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LLMs from Text to Vision and Robotics and back…

● Are LLMs Grounded?
● Reducing VLM Hallucination
● Efficient Scaling of VLMs
● Visual Tokens for Non-linguistic Generation 
● Navigation World Models
● 4D Reconstruction for Humanoid Robotics



A vision persons view of LLMs (circa 2022)

+ Amazing at textual translation and reasoning!
+ An interesting space to define visual tasks?

- Definitely not “grounded” in any real way, right?

Various “Chinese Room” and “Stochastic Parrot” arguments ensue…



— Stable Diffusion

Prompt: A gray cat and an orange dog on the grass

Where is the 
orange dog?

orange dog ≠ orange



Prompt: A blue cube directly above a red cube 
with a vase on the left of them

— Stable Diffusion

No red cube or vase 
in the designated 

location?



Prompt: A wooden table without bananas

— Stable Diffusion

“Without” bananas, not 
“with”?



Prompt: A man in red standing next to 
another woman in blue

— Stable Diffusion

Is the woman in blue?

Is the man in red?



Typical Text-to-Image Diffusion

Stable Diffusion

A realistic photo of a gray cat and 
an orange dog on the grass



LLM-grounded Diffusion (LMD)

A realistic photo of a grassy outdoor scene

a gray cat an orange dog

grass
LLM 

Layout Generator

Stage 1

Layout-grounded 
Stable Diffusion

Stage 2

LMD is training-free

A realistic photo of a gray cat and 
an orange dog on the grass



First Stage: Prompt ⇨ 
Layout

LLM 
Layout Generator

Stage 1

A realistic photo of a grassy outdoor scene.

A gray cat An orange dog

grass

A realistic photo of a gray cat and 
an orange dog on the grass

Your task is to generate the bounding boxes for the objects mentioned in the caption, 
along with a background prompt describing the scene…
[In-context examples]
Caption: A realistic photo of a gray cat and an orange dog on the grass
Objects: [('a gray cat', [50, 120, 180, 200]), ('an orange dog', [300, 120, 180, 200]), 
('grass', [0, 340, 512, 172])]
Background prompt: A realistic photo of a grassy outdoor scene



Second Stage: Layout ⇨ Image
A realistic photo of a grassy outdoor scene.

A gray cat An orange dog

grass

Layout-grounded 
Stable Diffusion

Stage 2



Encouraged/discouraged from/ attending to “with a gray cat” Attention control:

St
ab

le
 D

iff
us

io
n

Generate Masked Latent for Each Box

Per-box prompt:
A realistic photo … 

with a gray cat

Box for “a gray cat”

Masking

Optionally Refine 
with SAM

Foreground 
Mask

Cross-attention map of 
the cat token

Per-box Cross-𝐀(𝑐𝑎𝑡)attention Map

…

Masked Latents for “a gray cat”

…𝐱̂𝑇(𝑐𝑎𝑡) 𝐱̂𝑟𝑇(𝑐𝑎𝑡) 𝐱̂0(𝑐𝑎𝑡)

𝐱𝑇(𝑐𝑎𝑡) 𝐱0(𝑐𝑎𝑡)𝐱𝑟𝑇(𝑐𝑎𝑡)…
Denoise
Latents …

Denoise
Latents



Compose Compose

St
ab

le
 D

iff
us

io
n

Compose the Latents for Overall Generation

Decode pixels 
from latents

Generated Image

…

Masked Latents for Each Box Masked Latents for Each Box

……𝐱̂𝑇(𝑐𝑎𝑡) 𝐱̂𝑟𝑇(𝑐𝑎𝑡)𝐱̂𝑇(𝑑𝑜𝑔) 𝐱̂𝑟𝑇(𝑑𝑜𝑔)
Per-box Cross-
attention Maps

…𝐀(𝑐𝑎𝑡) 𝐀(𝑑𝑜𝑔) 𝐱𝑇(𝑐𝑜𝑚𝑝) 𝐱𝑟𝑇(𝑐𝑜𝑚𝑝) 𝐱0(𝑐𝑜𝑚𝑝)
…

Denoise
Latents …

Denoise
Latents

Attention transfer



A gray cat and an orange dog on the grass

Stable Diffusion (Baseline) LMD (Ours)

Accurate attribute binding ✓Not following the prompt 



A man in red standing next to 
another woman in blue

Stable Diffusion (Baseline) LMD (Ours)

Accurate attribute binding ✓Not following the prompt 



Stable Diffusion (Baseline) LMD (Ours)

A blue cube directly above a red cube 
with a vase on the left of them

Spatial reasoning ✓Not following the prompt 



An indoor scene with five cats, 
scattered on the floor

Stable Diffusion (Baseline) LMD (Ours)

Generative numeracy ✓Not following the prompt 



LLMs are able to generate high-quality layouts 
for text-to-image generation

What about text-to-video generation?



