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What is “reasoning”?
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Knowledge Suppression: Bias towards dominate knowledge

Please list three female researchers in AI/ML.

1. Fei-Fei Li: She was the Director of the Stanford Artificial 
Intelligence Lab and the Stanford Vision Lab...
2. Yoshua Bengio: While Yoshua Bengio is not a female 
researcher himself, he has been a strong advocate for gender 
diversity in AI/ML...
3. Pieter Abbeel is a male researcher, but he has been 
actively working towards promoting diversity in AI/ML...

researchers

AI/ML

male

Yoshua Bengio

dominate knowledge

ignored knowledge
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“Disentanglement” is the key of casual reasoning!

https://www.flynnresearchgroup.com/scientific-argumentation

Feature           Effect Feature            Effect

Feature            Effect Independent Features     Effect



“Disentanglement”
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Such disentanglement enables a generalist agent



What is a generalist agent?

Figure credits: Jiayuan Mao



What is a generalist agent?

Interact with environment



What is a generalist agent?

Interact with environmentGoal-driven



What is a generalist embodied agent?

Interact with environmentGoal-driven

Decision Making
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Environment Interaction

Cup is on top of the table. Cup is on top of the table. 

Cup is on top of the table. Cup is on top of the table. 

Amita et al, What’s "up" with vision-language models? Inves:ga:ng their struggle with spa:al reasoning, EMNLP 2023



What is missing: Physical World State Changes

Mental models, which can be viewed as internal representations of the physical world, enable 
humans to understand such concepts with ease.

GPT4 failed 
example

Illustration
Of

Mental
Simulation

Current LLMs still fall short on understanding concepts involving complex physical interactions.



Tong, Shengbang, et al. "Eyes wide shut? exploring the visual shortcomings of multimodal llms." CVPR2024



Current VLMs have Poor Geometric Knowledge [Wang et al., 2024]
- Shape/Length

❌
❌



Low Performance on Visual Spatial Reasoning  

Video-Language Foundation Models
InternVideo (2023)

Prismatic VLMs (2024)

Low Performance 

https://arxiv.org/abs/2212.03191
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Current LMMs fall short on Geometric Info. 

Why? 



Humans learn knowledge through interactions

🌎
External World
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Credits: Zhenhailong
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Machines learn knowledge w/o interactions
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Machines learn knowledge w/o interactions

🌎
External World

Machine Learning Models

📜 🎬 🖼

Static Internet-Scale Datasets

Physical World 
Knowledge

🧠 🧠
👀

LLM VLM

Multi-sensory 
Interaction

Maximum Likelihood

Credits: Zhenhailong



🌎

Static Internet-Scale Datasets

“Book falling like a rock”

proxy

Video-Language Datasets

Video: A “Visual Recording” of World State Changes

Credits: Zhenhailong



Language à Vision: Linearize Everything Sequences

Credits: LLaVA-OneVision
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Language à Vision: Linearize Everything Sequences

Credits: LLaVA-OneVision



Semantic vs Geometric

Semantic 
Perception 

(SP)

Geometric 
Perception

(GP)

Perception

Reasoning

call feedback

LMM

Two-streams Hypothesis an interesting human cognition analogy:

The ventral stream (or, "what pathway") leads to the temporal lobe, which 

is involved with object and visual identification and recognition.

The dorsal stream (or, "where pathway") leads to the parietal lobe, which is 
involved with processing the object's spatial location relative to the viewer 

and with speech repetition.

https://en.wikipedia.org/wiki/Two-streams_hypothesis
https://en.wikipedia.org/wiki/Two-streams_hypothesis
https://en.wikipedia.org/wiki/Cognitive_neuroscience_of_visual_object_recognition
https://en.wikipedia.org/wiki/Two-streams_hypothesis


Semantic vs Geometric

Semantic-centric Question:
Is there a dog or a cat in the image?

Geometric-centric Question:
Given that the black lines are walls that 
cannot be crossed, is the red line a valid 
path through the maze?

