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FAST-THINKING VS SLOW-THINKING

DANIEL
KAHNEMAN

WINNER OF THE NOBEL PRIZE IN ECONOMICS

/

FAST-THINKING

SEICEIN)

System 1 “Fast”

DEFINING CHARACTERISTICS
Unconscious
Effortless
Automatic

WITHOUT Self-Awareness
or Control

“What You See Is All
Therels”

SLOW-THINKING
a|x X2 (04l

System 2 “Slow”

DEFINING CHARACTERISTICS
Deliberate and Conscious
Effortful
Controlled Mental Process

WITH Self-Awareness or
Control

Logical and Skeptical

Kahneman, D. (2011). Thinking, fast and slow. macmillan.

ROLE
Assess the Situation
Deliver Updates
N 5

GPT-40

ROLE
Seeks New Information
Makes Decisions
\_ )
GPT-01
DeepSeek-RI
Kimi-1.5
Gemini -Thinking




PROBLEM STATE & OBSERVATIONS
SLOW-THINKING HE| St} =8t 3fxj|e| RL &k X|0|

(fast-thinking2 ZEIZ2E 1t textIt HIE)

Math F Task Z3lslE 2 Al, SLOW THINKING S5 - ZI REASONING TRACE 44
ath Focus fasks CHAIN-OF-THOUGHT GENERATION, STEP-BY-STEP %2

- xehY4e| Zetets =H o| L}EIL}X| ot
Multimodal Tasks H| =l | Zt3}ets E210)| = SLOW THINKINGO| 74| LIEFL}X| ok

O
0Ok

F CHAIN-OF-THOUGHT g{0| Bt &

Why don't multimodal models naturally develop

Problem State longer chains of thought or reflective behaviors during RL training?
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KEY QUESTION

How can we effectively incentivize
multimodal slow-thinking capabilities in Vision-Language Models?
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How can we effectively incentivize
multimodal slow-thinking capabilities in Vision-Language Models?

REINFORCE LEARNING & DEVELOP Al7I= SZ2E !
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SUMMARY

MAIN CONTRIBUTIONS
/
Direct RL approach : Forced
forimproving VLM Sellqeectll;re (Ssaénl;;:le Rethinking
reasoning play strategy
v ST SUPERVISED &t ChAl, v GRPO7|gtRLE Cf oFEX{0|1 v DHO|XU™HOR X7 | B

ISt RLEE ZHA QIO = O (self-reflection) 2 SI=SE R
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INPUT
= (1,Q)

OUTPUT

PRELIMINARIES
PROBLEM FORMULATION

Visual & lext
IMax
reVxT 0

policy mg(y|x)

SE)
ol x7} =N S [l & yg H Sl _E_E(ng )

textual response
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REINFORCE LEARNING

How can we effectively incentivize
multimodal slow-thinking capabilities in Vision-Language Models?
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E2last REWARD
MULTIMODALOj|A= 2l| PPO Cl{#! GRPOE &7f?

"Aman Is playing soccer."

"A person kicks a ball on the field."



TERMINOLOGY
GROUP RELATIVE POLICY OPTIMIZATION(GRPO)

Update Aetor using the gradient of J
w.r.t parameters 6: VgJ

, Old (mference] p-ollcy
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TERMINOLOGY
GROUP RELATIVE POLICY OPTIMIZATION(GRPO)

leu_-l EH|O|E Al}g|0| EIJ'C_IHE ‘|If0f0:| -h:IIH I-Ix—|HJ_!—|’ Hlﬂﬁff 7|—i— Update Aetor using the gradient of J
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l—'|
i |

., Old (mference] p-ollcy U - : u
pdate Critic using the gradient of MSE loss
“ﬂ"'d{alﬂ | w.r.t parameters &: Vgl
 Tpeo(@)= E[s~P(S), a~mg,(Al3)]
Acmr "“ﬁ(ﬂ|5) - il —
Policy E min |21 45 o). (" o@ls) . m.) As, u}]
; ﬂld( |5) g . (al s) "
Sk Ob” x| A} DH$ ol &b = TR} = -A Jd*
~ _r_CH EH SO‘“/H a 1 == %‘E(cz —|)§ oo
@ crg": 1= Va(s) - A(s)
Value _
S : ol AFERC| ZHX|(Value)Z 0|= - Advantage A|AH04| AFE

Only Update Actor using the gradient of J
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TERMINOLOGY

GROUP RELATIVE POLICY OPTIMIZATION(GRPO)

Clipped Surrogate Loss

oS XH(DDHCBI]E
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OpenAl ol PPO vs. DeepSeek R1 GRPO

HF 840 BHt= AS EX[otH
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TERMINOLOGY
GROUP RELATIVE POLICY OPTIMIZATION(GRPO)

