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Vision is Over-Simplified: Passively Parsing the
Information Received from the World

Passive labeling
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Humans are Embodied Agents: We Act, We

Percelve a

nd We Predict

7T9(at|0t)

s; — state
0; — observation mg(at|o¢) — policy

a; — action mo(az|s¢) — policy (fully observed)
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What does it mean acting?



We Take Actions to Achieve Goals (Rewards)

Market Summary > NVIDIA Corp

119.37 vso

+70.82 (145.87%) + past year

Closed: Aug 30, 7:59 PM EDT « Disciaimer
ARer hours 113.23 ~0.14 (0.12%)

1D 50 ™ M YTD 1 5 Max

140 48.55USD 5 Sept 2023

Action: muscle contractions Action: steering, acceleration o e
Rewards: food Rewards: win Action: selecting companies,

, ‘ | \, of Jaiek cing| x‘:v, 365.¢ @um nship km‘wfmj} after buylng, Se”l ng
o Rewards: cash

iustrallan-grana-prix

Action: muscle contractions

. 388380 .« NS> TING
Rewards: food, attentions I Vi

Image credit S. Levine

Action: (x, y) location Action: jump, Te—! Action: RGB at each pixel
Rewards: win Rewards: win Rewards: cash, aesthetics



Have a
breakfast

Have a
lunch

Have a
dinner

Decision Making

.I.D decision making

yes no
yes no
yes no

- Decide What Actions to Take



Decision Making Problems Are Often Sequential

.I.D decision making Sequential decision making

Have a
breakfast

CfQ\@ = =
Have a yes no
lunch
Have a
ﬁ:::z\ no
dinner yes
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Decision Making Problems Are Often Sequential

OSU BIPEDAL
ROBOT FIRST
TO RUN 5K




ach Decision You Make Influence Future Qutcomes

Dark Age

. < Spectators: 1

RECOMMENDED ALLITEMS ITEM SETS BUILDS INTO

A R 0 X '
Treaty Length: 4:28

—
STARTER

N

v

300

© El Ful
@ EFGL.TheViper:
@ [@Djo:
® i TeMo:
@ H BoyWonder _: 92

LEGENDARY
@Landi__ its actruallt
exploding in france these months
2 ¢ @TheViper MMA is boxing,
1§ ! wrestling, jiu jitsu, muai thai
Ballistas thne
0 @ ¢ 3F

What is my first item? Where should | drop the town center?
How many villagers on wood?

When should my villagers explore the map?



How to decide which action to take?



Reinforcement Learning: Learns to Maximize
the Total Reward of an Episode of Interaction

« Atragjectory of interaction in the environment

mo(a¢|s:)p(Si+1|se, ar)
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Action a;

State s;
Reward r;
« Maximize the expected value of the cumulative sum of reward

State s;4q 0* = alglnax Erope () [Zr S¢, Ay ]
Reward 7344

11



Reinforcement Learning Enables High-Fidelity Robot
Actions

We won't cover in this course! Check Robot Perception and
https://youtu.be/144_zbEwz_w?si=PFlyzgfxpX81mapV Learning / (Deep) Reinforcement Learning



Learning to Act by Cloning Behaviors
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Collect Behaviors by Teleoperation

=l /

Teleoperation is too expensive!
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Learning to Act by Visual Imitation
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Video credit Carta: Human Origins: Lessons from Autism Spectrum Disorders 15 But How???
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How Can Perception Facilitate Action?
Perception

(@

Cognition | < > Action




How Can Cognition Facilitate Action?
Perception

(@

Cognition | < > Action




Large Language Models Capture the
Distribution of Internet Data

Completion Text
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Large Language Models Show Strong Cognition

Should basketball move its corner three line further out? Run a
thorough analysis of existing sentiment with projections and
visualizations of the impact of such a move and make a
recommendation.

*o ° :
® The user wants a thorough analysis of the potential impact of moving the NBA corner
three-point line further out. I'll look into the latest NBA discussions and fan sentiment,
review opinions from players and analysts, and gather recent data on shot value and
frequency. Projections might include a heatmap visualization of shot distances and

comparing the expected value difference if the line shifted, However, | don’t have all the
precise datasets at the moment—Ilet's gather that info!

d _ e | think we could start by gathering data on corner three vs. above-the-break shots. For
\’Clq Ude m a m a instance, corner three accuracy is often around 39%, and non-corner about 35%. We'll
need up-to-date stats like shot frequency for the 2024 season, and maybe a web search

will help find that.

Next, I'd look into what discussions there have been about moving the corner three line,
using articles or social media. From there, I'll create projections and prepare visualizations
with bar charts, ultimately offering a recommendation.

Message ChatGPT

4+ @ Search @ Deepresearch

(=]

o

. -

19 https://openai.com/index/introducing-03-and-o4-mini/



Vision-Language Models Capture the
Distribution of Internet Text-Image Data

: on the water Blue <EO0S> This is a dax . <EQS>
N . ! | S} I
fo S:Iafr;\gtue:!t;;rr Loa‘:/zlrs # Frozen Self Attention Layers Self Attention Layers
L L 1 1 1
[‘][‘][‘][T”T][T][T][T][T] L eeeeef ) [IIIHHH LT HI[I[I[[I[[H‘HIHHTI J
: g l
Yo vision || 9 Language Model % Frozen Vision Text Vision Text Vision Text Vision Text
Encoder Text Embedder Encoder || Embedder Encoder || Embedder || Encoder || Embedder || Encoder || Embedder

rrr T T

‘ Question: 'é‘his is a ‘ "\" This is a Question:

BN What col ax. .. ] blicket. What is

A small red boat ”1 isathgocggg this?
Answer: . Answer:
0-shot VQA few-shot image classification
L% PR J
Y Y
Training Testing
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Large Language Models Show Strong
Cognition and Perception

21



Large Language Models Show Strong

Cognition ar

Task Prompts and
Context (not shown)

Ve

What's my future driving
actions?

.

~ e

Detect everything in 3D?
o

Estimate the drivable
roadgraph?

R S
~——

Is the road ahead
temporarily blocked?

=

P

[more task prompts]

&

e el

Camera Input (Video)

EMMA: End-to-End Multimodal Model

built on top of Gemini

22
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Answers

—

My future waypoints are

d Perception

Decoded Visualization

x 1,y landx 2,y 2and ...

<

Detected objects in 3D:

(x,y.z I, w, h, theta,

vehicle), ...

o

—

The lanes | can drive )

X 2,y 2, ..valid), ...

R/

No, the road ahead is
clear.

