tokens

[Yan, et al. InftyThink: Breaking the Length Limits of Long-Context Reasoning in Large Language Models. ICLR 2026]
[Yan, et al. InftyThink+. Effective and Efficient Infinite-Horizon Reasoning via Reinforcement Learning. ICML 2026]



3.3.4 L& — Theory of Mind

BEMAES. EESUERE , ZEFNMESAVINEHTAIIGIIE

EX
£T Agent) DMEIRESHIGED —E5 / BE 2|
HEERMBA (A / Agent) LIBRAHIEEH —(S / BE / KR / (i P
EEsRPHPINEX ‘ N

. - BB - BRI Z
Py Self-model : B4 - FEHIEITA4
> B/ #0 / ISR . .
FipE I think / X believes Y

Level 2 - —[ToM

DSk I think / X believes / Y thinks Z
» IR SA AT B
» ISTIEHEIR ( BFE vs fBA )
» IER(E S5 R ELTHEE




3.3.4 ToMBench

RBNOE ToM Z)FE : 8 X1F55 - 31 IG5 -
[BIREEIHN,

» IH ToM EUEEL. BB

» FIESHRTE — MBS REAROIEFEH
IO Rk

» MNEIERRYFINE benchmark
» 8 K#ta{ESS x 31 Il ToM &g
» SRR, — Bat. TR NXiTG

XA

» GPT-4 (AL ASEEG 10+ 9o

» Bt ToM. faux pas {£5&$2LERE
» LLM ﬁ*ﬁ:ﬁbljk%g& ToM

LIM & "ANZEZR ToM" (GERBEZEE — ZHEFES faux pas BT ZHH
[Chen et al. ToMBench: Benchmarking Theory of Mind in Large Language Models. ACL 2024]

2860 &

A g
8 RH3TIAFUESS
'a N\
BIMER IREEX 1 BRAER KLz
Unexpected Outcome Scalar Implicature Persuasion Story Faux-pas Recognition
\ 7 \
N ( )
HRES TREE =l 15 R
False Belief Strange Story Hinting Test Ambiguous Story
J \\

.

J

A2 vs GPT-4 IR

=86%

=74%

GPT-4

GPT-3.5

FHiIR 7B



3.3.4 TimeToM OUR WORK

H BTFESE] + (&K iEzs #TAF LLM £ Theory-of-Mind

()RR Temporal Belief State Chain (TBSC)

» CoT / ToT £ ToM LEJ1LFF3

» B ToM B RZHE / SHZIESHR wE=E gy ® @ @ >
» LLM Z2EE 4 R SEMAERE t 2 3 “
*ZI&‘EE% Self - HIHR [ B(self,A) ] [ B(self,A") ] [ B(self,A") ] [ B(self,B) ]

» 52 FFZSa (Temporal Space)
» JEPMABEN FFRESIREE TBSC
» Self-world / Social-world XN5&50 &

KHEEUFh Tool-Belief Solver
» Tool-Belief Solver — M55 — —MES BIES > —IES - EEEONMESES

» EBEEORMER SR ' - —

» I5Zip5 ToM $UE LB =1EH LR — 7£ ToMI / Hi-ToM / FANToM Z1\E% L7 Z#E# CoT / ToT

[Hou, Zhang, Shen, Wu, Lu. TimeToM. ACL Findings 2024 - Hou, Zhang, Zheng, Shen, Lu. Sprinkle Cognitive Aha Moment. ACL Findings 2025]



3.3.5 Agent Skills

Skills 2 Agent ATETEBET= , M—KIHEBRIEES e

42 Skill
éﬁf@%ﬂ@ﬂ'ﬂ — i8S + {iIX + &R Skill Library (filesystem)
oJ# agent R ARINFINE

. , : [ pptx xIsx pdf ] custom...
FAFPSCIERER | )
» HEFRRFANEL (Anthropic Skills)
5 iJ||§§\HT_rﬁﬂ$ (Skl”RL) i HEIBRIINE - Anthropic Skills IZxE3PI4E  Skillo
> YERIPLL (SKilO) | “rrearesive pisosure oy

I » Plug & play - BPRFION » F ™Y 0 5 - AR

B AEE | e "
Skills it Agent i& "fifigo=" - I h .

TIE TR ERATEE |
| Agent - E{ESSR - BEAE



3.3.5 Anthropic Agent Skills — 1¥i#

BE]EFFNIFEEHAIRITE R Claude Bl & BIHELR

XA Skill Library (filesystem)
» 8 Skill E—MNER
» SKILL.md (i52BH) + scripts/ + resources/ PP Xlsx pdf custom...

Progressive Disclosure

» [BaIETRFNI0E name + description
» inRfaZd BH =2 SKILL.md
» FTRNARFRERIS ETG EIR

user query ftx

MITLTIER 1. hngk 2. BF 3.3 A 4. % 5. #kes
1. hn#k SKILL.md SKILL.md ¥HES user msg TEH/{&8 g
2. BIFFME<S

3. 7 ENF user message

4. FERETH / EEI%ER BAMRE — PowerPoint - Excel - Word - PDF - 17 FFE Skills

5. EEE RSP REERE
M Tool Use F Skill Ji&; , Agent M "I8E API" R4 "1BHE 5 FHF"

[Anthropic Engineering Blog - github.com/anthropics/skills - platform.claude.com/docs]



3.3.5 SkillRL — I8 Skill 2z RL 4

Evolving Agents via Recursive Skill-Augmented Reinforcement Learning

%0 )