Update Aetor using the gradient of J
w.r.t parameters 6: VgJ
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TERMINOLOGY
GROUP RELATIVE POLICY OPTIMIZATION(GRPO)

GRPO= PPO2| Et= MEX|T reward X2| SAS
'group-level &CH Bt LA|O 2 HREE X

A, — r(z,y;) — mean({r(z,y1),...,7(z,yc)})
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GRPO2| EHIA

VANISHING ADVANTAGES

Ratio of Queries vs. Training Steps

— Response-All-Comect
—— Effective Queries

0,45 |--- Effective Queres Trend
Response-Alldncomect

0.40

0.25+

0.20 1

0 2 a 6 8 10 12 14
Steps (x16)
Figure 2: Illustration of the Vanishing Advantages
problem. Training of 72B rapidly saturates, lead-

ing to a significant decrease of effective queries to
only 20% within 256 steps.

X 22 GRPO= query group U SEE0| 25 FE
L 25 QEE 82,
~> BY0| S5t #=01F
> Z3HO = Advantage(0IE)7} 00| &
- A Gradient?} 0 - st&0| H&E

Advantage = 0 O|™ XX (policy)O| YC[O|EE|X] S
A= {2t query group2 &H&0| 7|05HX| 28
AlZHo| X|'ea5 2EOo| HEE0| ZO0EM A

> Qudt A2 20| 24



REINFORCE LEARNING

How can we effectively incentivize
multimodal slow-thinking capabilities in Vision-Language Models?
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VANISHING ADVANTAGE EHl s & izt
SSR(SELECTIVE SAMPLE REPLAY)

GRPO ai& &0 20| /= sts et =2t CHA| S5 (replay)of= WA

SSR enhances GRPO by integrating an experience replay mechanism
that strategically samples high-value experiences from past iterations, similar to Prioritized
Experience Replay [Schaul et al., 2015] in Temporal Difference learning.

| 1. GRPO =H Z A2 11 A (1Y, &, At advantage N E
M= jel Advantage (O steplA] A& K&
37|32 dkA
| A.le C o| MZ 0} X} (= o|0| Q)= AlSOF H=
P(Se]ECIJ) — JI Fi |” |_|', ‘ > O o= I'I'lc:: (_I,-"lnl M |_|2|_I'E._)
- 3 . v £ k -I- Iro
HE€Brepin 2. 0ff = stepOiCt, $4AH batchoi| 2HA bufferofj A L2 ME2 27t
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REINFORCE LEARNING

How can we effectively incentivize
multimodal slow-thinking capabilities in Vision-Language Models?
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Selective Sample Replay

Forced Re-lhlnklnh-

g Queries

la) Rollout and Filer

Crery Replay Buffer
&> £ 2
PN
—_—

{b) Selective Replay

OPTIMIZATION STABILITY
FORCED RETHINKNING

Sample

- Re-Distribute :
=l llll. =il

GRPO + SSR 2% #|X3| oM e =08 X|at
self-correctionO|L} self-reflection Z2 A& F2 10| AFAAZX| 28t

How to solve? -> "force rethinking"
the model to engage in more extensive internal deliberation before producing a final answer

HIAl, TEDE L|j 4kA] |2 22]2. RL Rollout0i|A{2] 2% [l (core principle)

0| =] xOf| CHoH & B B y1S M5,

2 TETE| 2H “regularly perform 21 y1 5/0]| rethinking triggers £¢!.
self-reflection on your ongoing 2|1 0] y1 + triggerS CHA| 0]l 'F01, Z=7} £l y2E WHsHA| &,
reasoning"et 22 SIE gL, 2EXC=y = y1 @ trigger @ y2 FEHH &,
. 0| E2|A(trigger)= 37HX| REH0| US:
2] OH2FX] A| (o] C
0|2 22X Al (contextual cue)Z QIoH P& © elf-verification

0| rethinking sequences O & 44 ® self-correction
® self-questioning




OPTIMIZATION STABILITY —
FORCE RETHINKNING '=
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Selective Sample Replay

Forced Rethinking

g Queries

la) Rollout and Filer

Crery Replay Buffer
{"‘ - -
@ 8 - —
| <

{b) Selective Replay

Sample

|l <=Mt AT

1] Ll ii =i =kE EE e L ¥

T

GRPO + SSR 2% #|X3| oM e =08 X|at
self-correctionO|L} self-reflection 22 A& F2 10| AFAAEX| 28t

How to solve? -> "force rethinking"
the model to engage in more extensive internal deliberation before producing a final answer

Rethinking Instruction Prompt

{question}
Guidelines:

Please think step by step, and **regularly perform self-questioning, self
-verification, self-correction to check your ongoing reasoning**, using
connectives such as "Wait a moment”, "Wait, does it seem right?"”, etc. Remember
to put your final answer within \\boxed{}.