4

Y

—

[more task answers]

towards are: (x_1, y_1and J

EMMA: End-to-End Multimodal Model for
Autonomous Driving. Hwang et al.



Large Language Models Show Strong

Cognition ar

2D Object Detection

N
|
\ ;.

Multi-view Correspondence

23
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3D Object Detection

Gemini Robotics: Bringing Al into the Physical World



Large Language Models Show Strong
Cognition and Perception

Trajectory Reasoning Action Reasoning Spatial Reasoning

Approximately which colored How should the person move the There are 4 sinks in the picture.
trajectory should the zipper follow = wrench so that it is ready to rotate =~ Which arrow points to the one that
to begin zipping up the suitcase? the hex screw closest to it? is closest to the viewer?

A. Blue A. Forward and right A. Cyan

B. Purple B. Up and left B. Blue

C. Green C. Forward and left C.Red

D. Red D. None of the above D. None of the arrows

24



Large Language Models Show Strong
Perception

Cognition ar

Question

If the yellow robot gripper follows the yellow
trajectory, what will happen?

A. Robot puts the soda on the wooden steps.

B. Robot moves the soda in front of the wooden
steps.

C. Robot moves the soda to the very top of the
wooden steps.

D. Robot picks up the soda can and moves it up.

Reasoning Trace

Let's analyze the trajectory and the position of the soda
can and the wooden steps.

Step 1: Observe the starting point. The yellow trajectory
starts at the green circle, which is around the soda can.
This indicates the robot gripper is initially positioned to
interact with the can.

Step 2: Analyze the trajectory path. The yellow line
moves upwards from the can, indicating a lifting motion.
Then, it curves towards the wooden steps.

Step 3: Observe the ending point. The trajectory ends at
the purple circle, which is located on the first step of the
wooden structure.

Step 4: Combine the observations. The robot gripper
starts at the can, moves upwards (picking up the can), and
then moves towards the wooden steps, ending on the first
step.

Step 5: Deduce the outcome. Based on the trajectory,
the robot will pick up the soda can and place it on the first
step of the wooden structure.

Final Answer: (A)

25

Question

How does the bottom dial need to move in
order to match the top two dials?

A. Half turn clockwise.

B. Quarter turn counterclockwise.
C. Quarter turn clockwise.

D. No change needed

Reasoning Trace

Let's analyze the position of the bottom dial
compared to the top two dials.

Step 1: Observe the top two dials. Both the top
and middle dials have their indicator lines
pointing straight up.

Step 2: Observe the bottom dial. The bottom
dial has its indicator line pointing to the left.

Step 3: Determine the necessary movement.
To make the bottom dial's indicator line point
straight up like the other two, it needs to be
rotated to the right.

Step 4: Quantify the movement. A full circle is
360 degrees. A quarter turn is 360/4 = 90
degrees. The bottom dial needs to move 90
degrees to the right.

Step 5: Select the correct option. A 90-degree
rotation to the right is a quarter turn clockwise.

Final Answer: (C)



How Can Cognition and Perception Facilitate
Action?

Perception

‘&

Cognition

Action




How Can We Turn VLM into Robot Policies?




[dea 0: Prompt VLM to Predict Actions

e The idea doesn't work well:

» Robotic manipulation require high-precision actions, but discrete text
IS not an appropriate representation for continuous actions

» VLMs are not trained to predict actions. The output is not grounded...

28



l[dea 1: Prompt VLM to Select Marks

Input: Image Input: Image + SoM
B . oo N .

™.

i

L S,

: =
@ Conversation + D&

P

User What is on the left side of the right laptop? User What is on the left side of the right laptop?
GPT-4V  Onthe left side of the right laptop, there is a GPT-4V  On the left side of the right laptop
cup or mug. X (numbered as 9), there is a lamp, which is
numbered as 12. «/
User | want to find a seat close to windows, User Iwant to find a seat close to windows,
where can | sit? where can | sit?
You can sit on either of the two black You can sit on the chair numbered as 7. It's
GPT-4V  chairs in front of the white desks, as they GPT-4V  the closest seat to the windows
\ are closest to the windowed wall. X / K (represented by the area numbered as 1). \Q

29



Task: What actions should the robot
take to pick up the DNA chew toy?

Iteration O:
Arrows: [7,13, 18]

l[dea 2: Translate

Task: What numbers overlay the “L
kid"?

Iteration O: -
Markers: [10, 1, 14, 17]

Task: What actions should the robot
take to go to wooden bench without
hitting the obstacle?

Iteration O:

Arrows: [12,13,14] ¥

30

Task: What actions should the robot
take to put the pepper shaker on the
pink plate?

Iteration O:
Arrows: [1]




(a) Sample Actions (b) Annotate Image

. : . (i) X . M
Sample candidate actions from action space A Project candidate actions into image and label

& (7 1[5

&

Sampled actions are too few, we need high-
precision actions for robotic manipulation...

31



Evolutionary Search for Action Prediction

(a) Sample Actions

0?@ %@

(d) Fit Distribution

al

PIVOT

Prompting with
Visual Iterative
Optimization

32

(b) Annotate Image

image
NP f [’-7
(c) Query VLM
VLM
@ Which arrows should the ®

robot follow to pick up the red
block?

@ Arrow: [2, 7]

Which arrows should the

robot follow to park between

the green and blue blocks?

@ Arrow: [3, 5]



Evolutionary Search for Action Prediction

Task: What actions should the robot ~ Task: What numbers overlay the “L Task: What actions should the robot  Task: What actions should the robot
take to pick up the DNA chew toy? kid"? take to go to wooden bench without  take to put the pepper shaker on the
hitting the obstacle? pink plate?

=i

Iteration O:
Arrows: [1]

Iteration O:

Iteration O: S
Arrows: [12,13,14] ¥ =

Markers: [10, 1, 14, 17]

Iteration O:
Arrows: [7,13,18]

Iteration 1:
Arrows: [1]

Iteration 3:
Arrows: [2]

Iteration 4:
Markers: [5] =

Iteration 1:
Arrows: [16]

33



Results: Zero-shot Robotic Control

Before After Before After
Optimization Optimization Optimization Optimization
5 5 ' 0 [

(@) Navigation: “Help me find a (b) Manipulation: “Pick up the
place to sit and write” coke can”

34 PIVOT: Iterative Visual Prompting Elicits Actionable Knowledge for VLMs. Nasiriany et al.



Results: Zero-shot Spatial Understanding

“Left Skier” “Boy in Blue”

35 PIVOT: Iterative Visual Prompting Elicits Actionable Knowledge for VLMs. Nasiriany et al.



Results

“2Put the orange in the bowl
2x speed

find a wooden bench

How to handle high-dimensional actions e.g
rotation, gripper openness?

