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Preliminaries

* Vision Language Action(VLA)
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Preliminaries

Limitation of VLA
 Limitation of VLA
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Limitations of VLA
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Error Accumulates
and Leads to Failure

Immediate Action Simulation / VLLM Prediction

Vo | -
|
E ‘ \ Future Outcome (Ignored)
w
' y
> - o *
t Time Step t+N = -
Cannot recover from 5 tconsider th
; : oes not consider the
mistakes and fails result (nextstate) Cannot perfectly model real-world

dynamics and physics
@ 0 o,
- . ,’ —

A A

These limitations make it hard for VLA to act robustly and generalize in the real world.



Preliminaries

e Research trends of VLA
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Preliminaries
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Model-Based Reinforcement Learning with World Models
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World Models

* Motivation
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(Forrester, 1971)
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Methods (1)

« 3D-VLA : A 3D Vision-Language-Action Generative World Model (ICML, 2024)
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Goal Imagination

5, Image / Point Cloud
Diffusion Model

Initial State

Robot Control

Goal State

Projector

Robot: Sure! | should <img pcd> pick up <obj> the chip bag </obj> [loc tokens] </img /pcd>

[ ) T

3D Vision-Language-Action Model

Robot: Actions are: [action tokens]

I

J

User: <scene>[embed]</scene> Execute now.

I

—o[ Q-Former

User: The initial scene is <scene>[embed]</scene> Find some snacks for me.

1

— ( Q-Former

m \. J

Multi/Single View Images 3D Feature

*-—

-

3D Feature

Zhen, H., Qiu, X,, Chen, P., Yang, J., Yan, X,, Du, Y., ... & Gan, C. (2024). 3d-vla: A 3d vision-language-action generative world model. arXiv preprint arXiv:2403.09631.



Methods (1)

 Motivation
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3D-based backbone + Interaction tokens

@ Reliance on 2D inputs
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 Overview of 3D-VLA
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Robot: Sure! | should <
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Initial State

Goal Imagination

Image / Point Cloud
Diffusion Model

Goal State

Projector

Robot: Actions are: [action tokens]

I

'mg pcd> pick up <obj> the chip bag </obj> [loc tokens] <

I

User: The initial scene is <scene>[embed]</scene> Find some snacks for me.

Multi/Single View Images

3D Vision-Language-Action Model
>

User: <scene>[embed]</scene> Execute now.
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» 3D data for learning
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RGB Image Depth Map (ZoeDepth)

Far

<
)

Near

CREI A

3D Bounding Box (AABB)

(0.45, 0.10, 0.25)
(0.55, 0.20, 0.395)

(x_min, y_min, Z_min)

(X max, Y_max, Z max)

Encoded as 6 location tokens
<loc 115> <loc 26> <loc 64> <loc_140> <loc _S1> <loc 89>
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« 3D data for learning
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Reasoning and Localization

Embodied Question Answering Task Caption

By 4 steps:
Pick green can 1- Move the cart Pick up the
from middle 2- Place the pen apple fruit
drawer and place 3- Place the book
on counter 4- Adjust the chair
What will happen if <action> ? What should | do next? What happened?
Object Detection Task Caption with Grounding 3D Identification
A plastic,
shinny and
pink bowl in
the middle

Detect the knife with 3D B-box.  [location tokens] Describe the task with 3D B-box. Put carrot in pan This [location tokens] is?

Multimodal Goal Generation

Goal Depth Generation

Goal Image Generation Goal Point Cloud Generation

il ] s

o

Generate the depth after closing <denths> What dose the picture look like <image> What will the scene be like od>
the bottom drawer. S after the cloth is folded? Eate when | pour out water? et
Robot Planning

Planning on RLBench Planning on CALVIN

Pick up the red cup.

Push the blue block into the drawer. Open the drawer.

11



Methods (1)

* Methodology : Backbone (3D LLM)
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3D Feature ) ( Question R
Please tell me
where is the chair?
A Y r
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Answer: The chair is located at <loc3><loc56><loc34>.
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(" Box-Demonstration-Instruction based Prompting

Bounding-Box Context:

Room 1: table: [0.4, 0.1, 0.1], chair: [0.4, 0.3, 0.4]... Room2: desk: [0.5, 0.2, 0.3]

Instruction (Shortened Version):

You are an Al visual assistant / conversation generator / in the room.

You need to generate a high-level task and its low-level actions/ 4-10 round conversations

between a human and a robot assistant / about the scene. !
; S it

Demonstration: For Room 1:

<Task Decomposition> High-Level Task: make up. Low-Level Actions: 1. go to the cabinet 2. take out

cosmetics from the cabinet 3. bring the cosmetics to the table with mirror 4. open the lamp 5. make up

<3D-Assisted Dialog> Human: Bring me a toothbrush. Robot: Sure! Where is it?. Human: Maybe in the sink. Robot: | have

arrived mat the sink and find no toothbrush. | found an closed bathroom cabinet. Is it possible to contain what you need?...

Generate similar responses for Room 2.

Response : For Room 2:

<Task Decomposition> High-Level Task: Get ready for work. Low-Level Actions: 1. go to the toilet 2. Wash hands in the sink
cabine. 3. Gog to the mirror 4. Brush teeth and wash face 5. Turn on the lamp 6. Leave the room through the door
<3D-Assisted Dialog> Human: Turn on the light. Robot: Sure! Which light?. Human: The wall lamp. Robot: | have turned it
on. Is it bright enough? Human: No. Are there other lights? Robot: | see a desk lamp.

ChatCaptioner based Prompting

gy oo & o £

Captioner Answerer

(" Images from different views

_—

What can you see from the far right?
Chair, desk

Can you tell me what’s on the desk?
A laptop

Aything else close to the desk?