During the Forced Rethinking training stage, we use the above prompt to encourage self-reflection,
and use three types of rethinking textual triggers.

Rethinking Triggers

self_questioning = "\n\nWait, does it seem right?”
self_correction = "\n\nWait, there might be a mistake”
self_verification = "\n\nWait, let's double check”

2412, RL Rolloutol|A{2] =X 7liel (core principle)

20| 1= x0il Chal At EtH y12 A4451HH,
2 y1 5lof rethinking triggerS £¢.
12|11 0] y1 + triggerS CHA| 20| H0, =7+ &t y28 4451 &.
XEXHOZ y = y1 @ trigger @ y2 HE{7} E.

0| E2|A(trigger)= 37X 0| /US:
© self-verification
® self-correction
® self-questioning




EXPERIMENTS
A4 =4
/

KEY QUESTIONS

Q1: Method Effectiveness: How does our approach enhance performance on
comprehensive multi modal benchmarks compared to existing MLLMs?

Q2: Ablation Studies: How do the proposed Selective Sample Replay (SSR), Forced
Rethinking, and curated data affect performance?

Q3: Effectiveness of the learned rethinking behaviors: Do the model learn to
effectively and spontaneously perform deliberate thinking?
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DESIGN THE EXPERIMENT
TRAINING DATA AND BENCHMARKS

/

DATASET DATA SUBSET 23

271 H|o|E{All(Du et al., Yang et al., Meng et al.) +
2ol M= EITHH|O|EE S&olf 7| "seed" #H2|AIS THE.

28 3 seed /0]l CHoH RL 50| Ee| ZH0i| TEoh= vl 2E

HOlE| S sl ol ol2st 7| H. U A2l DHO| B4 AHLE, B B > Bl 207} HO{E

VLMO| THE}s| Eh JH=3tH ZHabA 2z |of AX] O|& ollZsH7| floh 2 37|82 0| =4 S0| CHE
SR|I7F UHLHE 2 ofjoH), #H2| subsets H-= 720]M:

L5 7L BS0] o2 dE2 ®iA
7B 22 2£16,0007H 2|

of0] CIOFAI T K| Al ZISH= 2J3H 32B, 72B 2 2F 20,0007H /2
7|ZE /2SS kst BHO 2 rephrasingsto] 2Hxtet.
D A (D20]E 37))0f w2} C|ofE Ho| =8 -
ZIHOZ 38 87070 NEE! H2|All MM
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DESIGN THE EXPERIMENT
IMPLEMENTAION

/

® OpenRLHF AT E AIEsH Y1252 73.
OpenRLHF: RLHF(Z&fets 7 (g Q17 I =8l) @ ZEAA 2lo[Hei2| 2H =&

o 2} 2|A(R2 H|o|EfANDICE £|CH 301 (epoch) St EIH
o %|Z HAXLOIEE= HSE validation sete] W reward(EAN)E 7|F0=2 MH

e train paradigm: Near on-policy RL H£
-> A= FH(behavior policy2t 7H4 & (improvement policyE
102471 #H2|(10]|T| A=) ot S7 |2}

® SSR(Selective Sample Replay) HIH
2+ | A0 XSS > ofT|AET ELHHE 7|3

o MIZI R HYX]|
22| 170 871 S (response) A

e =& HiX| 37|(batch size): 512 #2|-2H
2} F2|of| chsh £|cH 27H2] HE! rethinking trajectory'2t 6{1€
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EXPERIMENTS
MAIN RESULT -72B

-> Ifgt QIE, Ak, o=
A% HE|2H-HE| =02

o ef2 Z0fof|

-> ¢4 M|AS| chr2-CHefota

9]

HeHZEHY) 2HSE FHE B3

-’F—E == "ot HIX|OF=3
Model Math-Related Multi-Discipline Real-World
MathVista MathVerse MathVision MMMU-Pro MMMU EMMA MEGA
testmini testmini test overall val full core
Proprietary Model
OpenAl-ol 73.9 57.0 60.3 62.4 78.2 45.7 56.2
OpenAl-GPT-4o 60.0 41.2 30.6 51.9 69.1 327 52.7
Claude-3.5-Sonnet 67.7 47.8 335 51.5 68.3 35.1 52.3
Gemini-2.0-Flash 73.4 54.6 41.3 51.7 70.7 33.6 54.1
Open-Source Models

