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I Preliminaries

Vision-Language-Action Models
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What is vision-language-action models (VLA)??
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I Preliminaries

Vision-Language-Action Models

% What is vision-language-action models (VLA)??
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Vision-Language-Action Models
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Initial Challenges of Vision-Language-Action Models
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Research Trends
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% Emerging Research Areas in VLA
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I Advanced Methods

TraceVLA
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% TraceVLA: Visual Trace Prompting Enhances Spatial-Temporal Awareness For Generalist Robotic Policies (Zheng et
al., ICLR 2025)

o OIXff S0 F= O|ESH= 7|E VIAE 4HA SE 0| et AlS 1 QIX| 5= (spatial-temporal awareness)0| £

MEJ-HE S22 A2 promptE M-S
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Prompting with
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&8 User: [Prompting for visual inputs]
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w TraceVLA: [Ax, A8, AGrip] = Actions

c.g: Y

Closed-loop Robot Control

Original Image Image with visual trace

You are given two images: one with the original robot observation, and another one marked
with historical traces of the robot end effector and moving objects, separated by a speclal
separator token. What action should the robot take to move sponge near blue plastic bottle?

Downstream

Manipulation Visual Trace Generation

SimplerEnv: Google Robot Real Robot: WidowX Robot

\. Data Mining Zheng, R., Liang, Y., Huang, S., Gao, J., Daumé lll, H., Kolobov, A,, ... & Yang, J. TraceVLA: Visual Trace Prompting Enhances Spatial-Temporal
%% Quoality Analyics Awareness for Generalist Robotic Policies. In The Thirteenth International Conference on Learning Representations.
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% Lack of Spatial-Temporal Awareness in VLA
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\. Data Mining Zheng, R., Liang, Y., Huang, S., Gao, J., Daumé lll, H., Kolobov, A,, ... & Yang, J. TraceVLA: Visual Trace Prompting Enhances Spatial-Temporal
%% Quoality Analyics Awareness for Generalist Robotic Policies. In The Thirteenth International Conference on Learning Representations.
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% Lack of Spatial-Temporal Awareness in VLA
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Previous observations(o,_y.;_1) Current observation(o,)
\. Data Mining Zheng, R., Liang, Y., Huang, S., Gao, J., Daumé Ill, H., Kolobov, A., ... & Yang, J. TraceVLA: Visual Trace Prompting Enhances Spatial-Temporal 1 1
%% Quoality Analyics Awareness for Generalist Robotic Policies. In The Thirteenth International Conference on Learning Representations.
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% Lack of Spatial-Temporal Awareness in VLA
T AlEO| CHet A2t FEDEHSE 8% 2ER0| AlS7HE B2k (spatial-temporal context)= ZEAISH| 02 &
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\. Data Mining Zheng, R., Liang, Y., Huang, S., Gao, J., Daumé Ill, H., Kolobov, A., ... & Yang, J. TraceVLA: Visual Trace Prompting Enhances Spatial-Temporal 12
%% Quoality Analyics Awareness for Generalist Robotic Policies. In The Thirteenth International Conference on Learning Representations.
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% Visual Trace Prompting
o SXH A|EO O AP HEDHA|SE E2, 2E20| ASZHA BHEKspatial-temporal context)= EAHSH | 0212
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Current Observation + Visual Trace
\. Data Mining Zheng, R., Liang, Y., Huang, S., Gao, J., Daumé Ill, H., Kolobov, A., ... & Yang, J. TraceVLA: Visual Trace Prompting Enhances Spatial-Temporal
%% Quoality Analyics Awareness for Generalist Robotic Policies. In The Thirteenth International Conference on Learning Representations.
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TraceVLA

& O{EH Visual TraceE ==871?
«  Cotracker (Karaev et al, ECCV 2024)E &df| 21%H A= O|O|X|0|A K x K grid2| ZMEL| 1tH HERE ==
- X H2P7t 2 B2 (active point)s M7{2| = HESIO L™ AlZH St tracking

o AlZHY G EE QXIS HX|SY| QB 7| K22 MEH tracking point A1

Karaev, N., Rocco, I., Graham, B., Neverova, N., Vedaldi, A., & Rupprecht, C. (2024, September). Cotracker: It is better to track together.
In European conference on computer vision (pp. 18-35). Cham: Springer Nature Switzerland.
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< OJE7 Visual TraceE FZEEIR
»  Cotracker (Karaev et al, ECCV 2024)E &3l ©ZH A1 O|O|X|0IM K x K gride] S4H2| tAH =& ==
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o AlZHY G EE QXIS HX|SY| QB 7| K22 MEH tracking point A1