LLM-grounded Video Diffusion (LVD)



Videos
A raccoon on a wooden barrel floating on a river

ModelScope (Baseline) LVD (Ours)

Spatial relationships ✓Raccoon not on the barrel 



Video
A bird flying from the left to the right (of the scene)

ModelScope (Baseline) LVD (Ours)

Temporal dynamics ✓Incorrect flying direction 



Video
A brown bear dancing with a yellow pikachu

ModelScope (Baseline) LVD (Ours)

Attribute Binding ✓Mixing pikachu and bear 



What do text only LLMs know?

• Perceptual semantics for parsing

• Scene layout for static rendering

• Motion graphs for video generation

• Pose priors for multi-person interaction?



Where to get detailed pose interaction knowledge?
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● Navigation World Models
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The most prescient problem: LLMs aren’t always grounded.

Untethered -> Unreliable
LLMs without grounding often “fill in the gaps” with 
convincing but false details.

Why We Should Care
These “hallucinations” break trust and introduce 
“challenging” errors to catch in downstream tasks

Looking Ahead to Robotic Agents
How can we solve issues in grounding for LLM-based 
action agents?



Generate, but Verify: Reducing Visual Hallucination in Vision-
Language Models with Retrospective Resampling
Tsung-Han Wu, Heekyung Lee, Jiaxin Ge, Joseph E. Gonzalez, Trevor Darrell, David M. Chan

How can we reduce hallucinations in agentic 
(and non-agentic) LLMs through retrospective 
resampling?



Hallucinations: Not Exactly Failures of Perception
Training data can bias the perception system through the lens of visual hallucinations: things that should exist in the image, 
but don’t.



Hallucinations: Not Exactly Failures of Perception
Training data can bias the perception system through the lens of visual hallucinations: things that should exist in the image, 
but don’t.



How do we reduce hallucination now?



Existing Paradigm: Generative Adjustment



Existing Paradigm: Post-Hoc Verification



The challenge:

Why not both?



Retrospective thinking



REVERSE: REtrospective VERification and SElf-correction

What if we could encourage the model to “check itself” for correctness?

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)
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REVERSE: REtrospective VERification and SElf-correction

What if we could encourage the model to “check itself” for correctness?

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



So how do we get this to work?
What if we could encourage the model to “check itself” for correctness?



Dataset Construction
What if we could encourage the model to “check itself” for correctness?

Start with a 600K sample Q/A dataset for reasoning

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Dataset Construction
What if we could encourage the model to “check itself” for correctness?

Start with a 600K sample Q/A dataset for reasoning

Classify each sample into one of seven categories using rule-based methods.
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Dataset Construction
What if we could encourage the model to “check itself” for correctness?

Start with a 600K sample Q/A dataset for reasoning

Classify each sample into one of seven categories using rule-based methods.

Use classical POS tagging to find noun-phrases

Human: “What feature can be seen on the back of the bus?”
GPT: "<SPAN>The back</CN> <SPAN>of the bus</CN> features <SPAN>an advertisement</CN>
."

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Dataset Construction
What if we could encourage the model to “check itself” for correctness?

Start with a 600K sample Q/A dataset for reasoning

template = """Given one provided question-answer pair, please select one of the tagged segments in the "answer" and replace it with an 
alternative that captures a similar aspect but differs in meaning … Please provide your answer in the following JSON format:
```json
{{

"Reasoning": "Provide an explanation of why a specific word or phrase was chosen for substitution and the rationale behind the 
chosen alternative.",

"Output": ["Original Text", "Alternative"]
}}
```
# Here's the input: 
- Question {question}
- Answer: {answer}
"""

Classify each sample into one of seven categories using rule-based methods.

Use classical POS tagging to find noun-phrases

Leverage LLMs to generate plausible hallucination, and replace with <UN> token

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Dataset Construction
What if we could encourage the model to “check itself” for correctness?

Start with a 600K sample Q/A dataset for reasoning

Classify each sample into one of seven categories using rule-based methods.

