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Vision Language Action Models so Far

Directly Map Pixels and Language to Actions

           

        

   

 
  
 
 
  

   
 
   

 

 
 
    

   
 
   

 

 
  
 
 
  

   
 
   

 

 
 
    

   
 
   

 

     

       

       

       

          

     

      

       

       

   

                   

                  

                 

             

                          

      

       

     

         

            

                      

  

     

  

    

      

     

  

    

      

Example: gr00t n1 / n1.5 [1]3



Vision Language Action Models so Far

Reason in Language and in the Image Space

Example: Embodied Chain of Thought [2]
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Embodied Chain of Thought - Method
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Embodied Chain of Thought - Data
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Embodied Chain of Thought - Results
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MolmoAct Contributions

1. Reasoning in 3d space

2. Reasoning about trajectory 
planning

3. Recipe for converting 
existing robot vision action 
datasets to support 
reasoning

[3] MolmoAct
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Towards Action 

Reasoning Models



MolmoAct Overview
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Model Overview
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Why Depth?

Depth Perception Tokens

[4] LLaVA-AURORA
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How to tokenize depth?

Depth Perception Tokens
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Vector Quantized VAE: Learn a discrete set of depth embeddings

Depth Perception Tokens

[5] Neural Discrete Representation Learning
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Idea: Predict Depth tokens from RGB Input

Depth Perception Tokens
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Going beyond planning in language

Visual Reasoning Traces

Embodied Chain of Thought [2]
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VLA's conditioned on 2d trajectories have been show to improve performance

Visual Reasoning Traces

[6] Visual Trace Prompting Enhances Spatial-
Temporal Awareness for Generalist Robotic Policies
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Idea: train the model to predict the end 
effector trajectories.

Predict a series of <u, v> coordinates in the 
image space corresponding to 3D end effector 
positions.

Visual Reasoning Traces

1
2

3

4

18



Action Tokens

19

Using Qwen2 tokenizer

1. Discretize distribution of actions seen in data into 256 bins

2. Take the last 256 tokens and order them based on their underlying BPE symbol

3. Assign each BPE symbol monotonically to an action bin

^ & *

aa bb ab

Token

Symbol

^ &*

aa bbab

0-1 1-2 2-3
Action 

Bins

Default MolmoAct

0-1 1-2 2-3



Full Action Reasoning Procedure

Sample CoT Prompt and response [3]
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Full Action Reasoning Procedure

1 2 3

Predict depth map Predict 2d trajectory Predict actions

1
2

3

4
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Incorporating Steerability

Idea: Encode desired end effector trajectories through visual reasoning 
traces
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Training Action 

Reasoning Models



Model Architecture

Reuses Molmo Backbone

1. Preprocessor: Overlapping image 
crops with resized full resolution 
image

2. ViT Image Encoder: OpenAI ViT-
L/14 336px CLIP, ViTSO400M/14 
384px SigLIP2

3. Vision-Language Connector: 2 
layer MLP

4. LLM: OLMo2-7B, Qwen2.5-7B

Molmo [3]
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Training Stages

Action Reasoning Data, Auxiliary Robot Data, Multimodal Web Data

High Quality Action Reasoning Data

1

2

Small Scale Teleoperation Data

Pre-Training

Mid-Training

Post-Training3
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Pre-training Data Mixture
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Action Reasoning Data

Convert existing robot data to action reasoning data

Generally, robot data is a trajectory of tuples (I, T, A)

I

T

Image Observation

Text Instruction

Ground Truth ActionA

I

T

Image Observation

Text Instruction

Ground Truth ActionA

I

T

Image Observation

Text Instruction

Ground Truth ActionA

I

T

Image Observation

Text Instruction

Ground Truth ActionA
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Action Reasoning Data

Obtaining depth tokens

Image Observation

V
Q

V
A

E

DepthAnythingV2 Depth Tokens
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Action Reasoning Data

Obtaining visual reasoning traces

Sequence of Images

Molmo

"Point to 

the robot 

gripper"

Sequence of <u, v> 

points in image space

1

2

3

4

Sample up to 4 points 

between current frame 

and end
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Auxiliary Robot Data