-1
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\. Data Mining Karaev, N., Rocco, I., Graham, B., Neverova, N., Vedaldi, A., & Rupprecht, C. (2024, September). Cotracker: It is better to track together.
%% Quality Analytics In European conference on computer vision (pp. 18-35). Cham: Springer Nature Switzerland.
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< O{EA Visual TraceS F=EIf?
«  Cotracker (Karaev et al, ECCV 2024)Z S5Hf ©xH A|H O|0|X[0|M K x K grid2| SHe| 2}H BEE ==
o x| HEII 2 AR (active point)D M72| B2 MESI U™ A7t SOt tracking
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\. Data Mining Karaev, N., Rocco, I., Graham, B., Neverova, N., Vedaldi, A., & Rupprecht, C. (2024, September). Cotracker: It is better to track together.
%% Quality Analytics In European conference on computer vision (pp. 18-35). Cham: Springer Nature Switzerland.
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% Experiments
e OpenVLA 7B/4B 22 210]| visual trace promptZ 2H-&3H fine-tuning (150k robot demonstrations from BridgeData-v2, Google Robot, WidowX250)
. A|-§-E1|0|+j 24 (SimplerEnv)2t A& 25 (WidowX-250)0] CHsH A&
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\. Data Mining Zheng, R., Liang, Y., Huang, S., Gao, J., Daumé lll, H., Kolobov, A., ... & Yang, J. TraceVLA: Visual Trace Prompting Enhances Spatial-Temporal
%% Quoality Analyics Awareness for Generalist Robotic Policies. In The Thirteenth International Conference on Learning Representations.
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% Experiments
e OpenVLA 7B/4B 22 210]| visual trace promptZ 2H-&3H fine-tuning (150k robot demonstrations from BridgeData-v2, Google Robot, WidowX250)

«  Al2d|0|d 2t (SimplerEnv)2t &H| 22 (WidowX-250)0| CHIH &
- eSS EjA3 EUotL st HX| ZAUH EfAI0ME =2 Htel 45 YT
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3rd Person WidowX 250 *
Camera giobot Arm

Pickplace Banana
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Pickplace Knife Lift Battery
8 10
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\. Data Mining Zheng, R., Liang, Y., Huang, S., Gao, J., Daumé lll, H., Kolobov, A,, ... & Yang, J. TraceVLA: Visual Trace Prompting Enhances Spatial-Temporal
%% Quality Analytics Awareness for Generalist Robotic Policies. In The Thirteenth International Conference on Learning Representations.
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«»» Ablation

. M& eho| 21910 visual trace E Q17 OFL|H 71 8t EQ17F?
«  Cheol IPA Al ZEY¥E E= A2 AR
TraceVLA vs, Directly Finetuned VLA TraceVLA vs, OpenVLA finetuned with History
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\. Data Mining Zheng, R., Liang, Y., Huang, S., Gao, J., Daumé Ill, H., Kolobov, A., ... & Yang, J. TraceVLA: Visual Trace Prompting Enhances Spatial-Temporal
%% Quoality Analyics Awareness for Generalist Robotic Policies. In The Thirteenth International Conference on Learning Representations.
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% CoT-VLA: Visual Chain-of-Thought Reasoning for Vision-Language-Action Models (Zhao et al,, CVPR 2025)
- WSS 0o|F17| Mol 7pnt of2fof E4dsHOk & sub-goal O|O|X|E 24 MA5H] visual reasonings 3
o ST MEf - SE HE| 44 - WF M AT E S5l reasoning before acting T+

«  Action-less video dataZ 83l visual reasoning 2=}

= execute actions
pre-training data = te GOk

V 1 Q&A,
Captil(s):?ng, Text to @ﬁ == COT-V LA

Image/Video...

|
|
|
robot demonstrations + A2 A A Lt 4

%!“ [ T Causal&Full-AttentlZnV e S ]
———l L T »