A curtain Response: Here’s the description of the scene: This room
has a work stations with a desk and a chair. The desk has

A bed a laptop on it and a curtain besiZ2s. 4t also has a blue bed,
a blue sofa and a kitchen ceuater wiwn chairs close to it.

Blue 3
\_’/ \ I

Instruction: Generate question answering pairs based on the caption.

What can you see from the near left?

-

What'’s the color of the bed?

Revision based Prompting
Context: The white chair is near the table.

@sponse: Question: What color is the chair near the table? Answer: The chair near the table is white.

J

12

Hong, Y., Zhen, H., Chen, P., Zheng, S., Du, Y., Chen, Z., & Gan, C. (2023). 3d-lim: Injecting the 3d world into large language models. Advances in Neural Information Processing Systems, 36, 20482-20494.
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* Methodology : Backbone (3D LLM + Blip2-FlanT5)
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i 3D-LLM Weights i
Language ! !
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(5) LLM Backbone
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* | @

I/O Token
Embedding |
(Trainable) |

Transformer
Backbone
(Frozen)

S NS =74

. J

?

-

Interaction Tokens
(Added to LLM Vocabulary)

<obj> - <loc0-255> -

<aloc>/<arot>/<gripper> -

<scene> -
<ACT_SEP>

»

Newly Added by 3D-VLA

o= 2F255H= 3D-LLM B Al K| E
10| 't BLIP2-FlanT5XLE #2222 &8
=

1} Q-Former@t &t

=

Output
a 3
Language Response
(Reasoning - Caption)
- J
4 )
3D Location
<loc>
. J

e —— e ————

Extended in §4.3 !
(Goal Generation/ |

. Action Prediction, etc.) |
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Methods (1)

* Methodology : Backbone (3D LLM + Blip2-FlanT5)
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56 102

[ |

ID Token 45
0 <pad> T
<bos>

Output Probability Distribution

1

Nxh

Positional
Encoding

N+1 | <3D> Softmax
N+2 | <action> _’
Linear
T5 Vocabulary i
{ r Pretrained ‘ =ngoger
"id": "robot_data_001" Hidden States | Transformer
" o . : . FLAN T5
instruction": "The initial scene is <scene>[Scene_Embedding]</scene>. Decoder
. " Encoder
Pick up the apple.",
"output": "l will execute the following steps: | :
<ACT_START> <aloc128> <arot64> <gripperl>
<ACT_SEP> <aloc130> <arot64> <gripper0> <ACT_END>", |
"task_type": "action_prediction", F atten
"metadata": & Tokenized Captions Input Embedding
{"object_name": "apple", ?
"location_token": "<loc102>“} Tokenizer
} . Input Tokens (Shifted Right)
Embedding Vec

[The, initial, scene, is, <scene>, (3D_Embeddings), </scene>, Pick, up, ...<ACT_START>~<ACT_END>] I__> i

45 56

1111

102

14



Methods (1)

* Methodology : Interaction Tokens

o 3D 2712 5 o|sfet 20| 22| A4SEE S 94f LLM vocabulary
H

ASI= <loc> EF, CHO| LY

o AXJAMS EXNBE <obj> EZ, 3D QX2

o 7 DoF 2& &9| M| 0| & (<aloc>, <arot>, <gripper>)2 HEO| M EZ

Reasoning and Localization

What-if Question Answering Embodied Question Answering Task Caption

By 4 steps:
Pick gre(-;n can 1- Move the cart Pick up the
from middie 2- Place the pen apple fruit
drawer and place 3- Place the book
on counter 4- AdeSt the chair
What will happen if <action ? What should | do next? What happened?
Object Detection Task Caption with Grounding 3D Identification
A plastic,
shinny and
pink bow! in
the middle

Detect the knife with 3D B-box.  [location tokens] Describe the task with 3D B-box. Put carrot in pan This [location tokens] is?

Multimodal Goal Generation

Goal Point Cloud Generation
s{' » ."! ¥
-,/ 5 . ‘/

What will the scene be like
when | pour out water?

Goal Depth Generation Goal Image Generation

Generate the depth after closing
the bottom drawer.

What dose the picture look like

o after the cloth is folded? <fhage>

Robot Planning

Planning on RLBench Planning on CALVIN

\"

Open the drawer.

Pick up the red cup.

Push the blue block into the drawer.

rot
W
w)
0z
rg
[0
ro
kU
on
Ot
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N

scene> EZ2 £ ¢

= 2Ho0] BY- 40| AIZY B

o 12

Robot Control

Goal Imagination

Image / Point Cloud
Diffusion Model

Initial State 1 Goal State

Projector

Robot: Actions are: [action tokens]

I

Robot: Sure! | should <img pcd> pick up <obj> the chip bag </obj> [loc tokens] </img /pcd>

I

3D Vision-Language-Action Model

e >

|
User: The initial scene is <scene>[embed]</scene> Find some snacks for me. I User: <scene>[embed]</scene> Execute now.

f ' I

—»[ Q-Former 1

—_— Q-Former I
TN

=3

Multi/Single View Images 3D Feature 3D Feature
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Methods (1)

* Methodology : Backbone (3D LLM + Blip2-FlanT5)
o 3D 57t 0|87t ER3IX| Tt 7|&= VLM X9 S| X| S - HE|H EXS Q-FormerZ %8t= 3D-LLM XH X
o E& H|O|H7} it 27} OfL|E 2 scratch learning 27 — A[Z-210] HEO| 't BLIP2-FlanT5XLE #2222 XH%%
O

o TF3D-LLMS HH R 9IF AN gl S0 02 JHEX L RCSIK| %0 2 AW Y1} Q-Formerlt 8H

- 1 d

ID | Token 45 ] s8] [(a02) [ ] — [Latent_Goal_Tokens]
0 <pad> T T T T 1 2 3
1 <bos> | Output ProbabilityiDistribution B 1 . - see
N+1 | <3D> SOf?maX
N+2 | <action> Lintar 2 - .
T5 Vocabulary : N 3 - - -
Pretrained Hidir;cr:\()gteartes T e S o
He| " oo | ™ Y - =

Positional
Encoding
2048

Tokenized Captions

e inedeing 3D-VLA answer :
1 Jrs

Input Tokens (Shifted Right) "Sure! | should pick up the <obj> apple </obj> at <loc102>. | will first imagine the goal state.

