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Molmo reasoning 
directly in the pixels

When it counts, 
it points
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Pointing performance of all models were poor

Cheng et al. PointArena: Probing Multimodal Grounding Through Language-Guided Pointing. ArXiv 2025



Cheng et al. PointArena: Probing Multimodal Grounding Through Language-Guided Pointing. ArXiv 2025

Our training is 
data released

Now, they all point!



In today’s talk:

Visual Reasoning
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Prioritizing 

perception

Perceptual tests for VLMs
[ECCV 2024]

Most fundamental vision 
capabilities are still out of 
reach
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Papers we will discuss

BLINK: Multimodal Large Language Models Can See but Not Perceive
Xingyu Fu, Yushi Hu, Bangzheng Li, Yu Feng, Haoyu Wang, Xudong Lin, Dan Roth, Noah A. Smith, Wei-Chiu Ma, Ranjay Krishna
ECCV 2024

Visual Sketchpad: Sketching as a Visual Chain of Thought for Multimodal Language Models
Yushi Hu, Weijia Shi, Xingyu Fu, Dan Roth, Mari Ostendorf, Luke Zettlemoyer, Noah A Smith, Ranjay Krishna
NeurIPS 2024

Visual Program Distillation: Distilling Tools and Programmatic Reasoning into Vision-Language 
Models
Yushi Hu, Otilia Stretcu, Chun-Ta Lu, Krishnamurthy Viswanathan, Kenji Hata, Enming Luo, Ranjay Krishna, Ariel Fuxman
CVPR 2025

Perception Tokens Enhance Visual Reasoning in Multimodal Language Models
Mahtab Bigverdi, Zelun Luo, Cheng-Yu Hsieh, Ethan Shen, Dongping Chen, Linda G. Shapiro, Ranjay Krishna
CVPR 2025

MolmoAct: Action Reasoning Models that can Reason in Space
Jason Lee, Jiafei Duan, Haoquan Fang, Yuquan Deng, Shuo Liu, Boyang Li, Bohan Fang, Jieyu Zhang, Yi Ru Wang, Sangho Lee, Winson 
Han, Wilbert Pumacay, Angelica Wu, Rose Hendrix, Karen Farley, Eli VanderBilt, Ali Farhadi, Dieter Fox, Ranjay Krishna
ArXiv 2025
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We know that models today can describe 
images well



(B) Right GPT 4V

Question:  Is the camera moving 
towards the left or the right?

(A) Left

Gemini

But can they understand 3D space? 

(C) I don’t know



GPT 4V

Question:  Which image fits the 
missing part?

(A)

(B)

Gemini Pro

Maybe an even easier example



What fundamental perceptual capabilities 
do we want VLMs to have
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Semantic affordance Multiview reasoning Visual similarity

Localization Depth estimationInpainting Color Image forensics



What are popular VLM benchmarks measuring?
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Music theory?RecognitionGeolocationSocial relationships

Examples taken from MME – which is a good benchmark

Forcasting

While still valuable, existing benchmarks conflate 
perception with general knowledge and reasoning



BLINK       : A VLM benchmark aimed at measuring 
classical notions of perception (at ECCV 2024)
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Blink has a diverse set of questions

21

IQ test

344

268

248

286

266

300

234 247

240

264

300

271

279

260

Low-level

Mid-level

High-level

Pixel-level

Crop-level

Image-level

7,358 unique images

3,807 unique multiple-choice questions 

Over 14 visual perception task types



Results on BLINK

(1) Humans are very good at these 

tasks (95%)

(2) Random chance is a reasonable 

38%
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Results on BLINK

(1) Humans are very good at these 

tasks (95%)
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38%

(3) Open-weight models barely 

perform better than random 

chance
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Results on BLINK

(1) Humans are very good at these 

tasks (95%)

(2) Random chance is a reasonable 

38%

(3) Open-weight models barely 

perform better than random 

chance

(4) Only GPT-4o performs better 

but not by much (60%).
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Are the tasks too difficult to solve? NO!

Specialist models can do these classifical perception tasks very well

25
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Let’s try to solve some BLINK tasks ourselves 
How would you solve this task?

32

105

105

???
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105

105

105 ?

105 ?