7 . ( “Pick up carrot”j ;
. . & , capture new observations

closed-loop control cycle

v

~N—————t

\. Data Mining Zhao, Q., Lu, Y., Kim, M. J., Fu, Z., Zhang, Z., Wu, Y., ... & Xiang, D. (2025). Cot-vla: Visual chain-of-thought reasoning for vision-language-action
%% Quality Analytics models. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 1702-1713).
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< Imagine Before Acting
- 7IEVIAS dXf BEF 0] XA|E action2 2 AT I — HA|HQ S FECA7L 25

- "7PI2 EEjo] 4 BAS ZGoH0F =715 AlIAH 22 AlE (intermediate visual CoT)

Ay
. Observation o —
Observation o, =—> Ay '
. - Pick the cube and
Pick the cube and AG ] place it into the cup
place it into the cup Action a
Action a; '

Description [

Description 1

AS-IS

\. Data Mining Zhao, Q., Lu, Y., Kim, M. J., Fu, Z., Zhang, Z., Wu, Y., ... & Xiang, D. (2025). Cot-vla: Visual chain-of-thought reasoning for vision-language-action
%% Quality Analytics models. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 1702-1713).

TO-BE




I Advanced Methods
CoT-VLA

O|OjX| + HE HEIIEE A= ZX HO|IE|(D,) 2 &5
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< Imagine Before Acting
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« 7N HEjo] M FAZ BH6l0F 5t=712"E A AE 2 =2 A =l (intermediate visual CoT)
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q.. Data Mining Zhao, Q., Lu, Y., Kim, M. J., Fu, Z., Zhang, Z., Wu, Y., ... & Xiang, D. (2025). Cot-vla: Visual chain-of-thought reasoning for vision-language-action
%% Quality Analytics models. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 1702-1713).
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% Training with generative VLM (VILA-V)
«  Visual Token Prediction : sub-goal O|0|X| & THX|(EZF) T2 4d (auto-regressive)
«  Action Token Prediction : sub-goal O|O|X| & &115I0] HE A|EA Md (bi-directional)

Ax

LAG |

VLM Action Module

Pick the cube and
place it into the cup

Al e (it '
Observation Language Sub-goal Action

\. Data Mining Zhao, Q., Lu, Y., Kim, M. J., Fu, Z., Zhang, Z., Wu, Y., ... & Xiang, D. (2025). Cot-vla: Visual chain-of-thought reasoning for vision-language-action
%% Quality Analytics models. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 1702-1713).
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% Experiments

«  AM™ EHE HIO|E : 22 AY HI0|E (Open X Embodiment) + &t &
«  AlE2{0]M 2+4 (LIBERO) X | 25 (WidowX, Franka-Tabletop) 2+ 0]l CHsf HO| &t& = HI}

A+ C|O|E (EPIC-KITCHENS + Something-Something-V2)

Average (1) Spatial (1) Object (1) Goal (1) Long (1)
Diffusion Policy 7243+ 07% 783+ 1.1% 9254+07% 6831+1.2% 50541.3%
Octo fine-tuned 75.1 4+ 0.6% T899+ 1.0% 8574+09% 84.64+09% 51.1+ 1.3%
OpenVLA fine-tuned 16.5 4+ 0.6% 847 +09% 8844+08% 7924+1.0% 537+ 1.3%
CoT-VLA-TB (ours) SLI13L06% 875 :14% 916L05% 87.6L06% 69.0L0.8%
—— J—— Diffusion Policy Oeto OpenvLA CoT-VLA [Ours)
1000
- T ...
b1 [ e = - &0 473 feh ¥ - = " RS o fah ¥
e : m

Average

a;:.‘h E -

Zhao, Q., Lu, Y., Kim, M. J., Fu, Z., Zhang, Z., Wu, Y., ...

——— fingle instruction Tasks

Data Mining
.‘:‘ Quality Analytics

oo

a) Put carrot in bowd - B Put Com in bowl  ©) Flip Pot Upright

=a

dl Mowa <obj=

& Xiang, D. (2025). Cot-vla: Visual chain-of-thought reasoning for vision-language-action
models. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 1702-1713).

a) Knock <ohj=
Multi-instruction Tasks =—————————

TR

fl Cover <ohj=
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% Better Visual Reasoning Helps
«  Franka-Tabletop =X 2B 0A st& Iff EX| et &7| Ef23 (long-horizon task)= E 7t