[ 11 1]

<image> [Latent_Goal_Tokens] </image> <pcd> [Latent_Pcd_Tokens] </pcd>.

Now | will execute: <ACT_START> <aloc...>..."

= 45 56 102 -

16



Methods (1)

 Methodology :
o AE 0|== &0 0|2l =2[H HatE"

o 7= L

- OO

AbAMSE= Generative World Model 3
HIC| 2 =kt D EO] SHA|(F 2=, O|O|H & 2 ==
o Interaction token & 3D-LLM THA[O| A ZtEoF R EIO| A% OIX| BHH(RA| )2 = [
o fhe=otHIAE MMHZ2 HO, 0|2f2e| RGB-D O|0|X| 2t &

3D-VLA answer :

"Sure! | should pick up the <obj> apple </obj> at <loc102>. | will first imagine the goal state.

<image> [Latent_Goal Tokens] </image> <pcd> [Latent_Pcd_Tokens] </pcd>.

Now | will execute: <ACT_START> <aloc...>..."

Goal Imagination

Image / Point Cloud
Diffusion Model

Initial State 1

Goal State

Projector

Robot: Sure! | should <img pcd> pick up <obj> the apple </obj> [loc tokens] </img /pcd

ob7| ?/oh 2x H|O] & X 7| ho I7H

Injecting Goal Generation Ability into 3D-VLA (Projector)

2 Diffusion Model AFHE &t
ShE [Nx2048]

M A=l (Planning) s & &3}

Projector

17
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Methods (1)

 Methodology : Injecting Goal Generation Ability into 3D-VLA (Diffusion model)

o LLME| A X TR

o Transformer 7|2t2| ProjectorE A A 50 LLMO|A =

2
o LORAS 283 7| 715X B2 U 2 8E0l YL ~8stof mhato|E A0

St 1} Diffusion Model2| 24 &7+ A0 Q| 2|0

AR
z dpeFEo

Denoising Block (t=T)

“instruction”: “Pick up the apple”

"object_name": "apple"

"location_token": "<loc102>“

D

v

wv@ | g DENoising Block (t=k?

Current Hidden State | —%
(Noisy State) |
K Attention Output
Key (K) QKT /Vd) (Weighted Sum)
Latent_Goal_Tokens | —» — Next Hidden State
,

(Projector Output)
aE AW
— [N

|

l'_
|
o [ |

Vv
Value (V) Attention
Latent_Goal_Tokens —> scores
(Projector Output) I

Denoising Block (t=0)

:L_L
M 743 82

=X (Goal) ETZ M
E X439}

VAE Decoder

—_______________§

| Z&Z71(Conditioning)2 £ Of &

Output : Goal state

_—_—_—_—_—_—_—__’
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Methods (1)

* Methodology : Action Decoding (Robot Control)

o 3D HH O[5l =8 &fef ZAE HI®CE HA[ZL ER N[O BES AY 44
o St 7DoF Z& A YUZ 25671 2| discrete UM EZ O = HSHSIO] LLMO| HIAE MMHSIE =XHo 2 &
o S|AEZ| HO[HOf 2|F=SIX| G= Open-loop |0 4lS S5f, MEF 2FE0UME O XA = SH4HQ HE = 7t

/#Text embed : "The initial scene is.."
[ 0.012, -0.45, 0.88, ..., -0.03 ], # "The"
[-0.23, 0.15, 0.04, ..., 0.92 ], # "initial"

Output : Goal state [ 0.05,-0.11,0.22, ..., -0.55 ], # "scene"
[ 010; 033, -0,1’ 0 12] #"is"

#3D embed<scene>[Initial_Scene_Embed]</scene>
[ 0.55,-0.72,0.11, ..., 0.33 ], #<Vector_V1>
[0.91, 0.02, -0.56, ...,-0.19 ], # <Vector_V2>

[ 0.44,-0.12, 0.05, ...,0.77], #<Vector V32>

#Instruction embed : "Pick up the apple.”

VIT [-0.08, 0.41,-0.22, ..., 0.15], # "Pick" 3D VLA(LLM) Model
[ 0.19,-0.33, 0.55, ...,-0.04 ], # "up”“

[-0.51, 0.08, 0.12, ..., 0.88], # "the”

[ 0.66,-0.21, -0.19, ...,-0.31], # "apple”

[-0.11, 0.05, 0.33, ..., 0.02],#"."