So, <EIC = ???
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105

105

105 75

105 75



Let’s try another one
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Is this easier?
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Sketching
This is how we solve problems
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Barbara Tversky
38

Her work ranges 5 decades and shows 
culminates to one statement:

Spatial understanding is the 
foundation of all intelligence



We use sketches to convey directions

39
Agrawala and Stolte. Rendering Effective Route Maps: Improving Usability Through Generalization, 2001



Sketches provide instructions

40
Agrawala et al. Designing Effective Step-By-Step Assembly Instructions, 2004



Sketches explain affordances
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People remember more details when they see sketches than when they read

Tversky et al. Animation: can it facilitate?, 2002



Sketches as early as ancient babylon
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Bedolina map - first known map from 1000-200BC
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Children learn to sketch very early on
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We are taught to sketch to solve math

45

105

105

105 75

105 75



We are built systems that leverage space to solve arithmetic
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We use sketches to tell stories and convey time
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Graphs and visualizations are 
sketches that are faithful 
summaries of the underlying 
data
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Sketches in the form of tables help us arrange items
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Sketches help us build
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Sketches appear in all our research papers
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Sketchpad for VLMs: Geometry

52



Sketchpad for VLM: Math

53



Sketchpad for LLM: Visual Search
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Sketchpad for LLM: Spatial Reasoning

55



Sketching to Solve Math Problems

56



How do we enable VLMs 
to sketch?

React-style use of 
tools to sketch

57



How do we enable GPT-
4o to sketch?

React-style use of 
tools to sketch

58



Sketching can solve math problems

59



Large improvements across multiple benchmarks
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Sketching 
to solve 
BLINK

61



Example sketching on BLINK

62
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Example sketching on BLINK



64

Sketching to solve MMVP (Eyes wide shut)



Sketching can solve perception tasks
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Large improvements across multiple benchmarks
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(N=2) human participants, when 
asked to solve a geometry 
problem, draw the same auxiliary 
lines as GPT-4o
80% of the time. 

Humans draw the same auxiliary lines for Geometry questions

67



GPT-4o correctly uses vision tools to sketch on images

Human evaluation of GPT-4o 
plans finds that the tool usage is 
valid in 92.8% of instances.

Most of the remaining errors on 
these benchmarks are because 
of failures of specialized models, 
not planning

68



Open-source models also improve if they have GPT-4o generated 
sketches

69

But open sourced models aren’t able to effectively sketch
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Strengths of sketching

● LLMs are good at generating code.

● We have good specialized models for tasks such as:

○ low level vision tasks  (e.g., object detectors, segmentation, depth)

○ search & retrieval

○ encyclopedia knowledge

○ domain-specific models

77



Limitations of sketching

● Error accumulation:
○ Programs can be wrong
○ Tools can be wrong

78

Q: How many red balloons are there?

GPT-4o + sketching: 1

● Latency: 
○ Inference for each sample 

requires generating code and 
calling multiple tools.



Can we distil perceptual capabilities from specialist models to 

VLMs?

79

Learn from specialist models

Learn how to compose skills 
from programs

Our solution: visual program distillation (VPD)



Visual Program Distillation (VPD): Training phase

80

Step 1: Generate training data using programs.

Step 2: Fine-tune VLMs on the generated data.



Visual Program Distillation (VPD)

81
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Visual Program Distillation (VPD): Training phase



88

Visual Program Distillation (VPD): Training phase
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● One forward pass!

● No code generation, tool usage, etc.

● VLMs produce interpretable 

reasoning steps.

Visual Program Distillation (VPD): Inference phase

How many green vases are there?



90

Key results

● VPD improves VLM’s accuracy, consistency, and factuality.

● During inference, VPD model produces interpretable and 

faithful visual reasoning in one forward pass.

● Sets a new SotA on a wide range of VQA benchmarks.



VPD held SOTA results for most benchmarks until 
GPT-4o1
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Which point is closer to the camera?

A

B

What chain-of-thought 

would help solve this task?

Let’s go back to our BLINK task for a second



Which point is closer to the camera?

A

B

What chain-of-thought 

would help solve this task?

Depth estimation at:

- point A

- point B

Let’s go back to our BLINK task for a second



Which point is closer to the camera?

A

B

What chain-of-thought 

would help solve this task?

Depth estimation at:

- point A

- point B

Let’s go back to our BLINK task for a second

but expressing depth estimations in 
language leads to hallucinations



Text tokens Perception tokens

We introduce perception tokens

Bigverdi, Luo, Hsieh, Shen, Chen, Shapiro, Krishna. Perception Tokens Enhance Visual Reasoning in Multimodal Language Models. ArXiv 2025

We enable models to generate tokens that produce tokens 
that can be decoded into implicit images



We enable models to use perceptual tokens to reason

Bigverdi, Luo, Hsieh, Shen, Chen, Shapiro, Krishna. Perception Tokens Enhance Visual Reasoning in Multimodal Language Models. ArXiv 2025



The model doesn’t produce explicitly depth maps
Instead, it produces implicit depth maps

Bigverdi, Luo, Hsieh, Shen, Chen, Shapiro, Krishna. Perception Tokens Enhance Visual Reasoning in Multimodal Language Models. ArXiv 2025



Baseline

Ours:

A: (100,230), B:(170,190), C:(280,125) and depth map:                                      
Point B has higher pixel value on the depth map.