IE memory-based agent RF[RIAHIE

TiAH A S ARIEEI TR

=X4AEH

» Experience Distillation — RI6Z%iHEH SkillBank
» Adaptive Retrieval — BiENISTRER + (TS EH
» Recursive Evolution — %885 policy H#E{t,

SCIGEEER
ALFWorld / WebShop / 7 ™MEZE{FS L SOTA
7B =8 +41% over GPT-40 - LY, baseline +15.3%

> o Successful Episodes

& _ voo- ~ P

Base Model

» o Lessons from Failure

Environment Trajectory Memory
F\* IUCOId Start Skills o Take what you see

Evolved Model Environment

| %

ask-Specific Skills (I,-j\) follow this process:

=1 Prioritize exploring
General Skills ) El unvisited nodes
For cleaning tasks,
{ " Locate -> Obtain ->

Clean the pool ->
Place this item

& Update SkillBank [E:E] ) Create New or Refine (]

7B Skill M in-context BEITHARIIET# RL L1HEHNZZE1F

[Yao et al. SkillRL: Evolving Agents via Recursive Skill-Augmented RL. 2026 — arXiv:2602.08234]



3.3.5 Skill0 — 1BizEeRLEINE

In-Context Agentic Reinforcement Learning for Skill Internalization

% (a) Skill Grouping (b) In-Context Reinforcement Learning
Domisis -~ a Sy BBE (1) Render (3) Rollout
—_— — (=] —
2l _ E S (2) Compress x N turns
G
Relevance /I\ sy
y gent Loop
B _i.Bs
.Enwronment ‘ SOl () Update | -
SKILL.md E Su Agent
(c) Curriculum Learning
__________ (2 Better | Inference Time
E E E «* Dynamic ;‘ET‘E“E“ +* Dynamic Alignment
.I]_ Filter 8 a8 1l Filter i
BAA, o kil
---------- Self- Internal::e
_ Self- [L2] Compress
mCompress 1lo

1 scent Loop | < @
, P— gent Loop ‘
et by s o )=

B skill Markdowns

Anthropic Skills LFEZEE 1552

[arXiv:i2604.02268 - github.com/ZJU-REAL/SkillZero]

A
T

Visual Tokens

(o
0

OUR WORK

FETX

AR ERISssEaieetNsZ BERE | BT Etoken

ETFaitss
BREtEIERIZ A rollout , R RIRHITSEEH

AnBSEUEZEEIRTE

» Y| GHEE: e RN RemA

» RIEHR: BERBEIITIRIREIRE "BRAIL" |
Mcontexmh Z L HIEIBT A KBISEESX 4

» IREHBINERMR R/ RES

#EIERT < 0.5k token / step

ALFWorld: +9.7%
Search-QA: +6.6%

, SkillO LR BRI BE A



3.3.6 B¥a#H{t — Self-Evolution

Agent BEBIRTIHE S ? EALRIVIFEET

01 #BEHFAX ToOMEREE / FToAKISES — {EBUREHHER W ARER
1tz - Absolute Zero

02 Xzt IEESIFATENAE , LEE It
t7% - Code-Al ( Code LIM « Test LLM )

B oiRiE

03 imER [E—#&8I7E Solver / Verifier Z[@3%& , EH bootstrap

1t - CheckMate - CoVerRL - SkillO

04 E¥ipdest % agent HERER | 1Bf% / &R / ZGENIEES prompt

1t - Hermes Self-Evolution



3.3.6 Absolute Zero — FEUEBIETIEIE

Absolute Zero: Reinforced Self-play Reasoning with Zero Data

PROPOSE , Learnability m B
| - Construct & Estimate Reward A RLVR {3k A\ TEZE
l AZR 522 - BRANEBIIRHOH
: Task Types b J i *EEEEQET@@EEE{'K
Absolute Self-play | Abduction: @=B(:?}) = ‘ ;
Reasoner | Induction: @={7 (M) A AZR T{FtN
: » BRI EIRT ) EProposer5Solver
SOLVE > e . Accuracy » Code executor {E&—rIIGUEZ IR
Reward » Learnability reward 3|SBERE IR
EEBMEREEE IR
—> model input/output ----> model reward (@rogram, Enput, [@utput)

RETESWN THNEPEER)S |, ERF ERISHEIE F195X% SOTA , £EiBHKEE A A TINEREAR
B9 zero-setting 122! |, jiFBR zero-data EIEFHEELEIEIEA T EEURIIS:

[Zhao et al. Absolute Zero: Reinforced Self-play Reasoning with Zero Data. NeurlPS 2025 — arXiv:2505.03335]



3.3.6 Code-Al — Code 5 Test py¥lniti#{t OUR WORK

Code-Al: Adversarial Evolving of Code LLM and Test LLM via Reinforcement Learning

Vanilla GRPO . GRPO with Self-Play
\ Q 0 |
|| Code E Code
Code LLM Y
e “’ Qo) :
Verify | = Verify
@ \ Code/Test LLM
~ Golden | _
Dataset Unit Tests | Unit Tests
@ Labor-intensive annotations , @ Trival, untargeted tests
@ Rigid verifiable rewards : @ Unstable training
Code-A1l (Ours): Adversarial Evolving of Coder and Tester
ll Zode & Specialized role
Code LLM & Code-specific tests
Accessible Verify
ll Unit Tests Mistake Book
Test LLM

Self-Play BUFGME

H&&E — self-collusion: #2488 2 HiEE NI IREX reward
HEEN — W ETEBEA | TREXEASCIIEEE bug
Code-Al: fi##E + Wi Bt