Use classical POS tagging to find noun-phrases

Leverage LLMs to generate plausible hallucination, and replace with <UN> token

Human: “What feature can be seen on the back of the bus?”
GPT: "<SPAN>The back</CN> <SPAN>of the bus</CN> features <SPAN>a window</UN> ."
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Dataset Construction

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Model Fine-Tuning
Model should be trained on <CN> data, but not on <UN> data, since this is incorrect.

<SPAN>The back</CN> <SPAN>of the bus</CN> features <SPAN>a window</UN>

Model trained to predict these tokens
Model ignores these tokens during training

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Model Evaluation
When evaluating the model, monitor the probability of </UN> and take action when it exceeds a threshold.

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Model Evaluation
When evaluating the model, monitor the probability of </UN> and take action when it exceeds a threshold.
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Model Evaluation
When evaluating the model, monitor the probability of </UN> and take action when it exceeds a threshold.

<SPAN>The back</CN> <SPAN>of the bus</CN> features <SPAN> an advertisement.

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Model Evaluation
How do we prevent LLMs from saying the same thing again?

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Model Evaluation
How do we prevent LLMs from saying the same thing again?

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Preliminary Results: Generative Tasks

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Preliminary Results: Generative Tasks

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



Tunable Thresholds for Perception

By tuning the threshold at 
which we re-sample the 
outputs, we can trade-off 
between expressivity and 
groundedness

Wu et al. “Generate, but Verify: Reducing Hallucination in Vision-Language Models with Retrospective Resampling” (2025)



For more info…

Project Page

Generate, but Verify: 
Reducing Visual 
Hallucination in Vision-
Language Models with 
Retrospective Resampling
Tsung-Han Wu, Heekyung Lee, Jiaxin Ge, Joseph 
E. Gonzalez, Trevor Darrell, David M. Chan

https://reverse-vlm.github.io
Github: https://github.com/tsunghan-wu/reverse_vlm
Huggingface: https://huggingface.co/tsunghanwu/reverse_llava_v15

https://reverse-vlm.github.io/
https://github.com/tsunghan-wu/reverse_vlm
https://huggingface.co/tsunghanwu/reverse_llava_v15


LLMs from Text to Vision and Robotics and back…

● Are LLMs Grounded? … Surprisingly so!
● Reducing VLM Hallucination with REVERSE Retrospective Sampling
● Efficient Scaling of VLMs
● Visual Tokens for Non-linguistic Generation 
● Navigation World Models
● 4D Reconstruction for Humanoid Robotics



Scaling Vision Pre-Training to 4K Resolution

UC Berkeley              NVIDIA

Baifeng Shi Boyi Li Han Cai Yao Lu Sifei Liu

Marco Pavone Jan Kautz Song Han Trevor Darrell Pavlo Molchanov Hongxu Yin



Why couldn’t we do it before?

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)

Vanilla scaling



Why couldn’t we do it before?

Processing the whole image is slow

Vanilla scaling

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



Does it really need to look at everywhere?

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



PS3: Localized Contrastive Learning

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



Scaling to 4K Res With Near-Constant Cost

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



The Recipe

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



The Recipe

• Data
• High-res images
• Pairs of local regions and local detailed captions

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



Data – High-Res Images

75M images, up to 4K Resolution

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



Data – Region-Caption Pairs 

Annotation Pipeline

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)

Segment 
everythin

g

Salient region detection

MLLM



Data – Region-Caption Pairs 

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



The Recipe

• Data
• High-res images
• Pairs of local regions and local detailed captions

• Model
• Ability of “knowing where to look at”
• Ability of extracting high-res features from local regions

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



Model

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



Model

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



Model

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



The Recipe

• Data
• High-res images
• Pairs of local regions and local detailed captions

• Model
• Ability of “knowing where to look at”
• Ability of extracting high-res features from local regions

• Algorithm
• Optimize region selection
• Optimize high-res features

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



Algorithm

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



Putting it all together…

PS3 can process up to 4K resolution and encode arbitrary 
high-res regions based on image saliency or text prompts.

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



VILA-HD: A High-Res MLLM Built with PS3

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



Superior Scaling Properties

Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



SOTA Performances

Fewer tokens under high resolution SOTA results on high-res benchmarks
Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)



SOTA Efficiency

Heuristic-based 
token reduction

Better efficiency 
and performance

The only one that 
can process 4K 

resolution
Scaling Vision Pre-Training to 4K Resolution, Shi et al., CVPR 2025 (highlight)
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Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.