#Goal embed : <image>[Goal Image Embed]</image>
[ 0.88, -0.15, -0.42, ..., -0.22 ], # <Vector_G1>
[ 0.21, 0.66, -0.33, ..., 0.41 ], # <Vector_G2>

—_—_—_—_—_—_—_—_q
_—_—_—_—_—_—_—__’

1
\_[-0.1, 0.88, 0.14, ..., -0.09] # <Vector_G32> Y,




Methods (1)

* Methodology : Action Decoding (Robot Control)

o 3D ZH O5{et =8 & ZNE HIZHCE A EXZ MO HE= AE dd
o 5%t 7 DoF Z& A Y2 25671 2| discrete UM EZ O Z HSHSI0] LLMO| HIAE MMSIE =XHo =
4 - o - -
o 3|2E2| BO[E{0] O|ESHX| 8= Open-loop H|0f WAl S0, MEL SHHOIAE 210] X|A|GIO 2 F2
, 3D VLA(LLM) Model
|
(#Text embed : "The initial scene is.." ) I Input Tokens Q K V Query =
[0.012, -0.45, 0.88, ..., -0.03 ], # "The"
[-0.23, 0.15,0.04, ..., 0.92 ], # "initial" I Pick OKT / Jdy Softinax
[ 0.05,-0.11,0.22, ..., -0.55 ], # "scene" l -
[ 0.10, 0.33,-0.1, ..., 0.12 ], # "is" I .
Pick 0.21
» I up DS
#3D embed<scene>[Initial_Scene_Embed]</scene>
[0.55,-0.72,0.11, ..., 0.33 ], # <Vector_V1> I up -0.31 0.01
[0.91, 0.02,-0.56, ..., -0.19 ], # <Vector_V2> | the
I High
[0.44,-0.12, 0.05, ...,0.77 ], # <Vector V32> : the -0.12 0.02 |
apple
#Instruction embed : "Pick up the apple." I apple 0.08 0.03 l
[-0.08, 0.41,-0.22, ..., 0.15 ], # "Pick“ l . |
[ 0.19,-0.33, 0.55, ..., -0.04 ], # "up” I .
[-0.51, 0.08, 0.12, ..., 0.88 ], # "the" ! <G1> 0.15 0.04
[ 0.66,-0.21,-0.19, ..., -0.31 ], # "apple” <G1>
[-0.11, 0.05, 0.33, ..., 0.02], #"." | 2> | 2.35 0.86
I ‘ — - ‘ > & 5
#Goal embed : <image>[Goal Image Embed]</image> I “ <G72> r ﬂ —1 | "
[0.88,-0.15,-0.42, ...,-0.22 ], # <Vector_G1> i - -
[0.21, 0.66,-0.33, ..., 0.41], # <Vector_G2> : e
: <G32> | .0.05 0.01
\[ -0.1, 0.88, 0.14, ...,-0.09] # <Vector_G32> ) : <G32>

0.03 x

0.01 x

0.02 x

0.03 x

0.04 x

0.86 x

0.01 x

Output

for “Pick”™

[d,]

—_—_—_—_—_—_—_—_—_—__,

~
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* Methodology : Action Decoding (Robot Control)
o 3D ZT O[3iQt 21 AAH ATHE HIEIO 2 MA|Zt 25 Hof YH
o ST 7DoF EX A ¢

o S|AEZ| OO|Eof o=

>

uo O

56711 2| discrete &AM EFE O Z HZIG

]
[ X| 2= Open-loop X0 BHAl2 E3), Al

O|-

-

3D VLA(LLM) Model

' I
| From Self-Attention I Feed-Forward Network (FFN) Final Layer Softmax Output
: (Updated Vectors) I (Linear — GELU — Linear) (Logits) (Probability) (Decision)
; 1 Input Hidden Output
I PI—Ck D:D:Ij | d_model d_ff d_model apple I 0.00%
| - (o | (2048) (8192) (2048) |
I ) ~ O move 0.00%
l the geesm || © AT e ' |
: (e I O O O O O <ACT_START> [ [l 99.90% | <ACT START>
apple WD = O OO0 O — -
I s ) : o =P AT END> 01%
| ; : e OO0 O - o :
I : O O O : <aloc128> 0.02% :
| EEEEE N\ %
I e ‘ I O @, @, O O <arot256> 0.01%
@[ o> | Om |1 —— —
: ‘ : : I Linear Linear
: l

| EEEEE
\

um S S S S S I IS S s . /
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* Methodology : Action Decoding (Robot Control)

X Ab

>

o 3D XM O|5l|et =
o BZ5t7DoF E&£

o S|AEZ| OO|Eof o=

mo O

o
XFOT
_II:I

5671 2| discrete

OF

[ X] 2= Open-loop A

M EZ

P E2tE HE L= ’é‘*lﬁ 22X X1I01

[H 2

o o

o &

Auto open-loop & Action Decoding

Auto-regressive
Token Generation

{<ACT_START>J _t]/v [ el ] \[tamtzow ]
/

[ <grip1> ]

\ [ <aloc045> ] A/

—b

*

[ <arot310> ]

;
:

Token ID — Physical Command

(Detokenization)

<aloc130> —» XYZi(x., y; Z.)
L
<arot200> | =p |[ R(rpy)
\
<grip1> - [ Gripper (open/close)
-
<ACT_END> | = | Stop

Physical Command
(Example)

Robot Execution

XYZ Position
(0.42, -0.15, 0.28)

Rotation (RPY)
(1.57, 0.00, -1.20)

Gripper
Close

Execute
Arm Movement & Gripngr Action
in the Real World
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» Experiments : 3D FE1} 28| £IX| 7|
- ER M QA -5 H2Y - =M /X X7 S CHA ot = EOt
- WE 2 (Task Captlon) Sl 34.88E Z2 =712 BLIP2(3.16)E A A 4
o EM| YK 7| HEE (loU) 29.332 2 CoVLM(19.81) - Kosmos-2(10.92) 2 Ct 24
o 3D-LLMO| H2 M+E H A2 22 ME D HOIH7IME U2 B0 F