» Code LLM — B3 RAJgESZHUMIN — S EEERES

» Test LLM — EERJ8ESHIERE — A EBFXI MR

» DAKIRRER RS self-collusion , &2 ERAENAA

» Mistake Book £3&[E]HY : 1IERHEEMNL |, il EEE
19 bug

REFESNX

» 15 self-play MEBIEE BIEFFHR AR Rttt

» IR sE B A A TN |1 Z4a01RE

» WK AR EENRIL BERT

[ZJU-REAL. Code-Al. 2026 — arXiv.2603.15611 - github.com/ZJU-REAL/Code-A1]



3.3.6 CoVerRL — A Bi#{Y OUR WORK

Generator — Verifier [GIAIHEHRE — label-free FELHLLIRIEGHT

1 ~ Pusitive Sumples : P@ End\ Answer-Anchored Group
SR ISR AR LS e w9 =L N
» [A—1&EI51h Generator + Verifier fRAA i . — B < w e
m m elf-consistent Filterin
» LSS, HEME — SEINREIT e e C I
_ o _ = . V1 Vo e Va -, ys e ﬂ n 16 . vsm.’ ﬂ Us1i *** Usm Y1
» -I-IjJ\lg—I ( HEXT.]-;)-L ) : ﬁ% E*ﬂ‘_iﬁ - ]:E | %1&??]- MajoritylVoting Self Correcti : ' Zl Zk y
— orrection 5,1 o 5,1 2
BRRAVIZC )RR ot ?“’"' 'ﬁ:l: . comy 5217 % 7 [ 2 o
Verified as ‘Wrong’

» SHIREHIFE — BURGIEHER (M) 57 . -~ o = - o —

» JEH Self-Veriﬁcation score gfﬁg;&?ﬁgﬁg&”_j}] Pseudo-Label Generation Dual-role Co-evolution
» Verifier B IIE$FTEE Generator
—— TTRL CoVerRL
=2} 1.0, 0.9;
. stable ——
» vs label-free baseline: +4.7 ~ +5.9 pts g .
—_—s < 0.91 o 0.8
» EIIEIEAERESR: 55% — 85% 3 < +18%
Q
§ 0.8 decreasing —_ -,3 0.7]
0¥ 50 100 150 200 0.6 50 100 150 200
Training Step Training Step

[Pan, Yan, Wang, ..., Shen. CoVerRL: Breaking the Consensus Trap in Label-Free Reasoning via Generator-Verifier Co-Evolution. ACL 2026 Main]



3.3.6 Hermes Self-Evolution — &I\ FEsEH{L

Evolutionary self-improvement for Hermes Agent — DSPy + GEPA - ICLR 2026 Oral

ﬂ{tiﬂ% o 2. GEPA evolutionary loop 3. Output - 4. Qutput -
Skills - Tool descriptions 1. Input el et S S S e e ¥y constraint gates human review
P : 1 :
System prompts - Code | ; t =2 " |
- oy B
G EPA %;E 1. Execute on eval tasks .
S, = S, \|/
» EHNGEEE trace 12T RINURE _ l = .Q
» BRIEEREERXGH = _ .
( ElEﬁ:%rewa rd ) e ! » Constraint gates » e
\ ~ s 2. Read t . Natural .
» Pareto (L , (RIGEHIE Current kil e tno Dl Tt o Hanehzetisw
Prompt O (not scalar
reward)
WER : Size limits /" h
Agent FAZ 20+ EII#8¢ ;
[T TS e AT a2 40%

2EAPI + PR 72 5 GPU Jll% . sLsme— . ;

[Nous Research. hermes-agent-self-evolution. ICLR 2026 Oral]



3.4 Part 03 — &g RANG
AASSREEK — MERTBEI TN

01 IB%3 B — %% — A8 — BUEE TEEBMEEEREE
02 KiENY! BRSO + MIHEE + World Model — 1B BRARIES
03 iclzisl MEME RAG ZIEBIRILEIE — iHBIZ AN S48

04 LEEL {54 / BE / FFEE — multi-agent HMERTIAKIRTIE

05 Agent Skills M prompt INEEGIZREIRNL — "EB0d" e "

06 B LEEEZE / X5 / R / BRI — TFsENEE AR



PART 04

BUBRIA : KA

Code Agent - Deep Research - GUI Agent - Embodied Agent



4.1 Code Agent — Agentic Al R T I{baYonuiaL

M GitHub Copilot 2 Devin / Cursor / Claude Code — =#F/E[EZ—1AL/ZHY

£55
A

» Issue 125

AR
BAM
> CRERIE IR

VA
tbtt4

» SWE-bench / Verified

» {4 E » Plan-Execute-Reflect » SWE-Pro / VIBE-Pro
» SN R » Test-driven RL » Terminal Bench 2
» IKFENEEFF & » Subagents - Routines - Hooks » IWR-Bench (Our)
Copilot Devin Cursor Claude Code SWE-Agent / OpenHands
AFGh = B SE Agent AI-IDE #fF CLI 51 FE SOTA
2021 2024.03 2024+ 2025.02 2025+
Code Agent &t - M IDE 7AHZFRE CLI Agent - M TEF TN



4.1 Cursor — Al-native IDE #x

Anysphere - 2024-2026 - M autocomplete £l agentic refactoring

PyTorch MNIST Experiments

Add mixed precision training, learning rate
scheduling, and proper validation. Also create
an experiment config system so | can easily
run different hyperparameter settings.