Expected response:
[R:] Find the “Cat” in the image.→ [SP:] Yes there is a 
cat in the image
[Answer:] there is a cat in the image; there are no 
dogs in the image.

Expected response:
[R:] Does the red line intersect with any black lines? 
→ [GP:] The red line crosses a ver:cal black line in 
the middle.
[Answer:] No, the red line is not a valid path in the 
maze because it intersects with walls.

Semantic 
Perception 

(SP)

Geometric 
Perception

(GP)

Perception

Reasoning

call feedback

LMM

The main challenge!!!We did pretty well



Why geometric understanding is bad: 
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Why geometric understanding is bad: 

V-only encoder (MAE, SAM...): 

semantic << geometric

VL encoder (CLIP...): 

semantic >> geometric

LLaVA (= CLIP+LLM layer):

semantic >> geometric

LLaVA < CLIP: LLM layer swallows the geometric features.
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My Goal: Physical World Knowledge
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What is the bottleneck?

Reasoning

More examples

Images

https://uiuc-blender.slack.com/files/UCFD6MAG3/F0604BU8EAH/screencapture-chat-openai-c-fadd746f-afb3-4008-85ca-3fdbd63d1d1e-2023-10-07-10_28_07.pdf


What is the bottleneck?

Perception Reasoning

More examples

Images

https://uiuc-blender.slack.com/files/UCFD6MAG3/F0604BU8EAH/screencapture-chat-openai-c-fadd746f-afb3-4008-85ca-3fdbd63d1d1e-2023-10-07-10_28_07.pdf


What is the bottleneck?

Perception Abstraction / 
Parsing Reasoning

More examples

Images

https://uiuc-blender.slack.com/files/UCFD6MAG3/F0604BU8EAH/screencapture-chat-openai-c-fadd746f-afb3-4008-85ca-3fdbd63d1d1e-2023-10-07-10_28_07.pdf


What is the bottleneck?

Perception Abstraction / 
Parsing Reasoning

More examples

Images

https://uiuc-blender.slack.com/files/UCFD6MAG3/F0604BU8EAH/screencapture-chat-openai-c-fadd746f-afb3-4008-85ca-3fdbd63d1d1e-2023-10-07-10_28_07.pdf


What is Missing? Intermediate Layers in VLM Pyramid

Language
Reasoning

?

Visual Perception



Go to lower-level:

What is Missing? Intermediate Layers in VLM Pyramid



What is Missing? Intermediate Layers in VLM Pyramid

Language
Reasoning

Geometric Tokens: 
Visually Descriptive Language

Visual Perception



We need Abstraction (Geometric Tokens)
for positions, shapes, etc



Let us start from a very simple example

GPT-4V
Is this a 
line or an 
angle?

Is this an 
acute angle 
or an obtuse
angle?

GPT-4V

high-level
visual 
semantics

low-level
visual
details

Obtuse

Angle



Using SVG as intermediate representations?



We encode images with SVG for precise low-level 
perception

Input Image

<path d="M0,0 L500,0 L500,500 L0,500 Z " 
fill="#FEFEFE" transform="translate(0,0)"/>
<path d="M0,0 L6,2 L42,20 L65,31 L118,57 L157,76 
L202,98 L207,100 L206,104 L178,120 L156,133 
L127,150 L98,167 L69,184 L45,198 L16,215 L-
13,232 L-42,249 L-71,266 L-95,280 L-124,297 L-
148,311 L-150,310 L-149,306 L-120,289 L-91,272 
L-62,255 L-33,238 L-9,224 L20,207 L49,190 
L78,173 L102,159 L131,142 L160,125 L189,108 
L197,103 L199,103 L199,101 L193,99 L160,83 
L113,60 L72,40 L27,18 L0,5 L-1,2 Z " 
fill="#0F0F0F" transform="translate(228,97)"/>