Tasks Models BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGH-L EM@I
3D-LLM* 1.05 0.38 0.15 0.02 12.96 0.91 0.00
BLIP2 OPTs75* | 7.39 3.17 0.03 0.02 3.87 7.40 3.03
‘ BLIP2 FlanT5x, * | 22.84 16.17 12.50 10.11 11.41 32.01 10.31
Embodied QA ¢y Flamingogs* | 9.50 6.51 5.14 4.29 6.84 10.40 1.21
LLaVAz* 11.66 8.06 6.01 4.58 12.59 14.17 5.67
BLIP2 FlanTS5x; | 37.31 2720 2032 15.48 17.80 38.92 15.35
3D-VLA 48.34 38.55 31.72 26.80 23.72 49.33 24.53 Methods loU Acc@25 Acc@5()
3D-LLM* 0.78 0.16 0.07 0.05 0.57 1.33 0.00 p—— T
BLIP2 FlanT5x. * | 8.50 2.07 0.35 0.00 3.40 8.45 0.00 Kosmos-2 (w/ 91 Depth) | 10.92 12.73 3.85
Task Caption  OPe0Flamingous” | 7.61 1.64 0.37 0.00 474 9.36 0.00 CoVLM (w/ GT Depth) 19.81 25.39 16.61
LLaVAz* 2.63 0.69 0.16 0.00 2.63 4.65 0.00 ID-VLA 70 33 42.26 27.09
BLIP2 FlanTS5x; | 22.05 1140 572 3.16 8.72 26.12 7.75
3D-VLA 55.69 45.88 39.39 34.88 27.57 62.01 29.34 Table 2. Localization results on held-in robotics datasets.
WhatifQa  BLIP2 FlanT5y | 2823 11.47 449 0.06 8.27 28.41 5.85
3D-VLA 53.09  40.94 3434 2938 26.83 52.82 147
3D-LLM* 0.52 0.22 0.16 0.13 034 0.64 0.00
Dense Caption BLIP2 FlanT5x; | 36.17 24.72 18.06 13.96 17.83 40.56 13.10
3D-VLA 51.90  42.83 38.11 34.62 25.25 55.91 39.49

Table 1. Evaluation on reasoning ability using held-in data. * denotes zero-shot transfer results without training on our pre-train datasets.



Methods (1)

- Experiments : S M *c'h'l_} S = |2l

LS =

o O|0|X] ZZ(PSNR) 17.21£, 75*

EX HOIHZ &9

St Instruct-P2P(16.67)2 Lt =3

o OS5t =H X SES WEH 87t 20N, S HAMV 2HE 250 s =0

o RLBench Z=2f2 QA X|3F CALVINO| Al 57 HE AE =2 00 =, 71 2AH0|| = oHA|
Method PSNRt CLIPSim+ SSIMt FID | - — 5 5
Instruct-P2P 14.41 0.909 0380 0309 ‘,“ © 1ck up I
SuSIE 15.20 0.898 0549  0.182 Knife Umbrella ~ Cup  Cup (unseen)
NeXT-GPT 8.86 0.199 0.153 0432 LanCon-Learn 28.8 45.6 23.2 -
Instruct-P2P* 16.67 0.941 0.628  0.178 LanCon-Learn w/ His. | 32.2 50.8 44.2 _
3D-VLA w/o Pred BBox | 17.02 0.919 0632 0.173 3D-VLA 68 52 40 24
3ID-VLA 17.21 0.920 0.636 0.177

Table 3. RGB mimage goal generation results. * denotes the model

15 trained on our pretrained dataset.

Table 5. Evaluation ol action planning on RLBench datasel.

24



Methods (1)

. HiALS Az £

o HdE A7t - 9|0

Input RGBD Pred Goal Input PCD Pred PCD

+ Experiments : HFH AN "ot
7S

o B0 gUE O

Pick banana from white bow! (RT-1)

I
1
[
I
I
RT-1 [
Jaco Play :
!
I
I
I
-~ = 0
Move green chip bag near water bottle (RT-1) Place the long bread on the table (Jaco Play)
Input Pred Goal Input Pred Goal Pred Goal
[« .\.-—A
a— A
a0
Novel Env ——

I
I
I
I
I
I
I
I
|
I
I
I
'

Removs the plastic bottle Knock the coke can over Close middle drawer Grasping the umbrella by its handle, ift it up and out of the stand
Figure 3. Visualization of generated RGB-D goal images. The results in the first row are sampled from the test set of held-in training data

while the second row is the unseen environments gathered from the Internet or daily life. Figure 6. Visualization of generated RGB-D goal images and goal point cloud. (RLBench)
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* DreamVLA : A VLA Dreamed with Comprehensive World Knowledge (NeurlPS 2025)

° (a) 7= VLA — 230 XA S B £HIE AS= ©
o (b) B e dd Z20| 0o FEH= UHS0{=0, AASs E0 A5 H
o (c) &0 ¥ S =& O|0|X|E ot & 0| Fot= &4
o (d) DreamVLA — 0|2 ZHES EM2 12|X| &1 22l . Z10]| - o|O|2t Z2IM o=
: : ) : _ * World
ﬂu:::mn Pnllcy Action Action Embedding Action
Image / Video
VLA : VLA '
Generation DreamvLA
Image Instruction Image Instruction Image Instruction Image Instruction Dream Queries

() (b) (c) (d)

26

Zhang, W., Liu, H., Qi, Z.,, Wang, Y., Yu, X,, Zhang, J., ... & Jin, X. (2026). Dreamvla: a vision-language-action model dreamed with comprehensive world knowledge. Advances in Neural Information Processing Systems, 38, 24195-24228.
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 Motivation

o
o DreamVLA= M| 7tX| etA|0f| 22 C| S5t =

WA He 0% 0|0|X|Qt S BH0| A HA o) X0| Bl
M SR S0 i3t BA o] gt

4
mu W
—-— O
Pal
s

>

Redundant pixel information

Zof g tHE=0| Sl =51 55 — ot50/ Hlge

Lake of spatial information

H A3 2HE2| 3kt 20 Lot A XA F 1)