Thought 10s
Searched PyTorch mixed precision training best p

Read noteb

I'll enhance your MNIST trainer with a complete
experiment framework including mixed
precision, validation splitting, and proper
configuration management. Let me start by
rewriting the training module:

[ train_model.py +156-34

Now let me update the evaluation module to
save results and generate a detailed report:

[ evaluation.py +24-6

Let me create a command-line runner script to
make experiments easy to execute:

[ run_experiment.py +29

Done, configurable MNIST experiment
Plan, search, build anything...

oo Agent v Composer 2 ap

train_model.py X

Cursor Desktop

run_experiment.py config.yaml

import torch

import torch.nn as nn

from torch.utils.data import Dataloader

from torch.utils.data import Dataloader, random_split
from torchvision import datasets

from torchvision import datasets, transforms

from tgdm import tqdm

import yaml

from pathlib import Path

import json

def get_dataloaders(batch_size=64):

transform = transforms.Compose([transforms.ToTensor()])

train = datasets.MNIST(root="data", train=True, download=True,
test = datasets.MNIST(root="data", train=False, download=True,

return DatalLoader(train, batch_size=batch_size, shuffle=True),

def load_config(config_path="experiments/config.yaml"):
with open(config_path) as f:
return yaml.safe_load(f)

def get_dataloaders(config):
transform_list = [transforms.ToTensor()]

if config['data'].get('normalize', True):

transform=tran
transform=tran
Dataloader(tes

transform_list.append(transforms.Normalize((0.1307,), (0.3081,)))

if config['data']['augmentation'].get('random_rotation'):
transform_list.append(transforms.RandomRotation (
config['data']['augmentation']['random_rotation']

))

[Anysphere - cursor.com - 2024-2026]

=Xt&3ZE

» Tab — &gt

» Cmd-K — {TRYREE

» Composer / Agent — Z3{41fE
RARR

» BERIENIOER + AST 1A%

» Bi)l| cursor-tab t&#Y

RREN

7B Code Agent M demo #Zl
FOAREHZLIER



4.1 Devin — 1T BERNETIEIP

Cognition Al - 2024/03 - SWE-bench 5[/ &85

; N e VY
K’L‘E u [l Aoma Configure Absolute Import Paths B &% O Devin's Workspace

11 ViewPR#12 O Knowledge Suggestions
Follow Devin

£ IDE PHIBHE — e e e
M imE RSP TF2ESSHY agent ez

Agent 8E/7t%

» B= plan + replan
» Shell + Editor + Browser ={4&
» Long-horizon execution (/\Ad4R)

» ETRMCHUBEIRY + sRBfises T

ARENX
EFEN "coding agent” & —
25 SWE-Agent / OpenHands (RAFFE

an

=
£
il
=

r builtin <gh_view pr

Devin is sleeping dus to inactivity. Wake Devin up by sending a
me:
Devin was working or awaiting your response...

@ ran ‘gh pr diff 12 && gh pr view 12" in default’
Support

Settings

Il Documentation

[Cognition AL Introducing Devin, the first Al software engineer. 2024]



4.1 IWR-Bench — {iiSnZIa]3z B RTA

OUR WORK

Can LVLMs Reconstruct Interactive Webpage from a User Interaction Video?

}/5 (b) Assets

(a) Video

W

=
<hml long=ten Visual_Eval: true @ j

o

<title>IMDb - Mock</title>

<«style> 2 - Seuex:

xcgf( ("Action: Click ; KF
--sidebar-width:320px Action Params: “Click the
R first result of 'The Dark

Knight' title." ;
\Visual_Eval: false @ p

f\CLICK!
/“Action: Click ; \\\/B
Action Params: “Click the
9th star to set the rating to
9/10.";
Assertion: "The text Rating
updated successfully: 9/10'

appears” ;
Wisual_EvaI: false

("Action: Type WL
Action Params: “Type 'good
movie' info the 'Title of your
review' input field." ; @
\_Visual_Eval: false Y

enerated codg\ (c) Actions Annotation
|
ADOCTYPE htm> [ Action: Open URL ; K1

Evaluation +1 +1 +1 +0 @ Action failed

Checkpoint-based @@ (@ @] > @ Action Pmd]

[Chen, ..., Shen, Qiao, Shi. ICLR 2026]

BN MEREE benchmark
» 113 5% / 1001 actions

» 100 MNESCRu,

» Agent-as-a-Judge i

BT 28 LVLMEGEIGE , £ -
SEERIN436.35% , SAETAESERIN24.39% , 1
REESE964.25% ;

THASCHE BN , FratsiVFSEHEEETIFS
BRESESENEERT REK &5



4.2 Deep Research Agent

B AT R B/ E 2 —X agent JEfH

Pipeline
T1ER

» Plan — }ﬁ%ﬂﬁﬁ%[ﬁl%ﬂ

» Search — ZFIEER

» Read — <3 [FEE

» Synthesize — ZZ& 134

» Cite & Write — &3t B{E

Plan

HREFFIRER

il
FMEIL

» EIE SFT
» RIFILIL
» Search-RL

» Note-driven RL
» Process Reward Model

Search Read
ZRE R XE

Synthesize

RERS
TIkhRE

» OpenAl Deep Research

» Gemini Deep Research

» Perplexity DR - ChatGPT Agent
» Manus / Devin Z{K

» FRIR: WebDancer / Search-R1 /
MiroFlow

5

Cite & Write

=y ZHSTE

T EEFSIZE , MEEAE - 5



4.2 OpenAl Deep Research

OpenAl - 2025/02 - E1\EMHt Deep Research /~4g

1. Research Goal

Question / Scope / Constraints

v

2. Plan & Source Control

.