Use previously defined pipelines to create three new datasets

1
2

3

4

Visual 

Trace 

Pipeline

Depth Token 

Pipeline

Auxiliary Trace Data: Given RGB observation and language 

instruction, predict corresponding visual trace

Auxiliary Depth Data: Given RGB observation and language 

instruction, predict target depth sequence

Trajectory Conditioned Action Data: Given a RGB 

observation, language instruction, and visual reasoning trace, 

predict the next action (for steerability)

1
2

3

4

Visual 

Trace 

Pipeline
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Full Pre-training

10.5M subset of Open-X Embodiment data converted to action reasoning data

1.5M auxiliary depth data (sampled from

1.5M auxiliar trace data

10.5M trajectory conditioned action data

2M multimodal web data (taken from Molmo SFT mix)
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Mid-training on the MolmoAct Dataset

10,689 Franka Panda trajectories, 93 tasks in home and table top environments
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Mid-training on the MolmoAct Dataset

1. Data is collected with two side cameras and a wrist mounted camera.

2. Each side view is paired with the wrist view

The task is clean the table. What is the action that the robot 

should take. To figure out the action that the robot should 

take to clean the table, let's think through it step by step. 

First, what is the depth map for the first image?

Second, what is the trajectory of the end effector in the first 

image?

Based on the depth map of the first image and the trajectory 

of the end effector in the first image, along with other images 

from different camera views as additional information, what is 

the action that the robot should take?

1M action reasoning data samples, 1M trajectory conditioned action data 
samples
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For a given task

1. Collect 30-50 teleop demos

2. Convert to Action Reasoning Data and Trajectory Conditioned Action Data

3. Apply action chunking (label next 8 actions instead of just 1)

4. LoRA finetuning

Post-training

34



Evaluation



• Evaluated pre-training only  model on SimpleEnv to isolate in-distribution 
performance and pre-trained capabilities and evaluate out-of-box generalization

• Models finetuned on RT-1 subset were evaluated, negligible improvement 
suggests pre-trained MolmoAct is strong initialization for mid-training onwards

• Pre-training distribution (OXE subset) is most similar to Google Robot visual-
matching task in SimpleEnv (RT-1 subset may align more given fine-tuning)

• Compared against prior VLAs trained on private data + full OXE data
o Pre-trained MolmoAct only trains on subset of OXE: 26.3M vs 903M

• Most baseline models were evaluated zero-shot

In Distribution
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• Evaluated pre-training only  model on SimpleEnv to isolate in-distribution 
performance and pre-trained capabilities and evaluate out-of-box generalization

• Models finetuned on RT-1 subset were evaluated, negligible improvement 
suggests pre-trained MolmoAct is strong initialization for mid-training onwards

In Distribution
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• Finetuned MolmoAct via post-training (after mid-training) using LoRA on LIBERO 
to evaluate adaptability and compare against generalist autoregressive policies

• MolmoAct does match or outperform the baselines, but it seems unfair to 
compare against generalist policies without finetuning them as well?

Finetuning
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• Finetuned MolmoAct via post-training (after mid-training) using LoRA on real-
world tasks to evaluate adaptability and compare against autoregressive policies

• MolmoAct does match or outperform the baselines, but it seems unfair to 
compare against generalist policies without finetuning them as well?

Finetuning
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• Evaluated pre-training only model on SimpleEnv unseen variants: language 
variation, spatial variation, distractors, novel objects

• Models finetuned on  RT-1 subset were evaluated, fine-tuned MolmoAct 
outperforms all baselines by a margin of at least 7.8%

OOD Generalization
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• Evaluated mid-trained model on 
unseen real-world multi-task setup

• Models finetuned on over 300 
teleoperated demonstrations and 
evaluated on variants: language 
variation, spatial variation, 
distractors, novel objects

• Average improvement of MolmoAct 
over best baseline (Pi-0 Fast) was 
23.3%

OOD Generalization
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• Evaluated mid-training efficacy on 
three real-world tasks beyond pick-
and-place

• Finetuned MolmoAct prior versus post 
mid-training along with finetuning two 
other baseline models

• Mid-training improves average 
performance by 5%, and both models 
generally perform better than 
baselines (exception: rotate pot)

Impact of Mid-Training
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• Conducted head-to-head arena-style evaluation with human evaluators (n=100)

• Generated rollouts for method pairs, 1500 votes collected, converted to Elo score