— =
o AHE sub-goald] 7|Htot W& =210 AKX sub-goaldi| 7|EHoH s =2 H|W
+  Sub-goal image generation EX0| FLE|H WF 0= A5k SdE = ASS AlAL

Sub-task I  Sub-task 2

Generated Goal Images 20% 0%
Ground-truth Goal Images 60 % 40 %

q.. Data Mining Zhao, Q., Lu, Y., Kim, M. J., Fu, Z., Zhang, Z., Wu, Y., ... & Xiang, D. (2025). Cot-vla: Visual chain-of-thought reasoning for vision-language-action
%% Quality Analytics models. In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 1702-1713).
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> ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Reasoning (Huang et al., NeurlPS 2025)
«  Reasoning VLM1} action model2 =2[%t think-before-act T2
«  Action-aligned visual reward?} Z2tetE& 2 Sl embodied reasoning 2=t

«  Visual latent planning= &5l long-horizon planning <+

-‘If e, <think> . Fs reasons every M steps ( ——
___________________________ - 1
Reinforcement I Let's start bv analvzing the imooe and the task ot ' (| To e e mmm——- !
. ! hand. __ T'll identify the abiects in the scene. ' m inthe drower. the R \_/ !
Reasening Few-Shot | There's a basket, a rabot, a can of alphabet soup, ' robot needs fo: :
Action- Aligned ERP0 Adaptation' a bottle. and a few other items ._The alohabet ' Ot = L. pick the strawberry ... ° 1
Visual F : sgu: .i:nn is on the floor, so the robot will need to : = Re.asoning 2. then put the picked . I
@ Y e . MLLM =~ — s;mytfrr'r !
___________________________ . < i
: Let's break down the task step by step: First, the b : "Put the o .Fﬁ E answer CJ :
-_ 1 imaoe shows ... Use the robot's arm near the book L State (M
Long-HOMZOM, 1o pick it up .. Move the baok smoothly from left | | strawberry [J @ 7= I[po,p1,---, Pkl Encoder | C] , Gtin
Planning 1 to right ... Place it in the back compartment. This ! in the drawer." [ o answer __I Action A,
1 logical and feasible planning is .. ' — M d I
M R L R - L y Ct ode — ﬂp
g T T T mmm s s s s s S s m s S T T A
I Let’s start by examining the scene and the task I . . . s R Grip,
Self- : The aoal is to ... However. somethinag unexoected : ACTIOH_AhQHEd Visual Reward = | = | &RPO Optimization Latent O
) has haj d—oh, I the cheese bo
Correction i e dr:::; - m = : Goal Reward Tgoal Traj. Reward Ttraj '3, Projector E
's reconsi compl i : + .
Himm let's reconsiderhow focomplete thistesk -1 (oo I ' 2 (Ftpo, o) + Flpx x) @ + iy pY
(@ : (b)
\. Data Mining Huang, C. P., Wu, Y. H., Chen, M. H., Wang, Y. C. F., & Yang, F. E. ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning.
%% Quality Analytics In The Thirty-ninth Annual Conference on Neural Information Processing Systems.
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% Reason Before Acting

« 7IEVIAE ST BEDH 10 KIAIS action©2 X D4 — HA

Ir Jx
ro
of¥
Y
4%
rhu
rf
-]
N
4
1M

«  Visual reasoning (CoT-VLA)= sub-goal image 4 20 — £E7}

« QRAEMO FE2 AN 2X Aol MY AELX| BE - EX WE {FE5H= planning signal2 E8517| 02

Q) What's the next step?
A) Move to the cube

Observation

Observation ——

Pick the cube and
place it into the cup

Pick the cube and
place it into the cup

AR (Image) AR (Text)
Description Description
Visual reasoning Q&A reasoning
\. Data Mining Huang, C. P., Wu, Y. H., Chen, M. H., Wang, Y. C. F., & Yang, F. E. ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning. 27
%% Quoality Analyics In The Thirty-ninth Annual Conference on Neural Information Processing Systems.
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% Reason Before Acting (Visual Latent Planning)
« X O|OfX|Q A0 HHAE LH 0L FE AHS ()1t B2 AlE HHIZ(c)E 21 =5

[ —
«  ZAZ A= UH|EE B action moduled]| LESIH BE A|RAS MM

/<think> \

To pick the cube,
‘ the robot needs..
AT </think> .
Observation o, VLM ACtIOn
<answer> Module —