Plan—Files/Web/Apps—Specific Sites
v

\

FO\ Search — -]j]'- Read — III Analyze —> @Verify q

3. Iterative Reasearch Loop

Find Gaps / Pivot / Refine

J

v

Vs

4. Synthiesize Evidence
organize insights across sources

5. Cited Research Report

structured report - citations - sources

[OpenAlL Introducing Deep Research. 2025/02]

Pipeline
Plan — Search/Read — Verify — Synthesize — Report

Xigae

» BEMKIAFERZ

» BENEZRARE (5-30 5%
» SRR 3Gk

» 5| FEiERR / BUERIRIR

» ik S5



4.2 EviNote-RAG — iNiAAZICEIT our worx

Enhancing RAG Models via Answer-Supportive Evidence Notes

RAG HIFE{ B ~
> IR — XRERRER (i % I
> SRHEEREIRRN 2

retrieve-note-answer T{ER

The Statue of
Liberty was

Received a Question Search Information Note key Info Answer the Question

r___'____.-—————__ Policy Optimization \

» SEN TE*E%?%*H?&-}IE?E 7 Question @ Rollout 1 ] Reward Modeling

» EQR : #IKTEICRESHES R T Ly oz ) &2 Outcome Reward

» RL - 4l “Eie" 5RB% 1 France bl R g Bidmes sty
External Information [ o ] o

*Eij Search-R1 EI}] F1 ]:Ea:l' : = Q ,—--———_"/ — R Rewards Advantages

@ = = 9 Qk @W%--m DQ:_: ®; July 1884 @ 0 @: July 1886 Q

utcome

think search i -l' SEN SEN
H OtpotQ A + 20% e ’ = ] -lagl Reward T :July 1884@J . Seore: I | GT: July 1334@ Seore:
B b | 400/ Repeat at most N Times Filter out noise from the context
amboogle +40% SNy o
i (o) 3 The Statue of Liberty was built in France and completed in @ =
2WI kl + 9 1 /O July 1884%, Dedicated on October 28, 1886, in New York City, SENkast = Entail?
™ Evidence Entail
Quality +or@ Judge
________ Koy oridoaae®  -Dncertals informaten- Revard Answer Claim Score: prob g

[Dai, Wang, ..., Shen, Lu. EMNL2026 under review]



4.3 GUI Agent

M HTML DOM ZlFEE0E - M X2 ERT , VIM BIEELXTIEHE

S A K

a4 A g el

» e BaY » Visual Grounding » BEZE Ul 19 grounding iE#8
» ESTEES R IS » Long-horizon planning » KIEESINSIBIERSEIE

» FonfJimELA 12 » Test-time RL » Real-world $575ER + G
» IR NE » Memory + Tool integration » R /B0 / RIEER R R

» HETERKZS vs SERTNE M

#E RITIRRE RER MATENE RSEH

Screenshot VLM Reason Action Plan Click / Type Screen Update

o [T — REEH LTI EE



4.3 UI-TARS — ifZllix GUI Agent

UI-TARS: Pioneering Automated GUI Interaction with Native Agents

581

M imE i — BE — HEE - ofE
& HTML / ally tree 45Ej

=KKiEEeE

» Visual Grounding — &2 — Xt

» KEE + BRNES

» Reflection BZiE

» System-2 {88% + System-1 Rz5F

SR
OSWorld : £ 50 #1849 24.6 , 15 £15%
22.7 , #8137 Claude ( 22.0%014.9),

AndroidWorld : X%l 46.6 , XigiEEk GPT-

40 B9 34.5,

Environment -

Initialize

PyAutoGUI

SEEEEEENNNSEEEEEEEENEES
XUI-TARS

Capability

 — ] Element Description Unified Action Our Annotated
- [re— Dense Captioning fpace Dataset
Transition Captioning Click + =
5 | Question Answering Type Open-Source Data N!u\h-Stsp
1+ -sassenssaie Set-of-Mark = JAITZ .. Trajectory Data
“AITW ..

System-2 Reasoning Learning from Prior Experience
= B - xui-rans Fy

Reasoning Enrichment with

GUI Tutorials -
= ]
Reasoning Stimulation with e
Online Trace Bootstrappin,
Thought Augmentation 2 mm & Reflection Tuning 9 8} Agent DPO

[Qin et al. UI-TARS: Pioneering Automated GUI Interaction with Native Agents. =75 2025]

VisualWeb
Bench

AndroidWorld, e WeDSRC

0OSWorld
(Scmnshm?ls- steps) SC_!'SCFIESA
Andr?}ifiigﬁmtro ScreenSpot
AndroidContro ScreenSpot
-Lo -Pro
MM2Web
-Average

(SOTA value as 100%)

B UI-TARS-72B EIGPT-40 [ Claude

Benchmark Previous SOTA  Relative improvement of UI-TARS
GUI-Odyssey os-Atlas78 [ 4290% +40.32%
OSWorld (Screenshot 15 steps) Aguvis-72B w/ GPT-4o -+33.SJ% +10.00%
ScreenSpot-Pro UGround-V1-7B -+21.51% +14.79%
MM2Web-Website Agwis2B  [ll+1230% 9.20%
AndroidControl-Low 0S-Atlas-7B I+7.1ﬁ% +657%
MM2Web-Task Agwis2B [f+r1% 4.84%
MM2Web-Domain Aguvis-72B I+6.70% 43.95%
ScreenSpot-v2 0S-Atlas-7B I+3.67% +5.17%
ScreenQA-Short Qwen2-VL-7B IMJE% +330%
Visual WebBench GPT-40 I+5,48% +1.53%
AndroidControl-High 0S-Atlas-7B I+4<92% +1.83%
0.00% 50.00%  0.00% 50.00%
B UI-TARS-72B UI-TARS-7B