36



l[dea 2: Prompt VLM to Predict Affordance
and Translate Affordance into Actions

Affordance: Where and How to
Interact with objects

+ .
Gemini




How to Infer Where to Interact with Objects?

« (Object detection decides where Interact with objects

task: hang towel on rack

Clog
.I.-
Come

Interactive Value Map 1 Interactive Value Map 2

But the affordance encodes coarse 3d position , we
need precise position, rotation and openess...

38



How to Infer Where to Interact with Objects?

« But the affordance encodes coarse 3d position , we
need precise position, rotation and openess...

Scene Point
Cloud

.

A RGB (only for visualization)
N _

Object-centric
6-Dof Grasp

54

N

M2T2: Multi-Task Masked Transformer for Object-centric Pick
39 and Place. Yuan et al.



How to Infer How to Interact with Objects?

def pull(self, distance=0.15):
if self.current_pose is None:
print("No previous pose to pull from.")
return
# Create a new posestamped message
action = PoseStamped()
action.header.frame_id = self.base_frame
action.pose = self.current_pose #Set pose to current pose

pull_dir = -pose_to_matrix(action)[:3, 2]
X, ¥, z = pull_dir * distance

#Adjust x, y, and z-coordinate
action.pose.position.x += x
action.pose.position.y += y
action.pose.position.z += z

Writing codes to represent motion #Publish action
. . _ ' . self.execute(action)
trajectories (how to interact with objects)

Manipulate-Anything: Automating Real-World Robots using
40 Vision-Language Models. Duan et al.



Prompt VLM to Predict Affordance and
ranslate Affordance into Actions

Task-specific grasp pose

Foundatign =
Grasp%
Model

Action
Categorization

Object-centric

Agent-centric

.

41



VLMs Can Do More: Task Planning

"Open the top drawer"

____ Verification condition: 'Did the robot™ ~ _
o

- -~

aripper grasp the top drawer handie?

Sub-task 1

Task Plan Generation
Sub-task 2:

Pull out the drawer handle

Verification condition: "Did the robot
gripper pull out the top drawer?
-~

Sub-task 3:

Check for success

Trajectory

Fnteﬂn9

Verification condition: 'Did the robot
open the top drawer”

Data generation

Successful task trajectory

Collected
demonstrations

/:Graspxtop drawer handle>

Action

Module

Verification condition: ‘Did the robot
vn'ppnsmsp the top drawer handle”

* Generation*

)

' . o '
'

1
\ Temporary Goal State ¢

Voo mnacccannoans

R Sub-task 2
I "\ f <Pull><drawer handle> ‘—" ~ !
Sup-task Action 4 Sub-task
Verification Generation Verification
Module @ Module Module
Verification condition: 'Did the robot @ @

<

gripper pull out the top drawer?'

42
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VLMs Can Do More: Success / Failure Detection

Temporary Goal State

Verification condition:
'Did the robot gripper pull

out the top drawer?'
GPT4-V

Sub-task: Succeed/Failed

43



Putting Everything Together: VLMs Enable
/ero-Shot Robotic Data Generation

Task Plan Generation
Sub-task 1: Sub-task 2: Sub-task 3: Data generation

Pul out the dr ndle Chock for success Tryectory

Collected

- i - - . Su <ful task trajecto 8 i
= = = = 7 Verification condition: 'D'd the robol™ = Verification condition: DU the robot Verification condition: ‘Ovd the robot ICOBSSTLN RasK trageciory demonstrations
o gripper grasp the top drower handle? Sl I gripper pull out the tog drawer™ apen the top drawer?
————— aa T
P Rt - -~
- ~
-c Sub-task 1 s Sub-task 2

<Pul><drawer handle>

Sub-task
Verification
Module

&
)

Sub-task
Verification
Module

& )

Action
Generation
Module

Verificazion candition: 'Did the rabat
Snpper grasp the top drawer handle?

Verificatian condition: 'Ovd the robot
Fripoer oAl out the top dawer™

Foundatiyn
Grasp %
Model

Actlon
Categorization

Object-centric
Agent-centric

Vil ation cunditon
0 iy pull
et iy g sl

Sub-task: Succeed/Failed



Results: Zero-Shot Robotic Data Generation

"Reasoning task"

= .

"Correct all the dices to 6 front-facing" "Correct all the dices to 6 front-facing”

Manipulate-Anything: Automating Real-World Robots using
45 Vision-Language Models. Duan et al.



Results: Generated Demonstrations Are as
High-Quality as Expert Demonstrations

« Behavior cloning with different generated data

Data Models Take_umbrella Sort_mustard Open_wine Lamp_on Put_knife Pick_&_lift
VoxPoser[3] PerAct[34] 4.00+4.00 0.0040.00 1.334+2.31  5.33+4.62  1.33+2.31 5.67+1.64
CAP[5] PerAct[34] 13.334+10.06 - - 8.00£16.00 9.33+6.11 46.67+2.31
Scaling-up [4] PerAct[34] 4.00+4.00 0.0040.00 81.33+12.86 76.00£4.00 5.33+2.31  53.33+10.06
MA (Ours)  PerAct[34] 84.004+-6.93 53.33+6.11 86.67+6.11 89.33+6.11  8.00+4.00 33.334+2.31
RLBench[33] PerAct[34] 58.674+50.80 53.331+34.02  86.671+12.86 84.00+13.86 30.67+10.07  62.67+9.24
VoxPoser[3] RVT-2[59] 5.334+6.11 1.334+2.31 1.334+2.31  2.67+2.31  1.33+2.31 17.33+2.31
CAP[5] RVT-2[59] 89.334+6.11 - - 85.33+8.32 52.00+10.58 82.664+20.53
Scaling-up [4] RVT-2[59] 94.6744.62 24.004+4.00 62.67+2.31 21.33+2.31 53.33+£2.31  80.004+6.93
MA (Ours) RVT-2[59] 94.67+2.31 73.33+2.31 93.334+6.11 84.00+10.58 69.33+12.85 82.67+12.22

RLBench[33] RVT-2[59] 97.33+2.31 69.33+8.33 88.00+8.00 93.33+4.62 72.00+10.58 64.004+10.58

46



s the Method All We Need? No! The Performance is
Bottlenecked by the Grasp Predictor

Scene Point 2, RGB (only for visualization)
Cloud h

+ .
Gemini

Object-centric

6-Dof Grasp b Orientation-aware .
ke w 4-DoF Placement

47



/[dea 3: Prompt VLM to Generate Motion
Constraints and Obtain Actions with Solvers

Motion Constraints

-
def subgoal_stagel_f1(k):

AP\ dist = norm(k[@]-k[1])
(N return dist

H def path_stage2_f1(k): Solvers
i z_diff = k[1][2]-k[2][2]
return abs(z_diff)

def subgoal_stageZ_f1(k):
k[3]1[2] += ©0.10

* .
Gemlnl return norm(Ck[2]-k[3]1)

48



How to Represent Constraints?