Llamad4-Scout-109B 70.7 - - 52.2 69.4 24.6 31.8
InternVL-2.5-78B 72.3 51.7 349 48.6 61.8 27.1 44.1
QvQ-72B 71.4 48.6 359 51.5 70.3 32.0 8.8
LLava-OV-72B 67.5 39.1 30.1 31.0 56.8 238 20.7
Qwen-2.5-VL-32B 74.7 48.5 384 49.5 504 3.1 13.3
Qwen-2.5-VL-72B 74 .8 37.2 38.1 51.6 "67.0 34.1 49.0
VL-Rethinker-32B 78.8 56.9 40.5 50.6 65.6 379 19.9
VL-Rethinker-72B 50.4 63.5 449 55.9 68.8 38.5 51.3
A (Ours - Open SoTA) +5.6 +6.3 +6.8 +3.7 -1.4 +4.4 +2.3

Table 1: Comparison between our 72B model and other state-of-the-art models. The notation of ' indicates
reproduced results using our evaluation protocols.



EXPERIMENTS

Model Math-Related Multi-Discipline Real-World
MathVista MathVerse MathVision MMMU-Pro MMMU EMMA MEGA
testmini testmini test overall val full core

General Vision-Language Models

InternVL2-8B 58.3 - 174 29.0 51.2 19.8 26.0
InternVL2.5-8B 64.4 39.5 19.7 34.3 56.0 - 30.4
QwenVL2-7B 58.2 - 16.3 30.5 54.1 20.2 348
QwenVL2.5-7B 68.2 46.3 25.1 36.9 154.3 21.5 35.0
Llava-OV-7B 63.2 26.2 - 24.1 48.8 18.3 229
Kimi-VL-16B 68.7 449 214 - 155.7 - -
Vision-Language Reasoning Models

MM-Eureka-8B (Intern) 67.1 404 22.2 27.8 49.2 - -

MM-Eureka-7B (Qwen) 73.0 50.3 269 - - - -

R1-VL-7B 63.5 40.0 24.7 7.8 44.5 8.3 29.9
R1-Onevision-7B 64.1 46.4 299 21.6 - 20.8 27.1
OpenVLThinker-7B 70.2 479 25.3 37.3 52.5 26.6 12.0
VL-Rethinker-7B 74.9 54.2 323 41.7 56.7 29.7 37.2
A (Ours - Prev SoTA) +4.7 +6.3 +2.4 +4.4 +0.7 +3.1 +2.2
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Table 2: Comparison between our 7B model and other general and reasoning vision-language models. " means
that the results are reproduced by us.




ABLATION STUDY
ABLATION ON SELECTIVE SAMPLE REPLAY (SSR)

/

Model RL-Algo Data MathVision MathVista MathVerse MMMU-Pro EMMA
_ o VL-Rethinker-7B SSR 16K 323 74.9 54.2 41.7 29.7
SSR X, Forced Rethinking X716 “Forced-Rethinking' ~ SSR 16K 29.8 72.4 53.2 40.9 29.5
SSR |7, Fiter2t ’%*%I—: 4o -MOSSR Filter 16K 28.5 72.0 50.0 40.0 26.9
SSR&Filtering A1, GRPOZIARE 11 SSR& Filter GRPO 16K 26.0 70.9 51.4 38.8 26.2
(AE AR HOISKAAS) o Text SSR 13K 29.1 73.5 53.5 41.1 28.7
HSHEAREHAMKTAE) o Science& Text SSR 11K 28.0 71.6 50.3 39.7 28.0

Table 3: Ablation Results to show the impact of SSR and Data Mix.
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ABLATION STUDY
ABLATION ON SELECTIVE SAMPLE REPLAY (SSR)

/

Reward on Val Set e GRPO (jlﬂ)
== o~ _ St =HHof| 2 EHoverfitting) $44H0| FE2 %
0.45{|—— GRPO-Ffilter i T a é r 4s0| 295|2 5=
GRPO o~ Q1. al&50| I E= advantage” 00| 71712 ME H|F0| 7t > al&
0.44 - ,_f/\ N | AlS o) 5 AIRIKO| hgtch T 7| ZA - Bk '='0|-x-l
. ,/_ ,f: . N A
® N 7 \ e GRPO-Filter
§ 0% /”}::?’?f- ' ™N M zero advantage MZ2 X|7{5t0{ GRPOEL} SFHX{0|X|2t M5 IiM Z2
0a1{  / /, | \ - Sifgs
el Y 4 ® GRPO-SSR
0394 1/ Sk XHHOJ|A] 7 FEH O A
] :»t|?= AR M x| T
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ABLATION STUDY
ABLATION ON SELECTIVE SAMPLE REPLAY (SSR)
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ABLATION STUDY
ANAYLSIS ON FORCED RETHINKING
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