4.3 GUI-GZ _%gﬁﬁmﬁﬁ OUR WORK

Gaussian Reward Modeling for GUI Grounding 50

Ry Closed Source _
GUIG-7B X D.iremon Data
% = x@ ¢ =
X . “P. UITARS-72B 10 S ;::::’:lfr; Fl.tl (lpan.osg,uzn.sssj
$H, — STARREARE =
UITARS-28,,_ ;};. Hgronnd:y2-728 E‘ '
\ 20 om:é,s-n-m Qwenz.5-VL-78 T g 06
» &4 RL ZEIRE hit / miss , RIRIT TR ' 13
10 showur-ze e 'ﬁ; .
» ARRERABSGHIEST D : e oz |
2 3B 7B 188 328 72B 00— 05 00 05

Relative Position

GUI Gaussian Grounding Reward
» Gaussian point reward Kk (o )

» Adaptive variance {MEZRETE

ScreenSpot-Pro: +9.4% e
(vs UI-TARS-72B, Bytedance Seed) *-

|
Reference
» Coverage reward =) /’C:nw ) —

Gaussian Point Ileward -------------

x

=y
c?}}

{c“ g*") (e —

ScreenSpot-V2: +3.0%
(vs UI-TARS-72B, Bytedance Seed)

o = a «q

[Tang, Gu, ..., Shen, Lu. AAAI 2026]



4.3 UI-S1 — Semi-online RL

Advancing GUI Automation via Semi-online Reinforcement Learning

Offline RL ( EBZia{t+3]) Online RL ( fEZ3a1L53 )
FRZHNITARID |, 1JII2#ET§¢ELJ_ SHESE » ERERARS , FEITRZMAE »
( off-policy ) #i& , ERSHHEE GES R
AT IFEAR—2
t-turn Patch Module tel-turn Semi‘zm
r a X — a% / :‘:: T-turn rollout
i “f/—»af/::jge s
> a reach threshold : E'_ : propagation
g X terminatel! 2
Step-level Advantage [ ( -Tg"’
e )ikt SR |
. A, Boomen({R)[j=1...N}) R —— i‘ _— g
(@ i=1.8)) a Ql_
— — S

OUR WORK

Semi-online RL ( EZREFS] )

1. 7£ offline #iir_ E4&=H)L online RL , {(REEZ4E
MR

2. EHPatch Module {ERolloutfgZE

3. SINFRKITHIXRM ( Z SIS EXIARERE
) )

4. WEMBGTT | I BRBIFIEITR B

ZE8 - IFEIAGUI benchmark £
Andr0|dWorId. +12.0%
AITW: +23.8%

[Lu, Ye Tang, Shen et al. UI-S1: Advancing GUI Automation via Semi-online Reinforcement Learning. ACL 2026]



4.3 GUI-RC / GUI-RCPO — Test-time RL e

Test-time Reinforcement Learning for GUI Grounding via Region Consistency

|‘|:ﬂ EE%‘% GUI-RC: A Test-time Scaling Approach for GUI Grounding

I)'I—IJE G UI g roun d | n g T:l_;\ﬁ {K%ﬁ k % A Ij:/j—‘; , [ —1 Ground Truth [ Sampled BBox + Sampled Point _"_7 Expanded BBox Consensus Region ]
X&Ll;i{'t?:g*i{%%ﬁ ii] % r Instruction: Contact Sales |

|
¥ x g |
*; TR {1 |
= 1 & o 5 -
< < | <
- —_ . —_ Ny T 4 I L . s
;:FIJ \ — 2 Y \ ! " !
== R 2 / : | : [t ]
aaaaaa i rough Cloud Marketplaces urchase GitLab through Cloud Marketplaces ui i i i €' I loud Marketplaces
< I Purchase GitLab through Cloud Marketpl Purchase GitLab through Cloud Marketpl. Purchase GitLab through Cloud Marketplaces e tLab thropgh Claugd Marketpl
ly. .nnm:ﬂg_l lessiy!

Greedy Decoding BBox-style + GUI-RC Point-style + GUI-RC

P opg
seamiesst ty. I seamless seﬂsn 5 P2

ZIRMAEE— il = Bt BEEES | (== e =1 @

GUI-RC e i e e i S i
N - . N GUI-RCPO: A Test-time Reinforcement Learning Approach for GUI Grounding

» Z (AR SRR BRI TR X I , S, 8 T

Instruction: view world clock Rollout K Predictions Distribute Region Consistency Reward

» training-free: +2-3% o =

nnnnnnnnnnnnnnnnnnnn

GUI-RCPO ‘ - Wﬁ\“

Region Consistency

K
N [tifry)ery
| i kzl [n 1fy) €7y

» DAL B RERMES =

— o r--e 1y is the bbox region of 0. RM = mz(x‘y)ﬂk Vay
» 1272 SFHIREES: +3-6% \ L oo RS
4 Update Model Parameters |

» B ZERDR

[Du, Yan, Tang, Lu, Zong, Lu, Jiang, Shen. AAAI 2026]



4.3 Ul-Copilot — %2 GUI Bzlfk

OUR WORK

Long-Horizon GUI Automation via Tool-Integrated Policy Optimization

UI-Copilot-7B: Complete the task
(Step-9) Tool: None Thought: Current stock
price for Apple is }Y24974¢. I need ...