49

 |dea: Object-centric constraints

def pick up mug(pose ee, pose mug) :
dist = norm/(
pose ee[:3] — pose mug[:3])
return dist

« Problem:
» Limited to rigid bodies
» Understanding 3D rotation is more
difficult than 3D position

ReKep: Spatio-Temporal Reasoning of Relational
Keypoint Constraints for Robotic Manipulation



How to Represent Constraints?

50

* |dea: Point-based constraints

def pick up mug(points ee,
points mug) :

ee 1nds =
mug inds =
dist = norm/(

points eelee ind, :3]

— pose mug[mug inds, :3])
return dist

« Goodness:
» Generalize to non-rigid bodies
» Constraints on 3D rotation can be
represented by constraints on points

ReKep: Spatio-Temporal Reasoning of Relational
Keypoint Constraints for Robotic Manipulation



How to Represent Constraints?

[

def subgoal_stagel f1(k):

RGB-D dist = normCk[@]-k[1])
| . return dist
Obs‘ervatlon def path_stage2_f1(k):

N z_diff = k[11[2]-k[2][2]
Large O & . return abs(z_diff)
HS Wer . il = def subgoal_stage2_f1(k):
Vision T =0 50
return normCk[2]-k[3])

Relational 6 é) o)

Keypoint 0 | | e :

QErEch O+— (1) ) t (2) o c® c®
co n st ra I nts Csub.goal - Cpath & SUb-goal sub-goal

« Subgoal constraints characterize motion to achieve the current subgoal
« Path constraints characterize motion to reach the next subgoal

51



How to Detect Keypoints?

Segment an image Obtain points within each mask Lift points to 3D
by clustering pixel features

ReKep: Spatio-Temporal Reasoning of Relational
52 Keypoint Constraints for Robotic Manipulation



Obtain Actions by Solving the Motion Constraints

i 2N
def subgoal_stagel_ f1(k):
dist = norm(k[0]-k[1])
el return dist
VISIon def path_stage2_f1(k):
z_diff = k[1][2]-k[2][2]

Language m=p |  return abs(z_diff)

def subgoal_stage2_f1(k):
Model T
return norm(k[2]-k[3])

RGB-D O Pour tea into the cup. =—

Observation = .
Large l
Vision |» SIS
Model | " 20 S

L L wiuse b
|

Relational [ é) 6 o)

Keypoint =4 ] AN : )

Constraints ® i - f l ! Gt ; O . )Csub-gou Cougoot
|

Optimized ) v ’ ]

Actions 1 )| ]

gripper s

ReKep: Spatio-Temporal Reasoning of Relational
33 Keypoint Constraints for Robotic Manipulation



ReKep: Spatio-Temporal Reasoning of Relational
54 Keypoint Constraints for Robotic Manipulation



Results

ReKep: Spatio-Temporal Reasoning of Relational
55 Keypoint Constraints for Robotic Manipulation



ReKep: Spatio-Temporal Reasoning of Relational
56 Keypoint Constraints for Robotic Manipulation



Can We Directly Learn to Predict Actions?



Collect Behaviors by Teleoperation

58



Collect Benhaviors by Motion Planning

Scene hierarchy

©

A\

©

@ task_design_empty (scene 1) -/ [l

cam_over_shoulder_left
cam_over_shoulder_right

remoteApi ] ]

workspace
cam_cinematic_hase

& cam_cinematic_placeholder
diningTable o

¥ diningTable_visible

RaRLUy

Qe

W walll

& slide_block_to_target
@ boundary

o [ target

@ block °
& waypointd

%3 success

& waypointl

=]
0 o

59

ing threlds: 0f

)

cam_over_shoulder_lef x
'\
W Crmn
. I

cam_over_shoulder_right

e
s
5
e
]
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All You Need is to Collect More Demonstration Data

Open X-Emobiment AGIBOT World

KB

%&“‘"’“

3 g /<
}
- a ) ]
3 KX
| ia

K w 1M Episodes from 311 Scenes
[l] 34 Research Labs across 21 Institutions @

22 Embodlments

"/ P <‘ " pickg
a . fro
o

527 Skills )
i

S

route

pour stack
60 Datasets

5 E
e g
& i-(qﬁﬂ'ﬁ

-
-

¥EL1"‘ =#j@ .

Distributed Robot
Interaction Dataset

@ 76k Episodes

[— 564 Scenes

J/\L 52 Buildings
ﬁ 13 Institutions
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Learning to Act
De

Step 1: Collect demonstrations

oy Cloning

monstratio

Step 2:
'\

1 1 L1 41 1 1
2 2 2 2 2 2

N _.N N N N N
0;,ai,07,ay,..,07,ar

Behaviors from

1S

Train the policy to imitate

policy— m(aloM)

— |

61

f dist(at, m(alo))




Multi-modality Behaviors: The Same Task
can be Done in Different Ways

How to model multi-modal behaviors?

62



Generative models w/ probabilistic modeling

data

distribution
of data

sample new “data”

estimated 2 o p(a;\y)
distribution

of data We need generative modeling|

63 Slide credit Kaiming He



Recap: Capture Probabilistic Distribution

Deterministic Probabilistic
« predicts the same output « predicts the same likelihood of all
given the same input output given the same input
0 — Ypred 0 = q(y|o)

— 2
Ypred argmln Z =1 |ypred |
Ypred

7*(ylo)]
p(ylo) I I p(ylo) I I

Ypred

q*(ylo) = argmin Dy, (q(ylo), p(ylo))
q

64



Recap: Probabilistic Generative Models

Gaussian
Predict the mean and
standard deviation to model
the probability of sample “x”
VAE, Diffusion models etc

Mean u

INnput —>
Std o

65

Categorical
« Predict the categorical
probability of sample “X"
* Most LLMs etc

Logit x4
INput —>

Logit x,

Logit x,,

p(x) I
- A




Recap: Discrete Autoregressive Transformer as
Generative Models

X

once old

hello

Once

upon

T

©

4 .
Gemini

N

Tell

me

joke

GPT-4.5

I'm going through a tough time after failing a test

@ Aw, I'm really sorry to hear that. Failing a test can feel
pretty tough and discouraging, but remember, it's just one
moment—not a reflection of who you are or your
capabilities. Want to talk about what happened, or do you

just need a distraction? I'm here either way.