SVG

Rule-based
Converter



We encode images with SVG for precise low-level 
perception

Input Image

<path d="M0,0 L500,0 L500,500 L0,500 Z " 
fill="#FEFEFE" transform="translate(0,0)"/>
<path d="M0,0 L6,2 L42,20 L65,31 L118,57 L157,76 
L202,98 L207,100 L206,104 L178,120 L156,133 
L127,150 L98,167 L69,184 L45,198 L16,215 L-
13,232 L-42,249 L-71,266 L-95,280 L-124,297 L-
148,311 L-150,310 L-149,306 L-120,289 L-91,272 
L-62,255 L-33,238 L-9,224 L20,207 L49,190 
L78,173 L102,159 L131,142 L160,125 L189,108 
L197,103 L199,103 L199,101 L193,99 L160,83 
L113,60 L72,40 L27,18 L0,5 L-1,2 Z " 
fill="#0F0F0F" transform="translate(228,97)"/>

SVG

Rule-based
Converter
(VTracer)

LLM

However, LLMs cannot directly understand SVG
in a zero-shot setting

Accurate Reconstruction

https://github.com/visioncortex/vtracer


What are properties of Geometric Tokens? 



What are properties of Geometric Tokens? 

Compositional
(Simple à Complicated)

Annotation-Free
(Synthetic Data) 



Properties of Primal Visual Description (PVD)

Property 1: Essential building blocks with a high coverage

Unlike raw SVG, PVD is directly interpretable by state-of-the-art LLMs, enabling zero-shot reasoning on 
downstream tasks.



Properties of Primal Visual Description (PVD)

Property 2: Easy to train without human annotation

We develop a data generator leveraging PIL.ImageDraw and VTracer, which creates a large-scale 
⟨SVG, PVD⟩ paired dataset.



Plug-In to any frozen foundation models
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Img
To

SVG

SVG
To

PVD

Input Query

LLM
Input Image

Response

Overview

Visually Descriptive Language Model
(VDLM)



Inference on Unseen Tasks



In the 2x2 maze, walls are 
depicted by a grid of black lines … 
The start position is marked by a 
red circle, and the end position 
by a red star. 
Solve the maze …

Input QueryInput Image

Zero-shot generalization to diverse tasks and domains



Img
To

SVG

<path d="M0,0 L336,0 L336,336 L0,336 Z " 
fill="#FDFDFD" transform="translate(0,0)"/>

<path d="M0,0 L306,0 L306,306 L0,306 Z M11,11 
L11,148 L158,148 L158,158 L11,158 L11,295 L295,295 
L295,11 Z " fill="#000000" 
transform="translate(15,15)"/>

<path d="M0,0 L9,0 L15,4 L19,10 L19,19 L15,25 L9,29 
L0,29 L-6,25 L-10,19 L-10,10 L-6,4 Z " 
fill="#FF0404" transform="translate(90,80)"/>

<path d="M0,0 L2,1 L6,13 L6,15 L21,15 L16,20 
L11,23 L12,33 L13,39 L9,37 L2,32 L-2,33 L-
10,39 L-12,39 L-11,33 L-10,23 L-20,16 L-20,15 
L-5,15 L-2,4 Z " fill="#FF0707" 
transform="translate(242,221)"/>

Decomposed Single SVG Paths Visualization

Step 1: Transform the image into SVG with a rule-based converter



<path_0/>

<path_1/>

<path_2/>

<path_3/>

SVG Paths

SVG
To

PVD

{'type': 'rectangle', 'vertices': [[0, 336], [0, 
0], [336, 0], [336, 336]], 'color': [253, 253, 
253], 'style': 'filled shape'}

{'type': 'grid', 'vertices': [[16, 16], [16, 164],
[16, 312], …], 'edges': [[[16, 16], [16, 164]], 
[[16, 16], [172, 16]], …]], 'color': [0, 0, 0], 
'line_width': 10}

{'type': 'circle', 'center': [94, 94], 'radius': 
14, 'color': [255, 4, 4], 'style': 'filled shape'}

{'type': 'triangle', 'vertices': [[262, 236], 
[222, 236], [253, 259]], 'color': [255, 7, 7], 
'style': 'filled shape'}, {'type': 'triangle', 
'vertices': [[242, 221], [231, 259], [250, 236]], 
'color': [255, 7, 7], 'style': 'filled shape'}