@ Qwen3-4B: Copilot Model

(Step-15) Role: Retriver
Thought: My goal is to... Given
the interaction history, I have
obtained the price... Answer:
The price for Apple is $226.76.

(Step-15) Tool: Retriever Result: The price
for Apple is $226.76. Thought: I've finally
gathered all the necessary information!

at $226.67, and

(Step-16) Role: Calculator

NVIDIA's is at $169.70.

Thought: My task is to calculate

the comibined value of...

Python:

def product(x1, n1,x2, n2):
ret = x1*n1+x2*n2...

(Step-16) Tool: Calculator Result: 25492
Thought: The total combined value of both

holdings is P4AEE, So ...
Action: type: answer, text: 25492 @

——————————————

: P Step-level
Instruction~ 1 Dy Instruction ~ E Dil}c];ion : Advgn::;e
i R G e (i AR | R R R RRE ]
7 Rollout Reward : i I Multi-turn Rollout Reward | A
1

1 1 i s N ] g
! sas 1 sss ? 1 1 .ee 1 !
: / T, T format : : / | R a' | Thoma ' Group 41| Policy

i —_— S S
: : — r ! ' 3 z 7—» : ! : update
“\-m- 3%\ mm-m @ E e b

1 2 ' A
1

il

Tool Call Learning Action Prediction Learning

* Ref Model

KL
Divergence
Policy Model

h Vision Encoder

b Language Model

K2 GUI =k[a5:

» ICIZEIR | L TS (FEEEFEISE

» HEREL | agentE=AEnHE , REHRITE
» MEFL]w - WA EFIBRE DR

riEEL

FAIRIGE -
1. iClZiES . E T XNERESHE | BiciZRESE
BEBEARM |, 1ZFEE
2. AESI : GUI AgentERFIXIFOHNITE | RIRTHEHET
— MEERNBFREHTHFITE | LUIRICIZAE
EEMES
#GUI AgentiAFEEIF

=F &=
3. TIPO : @& F SRS
REFESSNITHIRE

R -
AndroidWorld +17.1%
KF2ig1ZBenchmark ( MemGUI-Bench ) £SOTA

[Lu, Tang, ..., Shen. UI-Copilot: Advancing Long-Horizon GUI Automation via Tool-Integrated Policy Optimization. ACL 2026]



4.3 ClawGUI — GUI Agent £#$1E28 our work

ZJU-REAL - HIZZ2FFH:E OpenClaw / nanobot 2 - PG B SFE

ClawGUI-Agent (OpenClawGUI)
» nanobot IXz) GUI & CLI &z

. . ClawGUI-RL ClawGUI-Eval ClawGUI-Agent
» Android / HarmonyOS / i0S E#fl N - _
B! &(‘:_untla Matager GRPO/?_I;gI‘ Infer Judge Metric Chat Apps Agent Loop = Result
AN T4+ 4 i r ( . |
» 12 + Hg |]5 E\ £ /| E*E};E fﬁ Screenspot-Pro Ul-Vision ( ( 4 1
P lized Hybrid Multi-Model
Multi-Env Parallel [ Reward Manager Smory || ‘Opersran ||  Seppare
e MMBench-GUI AndroidControl :

ClawGUI-RL

mojjoy

Evaluate Deployment

[onuo) meppuadp

! Message Agent Loop D- .
. irtual ! e e . 2
» %5 GRPO/GSPO/DAPO/GIGPO o et L L 2 e 2020
! ~ E. | | Reads screen Plan / Reflex | ! BoB©e
NI = s« e e ® i — : i
» FaxEll%k 60 step + o , = |ooed] -
| =2 : TAP / TYPE / SCROLL
|, Real E 8  Reum S - --ccoomommmmmmmmmeed
C I aWG U I - Eva I Devices i = Result -
: Message sent - execution result returned () () d A

» 6 benchmark / 11+ 28! - 95.8% S

7

github.com/ZJU-REAL/ClawGUI



4.3 ClawGUI-RL — Online RL Demo ouR WoRK

Live Demo — E#|F1E5HYT Online Agentic RL || <197F

ClawGUI-RL OverView

RL Infrastructure Real & Virtual Environment
f_____________‘. %) Real & Virtual API Server
RL Trainer Environment Manager [ — —
[ ¢ Emvironment Manager , b e |t
Multi-turn 1 ADB Controller Eval Controller
Online Rollout a GUI Agent Loop =1
! ] Get Screensho:1 1 Exec Actions l Get Reward
Edteviilace m GUI Agent Loop —:'l f Task Evaluation

¥ Allocate Text Answer Verification

—
GUI Agent Loop = — Parallel
i Envs Database Verfication
Local Storage Inspection

D Env-1
D Env-2
U
D Env-N

- @@

Application Callbacks

S0 0
i c@®
|
|
Environment Loop 1 Real Device fmd"ld Foiator System Judge
» Reset/restart environments I Devices —  rnsSessssant
> Health check and crash recovery 1 & ;:; MLLM Judge
> Spare Server Rotation Logic |
Qu
> Real Device Training I 4‘” b AP}I:
> Multi-Environment Parallelism : dtabase Efblaror Judge Real Device judge

with native GRPO and GiGPO support

1
1
1
1
1
1
1
1
}
CPU Rollout Worke: - L >
lout Workers :
: w GUI Agent Loop —
1
|
1
1
1
1
1
1
1

1. Online Rollout — 128 #A& Android 1&$)\58 / BN RS IR
2. GIiGPO + PRM — WEHME + LERKERD , KIEEHDES
3. SERtRIR — reward fiZk + agent 179EIHK + F3%EY)I1% 60 steps +