T = [pOr P1, "'rpk]

Pick the cube and
place it into the cup

) | '
. </answer> .
- ° K / a
Description [ .
P Intermediate CoT Action a
... Data Mining Huang, C. P., Wu, Y. H., Chen, M. H., Wang, Y. C. F., & Yang, F. E. ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning. 28
%% Quality Analytics In The Thirty-ninth Annual Conference on Neural Information Processing Systems.
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% Reason Before Acting (Visual Latent Planning)
« X O|OfX|Q A0 HHAE LH 0L FE AHS ()1t B2 AlE HHIZ(c)E 21 =5

«  ZAZ A= UH|EE B action moduled]| LESIH BE A|RAS MM

/<think> \ 74

—~ = bl -
the robot needs..
</think>
Sub-goal O] O] X] ‘4 /g H C} EZ AT Mot E|FH At
HHI.% _7I<_§ AI?J. <answer> E._' II::'I-ﬁ gg

T = [pOr P1, '"rpk]

</answer>
\ /

Intermediate CoT
v+ ¢,

q.. Data Mining Huang, C. P., Wu, Y. H., Chen, M. H., Wang, Y. C. F., & Yang, F. E. ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning.
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% Reinforcement Fine-tuning for Eliciting Latent Planning
- Zelete €125 GRPOS 28510 VLMO| MESt B2 A=l ()= 87t

o
. ZE 0| MK HO[E{o|A $HE HE AUAGL FARE =2 (DTW distance) £ F4= Kt
\

0%t

T = [P0, P1, > Pk] 71 9
</answer>
.
r ) 2
<think>
3.6
T = [pOJ pl; ka]
</answer>
.
(
<think> T3

.

J
\
T = [Po, P1 > Pk] —1.8
</answer>
J
VLM Intermediate CoT Trajectory Rendering Reward Likelihood
q.. Data Mining Huang, C. P., Wu, Y. H., Chen, M. H., Wang, Y. C. F., & Yang, F. E. ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning. 30
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% Reasoning-Enhanced Action Adaptation
- BEAE ()0l 7185t HH =sof & WF o=

- 2 &= HIO|HOM sAE HSake| Xt L2 2 ot (diffusion-based)

/<think> \

To pick the cube,
the robot needs.. _
</think>

Action . ¥ Ay
<answer> Module |AG AG. o -

T= [pOJplr "'ka] a a — —
. t:t+N t:t+N
</answer> .
Demonstration Data D,
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Figure 1: An illustration of our perspective: RLVR implicitly incentivizes correct reasoning
in base LLMs. We visualize how different explanation frameworks lead to varying reasoning
paths being activated, with our perspective shown in the lower left and a recent popular hypoth-
esis explaining Pass@K observations (Yue et al., 2025) summarized in the upper left. In this
diagram, the line width represents the sampling probability of a reasoning path, while the color
distinguishes correct paths (green) from incorrect ones (red). If all reasoning paths after apply-
ing RLVR are already present in the base model, the reasoning model merely adjusts the sam-
pling probabilities of these existing paths (visualized in dashed lines). This hypothesis effec-
tively accounts for the key observation shown in the upper-right part, where, for a moderately
large K, a base LLM can catch up to the reasoning model after RLVR using the Pass@K met-
ric. In this study, we unveil the extended reasoning capability boundary in math tasks using a
refined metric, CoT-Pass @K, which emphasizes both the correctness of answers and the validity
of reasoning CoTs. Verification results supporting this figure are publicly available at https:
//huggingface.co/datasets/XumengWen/AIME24-25_CoT_Verification.

q.. Data Mining Wen, X., Liu, Z., Zheng, S., Ye, S., Wu, Z., Wang, Y., Xu, Z., Liang, X., Li, J., Miao, Z., Bian, J., & Yang, M. (2026). Reinforcement learning with verifiable rewards
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«» How to Extract Intermediate CoT & Ground-Truth Latent Plan?
*  Intermediate CoT: Y8 TETEO| FE HES &
«  Latent Plan : off-the-shelf detector®! LLARVA Zt235}0] H|C| Q0| AlX| 42 ==