This image features two close-up portraits of cats sitting
side by side. Both cats have a short-haired coat with a
soft texture, and their expressions are calm and
attentive. The cat on the left has a gray coat with faint
tabby patterns and piercing yellow eyes. The cat on the
right has a slightly lighter, beige-toned coat, also with
yellow eyes that are slightly wider, giving it a curious
look. Their ears are upright, and their whiskers are
prominent. The background is plain white, emphasizing
the cats as the main focus of the image. The lighting is
soft and evenly distributed, highlighting the details in
their fur and facial features.

110 words

| Describe the Image with Text

92

How to Describe an Image? 



| Describe the Image with Text
This image features two close-up portraits of cats sitting
side by side. Both cats have a short-haired coat with a
soft texture, and their expressions are calm and
attentive. The cat on the left has a gray coat with faint
tabby patterns and piercing yellow eyes. The cat on the
right has a slightly lighter, beige-toned coat, also with
yellow eyes that are slightly wider, giving it a curious
look. Their ears are upright, and their whiskers are
prominent. The background is plain white, emphasizing
the cats as the main focus of the image. The lighting is
soft and evenly distributed, highlighting the details in
their fur and facial features.

110 words
93

How to Describe an Image? 

Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



This image features two close-up portraits of cats sitting
side by side. Both cats have a short-haired coat with a
soft texture, and their expressions are calm and
attentive. The cat on the left has a gray coat with faint
tabby patterns and piercing yellow eyes. The cat on the
right has a slightly lighter, beige-toned coat, also with
yellow eyes that are slightly wider, giving it a curious
look. Their ears are upright, and their whiskers are
prominent. The background is plain white, emphasizing
the cats as the main focus of the image. The lighting is
soft and evenly distributed, highlighting the details in
their fur and facial features.

110 words

| Describe the Image with Text
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How to Describe an Image? 

Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



| Describe the Image with Text

95

How to Describe an Image? 

Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



This image features two short-haired cats sitting closely side by side, facing forward. Both cats have alert 
postures, upright ears, and expressive yellow eyes that capture their calm and curious demeanor.
Detailed Description:1. Left Cat:○ Color: The fur is a smooth gray with faint tabby markings visible across the face and 

body, adding subtle texture to its coat.○ Eyes: Bright yellow with a focused, calm expression. The pupils are moderately 
dilated, giving it a tranquil but attentive look.○ Ears: Upright and slightly tilted outward, indicating attentiveness.○ Whiskers: Prominent and white, extending outward from the muzzle.○ Pose: The cat's head is slightly tilted, giving it a thoughtful appearance.2. Right Cat:○ Color: The fur has a warm beige tone with softer gradations, appearing slightly lighter 
than the left cat.○ Eyes: Similarly bright yellow, but with a slightly wider, more curious gaze compared to 
the left cat.○ Ears: Upright, with a slight inward tilt, creating a sense of focus and alertness.○ Whiskers: Long, white, and delicately curved outward from its face.○ Pose: The head is held level, with an inquisitive expression that contrasts slightly with 
the calm demeanor of the left cat.3. Background:○ The background is plain white, providing a neutral and clean setting that emphasizes the 
details of the cats without any distractions.○ Soft, even lighting illuminates the cats, creating gentle highlights on their fur and subtle 
shadows that add depth and dimension.4. Composition:○ The cats are positioned close to each other, creating a symmetrical and balanced 
composition. Their proximity suggests a sense of companionship or familiarity.○ The focus is sharp, capturing the fine details of the fur, facial features, and whiskers, while 
the plain background ensures the cats are the central focus.

The image overall conveys a sense of warmth and calm, with both cats displaying slightly different but 
complementary personalities.

302 words

| Describe with Detailed Text

96

How to Describe an Image? 



This image features two short-haired cats sitting closely side by side, facing forward. Both cats have alert 
postures, upright ears, and expressive yellow eyes that capture their calm and curious demeanor.
Detailed Description:1. Left Cat:○ Color: The fur is a smooth gray with faint tabby markings visible across the face and 