Answer: B

Answer: C

10
00

12
0

1 35 4611 1

Which point is the 
closest to the camera?

Decoder

Bigverdi, Luo, Hsieh, Shen, Chen, Shapiro, Krishna. Perception Tokens Enhance Visual Reasoning in Multimodal Language Models. ArXiv 2025



Visual reasoning outperforms GPT-4o on BLINK

100Bigverdi, Luo, Hsieh, Shen, Chen, Shapiro, Krishna. Perception Tokens Enhance Visual Reasoning in Multimodal Language Models. ArXiv 2025



How many people 
are in the iamge?

Ours:

Bounding Box 1: (                  ) Bounding Box 2: (                  )
Bounding Box 3: (                ) Bounding Box 4: (                  )

Answer: 4

240 115
300
115 250

150 335 230250

30 225
300
115

130

335250 130 335



Our training algorithm

• Auto-encode perception tokens

• Curate data such that chain of thought prompting produces perception 
tokens

• Multi tasking data (with and without CoT)

• Curriculum learning
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We want the models to work in our homes

Sampled from Pi & TRI



molmo-act-wholebody (1).mp4

dog_open_door.mp4

moDataset_date_530_put_clothes_laundry_bag_250_put_clothes_laundry_bag_250_video_put_clothes_laundry_bag_2_train_episode_17_put_my_clothes_in_the_laundry_bag
(1).mp4

IMG_0332.MOV

IMG_9893.mov

IMG_9804 (1).mov

IMG_0320.mov

A Family of Completely Open 
Vision-Language-Action Model

http://drive.google.com/file/d/1QjRSsH5ghnqGZLDl6ZQPlrDIjhGn_-x2/view
http://drive.google.com/file/d/1rYUSXgXMzjkxgoRU3F6LRXM2-ecKyoRV/view
http://drive.google.com/file/d/1fCTlYE_RSY90Aiz-kMsjugfROL0V0Zpn/view
http://drive.google.com/file/d/1mxFIIQPjHsoMfDomsalYPoHDDe22O6iy/view
http://drive.google.com/file/d/1-F9VOGxvnoQEQbN7a5ftQ-n203d3alh5/view
http://drive.google.com/file/d/1jwtPXjewFE8N2Sni43FWnEcAOpWKgYF1/view
http://drive.google.com/file/d/1A3l7JAksQW7HfvWNsEDWG9pUg7VE4vNf/view


How does Molmo-Act work?

Input Image

”Put the plate in 
dishwasher”

Language Instruction

Molmo-Act

Δx

Δθ

Gripper

7D Robot Action



Many manipulation tasks are long horizon



Language models usually use intermediate reasoning 
to solve long horizon tasks



But language reasoning doesn’t allow models to 
reason in space

Need to reason 
about space





Molmo-Acts reasons in space – it sketches a plan  in 2.5D

“Move pepsi can near Red bull”



MolmoAct Reasoning
Q: To figure out the action that the robot should 
take to put plate into dishwasher, let's think 
through it step by step.

First, what is the depth map for this image?

Second, what is the trajectory of the end effector?  

Based on these, what is the action that the robot 
should take?

Depth Perception Token Visual Reasoning Trace

[[202,15], [153,178], 

[130,145], [52,145]]

Robot Actions

[Δx, Δθ, Gripper]



How do we curate ground truth trajectory

“Point to the gripper”



How do we curate ground truth trajectory



How do we curate ground truth trajectory

8M Image, Trajectory pairs

~170k Robot Trajectories



Reasoning in 2D is not enough!

So, we also reason using depth!

“Put the plate in 

dishwasher”
The trajectory of the end effector is 
[234, 68], [245, 71]... 

-ACT
The action that the robot should take is 
[Δx, Δθ, Gripper].



We automatically generate depth data

8M Image, Depth pairs

~170k Robot Trajectories



Reasoning in depth requires new innovations 
-> Perception Tokens

Bigverdi et al. 2024 “Perception Tokens Enhance Visual Reasoning in Multimodal Language Models” 



Grounding Action with Depth  

“Put the plate in 

dishwasher” The depth map is 

-ACT
The action that the robot 

should take is [Δx, Δθ, Gripper].