Primal Visual Description (PVD) Visualization

Step 2: Generate intermediate visual descriptions from SVG with a learned language model



### Step 3: Solve the Maze

{object_0}

{object_1}

{object_2}

{object_3}

Aggregated PVD

In the 2x2 maze, walls 
are depicted by a grid 
of black lines … 
The start position is 
marked by a red 
circle, and the end 
position by a red star. 
Solve the maze …

Input Query

LLM

### Step 1: Infer the Connectivity of the Cells

### Step 2: Infer the Start and End Positions

- Vertical connections: `[[True, True]]`
- Horizontal connections: `[[False], [True]]`

- The start position is marked by a red circle, 
which is located at approximately `[94, 94]` … in 
the top-left cell, or `(0, 0)`.
- The end position is marked by a composite red 
shape resembling a star, located in the bottom-
right cell … This places the end position at `(1, 1)`.

Given the connectivity and the start/end positions, 
we can find a path from the start to the end…
1. Start at `(0, 0)`.
2. Move right to `(0, 1)`.
3. Move down to `(1, 1)`.

Thus, the solution path is: `[(0, 0), (0, 1), (1, 1)]`.

GPT-4 
Response

Step 3: Reasoning about the task with an inference-only LLM



💻 Code: VDLM Code
🍉 Demo (Jupyter Notebook): VDLM Demo
🤗 SVG-to-PVD Dataset: PVD-160K
🤗 Pretrained SVG-to-PVD Model: PVD-160k-Mistral-7b

Zhenhailong Wang Joy Hsu Xingyao Wang Kuan-Hao Huang

Manling Li Jiajun Wu Heng Ji

Visually Descriptive Language For 
Vector Graphics Reasoning

https://github.com/MikeWangWZHL/VDLM
https://github.com/MikeWangWZHL/VDLM/blob/main/demo.ipynb
https://huggingface.co/datasets/mikewang/PVD-160K
https://huggingface.co/mikewang/PVD-160k-Mistral-7b
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Embodied Agent Interface: 

A single line to benchmark LLMs for Embodied Decision Making

Shiyu Zhao* Qineng Wang* Kangrui Wang* Bryan Yu Zhou*

Jiayuan MaoWeiyu LiuRuohan Zhang

Sanjana Srivastava Tony Lee

Percy Liang Fei-Fei Li

Manling Li

Jiajun Wu

Erran Li

NeurIPS 2024 DB (Oral, 1%)



LLMs for Embodied Decision Making
LLMs

Embodied Decision Making



LLMs still cannot plan (Valmeekam, et al, 2024)
LLMs

Embodied Decision Making



So many different ways of using LLMs
LLMs

Embodied Decision Making

…



So we need Standardization!

We need an Embodied Agent Interface!



Trajectory: Let us go back to MDP 
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Standardization based on MDP
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Embodied Agent Interface:
So we treat them as ability modules in our interface
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Embodied Agent Interface
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Embodied Agent Interface

Embodied Decision Making

Embodied Agent Interface

Object

Goal 
Interpretation

Action 
Sequencing

Representation (LTL)

Ability modules
Subgoal 

Decomposition
Transition 
Modeling

VirtualHome

Action Goal TrajectoryState

LLMs

…



Fine-grained evaluation → Four modules 



Standardization of modules and interfaces

LLM for:

Input:

Output:

Initial 
State  

LTL Goal

Initial 
State 

Subgoal Trajectory

Transition 
Model

Action Trajectory Preconditions & Effects

Operator 
Predicates

Goal
(Natural 
Language)

Goal Initial 
State 

Goal Initial 
State 

Goal



Embodied Agent Interface



A single line
to evaluate LLMs for embodied agents!

(get rid of simulator installation, execution, debugging, etc)



Large Language Models à Large Agent Models

Large 
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Physical World Knowledge
Long-Horizon

Geometric Go to Lower Level!

Go to Longer Horizon Reasoning!

Please feel free to drop an email if you 
would like to talk!
manling.li@northwestern.edu