body, adding subtle texture to its coat.○ Eyes: Bright yellow with a focused, calm expression. The pupils are moderately 
dilated, giving it a tranquil but attentive look.○ Ears: Upright and slightly tilted outward, indicating attentiveness.○ Whiskers: Prominent and white, extending outward from the muzzle.○ Pose: The cat's head is slightly tilted, giving it a thoughtful appearance.2. Right Cat:○ Color: The fur has a warm beige tone with softer gradations, appearing slightly lighter 
than the left cat.○ Eyes: Similarly bright yellow, but with a slightly wider, more curious gaze compared to 
the left cat.○ Ears: Upright, with a slight inward tilt, creating a sense of focus and alertness.○ Whiskers: Long, white, and delicately curved outward from its face.○ Pose: The head is held level, with an inquisitive expression that contrasts slightly with 
the calm demeanor of the left cat.3. Background:○ The background is plain white, providing a neutral and clean setting that emphasizes the 
details of the cats without any distractions.○ Soft, even lighting illuminates the cats, creating gentle highlights on their fur and subtle 
shadows that add depth and dimension.4. Composition:○ The cats are positioned close to each other, creating a symmetrical and balanced 
composition. Their proximity suggests a sense of companionship or familiarity.○ The focus is sharp, capturing the fine details of the fur, facial features, and whiskers, while 
the plain background ensures the cats are the central focus.

The image overall conveys a sense of warmth and calm, with both cats displaying slightly different but 
complementary personalities.

302 words
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Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



| Describe with Detailed Text

It is hard to fully describe an 
image with text

98

How to Describe an Image? 

Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



Text is a user-friendly interface 
to interact with models.

Can we empower linguistic space to capture rich 
visual details?



ViLex Prompt as a Visual Information Rich Text Prompt

This image features two close-up
portraits of cats sitting side by side. Both
cats have a short-haired coat with a soft
texture, and their expressions are calm
and attentive. The cat on the left has a
gray coat with faint tabby patterns and
piercing yellow eyes. The cat on the right
has a slightly lighter, beige-toned coat,
also with yellow eyes that are slightly
wider, giving it a curious look. Their ears
are upright, and their whiskers are
prominent. The background is plain
white, emphasizing the cats as the main
focus of the image. The lighting is soft
and evenly distributed, highlighting the
details in their fur and facial features.

110 words

Diffusion 
Model

Text 
Encoder

| Describe the Image with Text

100Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



| Describe with a Visual Lexicon

Diffusion 
Model

ViLex Encoder Text 
Encoder

“Text”
Prompt

Mapping images into the text vocabulary space, 
effectively creating a new visual “language” that retains 
intricate visual details

101

ViLex Prompt as a Visual Information Rich Text Prompt

Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



ViLex can be trained independently or in conjunction with text prompts.

Text Tokens

Diffusion
Model

Text
Encoder

Reconstruction Loss         

Trainable

Frozen

Colorful half-timbered 
houses along a canal in 
Colmar, France, adorned with 
vibrant flowers.

Byte-pair 
Encoding

Tokenization
(index-to-embed
lookup matrix      )

ViLex Encoder

learnable queires

ViT Attention Pooling

Learn a Visual Lexicon from Frozen T2I Diffusion Models

102Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



| Describe with a Visual Lexicon

103

ViLex Prompt as a Visual Information Rich Text Prompt

Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



ViLex empower linguistic space to capture visual richness

Linguistic space empowers ViLex to enjoy compositionality



- just like prompting LLMs or VLMs, via embedding images directly into a sentence

Prompting Text-to-Image Model with [ViLex, Text]

A dog

ViLex Prompt

, with Eiffel Tower in 
the background”

Text Prompt

T2I Model[ ]
105Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



Zero-shot Unsupervised Image Re-contextualization

Wang et al. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.
Ruiz, et al. DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-Driven Generation. CVPR 2023

Unlike the supervised DreamBooth, ViLex does not need T2I fine-tuning, or modifications to 
diffusion model architecture. 

106



Zero-shot Unsupervised Accessorization

+ wearing sunglasses

ViLex Prompt

+ wearing a red hat + autumn leavesText Prompts:

107Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.



Zero-shot Unsupervised Art-Rendition
ViLex Prompt 1

Generated Images 
(Visual Prompt 1 + Text Prompt)

Text Prompt: “An image of [ViLex Prompt] in Vincent Van Gogh’s Style”

ViLex Prompt 2 ViLex Prompt 3

Generated Images 
(Visual Prompt 3 + Text Prompt)

Generated Images 
(Visual Prompt 2 + Text Prompt)

108Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.
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Wang et al. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025
Betker, James, et al. "Improving image generation with better captions." Computer Science. https://cdn. openai. com/papers/dall-e-3. pdf 2.3 (2023): 8.
Wei, Chen, et al. "De-diffusion makes text a strong cross-modal interface." CVPR 2024
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1 continuous ViLex token is more 
powerful than 75 discrete tokens

ViLex: One Model for BOTH Understanding and Generation Tasks!