66



Recap: Dift

usion Models as Generative Models

Fixed forward diffusion process

Generative reverse denoising process

67 Image source: https://cvpr2023-tutorial-diffusion-models.github.io/



Learning Diffusion Models as Robot Policies

Fix forward diffusion process

Trajectory prediction °

Noise Generative reverse denoising process Action

3D Diffuser Actor: Policy Diffusion with 3D Scene Representations. Ke et al. 68



Learning Ditfusion Models as Robot Policies




Diffusion Policy with 2D Inputs

An input image is represented by a flattened feature vector

Input: Image Observation Sequence

Observation O 0.4

O

I '\!'II'\ h-
a1

Diffusion Policy z¢(O, A, k) »

Y -

Output: Action Sequence

Diffusion Policy: Visuomotor Policy Learning via Action Diffusion. Chi et al.

Action Searuence A
<+——Prediction Horizon Tp—

a) Diffusion Policy General Formulation

70

S, d ?Conﬂ D
2 a x+b
~*b A +Conv1 D
x: Action Emb

> a . ?Conﬂ D
] a x+b
A

b +Conv1 D

FiLM x: Action Emb

conditioning ConviD
-

b) CNN-based

xK

Cross Attention
4
Action Emb
[
g g
m w
3 >
& §
2
> o
= ran =
o / Action Emb
A

-

c¢) Transformer-based

xK




Diffusion Policy with 2D Inputs

IBC

Diffusion Policy LSTM-GMM

Diffusion Policy: Visuomotor Policy Learning via Action Diffusion. Chi et al. 71



Diffusion Policy with 3D Inputs

Depth map

MLP

MLP

MLP

MLP

2D to 3D unprojection Multi-view aggregation

3D Diffuser Actor: Policy Diffusion with 3D Scene Representations. Ke et al. 72

Proprioception '
token € Denoising step [

Noised trajectory
tokens

! l
‘ l
|

Denoising
Transformer

scene tokens ' ’ ’

o :
Language
- # Encoder

€’°(0,1,¢,74,1)

€’ (0,1l c, T i

Language tokens

[

“Open the drawer”




Diffusion Policy with 3D Inputs

Calvin Real-world

73



Recap: Discrete Autoregressive Transformer as
Generative Models

X

once old

hello

Once

upon

T

©

4 .
Gemini

N

Tell

me

joke

GPT-4.5

I'm going through a tough time after failing a test

@ Aw, I'm really sorry to hear that. Failing a test can feel
pretty tough and discouraging, but remember, it's just one
moment—not a reflection of who you are or your
capabilities. Want to talk about what happened, or do you

just need a distraction? I'm here either way.

Can we have learn autoregressive

transformers as robot policies?
74



|[dea: Transformer Vision-Language Models (VLMSs) into
Vision-Language-Action Models (VLAS)

Internet-Scale VQA + Robot Action Data Vision-Language-Action Models for Robot Control Closed-Loop
Robot Control

Q: What is happening Q: What should the robot RT 2

g 3 <task>? A: ] i MO
in the image? Goto st 4. L.arge Language Model

1= boc oS o
A grey donkey walks—3 T Bty B 7

down the street. s ;
. |- .;“:: ‘ ) ] : | ‘ A = Put the strawberry
ﬂ VIT Y . . ) y : c: > into the correct bowl
— = \\/"‘/ T - ry R

Q: Que puis-je faire avec
ces objets?

J

Faire cuire un gateau.

l

AT=[0.1,-02,0]
[A: 132114 128 526 1566 | ————

v : Q: What should the robot De-Tokenize AR = 10,25, -7
5 § . do to <task>? Robot Action
e < 3

s =L o~
— 4
. 2,
L -
%, .-

Pick the nearly falling bag

' [ ATranslation = [0.1, -0.2, 0] T , . ;-
x. | ARotation = [10], 25 -7°] Co-Fine-Tune Deploy S
Pick object that is different
s RT-2: Vision-Language-Action Models Transfer Web Knowledge to

Robotic Control. Google DeepMind.



|[dea: Transformer Vision-Language Models (VLMSs) into
Vision-Language-Action Models (VLAS)

Large-Scale Robot
Training Data

P
'“i‘ '

L ESEN 970k Robot &=
N Episodes

OpenVLA

Vision-Language-Action Model

Fine-tune VLM w/ Robot Actions: {)

Llama 2 7B

<

-

_J

—

Closed-Loop
Robot Control Policy

User: Wipe the table.

OpenVLA:
[Ax, AB, AGrip] = ...
e
g‘)

e

76 OpenVLA: An Open-Source Vision-Language-Action Model. Kim et al.



Training OpenVLA I

I_) loss

Token 1 Token 2 Token 255
Tokenization
OpenVLA
t t t B ]
@ o @ Ax
3 A6
Llama 2 7B J | AGrip
i 7D Robot
Input Image Moo OO oo odm Action
L T R T T .
© - .
MLP Projector ) [ Llama Tokenizer ]
Put eggplant| = ‘ :
inbow? ®D|noV2 [ sigLiP | T
Language Instruction I t

» “What should the robot do to {task}? A:”

How to tokenize real-valued actions?

Normalization and mapping to rarely used tokens - | |
77 OpenVLA: An Open-Source Vision-Language-Action Model. Kim et al.



Inference with OpenVLA

OpenVLA [Action De-Tokenizer] ]
t o+t " Ay ]
o oo AX
3 A6
Llama 2 7B J | AGrip |
i 7D Robot
Input Image @O OO oo o Action
R }
2 :
Q MLP Projector ) [ Llama Tokenizer ]
Put eggplant :
inbowl” | . | DinoV2 [ SigLIP ] T

O

Language Instruction

» “What should the robot do to {task}? A:”

/8 OpenVLA: An Open-Source Vision-Language-Action Model. Kim et al.



s OpenVLA All We Need? No! It doesn't Generalize
Well...

Train on real-world datasets and test on digital
twins of these real-world environments

Real robot evaluation (train on real, evaluate in real)

Real world Digital twins

Expensive and slow
Difficult to reproduce

Cheap and scalable
Fully reproducible

i

pick coke can (real)

79 Evaluating Real-World Robot Manipulation Policies in Simulation. Li et al.



s OpenVLA All We Need? No! It doesn't Generalize
Well...