Our pretraining datamix has general multimodal

Multimodal Web Data

Auxiliary Depth

Auxiliary Line

Action Reasoning Data

Trajectory Conditioned Data



Our pretraining datamix has produce depth estimation
Multimodal Web Data

Auxiliary Depth

Auxiliary Line

Action Reasoning Data

Trajectory Conditioned Data
Q: The task is put the plate in the 

dishwasher, what is the depth 

map?

A: The depth map is 



Our pretraining datamix has grounded reasoning 
Multimodal Web Data

Auxiliary Depth

Auxiliary Line

Action Reasoning Data

Trajectory Conditioned Data
Q: The task is put the plate in the 

dishwasher, what is the trajectory of 

the end effector?

A: The trajectory that the robot should take 
is [194, 24],[203,44]...



Our pretraining datamix has trajectory conditioned

Q: The task is put the plate in the 

dishwasher, what action should the 

robot take based on the traj?

Multimodal Web Data

Auxiliary Depth

Auxiliary Line

Action Reasoning Data

A: 

The action that the robot should take is 
[Δx, Δθ, Gripper].

Trajectory Conditioned 
Data



Our pretraining datamix has large robot behavior

Q: The task is put the plate in the 

dishwasher, what action should the 

robot take?

The trajectory that the robot should take 
is [194, 24],[203,44]...

Multimodal Web Data

Auxiliary Depth

Auxiliary Line

Action Reasoning Data

A: The depth map is 

The action that the robot should take is 
[Δx, Δθ, Gripper].

Trajectory Conditioned Data



MolmoAct dataset contains different household environments

Kitchen Bedroom

Living RoomBathroom



Load the dishwasher

● Open the dishwasher

● Pick up the dishes/utensils

● Flip the plates/bowls upright

● Place it in the dishwasher

● Close the tray and the 
dishwasher

Breaking subtask into atomic motions



Place the plate on the stand



Flip the mug 



Close the drawer



MolmoAct Overview

Molmo Initiation MolmoAct Training MolmoAct Inference

pre-train mid-train post-train

Reasoning in 

Space

Steerability



Visual Matching (In-distribution) Variant Aggregation (Out-of-distribution)

Pre-training Evaluations (SimplerEnv)



Pre-training evaluation with MolmoAct

Visual Matching (In-
distribution)39x more data

26x more data

63/87



Post-training Evaluations (LIBERO)



SOTA in Post-training Evaluations (LIBERO)*
*compared to other autoregressive models



Post-training Evaluations (Real-world)

MolmoAct outperforms π0-FAST by an average of 10% in task 
progression on single-arm tasks and by 22.7% on bimanual tasks.



Steerability -> allow users to interpret and guide robot behavior
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Thank you
BLINK: Multimodal Large Language Models Can See but Not Perceive
Xingyu Fu, Yushi Hu, Bangzheng Li, Yu Feng, Haoyu Wang, Xudong Lin, Dan Roth, Noah A. Smith, Wei-Chiu Ma, Ranjay Krishna
ECCV 2024

Visual Sketchpad: Sketching as a Visual Chain of Thought for Multimodal Language Models
Yushi Hu, Weijia Shi, Xingyu Fu, Dan Roth, Mari Ostendorf, Luke Zettlemoyer, Noah A Smith, Ranjay Krishna
NeurIPS 2024

Visual Program Distillation: Distilling Tools and Programmatic Reasoning into Vision-Language 
Models
Yushi Hu, Otilia Stretcu, Chun-Ta Lu, Krishnamurthy Viswanathan, Kenji Hata, Enming Luo, Ranjay Krishna, Ariel Fuxman
CVPR 2025

Perception Tokens Enhance Visual Reasoning in Multimodal Language Models
Mahtab Bigverdi, Zelun Luo, Cheng-Yu Hsieh, Ethan Shen, Dongping Chen, Linda G. Shapiro, Ranjay Krishna
CVPR 2025

MolmoAct: Action Reasoning Models that can Reason in Space
Jason Lee, Jiafei Duan, Haoquan Fang, Yuquan Deng, Shuo Liu, Boyang Li, Bohan Fang, Jieyu Zhang, Yi Ru Wang, Sangho Lee, Winson 
Han, Wilbert Pumacay, Angelica Wu, Rose Hendrix, Karen Farley, Eli VanderBilt, Ali Farhadi, Dieter Fox, Ranjay Krishna
ArXiv 2025 148

Ranjay Krishna
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