• Evaluated pre-trained MolmoAct against two VLAs pre-trained on OXE dataset

• Evaluated on five manipulation scenarios only, selection criteria unknown

Language Following
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• Conducted head-to-head arena-style evaluation with human evaluators (n=100)

• Generated traces for method pairs, 1500 votes collected, converted to Elo score

• Evaluated pre-trained MolmoAct against VLMs, including one for trace generation

• Interestingly, HAMSTER (trace generation VLA) performs worst

Language Following
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• Evaluate ability to steer VLA and mediums for steering VLAs (trace vs text)

• Use ambiguous instruction to generate initial trajectory that user intervenes in

• Evaluate MolmoAct after mid-training versus baseline VLA model on 10 users

• Interesting that MolmoAct outperforms Pi-0 Fast in open instruction

Steerability
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Limitations



• Inference is conducted on server, so control frequency during data collection 
does not match the control frequency during inference due to latency

• Larger inference times due to latency and need to predict large number of 
reasoning tokens implies that control frequency realized is likely low

• Only one LLM parameter size (7B) tested (OLMo2-7B or Qwen2.5-7B), so 
unclear whether smaller models could be a solution without sacrificing 
performance

• Note that all main paper results use the Qwen2.5-7B LLM backbone despite 
having tested on OLMo2-7B backbone (which is their most open model)

Real-Time Execution
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• Spatial reasoning is primarily done through front camera despite having access to 
multiple camera views (front and wrist cameras)

• Front camera produces view of end-effector for most scenarios, and view of end-
effector is needed for visual trace prediction and action prediction (eventually)

• When front camera is occluded, trace prediction and action prediction degrade

• Authors propose wide field-of-view camera and generate visual traces via SLAM

• Approaches in occlusion robustness for visual tracking could be used?

• Fixed set of 100 tokens for representing depth is hand-chosen, but certain (fine-
grained) tasks may require more representation for depth estimation

Perception-Related Issues
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• MolmoAct leverages a trace superimposed onto 2D image, so there is inherently 
no 3D or depth encoding in the visual trace itself (cue is primarily 2D)

• This can be okay when training (as shown by results), but when intervention 
occurs, if the trace is not similar to data distribution, it may fail to follow it

• Options:
o Various traces should map to various action compositions to better improve trace-action 

mapping coverage (essentially more diverse trace-action data to improve support)

o Condition on or reuse depth information along with the trace simultaneously to introduce 3D 
or depth information back (as opposed to sequential decomposition as is currently done)

Robustness of Steering via Visual Traces
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Summary of Strengths, Weaknesses, Relationships

• Simple three-stage reasoning 
structure admits explainable and 
steerable VLA behavior

• Method performs well compared to 
baselines both in task performance 
and intuitiveness of explanations

• Fully (essentially) open model, 
including model parameters, source 
code, and training dataset

• Slow inference and execution time 
and lack of study into smaller 
parameter backbones and models

• Three-stage approach is inductive 
bias with failure cases and modes

• Results only presented for one of the 
two variants proposed by authors

• Only tabletop manipulation tasks 
considered in this study
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• Would the inductive structure that was introduced in MolmoAct transpose well to 
other domains (locomotion, whole-body control, etc.)?

Discussion Questions
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Discussion Questions
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• Would the inductive structure that was introduced in MolmoAct transpose well to 
other domains (locomotion, whole-body control, etc.)?

• In addition to depth perception and visual reasoning traces, what are other 
methods of chain of thought prompting to better ground VLAs?

• This paper proposes 2d drawings as an interface for steering VLAs? Is this the 
best way to steer VLAs?

• Is self-explainability the best way to elicit explanations from large models 
(compared to post-hoc explanation methods)?

• How do we evaluate the fidelity and faithfulness of the explanations generated by 
MolmoAct? Do we need a way to do this and if so, how could we go about it?

Discussion Questions
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Thank You!

56

pick up the bowl 

yourself

deploy a robot with perception and 

state estimation pipelines to 

localize the bowl, plan a collision 

free path with inverse kinematics 

and trajectory optimization, follow 

the path with a stable controller to 

pick up the bowl

use underpaid grad students 

to collect data and 50k GPU 

hours to train a model that 

maps pixels to actions once 

every hour (pick up the bowl 

optional)

that's not a 

bowl.
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