Real robot evaluation (

Expensive and slow
Difficult to reproduce

train on real, evaluate in real)

Simulated evaluation (train on real, evaluate in sim)

Cheap and scalable
Fully reproducible

Sk

Model Put Spoon on Towel Put Carrot on Plate Stack Green Block on Yellow Block Put Eggplant in Yellow Basket #Overall
Grasp Spoon  Success  Grasp Carrot  Success  Grasp Green Block Success Grasp Eggplant Success Average
RT-1-X [13] 16.7% 0% 20.8% 4.2% 8.3% 0% 0.0% 0% 1.1%
Octo-Base [48] 34.7% 12.5% 52.8% 8.3% 31.9% 0% 66.7% 43.1% 16.0%
Octo-Small [48] 77.8% 47.2% 27.8% 9.7% 40.3% 4.2% 87.5% 56.9% 30.0%
OpenVLA [30] 4.1% 0% 33.3% 0% 12.5% 0% 8.3% 4.1% 1.0%
RoboVLM (zero-shot) [32] 37.5% 20.8% 33.3% 25.0% 8.3% 8.3% 0.0% 0% 13.5%
RoboVLM (fine-tuning) [32] 54.2% 29.2% 25.0% 25.0% 45.8% 12.5% 58.3% 58.3% 31.3%
Spatial VLA (zero-shot) 25.0% 20.8% 41.7% 20.8% 58.3% 25.0% 79.2% 70.8% 34.4%
Spatial VLA (fine-tuning) 20.8% 16.7% 29.2% 25.0% 62.5% 29.2% 100.0% 100.0% 42.7%

80



What's More Can We Do? VLA + Diffusion Models

T dataset

A7 ¢
R

Internet
pre- tra1n1ng

TT?T

._II__I,__I\I._F.
)\ )| I v

[cool|locoollcool|lcooo] =

pre-trained VLM
SigLIP (408M) + Gemma (2.6B)

action expert

. & T L '@

OO0 || 000 || 000|000
t

ViT ViT ViT “fold shirt”

|

Qe

Y

14 DoF :
Bimanual - ‘
Manipulators | dﬂlff

18 DoF
Mobile
Manipulators

Single Arm
Manipulators *

7 and 8 DoF Q
s



Very Impressive Real-World Robotic Demo




Can We Incorporate Reasoning in VLAS?



For LLMs, Intermediate Reasoning Enhances Text

Generation Tasks

Standard Prompting

Model Input j

. .

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?

_J

Model Output
A: The answer is 27. x

84

Chain-of-Thought Prompting

/{ Model Input j j

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?

- _/

Model Output

bought 6 more apples, so they have 3 + 6 = 9. The
answer is 9.

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They




/[dea: Incorporate
Reasoning in VLAS

 Train VLAS to perform reasoning before
generating actions

 Problems:

> What to reason?
» Where is the training data?

Robotic Control via Embodied Chain-of-Thought Reasoning. Zawalski et al.

Regular VLA Policy

User: Clean the sink.

OpenVLA:
[Ax, A6, AGrip] = ...

VLA w/ Embodied
Chain-of-Thought

User: Clean the sink.

CoT OpenVLA:
Object bounding boxes:[]
Gripper position: @

CoT OpenVLA:

Task Plan: 1. ..., 2. ...
Next Task: pick up carrot
Next Move: move right

CoT OpenVLA:
[ax, AG, AGrip] = ...

<



Embodied Chain-of-Thought

Input Generated Embodied Chain-of-Thought Robot Action
Fan Y " " . 3 " >
T 7 T T T 7 T
TASK: SUBTASK REASONING: MOVE REASONING: GRIPPER ACTION:
Place the The watermelon is the first The watermelon is POS: [Ax, A8, AGrip] = ...
watermelon on the object the robot needs to behind the robot, so it [156, 55]
towel interact with. The robot is not needs to move 4
Y yet close to the watermelon, backward
PLAN: so the robot needs to move ! ws'%';:ﬂ?ﬂiifcm:
1. Move to watermelon closer (126, 146, 141, 125),
2. Firmly grasp it ‘ MOVE: Towel [20, 59, 218, 198],
USER: "Put the 3. Move to towel Move backward Spoon [114, 83, 141, 129]
watermelon on the towel” 4. Place watermelon on SUBTASK:
towel Move to the watermelon

Robotic Control via Embodied Chain-of-Thought Reasoning. Zawalski et al. 86



Prepare for Training Data

Robot Trajectory from Dataset 1. Describe scene 3. Compute motion primitives 5. Generate plans + subtasks
Task Instruction \ Prismatic-VLM 73 Proprio - Primitives ¢ Gemini LLM (1T |
[ = o
Put the watermelon on the towel Please describe the scene. - Expiain the plan, s'"b"‘"k' snd
Proprio 1: [Ax, A8, AGrip] e £ for St gien:
State Info : Task Desc. Moves
This scene has a watermelon,
( spoon, towel, and mushroom. ; {rjght, down, down, ...}
[ Proprio 1: [Ax, A8, AGrip] Plan: Go to watermelon, grasp, go
to towel, release
. 2. Extract bounding boxes 4. Compute gripper position Subtasks:
Observations - ' 1. The robot needs to grasp the

it can now grasp it
C f
Moves:

1. The watermelon is right of the
robot, so it must move <right>

2. The watermelon is below the
robot, so it must move <down>

i - — 2. The robot is at the watermelon, so

|
|
|
|
|
|
I Grounding DINO @ OWL + SAM E watermelon, so first must move to it
|
|
|
|
|

(
I
I
| (
I
I
I
I
I
I
I
I
I
\

Robotic Control via Embodied Chain-of-Thought Reasoning. Zawalski et al. 87



Embodied Chain-of-

“Move the mushroom to the detergent”

TASK: Move the mushroom to the detergent

PLAN: Move to the mushroom, grasp it, move to the
detergent, release the mushroom

SUBTASK: The mushroom is the closest object to the

robot, and needs to be grasped first > Move to the
mushroom

MOVE: The mushroom is to the right of the robot, so
the robot needs to move right > Move right

“Put the leftmost object on the middle object”

TASK: Put the pink stuffed animal on the blue towel

PLAN: Move to the pink stuffed animal. Pick up the
pink stuffed animal. Move to the blue towel. Put the
pink stuffed animal on the blue towel.