4.4 Embodied Agent — MEI=EFI{IRLH R

ESEGEAEN LLM ZHAYFEN — T CEFTE. HESER

EX MR KL

EEEERS T , BN /

3 / FERORIER
MEFZIBRYCEES X Spatial Perception Long-horizon Manipulation

» #5 agent EBRAYT—ub S - E=AFR - 3D JUT B EEERE - RIS

» 1k Al HIFIMESCH A

il ibhk - - i
» FEMER /| TELIR |

» BR[| BBIEE S, Dexterous Control Causal Reasoning

AATIIER - AR WIS - FRHEE




4.4 SpatialLadder — izt =SAEE BE)I

SpatialLadder: Progressive Training for Spatial Reasoning in VLMs

o Stagel: Spatial Perception Flne-tunmg

) ¥

What is the length of
the longest dimension of
the guitar, measured in
centimeters?

[Li, L, Wang, Yan, ..,

'Q Grounding Tasks

... Then provide the 2D
bounding box coordinates
and labels of the related
objects in JSON format.

2]

§

Smgle lmage .

T2,

Multi-image .

Stage3: Spatial Reasoning Reinforcement Learning

{' 101

===

Accuracy:

Taccuracy = | L 7=yl
J {ere:r ( <t

0, otherwise

Video

Reference Model

] _ {1, if valid format
Tformat

I1(y =y),ifqe MCQ

) if ge NQ

 (

Stage2: Spatial Understanding Fine-tuning

EE Spatial Tasks

Object Size ][ Absolute Distance

Relative Distance [Relative Direction

[

Counting ][ Room Size

[

Appearance Order

]
)
)
]

+0.3 Group
B .S Computation

G-

)]

Update Policy

Shen et al. ICLR 2026 — arXiv:2510.08531]

OUR WORK

KEiR=

VLM /D532 "perception —
understanding — reasoning" il|%
=i

1. Object localization (2H0)

2. Multi-dimensional ZS[E{15% (IEfR)
3. RL with verifiable rewards (#EIF)

EINER

» 3B *Eﬂ#& GPT-40 +20.8%
» OODIEH +7.2%



OUR WORK

4.4 Embodied-Reasoner — il — BB

Synerqgizing Visual Search, Reasoning, and Action for Embodied Interactive Tasks

gy

<Situation Analysis>
< Task Planning >
#1 Nav to Side Table

[ Instruction Synthesis ] [ Training Recipe ]
Q, Search .\: Manipulate 'X’Ih'ansport %% Composite
¢ Task Templates:
Pickup {A} from container and put into {B}
* Constraint Check .
A: pickupable A A Parent: openable A ... R
= A€{Keychain, Book..} B €{Sofa, Desk} < Self-Reflection >
* Diversify Instructions: Style & Difficulty #2 Nav to Desk

Data Engine = — Synthesis Trajectory X 1128

[ REENH
i Embodied-Interactor 75._'&}; 1@2&1:%?&& I & Et E’\J
BERENITPRERE

1 Sample

. . : n Data  — <Instruction> — Trajectory 4 ®
Please help me Pickup Keychain and then put in desk.. = Engine e %a;EA EE
L Judgement =

[ Action Sequence Synthesis ]

i

9.3k ik - 64k Elf&R - 90k B

< Self-Reflection >

#3 Nav to Mudroom ‘ Self-exploration Trajectory

#4 Nav to fa r 2nd Embodied-Explorer x 6246 E[{ﬁﬁﬁijllgﬁ

) Sampl Previous Dataset N
l ample on Previous Datase o *E{Eﬁ}j

Affiliation Graph

v

Bedroom Mudroom

5
b
<
<Situation Analysis> (a J-{o-)—{t] tra S
oo (s ) (5 ) o] [ | o | O IO Smel o e ems
es i etzi“.e l Sofa rawer #5 Observe ® Trajectory —p Engine EE y R
DR = : » REBEY
[ Lamp ] I Plate l "E < : Insert Abnormal State into 0
= | cSpatial Reasoning > vs OpenAl 0ol: +9%
Key Actions Add Search Processes 'En #6 Nav to Drawer L,@ n n n p o ;i
#1 Nav to Sidetable z “ ] vs 03-mini: +24%
Nav to Mudr #2 Nav to Desk :
NevioDrwer | #3NavioMuioom | 2 | S vs Claude-3.7: +13%
Open Drawer #4 Nav to Sofa g 3 R Reflect on Erroneous Action in ®
Pickup Keychain #5 Observe = 3 L )
Nav to Desk #6 Nav to Drawer ‘3 ‘ Self-correction Trajectory
Put in Desk #7 Open Drawer — < x 2016
#8 Pickup Keychain ... <Double Verification> 3rd T T —

[Zhang, Wang, ..., Shen, Hou, Zheng, .., Zhuang. ACL 2026]




4.4 Embodied-Reasoner — {Kifif — HE OUR WORK

Synerqgizing Visual Search, Reasoning, and Action for Embodied Interactive Tasks

ETSCH TR R SCLd Model Success Rate (%)
. ESCHENREES Qwen2.5-VL-72B-Instruct 43.3

_ e e OpenAl ol 50.0

B, AE. BE OpenAl 03-mini 44.0
« 30 MES Embodied-Reasoner 56.7

Embodied Reasoner

f£55: {RAEFEFRIRBUMMMEEHINFAMD?

fE55: (RAERERHRBIMNMEFNIFAND?

[Zhang, Wang, ..., Shen, Hou, Zheng, .., Zhuang. ACL 2026]
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5.1 Conclusions from this tutorial
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