Which Visual Features Require More ViLex Tokens?
Raw Image 1 token 16 tokens 75 tokens

Early Tokens
Semantic classes, relative positions, layouts, 
etc

Late Tokens
Colors, textures, shapes, poses, etc

110Wang, X., Zhou, X., Fathi, A., Darrell, T. and Schmid, C. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025.
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Wang et al. “Visual Lexicon: Rich Image Features in Language Space” CVPR 2025
Betker, James, et al. "Improving image generation with better captions." Computer Science. https://cdn. openai. com/papers/dall-e-3. pdf 2.3 (2023): 8.
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Navigation World 
Models

UC Berkeley, Meta
Lead author: Amir Bar



Construct a Predictive World 
Model primarily from visual inputs



Planning using Generative World Models

If we have a capable model of this form, we can use it to plan.

𝑓 maps the current state and action to the future state.

𝑠∗
𝑠𝜏𝑎𝜏 𝑎𝜏+1 𝑎𝜏+𝑚… Evaluate

𝑠𝜏+𝑚

116

𝑠𝜏+1 ∼ 𝑓 𝑠𝜏 , 𝑎𝜏



Action Conditioned Video Models  
as World Models

117[Bryson and Ho, 1969] [Fragkiadaki et. al , 2015] [Hafner et. al, 2023]

Goal: Trained from offline video data, across embodiments and 
environments, without rewards



Case study: Visual Navigation

predicted next frame

navigation action and time

input video (1 sec)

118

Navigation 
World Model

A Bar, G Zhou, D Tran, T Darrell, Y LeCun, “Navigation World Models”. CVPR 2025.

∈ ℝ2,  Translation∈ ℝ, Rotation (yaw)∈ ℝ, Time shift(Δ𝑢, Δ𝜙, Δ𝑘)



Start Goal Image
* Video is generated given first frame and actions

A Bar, G Zhou, D Tran, T Darrell, Y LeCun, “Navigation World Models”. CVPR 2025.



Navigation World Models

120

Model

Pretraining data
Conditional Diffusion Transformer

Planning

~ ~ ~

A Bar, G Zhou, D Tran, T Darrell, Y LeCun, “Navigation World Models”. CVPR 2025.



Cross Embodiment and Environment 
Data

SCAND [Xiao et. al, 2022]

TartanDrive [Triest et. al, 2022] HuRon [Hirose et. al, 2023]

121

RECON [Shah et. al, 2021]

Videos and associated navigation actions
Diverse environments and embodiments



122

Conditional Diffusion Transformer (CDiT)

A Bar, G Zhou, D Tran, T Darrell, Y LeCun, “Navigation World Models”. CVPR 2025.

Attention in CDiT is linear in #frames

𝑛 - #tokens per frame      𝑚 - #frames          𝑑 - #token dim

𝑂(𝑑𝑚𝑛2 + 𝑛𝑚𝑑2)
Conditional Diffusion Transformer



Comparison to Diffusion Transformer 
[Peebles et. al, 2023]

123

Future Prediction Loss (4 seconds)

A Bar, G Zhou, D Tran, T Darrell, Y LeCun, “Navigation World Models”. CVPR 2025.

• Attention complexity (#frames)
• DiT is Quadratic
• CDiT is Linear

• 5x less Floating Point Operations



* Video is generated given first frame and actions

Follow Trajectories (known environments)

124



* Video is generated given first frame and actions

Follow Trajectories (known environments)
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* Video is generated given first frame and actions

Follow Trajectories (known environments)
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Follow Trajectories (unknown environments)

* Video is generated given first frame and actions
127



Follow Trajectories (unknown environments)

* Video is generated given first frame and actions
128



Navigation Planning

input

Goal

gen. (t=4)

Score

input

Score

gen. (t=4) gen. (t=8)

gen. (t=8) gen. (t=12)

gen. (t=12)

gen. (t=16)

gen. (t=16)

129
A Bar, G Zhou, D Tran, T Darrell, Y LeCun, “Navigation World Models”. CVPR 2025.



Planning with World Models

𝑎𝜏:𝜏+𝑚−1 = arg 𝑚𝑖𝑛𝑎𝜏:𝜏+𝑚−1𝔼𝐬 𝐽(𝑠𝜏:𝜏+𝑚, 𝑠∗, 𝑎𝜏:𝜏+𝑚−1)
A Model Predictive Control (MPC) problem [Bryson and Ho, 1969].