SUBTASK: The pink stuffed animal is held by the
robotic arm and the blue towel is the middle object >
Put the pink stuffed animal on the blue towel

MOVE: The pink stuffed animal is on the left of the blue
towel and needs to be moved right > Move right

Robotic Control via Embodied Chain-of-Thought Reasoning. Zawalski et al. 88

hought

“Pick up the screwdriver”

TASK: Pick up the screwdriver and move it to the
container

PLAN: Move to the screwdriver, pick it up, and move it
to the container

SUBTASK: The screwdriver is in the top-left comer, so
the robot needs to move forward and down to reach it
- Move to the screwdriver

MOVE: The robot has reached the screwdriver = Stop




Intermediate Reasoning Enables Interactive Human-
Policy Correction

No intervention

User: Pick up any object that is not yellow. ChatGPT: f
BB B w/ one human intervention

a Correct reasoning...

CoT OpenVLA: ®
Next Task: reach the purple object

: = Lo Next Move: move forward +12% i
CoT OpenVLA: Q = +28% 32
Next Task: find a yellow object .
Next Move: move left
User: Wait! There is a purple object in front V) !

of the arm! OpenVLA RT-2-X ECoT
a w (Bridge) (Ours)

Robotic Control via Embodied Chain-of-Thought Reasoning. Zawalski et al. 89



Results: Stronger Generalization to Out-of-distribution
Data

Type Task Algorithm (ID View) Algorithm (OOD View)
OpenVLA . ECoT OpenVLA \ ECoT
Octo (Bridge) RT-2-X Naive CoT (Ouxs) Octo (Bridge) RT-2-X Naive CoT (Ours)
Put mushroom in pot 29% 88% 04% 1% 100 % 35% 59% T6% T6% 65%
D Put spoon on towel 60% W% 80% 60% B0% 20% 80% 80% 60% 80%
Put carrot on plate T0% 80% 20% 0% 100 % 40% 0% 0% 100 % 0%
Wipe [plate / pan] with towel 13%% 50% I’% 38% 50% 0% 50% 0% 13% 63 %
Put mushroom in
Spatial [left / right / middle] container 0% 22% 17% 22% 33% 0% 17% 22% 55% 67 %
Relations Put purple object in
[left / right / middle] container 0% 28% 17% 50% 56% 0% 22 11% 55% 39%
Put [right / left] object on middle object 0% 13% 0% 50% 63% 0% 25% 25% 50% 63%
Pick up [screwdriver / hammex / 30% 20% 80% 50% 50% 30% 20% 80% 50% 50%
00D measuring tape / detergent / watermelon)|
Objects | Move mushroom to 0% 10% 70% 20% 100% 10% 0% 90% 40% 90%
[measuring tape / detergent|
Put mushroom in tall cup 0% 80% 0% T0% 30% 10% 20% 0% 20% 3%
Place watermelon on towel 20% 30% 60% 60% T0% 50% 10% 90% 30% 40%
Pick up any object that is not
00D [vellow / a duck / a sponge / a towel) 50% 33% 58% 50% 42% 17% 17% 67 % 25% 67 %
Instructions | Put the edible object in the bowl 13% 25% 13% 25% 88% 0% 13% 25% 25% 100 %
Put the object used for [eating / 25% 38% 38% 38% 75% 13% 0% 25% 38% 75%
drinking] on towel
Aggregate | 21% £33% 44% £3.9% 47+40% 48+40% 66% £3.8% | 16% £2.9% 30% +3.6% 48+40% 48% +4.0% 64+3.9%

90



Can We Incorporate Visually Grounded
Reasoning in VLAS?



Videos Elaborate the Execution of a Task

92



World Action Models: Reasoning with Videos in VLAS

CALVIN Benchmark Dataset g enotmaedi  megee amenn
Inputs i Llearnable Outputs : “move the door all
- . Tokens H - the way to the righi"
Language : : -
S : . : “grasp the blue "ﬂﬂll\l[\!ﬂlﬂl 1L Iﬂ
ACTToken : Action . block in the drawer” - . "":«'&‘-’33'.1.'3 tom w:;; andin "'.i?.'?.‘n'.'.".:?.;‘.‘ﬁ"‘
I Image : p 34 different
N : “push right the pink ¢ a ; dripolaion
: OBS Token : Image block" tasks...
Robot State : 2ot ® x

Pre-train :
>>>>>>
Copy
GR-1 Weights
>>S>S>>>

t 1 t t 1
1)

onlo the desk”

Large-Scale Video Dataset Real Robot Dataset b s

“C picks the onions with her

“put the bell pepper
left hand"

onto the desk”

“C adjusts the plant in his
hand"

“put the eggplant
onto the plate”

“putthe broccolionto  “put the broccoli onto “put the broccoli onto
the desk” the plate” the desk”

“C rubs on the stair rail with

“put the broccoli 10 different
the sponge” onto the plate” maf:k:;hﬂon
SKS ...

93 Unleashing large-scale video generative pre-training for visual robot manipulation. Wu et al.



Advantage: Pre-training on Action-free Videos

Video-Language Pre-training

Video-Language-Action Fine-tuning

e

“putting chilli”

~

( “place rxbar chocolate )
into paper bowl”

“press the toaster
switch”

-

“The video shows two
people playing a card
game on a wooden table.”

s R
“A person is arranging
flowers in a vase”

<

i

|

“push down the button to
turn on the led light”

~

“A man is trimming a
tree branch with a pair

of pruning shears.”

~

( “Move the pot and drop i
under two cans”

“move any object from
the right basket to the
left basket”

e T

94

GR-2: A Generative Video-Language-Action Model with Web-Scale
Knowledge for Robot Manipulation. Cheanget al.



Success Rate (%)

100

80

60

40

20 1

Results on Real Robot Experiments

B

Transport - Transport - Transport - Articulated Object
Seen Objects Unseen Instances Unseen Categories Manipulation

B RT-1 M MT-R3M GR-1

Results
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Success Rate (%)

100

Zero-Shot Generalization to
Unseen Scenes (ABC->D)

80 1

60 -

40

20 1

[

T
=9

T
w

T
[aY)

T
(=]

Task 1

Task 2
RT1

Task 3
HULC

Taslk 4 Taslk 5 Avg.lLen.

MT-R3M

GR-1

o
Average Number of Completed Tasks



Pred

GT

Pred

GT

w w ‘v ‘
-

Results

open the oven

=3 '.Rll

AR LR AR

GR-2: A Generative Video-Language-Action Model with Web-Scale
Knowledge for Robot Manipulation. Cheanget al.
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Hand Cam

Head Cam

Pred GT Pred

GT

Results
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Can We Incorporate Other Kind of Visually
Grounded Reasoning in VLAS?




What Do We Learn from Watching a Demonstration?