Lake of high-level forecasting

=8 =X 0l &50t7| #I¢t semantic SE 7t +5f

7| & VLA

=l

JEf2| D= O[3 7t =53

| 72| world knowledgeE 0| Z5I= & A4

Dynamic region-based forcasting

M =g Y T4l coTrackerE2 SES HEE O|=

Depth-aware forecasting

T2 depth S-S O S0f 3kt B2 U HES

=]

tot

High-level foundation features

DINOv2, SAMIt M & =l 0|2l semantic EE 0= Bqets

DreamVLA
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 Model Architecture & Pipeline

(¢]

(¢]

AHO{= CLIP HIAE AH| Y, A|ZH2 MAE AN SHS VIT-B, 1358 AEY
st& 7H5 ot <dream>(SX - 20| - A|ME 374 2|)Dt <action> F 2
GPT-2 7|2t LLMO| S+ =3} =l causal / non-causal attention® 2 R &2

A =9 o =7} world embedding2 = SHX|BH F2 A|0|= C|ZAE

AL
i
X
i
4R

g THN N O S S EE S EE S EE EE EE EE EE EE EE EE EE EE EE Em O S E— En

Training Only / Depth dgyy \

noise

Decoderh
¥ Frozen . \.::D;I;' N
& Trainable . 4 m E* ne LI
Large Language Model
A A A *
Text State Visual

E”C?derﬁg Encfmderh Enc?dergzé [D U [:] D[] D D O E]Dl

Task - Set of Dream Queries
Instruction [ .

Robot State s; Qbservation o,

Diffusion
- H
Transformer :

T 6 Arin—1

A

00000}

Action Queries
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* Problem Definition and Notation

VLA =

(e]

|_E_I

« 'LtS T A0 OfE 2| Ri2 02 E &

Of Al 0] 20

@@T|37H M

(¢]

o

e}

Input Add <dream> Query Unified Model M Predictor P (n-step Extrapolation)
— ( )
Language <dtedm> J World G
Instruction [ ) Embedding (_>| P _» T L T r‘
l & —— n-step
b
u Visual Frame o ——>— —> —> ! ==
o(t) ‘
P mem | D |
roprioceptive e : ‘_
|l|l| State s(t) ) M <action> ]_’ Denoising’ |—» M -
. Query . Diffusion |
B ¢, ) | Transformer) Action Sequence

= st
==

| |1, AZ 2R o, 77

@) 0Z7| P() 7t n2 B

(inverse dynamics) =X 2 %

LS i—

4>

20| <dream> H#H2|E 20|H,

|O| C>7CIOI 7IO| (_)_Dl%

o

Iig
Ll
=
X
-
Q
©
o
]
o
=
N
Q
Q
o
-
V
.1
E
il
ms
Pt
Ml
ru
>
E
/“\
\—r
N

A SHO| 2t S K| ALEH <-> O| 2l ALEf AFO|O| HES H1 2 = S

World Embedding

Wiin = M(, 04, s¢[(dream))

Knowledge Projection

Dt4n = P(Wt+n) = (ft+n» &t+nr 61:+n)

Action Generation(Decoding)

dt:t+n—1 = D(M(l; O¢, St (dream>|(aCtion>))
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« Comprehensive Knowledge Forecasting : Dynamic - Depth - Semantics

Al O & & (ROI A4h

2 28l AThE 018 Ha

o Dynamic : CoTracker OfA3 2 FX0[&= &
- Depth : Depth-Anything?2| 0|52 QY2 2 &
o Semantic : DINOv2 - SAM EX o = ZF FX|9|
o Q| 37MQ| ZEO| CHo Z& viT CIRL 7 24249 =42 ot&

1. Dynamic Region Predicted Ground Truth
Dynamic Region Dynamic Region
[ CoTracker J §>I<: y 9 . y 9

Lightweight
ViT Decoder
(Head 1)

Dynamic Loss

Ldyn |D| z IEZ~Q¢(Z|)C) [ log Pz/; (x;) O Masklzl]

Hiput (Layn) X;€D
Sequence X T SN N
Tx3xHxW World
Embedding 2. Depth Map Predicted Ground Truth
(Vision Encoder) [ Depth-Anything ] * Depth Map Depth Map
) Depth Loss

Lightweight
ViT Decoder

dijton — adijtin|

(Head 2) —
L]
NxD
3. Semantic Features Predicted Ground Truth
[ ) Semantic Features Semantic Features
D Lightweight ViT Decoder Head [ DINOv2 & SAM J * S .
AT . emantic Loss
§>I¢ Frozen / Pretrained il %
A Learnable \ B b:gr:)t::;(gjz: _>§ ;._ - exp(ég+nct+n/r)
e (Head 3) :Loss FunctlonE Lsem - log Z ex (é T C / T) B
' | k €XP\Ct11 Ck
(['sem)
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(¢]

(¢]

(o]

Sl MALL HY 52

CoTracker®2 2&£ o

IR

eIl

Al
=

o
L—

T &

7‘._4
=

SotOtH e TE A4 X, T EEN
J

- =M S

A rr

Static view

Static view
Dynamic area observation

|
o

T=0

T=10 T=20 T=30 T=10 T=20

Wrist view

dynamic area observation

Wrist view

Generative ELBO

log P (x;|%;) =2 Ez;~q,(zxy) [log Py, (x;12;)| — Dk.[2, P (z]2))]

Dynamic Loss

1
Ldyn = ﬁ z IEZ~Q¢(Z|xi) [— log P¢ (xl-) @ M&SklZi]

Xi€D
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« Comprehensive World Knowledge (2) : Depth
o ZO|Z7} O|EA HEX| L™ O|C|= 710F 5t11 FAEZ T[SljOF St=X| & = U
o 0| MAIZt QO™ HEZHE 91 2™ Depth-Anything2| 0|52 HE LM AE
o ZHH|2tOICE A 2| 7| = 0| EefK|= 4l E Al a2 I T 7 LAE ALt
o Aot AE|ELH &5 =AF X|7|= AO| =8 (H7] - = B0 22)