130
A Bar, G Zhou, D Tran, T Darrell, Y LeCun, “Navigation World Models”. CVPR 2025.

𝐽(𝑠𝜏:𝜏+𝑚, 𝑠∗, 𝑎𝜏:𝜏+𝑚−1) = −𝐒(𝑠𝜏+𝑚, 𝑠∗) + ∑𝑡=𝜏𝜏+𝑚−1𝕀(𝑎𝑡 ∉ 𝐴𝑣𝑎𝑙𝑖𝑑) + ∑𝑡=𝜏𝜏+𝑚𝕀(𝑠𝑡 ∉ 𝑆𝑠𝑎𝑓𝑒)Distance to 
Goal Action Constraints State Constraints

States Goal Actions

Minimize the cost function using the Cross Entropy Method [Rubinstein, 1969].



Sample, Simulate and Rank

Sample trajectories from an external policy, like NoMaD [Sridhar et. al, 2024]

131
A Bar, G Zhou, D Tran, T Darrell, Y LeCun, “Navigation World Models”. CVPR 2025.



Navigation World Models -
Takeaways

• Model dynamics using Generative World Models

• Plan by search, dynamically allocate compute

• More general than training a policy

132
A Bar, G Zhou, D Tran, T Darrell, Y LeCun, “Navigation World Models”. CVPR 2025.



LLMs from Text to Vision and Robotics and back…

● Are LLMs Grounded? … Surprisingly so!
● Reducing VLM Hallucination with REVERSE Retrospective Sampling
● Efficient Scaling of VLMs to 4K Resolution with via PS3
● Visual Tokens for Non-linguistic Generation (ViLex)
● Navigation World Models with CDiT
● 4D Reconstruction for Humanoid Robotics



LLMs from Text to Vision and Robotics and back…

● Are LLMs Grounded? … Surprisingly so!
● Reducing VLM Hallucination with REVERSE Retrospective Sampling
● Efficient Scaling of VLMs to 4K Resolution with via PS3
● Visual Tokens for Non-linguistic Generation (ViLex)
● Navigation World Models with CDiT
● 4D Reconstruction for Humanoid Robotics



A Simple Approach to Estimating Geometry and 
Motion from Casual Videos

Lead Author: Junyi Zhang



How to Efficiently Estimate Geometry and 
Motion from Casual Videos

How to Apply these Techniques to Robotics



MonST3R
A Simple Approach for Estimating Geometry in the 

Presence of Motion

ICLR 2025 (Spotlight)



Junyi Zhang Charles Herrmann+ Junhwa Hur Varun Jampani

Trevor Darrell Forrester Cole Deqing Sun* Ming-Hsuan Yang* 138



Given an unposed video of dynamic scene

Overview

139



Video Input

We reconstruct dynamic point cloud & camera poses

Overview

140



Video Input

We can also pull-out video depth & motion mask 

Overview

141



Background – Dynamic 3D reconstruction

Dynamic 3D reconstruction is an important problem for:
1. autonomous driving, 2. robotics, 3. AR/VR, 4. spatial understanding…

Existing methods target it as separate problems and use heavy optimization

142

MoSca [1] CasualSAM [2]

[1] Lei Jiahui, et al. MoSca: Dynamic Gaussian Fusion from Casual Videos via 4D Motion Scaffolds. Arxiv 2024
[2] Zhang Zhoutong, et al. Structure and Motion from Casual Videos. ECCV 2022



Background – DUSt3R

DUSt3R seeks to unify and simplify all 3D vision tasks with the pointmap
representations

Can we also target dynamics in a feed-forward way? This would be a 
superset of DUSt3R since 3D is just “video” without dynamics 

143
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Key Insight

Pointmap representation

Estimate xyz coordinates for two frames, aligned in the camera coordinate system of 
frame1 as they would be in the real world.

145



Key Insight

Pointmap representation

Estimate xyz coordinates for two frames, aligned in the camera coordinate system of 
frame1 as they would be in the real world.

Frame 1 Frame 2 Point cloud
“Multi-view of the same static scene” 146



What’s missing in MonST3R? 



Getting rid of global alignment!



Correspondence! 



Can we have them all?
And with the same architecture!



St4RTrack
Simultaneous 4D Reconstruction and

Tracking in the World



Junyi Zhang* Haiwen Feng* Qianqian Wang Yufei Ye

Pengcheng Yu Michale J. Black Trevor Darrell Angjoo Kanazawa 152



Overview

Frame j

Frame 1

...