Human video

10@ffordances from Human Videos as a Versatile Representation for Robotics. Bahl et al.



What Do We Learn from Watching a Demonstration?

Where to interact with the object

Frame without human

Relsice | , y
- 1

Contact points Wrist trajectory

10Affordances from Human Videos as a Versatile Representation for Robotics. Bahl et al.



Visually Grounded Reasoning with 2D Waypoints

Point to the left hand and the handle of the Point to the right hand and the handles of the Point to the blue brush and a list of points
blue screwdriver, and a trajectory of é points scissor ... and a trajectory of 5 points from the covering the region of particles
connecting them. right hand to the handles of the scissor

102



/[dea: Reasoning with 2D Waypoints in VLAS

( ) <think>
To put the strawberry
in the drawer, the
robot needs to: -
1. pick the strawberry ... :
Reasoning 2. then put the picked
MLLM —» strawberry ...
O </think> :
"Put the ] Fo m onewer : Otin
[ strawberry [ 0 7= [Po; P15 - - -, PK] —=
in the drawer." [ B </answer> :
. J Ct

Latent

Projector

103



“Put the ]
[l strawberry
in the drawer." [

Action-Aligned Visual Reward @ | GRPO Optimization

Traj. Reward Ttraj '*
* . max(0,1— d(r,?))

Goal Reward T goal

& -

5 (f(po,0) + £(pxc, 5x))

Reasoning
MLLM

Fo

<think>

To put the strawberry
in the drawer, the
robot needs to:

1. pick the strawberry ...

2. then put the picked

strawberry ...
</think>
<answer>

T = [p{)apl: e
</answer>

Y

104
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How to Train VLMs for Reasoning?

A\

=

€ - ==



Training with RL: PPO

Reference

PPO Model
Reward

Policy | Model |
Model Value )

~

aYd

.\

M°

Measure how much better the current action is, compared to the average "learned value” <

lo|
1 .| mg(otlg, o<
Jpepo(0) =E[q ~ P(Q),0 ~ mg_,,(0Olq)] = me ’ g(0t|q, 0<t)
ol =1 T0,14 (otlq, 0<t)

Limit the deviation of updated policy from the original “reference policy” <——

105

At,C

li

|

g (0tlg, 0<t)

0,4 (Of |q! 0<t) J

1-¢1+¢

o



Training with RL: GRPO

GRPO KL T

-\

Reference
01 Model " 4,
Policy 0, Reward | | r Gowp | [ 4,
Model D Model | . Computation .
Og e AG

Measure how much better the current action is, compared to the average "sampled value” <
Jerpo(0) = E[q ~ P(Q), {0}, ~ 7g,,,(0lq)]

G o]
1 1
— — E min
G |o; ] [

i=1 t=1

ﬂe(oi,th 0i,<t) A .
’ Aj ¢ clip
0,14 (Oi,[‘ |q; Oi,<t)

>

( g (Oi,r lq, 0i,<t)

11—¢,1+ s)
9,14 (Oi,th! oi,-:t)

I
Limit the deviation of updated policy from the original “reference policy” <——

i,t] —BDkL [Hellﬂ'ref] .
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Success Rate (%)

Results

w
o

N
o

=
o

I OpenVLA 52.0
e Magma :
B ThinkAct

35.5

Spatial Object

Goal

39.1

Average

. . ThinkAct
Dataset Split / Metric | GPT-4V LLaVA-Video InternVL2.5 InternVL3 NVILA Qwen2.5-VL Qwen2.5-VL* Magma (Ours)
Daily life 36.7 38.0 36.2 38.5 35.8 314 47.9 32.1 50.1
EgoPlan- Work ) 27.7 29.9 28.7 32.9 28.7 26.7 46.3 25.7 49.8
Bench? Recre?tlon 339 39.0 34.4 36.1 37.2 29.5 44.3 34.4 44.8
Hobbies 32.5 37.4 354 37.2 35.4 28.6 44.2 29.3 45.2
Overall 32.6 35.5 33.5 36.2 33.7 29.1 45.7 29.8 48.2
BLEU-1 32.2 354 40.5 44.3 42.7 47.8 65.3 38.6 69.1
BLEU-2 26.5 32.1 33.3 36.5 39.7 41.2 57.3 31.5 61.8
RoboVQA BLEU-3 24.7 30.0 29.6 31.6 37.6 36.2 52.2 28.1 56.0
BLEU-4 239 29.0 27.5 28.9 36.1 33.7 48.0 26.7 52.4
Overall 26.8 31.6 32.7 35.3 39.0 39.7 55.7 31.2 59.8
Obj. State 63.2 69.1 70.2 68.9 66.1 63.2 62.4 59.9 70.0
Obj. Recog. 43.4 42.6 47.2 49.1 49.5 46.2 45.2 43.8 47.2
Func. Reason. 57.4 50.3 56.2 54.6 51.0 51.2 52.3 50.0 53.2
OpenEQA Spatial 33.6 46.2 44.1 43.3 43.1 41.2 42.8 39.3 47.6
Attri. Recog. 57.2 64.1 64.9 74.4 69.3 63.0 65.0 58.3 71.1
World Know. 50.7 60.5 56.5 53.1 59.4 54.3 54.2 53.3 58.6
Obj. Loc. 42.0 38.2 41.9 45.0 39.9 36.5 41.9 38.9 45.9
Overall 49.6 53.0 54.4 55.5 54.0 50.8 52.0 49.1 56.2
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Results

<think>
The image shows a 7up can, a sponge, and an
apple on a table. ... F o

First, I need to locate the 7up can and the 3

apple. ... Now, I need to move the 7up can. ... ‘

</think>

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

<think>

First, the eggplant is in the sink,

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>

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 it up ..
Move the book smoothly from left to right ...

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

I can now place it near the apple. ...The can is

now right next to the apple. ...

and the basket is in the top left corner. ...

The gripper will move toward the eggplant,

LIBERO-Long ["Pick up the book and place it in the back compartm." |
<think>

Place it in the compartment. ...

</think>
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Can We Incorporate Physically Grounded
Reasoning in VLAS?




Yes! This Rewinds Lecture 4

» 2D Motion Representations

» 3D Motion Representations
»4D Volume Rendering with NERF
»>Explicit Motion Field with NERF
»4D Volume Rendering with 3DGS
»Explicit Motion Field with 3DGS
»Implicit Motion Field with 3DGS
»4D Foundation Models
> Multi-view Video Generation (we'll cover in the next lecture)
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A Quick Summary of This Class

Covered in Robot Perception
and Learning

Perception

Cognition

Covered in Embodied Vision!

Action
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