Static
Depth

Depth Loss

1 AL .. 2
Ldepth = _sz(d(l»])Hn - ad(l:])t+n)
—

Static
Predictio

Scale Norm

244N een 4G Dein
Zl] d (l ])t+n

Wrist
Depth

Wrist
Prediction
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 Comprehensive World Knowledge (3) : Semantic

otdf 18 &, 52 = =t 2| 22 €, M 52| 4 HN7t M= CHE M2z |

- DINOV2E BHIS| BFHE, saMS SX|2| A S Y24FD, 0 52 x4 02 AR S| /0| S ol
o Of2{ EFR) Bl mh2t 2% To| S 0jE, 2 BXIo| M2 QIO Ko DR MY HEE A% =X
o %, TE|O|2 9 ALIIS gl ol =Tt 22 XIAI0{0IA 2 AKo] SRES ABetn AKX = Jts

Semantic Feature Map (DINOv2 / SAM)
T=0 T=10 T=20

External
View
External
View

i Robot Arm . Apple (Target) . Table D Appliance / Shelf . Plant - Bottle / Container i] Chair / Furniture E Wall / Background

Articulated manipulator Fruit object recognized Tabletop surface Appliances and shelves Plant recognized as Containers recognized Furniture recognized as  Background walls and

recognized as a distinct as a distinct semantic recognized as a distinct recognized as separate distinct semantic as separate semantic a distinct semantic backsplash recognized
semantic object. object. semantic region. semantic regions. object. objects. region. as a distinct region.

Takeaway: The semantic feature map shows that the robot arm, the apple, and the table are recognized as distinct semantic objects,
enabling the robot to understand the affordance: reaching and grasping the apple on the tabletop.

..............................................................................................................................
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DreamVLA

 Block-wise Structured Attention

o <dream>2 &4 - 40| - A|HE N MEFHZ|Z Zol =

o M2 XQEH attendStP DZT} flow?t /0| 22 QAIF| 1 A|HMHEIO] B MO AT
. 2t MEFEls B AZ olof - ME| 220 &xstD A Ha| 2 XY HAL 0fa

o <dream>21} <action> 2 5F+ IHZ K| oHEl causal attention — MoE 2| specialist routing 1t At

Text token .
S k
e e”{==. - A MEREl= ZRE AIZE - Qo] - AEj ESCHAE

opAZ 74

.... -+ Ml ME32|(dynamic - depth - semantic) At0|2| &I HZE K}t
- <dream> 1t <action> 25 1t HE|A E 2 X|8HEl causal attention
Dynamic ..... % 3 E2de ns g2 Y282 block-diagonal X7} OFd]

oeer (]I

specialist routing o} SAFSE N ~

BN MA Z1}
acion | I v 7R 0j2} world knowledge £ #E 0f%0| 23
queries .. v HAH S0 50 Z4HM ghAl
Mixture-of-Experts 2
S 9 v AZHE 2ot x| perts 2|
- !
S B
2 X
2
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* Inverse Dynamics via Denoising Diffusion Transformer
. DFH SO £ BH A0 YES FE L B 222 nAH WS ABLAE A
o world 2 H| 21} action H| 20| 75*% z { ot B - Eh= MLP S EE=

S S-RAFSAS S - Ol X AL ES SE7 7
self-attention} C| . O|H 2 = 7t A[Q L O| =

240 /s &2 171

Total Objective: Multi-Task Learning with Physical Priors and Inverse Dynamics
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7 > / N y e N
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'@ e N
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DreamVLA
- Experiments (1) : &€& 47 % CALVIN ABC-D
8x AB000|| M st&, Zef{OtC #H 2| 97ff - =HaF 1048 - 20 epoch
CALVINII DROIDEZ HA A st&ct Fl, =& HIO|HE O|M=E
A-B-CEE0A Lot HE 2 2D 2HE0M 7t (HAH 57 A 3l)

H 44470 AL =S| VPP(4.29) - Seer(4.28) - RoboVLM(4.25)2 2 & &M

(e]

(e]

(¢]

(o]

Push Into Drawer

Table 1: CALVIN ABC-D results. We present the average success computed over 1000 rollouts
for each task and the average number of completed tasks to solve 5 instructions consecutively (Avg.
Len.). DreamVLA shows significant superiority over baselines. The best results are bolded.

| Task completed in a row

Method

| 1 2 3 4 5 | Avg. Len. 1
Roboflamingo [32] 82.4 61.9 46.6 33.1 23.5 2.47
Susie [ 120] 87.0 69.0 49.0 38.0 26.0 2.69
GR-1 | 16] 85.4 71.2 59.6 497 40.1 3.06
3D Diffusor Actor |95] 92.2 78.7 63.9 51.2 41.2 3.27
OpenVLA |1] 91.3 77.8 62.0 52.1 43.5 3.27
RoboDual [121] 94 .4 82.7 72.1 62.4 54.4 3.66
UNIVLA [122] 95.5 85.8 75.4 66.9 56.5 3.80
o [34] 93.8 85.0 76.7 68.1 59.9 3.84
CLOVER |123] 96.0 83.5 70.8 57.5 45.4 3.53
UP-VLA [59Y] 92.8 86.5 81.5 76.9 69.9 4.08
Robovim [39] 98.0 93.6 85.4 77.8 70.4 4.25
Seer [558] 96.3 91.6 86.1 80.3 74.0 4.28
VPP [51] 95.7 91.2 86.3 81.0 75.0 4.29
DreamVLA 98.2 94.6 89.5 834 78.1 4.44