St4RTrack



Overview

Long-term Dense Point Tracking

Dynamic Scene Reconstruction

Frame j

Frame 1

...

St4RTrack



Unified 4D Modeling with Time-Dependent Pointmap

Core Idea: by properly defining the two pointmaps, we can enable simultaneous tracking 
and reconstruction, using the same architecture!

St4RTrack estimates two pointmaps at the same timestamp. It predicts how the points in the first frame move 
to the second frame, and reconstructs the geometry of the second frame.



What could 3D motion be used for?



ARM4R: 
Pre-training Auto-regressive Robotic Models with 

4D Representations
Dantong Niu*, Yuvan Sharma*, Haoru Xue, Giscard Biamby, 

Junyi Zhang , Ziteng Ji, Trevor Darrell†, Roei Herzig†



Existing Pre-training work:

- MVP: Pretraining the vision encoder on ego-centric data

- RPT: Pretraining the policy transformer on visual signal + proprios

- LLARVA/OpenVLA: Utilizing a language decoder that has been pre-trained on 
semantic tasks such as VQA and image captioning.

4D representation is more spatially grounded and generalizable for robotic 
model pretraining

Motivation



Approach



Approach



Image EncoderLanguage Encoder State Encoder Future State Encoder

Attention Pooling

Causal Transformer

Decoder

Pre-Training:
3D Point Track 

Prediction

Fine-Tuning:
Robot Control

play basketball Robot Proprios

Future Robot State

Future Robot 
Proprios

Robot Control Fine-tuning Stage

Image InputLanguage Input Current Robot State

Current Point Coordinates

x y

z

check temperature
x y

z

Future Point Coordinates

3D Point Track Pre-Training and Fine-Tuning Stages

Image InputLanguage Input

Architecture



Pretraining results



Pretraining results



Real-world Results

Comparison with baselines. Success rate (%) on the real Kinova Multi-Task setting

Pre-training approaches comparison. 
We compare to several others on pre-training 
on three tasks with a Kinova robot.



Sim Results

• Success rate (%) on the real RLBench Multi-Task setting. 

• Comparing ARM4R’s performance against several related baselines on 12 tasks from the 
RLBench benchmark



What could 3D geometry be used for?



VideoMimic 
Imitating Human Motion over Terrains from 

Reconstructed Casually Captured Video

Arthur Allshire, Hongsuk Ben Choi, David McAllister, Junyi Zhang
(alphabetical order)



Motivation

Many great works in humanoid 
locomotion

→ locomotion, whole body control, 
parkour, etc.

Radosavovic et al. 2024



Motivation

Many great works in humanoid 
locomotion

→ locomotion, whole body control, 
parkour, etc.

Long et al. 2024



Motivation

Long et al. 2024

Unfortunately, specifying rewards to 
get great humanoid control has become 
too complex

Why? annotation for  robots is 
expensive!



Motivation

Previous works do imitation, but on limited 
graphics motion datasets with no terrain 
or environment

Why? we need vision!

But there’s not diverse and realistic data 
for robot to learn vision-policy! 

He et al. 2024



Motivation

Learn from Videos from Internet: diverse human motion, diverse environment

…



Motivation

DUSt3R

MonST3R

Human SfM



Monocular Video Input



Reconstructed Human and Environment



Fit Human Mesh to the PointClouds



Meshification of the Environment



Replaying SMPL Motion with Mesh



Retargeting



Retargeted motion with terrain



Learning a policy to imitate the retargeted motion



Recap

● Current vision pipelines allow for 
surprisingly good 3D structure from 
monocular video

● Can leverage this for
○ 3D environment reconstruction
○ Human reconstruction

● Allows for mesh reconstruction and human 
retargeting

● Can do policy learning on top of the 
recovered data

Input
(monocular video)

Intermediate
(SMPL + Mesh)

Output
(tracking policy)



More Results

Input 
Video

Learn
in

Sim





LLMs from Text to Vision and Robotics and back…

● Are LLMs Grounded? … Surprisingly so!
● Reducing VLM Hallucination with REVERSE Retrospective Sampling
● Efficient Scaling of VLMs to 4K Resolution with via PS3
● Visual Tokens for Non-linguistic Generation (ViLex)
● Navigation World Models with CDiT
● 4D Reconstruction for Humanoid Robotics with StarTr4K, ARM4R, and 

VideoMimic



(Efficient) LLMs from Text 
to Vision and Robotics 

and back…

Prof. Trevor Darrell
UC Berkeley
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