Table Al: Reasoning prompt template for reinforced fine-tuning.
Data Type Prompt Template
2D Manipulation | Given an image of a robot manipulation scene and the task instruction
Trajectory "{Instruction}", please generate a sequence of 8 keypoints, representing
the gripper’s 2D trajectory on the image from its current position to the Robotic Action
task-completion position. Please think about this planning process as
if you were a human carefully reasoning through the manipulation task. {

Visualization of
Visual Trace

The 2-D visual trace:

Engage in an internal dialogue while considering the scene, the goal, The next action is: «—

possible subtasks, the motion path, and any obstacles. It's encouraged to
include reflections on the environment, analysis of the goal state. decom-
position into subtasks, and any adjustments to the planned trajectory as [

you think through the process. Provide your detailed reasoning between
the <think> </think> tags, and then give your final prediction between
the <answer> </answer> tags based on the reasoning.

Please provide the trajectory [(x1, y1), (x2. y2). ..., (x8, y8)] with coordi-
nates normalized to [0.1] within <answer> </answer> tags.

QA Tasks {Question} Please think about this question as if you were a human
pondering deeply. Engage in an internal dialogue using expressions 1
such as 'let me think™, "wait’, "Hmm’, "oh, I see’, "let’s break it down’,
etc, or other natural language thought expressions. It's encouraged to
include self-reflection or verification in the reasoning process. Provide
your detailed reasoning between the <think> </think> tags, and then
give your [inal answer between the <answer> </answer> tags based on
the reasoning.

(MCQ) Please provide only the single option letter (e.g.. A, B. C, D, etc.)
within the <answer> </answer> tags.

OR

(Free-form) Please provide your text answer within the <answer> </an-
swer> tags.

L+ LLARVA ]

You are a Franka robot using end-effector control. The task is “put can aside”, and
the previous five (including current) steps are Can you
predict the 2-D visual trace of the end effector and the action of the next step?

X

)
%W Franka Panda &8

°
'@"l’ul can aside”|

%-,{,
% Franka Panda

& o
@/‘ ‘Stack red cube”

... Data Mining Huang, C. P., Wu, Y. H., Chen, M. H., Wang, Y. C. F., & Yang, F. E. ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning.
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% Experiments
*  Pre-training : Qwen25-VL-7BS VIM 222 AtE0IZCH, 252 A H|0|F # T OtL|Z} QA O[B4l (RoboVQA) & 2EDI0] =2
3

«  Fine-tuning : A|Z20|'M 242l SimpleEnve} LIBEROZEH MO| &t& Sl HI}

or
J
oy

Dataset split Octo-Base RTI-X OpenVLA DiT-Policy TraceVLA CoT-VLA Magma ThinkAct
- P 5] g (Ours)
Open/Close Drawer 1.0 22.5 49.5 44.9 37.0 - 36.0 50.0
Simpler-Google Mowve Mear 30 535.0 47.1 38.9 339 - 63.4 T2.4
(Visual Matching:u Pick Coke Can 1.3 52.8 15.3 643 280 - 237 92.0
Owerall 1.8 434 373 56.0 46,2 - 684 715
Open/Close Drawer 220 56.0 225 35.5 31.0 - 534 47.6
Simpler-Google Mowe Mear 4.2 342 54.0 518 6.4 - 65.7 63.8
{Variant Aggregation) Pick Coke Can 7.0 54.0 528 6.4 G000 - 6E.8 B4.0
Owverall 14.4 48.1 431 48.2 491 - G626 65,1
Put Carrot on Plate 83 42 4.2 29.4 - - il.0 37.5
. . Sy Stack Blocks 0.0 0.0 0.0 0.0 - - 12.7 8.7
?ﬂ;ﬂ;rh}:ﬂfmw Put Spoon on Towel 12.5 0.0 8.3 34.5 - - 37.5 58.3
' = Put Eggplant in Basket 431 0.0 458 655 - - 6.5 T0.8
Owerall 16.0 1.1 14.6 324 - - 354 438
Spatial 789 - 4.7 8L 246 87.5 — 883
Obiect 859 - BE4 84.7 5.2 9l.6 - 914
LIBERO Goal 846 - 79.2 821 75.1 £7.6 - 87.1
Long 511 - 537 57.6 54.1 69,0 - T0.9
Owverall 751 - T6.5 T6.8 T4.8 839 - Bd.4
q.. Data Mining Huang, C. P., Wu, Y. H., Chen, M. H., Wang, Y. C. F., & Yang, F. E. ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning.
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% Visualization of Reasoning and Latent Planning

« VMO L|2E S Sl 2H =2 21t L s A=ls Aldzte = A0 A= 240 E0]

Simpler-Google [ *Move the 7up can near the apple” |

<think>

The image shows a 7up can, a sponge, and an
apple on a table. ...