Figure 7: Qualitative results of the CALVIN long horizon task.
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» Experiments (2) : LIBERO HlX|Ot3

(¢]

(¢]

LIBERO-Spatial / Object / Goal / Long Ul E24, ZF 107§ E{A32} 5071 212t
St 22N T 2% 3H 2A-E 44 Ao 1E2 2, LIBERO-90
I 92.6%2 7|Z= OpenVLA(76.5) - SpatialVLA(78.1) - CoT-VLA(69.0)S
Spatial 97.5 - Object 94.0 - Long 89.5 — E3%| &

7t XE_I

—

ik F7| E

230 A

o
E
A

N
. A U —
[Msts 2

Table 2: The extended LIBERO experiments. DreamVLA achieves the best or competitive
performance across all tracks compared to previous approaches. The best results are bolded.

Scores (%)

Methods Average
Spatial Object Goal Long

Diffusion Policy [92] 78.3 92.5 68.3 50.5 72.4
Octo [ 15] 78.9 85.7 84.6 51.1 75.1
OpenVLA [1] 84.7 88.4 79.2 53.7 76.5
Spatial VLA | 35] 88.2 89.9 78.6 55.5 78.1
CoT-VLA [60] 87.5 91.6 87.6 69.0 81.1
DreamVLA 97.5 94.0 89.5 89.5 92.6
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* Experiments (3) : Real-world (Franka Panda)
o Franka Panda?2} RealSense D415 2L{(3Q & - &=52)Z pick - place - drawer A| EfA3 4
- DROIDE A EHE T EfATE 10070 A/ 2 Mol 7Y, A[JE £|Cf 202 & A= 5 &
o MX| B 76.7%Z Diffusion Policy(50.8) - Octo-Base(45.0) - OpenVLA(35.0)& &3]
- 59| Drawer= 67.5%2 H|| 0| A2021(35.0~37.5%) CHH| 2f 5 Hi

Table 3: Real-world evaluation with the Franka Robot across three tasks.

Method Pick Place Drawer Task (All)

Bottle Doll Avg. | Banana Chili Avg. | Open Close Avg. Avg.

Diffusion Policy [92] | 50.0 70.0 60.0 65.0 450 550 | 150 60.0 375 50.8

Octo-Base [15] 50.0 60.0 55.0 40.0 50.0 450 | 200 50.0 350 45.0
OpenVLA [1] 50.0 40.0 45.0 20.0 30,0 25.0 | 400 30.0 35.0 35.0
DreamVLA 85.0 80.0 825 80.0 80.0 80.0 | 70.0 65.0 67.5 76.7

Figure 5: Real-world experiment setup.
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CALVIN ABC-D performance with respect to different combinations of knowledge

Table 4: Performance comparison between predicting the optical flow and the dynamic region.
Notably, the * denotes that this result 1s from [58].

Method Task completed in a row
1 2 3 4 5 Avg. Len. 1
Vanilla VLA* 93.0 82.4 72.3 62.6 533 3.64
+ dynamic region 97.6 92.6 87.5 80.4 73.7 4.32
+ depth 98.3 94.3 88.5 82.0 77.2 4.40
+ semantics 98.2 94.6 89.5 83.4 78.1 4.44
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   o t


   s t  


  M ( ∙ )  


  P ( ∙ )  


  D ( ∙ )  


     p ˆ  t + n = P  (  w  t + n ) =  (    f ˆ  t + n ,    d ˆ  t + n ,    c ˆ  t + n )


   w  t + n = M  ( l ,  o t ,  s t |  ⟨ dream ⟩ )


     a ˆ  t : t + n − 1 = D  ( M  ( l ,  o t ,  s t ,  ⟨ dream ⟩ |  ⟨ action ⟩ ) )


   L  dyn =  1   | D |   ∑   x i ∈ D   𝔼  z ∼  Q 𝜙  ( z |  x i )  [ −    log ⁡ P 𝜓  (  x i ) ⊙ Mask |  z i ]


   L  depth =  1  H W   ∑  i , j     ‖    d ˆ  i , j , t + n − 𝛼  d  i , j , t + n ‖ 2


   L  sem = −  log ⁡     exp ⁡   (    c ˆ  t + n ⊤  c  t + n / 𝜏 )    ∑ k   exp ⁡   (    c ˆ  t + n ⊤  c k / 𝜏 )


   log ⁡ P  (  x i |    x ˜ i ) ≥  𝔼   z i ∼  Q 𝜙  ( z |  x i )  [    log ⁡ P 𝜓  (  x i |  z i ) ] −  D  K L  [ z ,  P 𝜃  ( z |    z ˆ i ) ]


   L  dyn =  1   | D |   ∑   x i ∈ D   𝔼  z ∼  Q 𝜙  ( z |  x i )  [ −    log ⁡ P 𝜓  (  x i ) ⊙ Mask |  z i ]


   L  depth =  1  H W   ∑  i , j     (  d ˆ    ( i , j )  t + n − 𝛼 d    ( i , j )  t + n ) 2


  𝛼 =     ∑  i , j   d ˆ    ( i , j )  t + n ⋅ d    ( i , j )  t + n    ∑  i , j d    ( i , j )  t + n 2


   L  DiT =  𝔼  𝜏 , 𝜖    ‖ 𝜖 −  𝜖 𝜃  (     𝛼 - 𝜏  a  t : t + n − 1 +  1 −    𝛼 - 𝜏 𝜖 , 𝜏 , c ) ‖ 2


  L =  𝜆  dyn  L  dyn +  𝜆  depth  L  depth +  𝜆  sem  L  sem +  𝜆  DiT  L  DiT