First, I need to locate the 7up con ond the
apple. ... Now, I need to move the 7up can. ...
I can now place it near the apple. ...Thc can is
now right next to the apple. ...

«/think>

Simpler-Bridge [ “Put eggplant into yellow basket" |

«think>

First, the eggplant is in the sink,

and the basket is in the top left corner. ...
The gripper will move toward the eggplant,
lift it, and carry it to the basket. ...

Okay. I'm ready to give the final trajectory:
move to eggplant, lift it, and place it in basket.
«/think>

LIBERO-Long [ “Pick up the book and place it in the back compartm.” |

«think>

Let's break down the task step by step:

First, identify the book on the left side.

The back compartment is on the right.

Use the robot's arm near the book to pick i+ up
Move the book smoothly from left to right ...
Place it in the compartment

«/think>

\. Data Mining Huang, C. P., Wu, Y. H., Chen, M. H., Wang, Y. C. F., & Yang, F. E. ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning.
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% Qualitative Analysis for RL-Enhanced Reasoning
7|8k Ho| ot {20f e =& ZutH|w

2t OfL|2} QA EiATNM =, Hotetas &3l 2 5H0| ddEs =l

7

.

Is it possible to move the paper to left right now? |

==

| ThinkActw/io BL |

-
<think>Let me think about this for a moment. In the video,

T can see that the desk has a few items on it. On the right side.
there are alr some pieces of poper stacked neafly. 'and near the
front of the desk, I notice some everyday objects—maybe a tissue
box. a pen holder. and what looks like a cup.

Wait, the scene feels a bit cluttered. but not overly messy. The
lighting also makes it easy to see the shadows of these objects. It
seems like a typical workspace with multiple tools laid out Tor use.

Given the current seTuE, T'd say everything looks organized and
placed intentionally.</think:

canswer:ne</answers

X,

ThinkAct -

«think>Let me think about this for a moment. The image shows a
desk with various items en it, and a rebotic arm is holding a piece of
paper above the desk.

The question is whether the paper can be moved to the left right
now. Since the paper is already lifted off the surface, the arm has
full control of its movement.

&iven that, there's nothing preventing it from being moved left. So
yes, it's possible.«/think:

<answersyecsd/answers

(a) RoboVQA

: [@: What shape is the carpst on the floar?]

L | ThinkActw/o RL |,
: [¢think>Let me think about this fer a moment. The carpet on

: [the floor stands out in the image. It's quite large and has a

- [moticeable floral pattern.

: |Looking closely, the design seems centered. with blue tones

: |dominating the color scheme. The overall look gives it a decorative
: |and elegant appearance. ¥es, it's a large blue carpet with a floral

: | design.</think>

: [<answer>The carpet on the floor iz large and bBlue with a fleral

: |[pattern_</answer>
: J

e ThinkAct | —,

: |<think>Let me think about this for a moment. The image
shows a room with a carpet on the floor. I'm trying to figure out its
- |shape.

- |At first glance, the floral pattern in the center draws attention,

* |which might make the shape seem more complex. But looking closely
- |at the edges. they are straight and meet at right angles. The
:|corners are clearly defined. and the sides are parallel.

;|50 despite the decorative design, the overall outline of the corpet
:|is rectangular. That seems clear now.</think>

: [canswer>The carpet on the floor iz rectangular.</answer>

L J

(b) OpenEQA

Huang, C. P., Wu, Y. H., Chen, M. H., Wang, Y. C. F., & Yang, F. E. ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning.
In The Thirty-ninth Annual Conference on Neural Information Processing Systems.




¥ TraceVLA (ICLR 2025)
. EEINFQ AN 2R YA (visual trace)S MBI VLALS| A|Z7t QX 53 23}

CoT-VLA (CVPR 2025)

- A= 0=ot7| Hof 0]2f0f ZE5H0FS sub-goal O|D[X|E YIS 2M, A|4H o= A 2dt= 53 239t

*

4

D)

% ThinkAct (Neurips 2025)
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