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Administrivia
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‣ Final project presentations next week

‣ Final projects due May 8

‣ Check-ins returned soon

‣ Course feedback form released
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Language Grounding
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‣ How do we represent language in our models?

good
enjoyable

bad

dog

great

is

a              truly       great          movie

‣ How did we learn these representations? What do the vectors “mean”?

non-contextualized contextualized



Language Grounding
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‣ Harnad defines a “symbol system”: we have symbols (e.g., strings) manipulated on the 
basis of rules, and these symbols ultimately have “semantic interpretation”

Harnad (1990) The Symbol Grounding Problem

‣ “Fodor (1980) and Pylyshyn (1980, 1984)…emphasize that the symbolic level (for 
them, the mental level) is a natural functional level of its own, with ruleful 
regularities that are independent of their specific physical realizations”

‣ Harnad challenges the idea that fully symbolic approaches can work well.

‣ Argues that “horse” is something that should be understood bottom-up through 
grounding. “Zebra” = “horse” + “stripes” could emerge this way, but he claims it 
cannot through a top-down symbolic system

‣ What does it mean to “understand” the symbols that get manipulated?



Searle’s Chinese Room
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‣ Suppose we have someone in a room with a long list of rules, dictionaries, etc. for how 
to translate Chinese into English. A Chinese string is passed into the room and an 
English string comes out. The person is not a speaker of Chinese, but merely follows the 
rules and looks things up in the dictionaries to produce the translation.

Searle (1980)

‣ Does the person understand Chinese? Does the room? (the “system”?)

‣ Searle argues that (a) the room is like an AI system producing Chinese translations; (b) 
the operator in the room (the AI) does not “understand” Chinese. Harnad summarizes :

The interpretation will not be intrinsic to the symbol system itself: It will be parasitic on the fact that 
the symbols have meaning for us, in exactly the same way that the meanings of the symbols in a book 
are not intrinsic, but derive from the meanings in our heads.



Language Grounding

9 Bender and Koller (2020) Climbing towards NLU

‣ Bender and Koller separate form and meaning. 
Meaning = communicative intent. The role of the 
speaker/listener are crucial in language, LMs lack 
the underlying intent

‣ They propose the “octopus” experiment to show 
how form alone can fail.	
An octopus is eavesdropping on a conversation 
between A and B (using deep-sea communication 
cables). Suddenly, the octopus decides to cut the 
cable and impersonate B.

‣ A has an emergency and asks how to construct 
something with sticks to fend off a bear. The 
octopus can’t help because it can’t simulate this 
novel situation.



Counterarguments

10 Merrill et al. (2022) Entailment Semantics can be Extracted from an Ideal Language Model

‣ For language: similar argument. Assume people say true things.	
Consider saying a pair of sentences x1, x2; given enough examples, the 
fact that x2 should not be contradicted by x1 tells us something

Merrill et al. (2021) Provable Limitations of Acquiring Meaning from Ungrounded Form

‣ We can’t necessarily learn semantics 
from predicting next characters alone 
without execution. Consider training on:

x = 2 
y = x + 2 
print(y)

x = 2 
y = x + 2 
assert(y == 4)

‣ However, assertion statements are 
sufficient to teach us some semantics! 
(but this can still break down)



Where are we?
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‣ Lots of philosophy about these models!

‣ Nevertheless, it seems there’s a hierarchy in terms of their 
understanding:

< LM fine-tuned on supervised data

< vision+language LM < vision+language+manipulation LM < …

Most LLMs are here

pure LM 



Grounding in Images
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Language Grounding
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‣ What does “yellowish green” mean?

‣ Formal semantics: yellowish green is a predicate. Things are either 
yellowish green or not. No connection to real color

‣ Grounding in perceptual space:

McMahan and Stone (2015)



Grounding in Images

14 the girl is licking the spoon of batter

‣ How would you describe this image?

‣ What does the word “spoon” evoke?



Grounding Spoon
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Grounding Language in Images
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‣ Syntactic categories have some regular correspondences to the world:

‣ Nouns: objects

‣ Verbs: actions

‣ Sentences: whole scenes or things happening

‣ Tasks:
‣ Object recognition (pick out one most salient object or detect all of 
them)

‣ Image captioning: produce a whole sentence for an image



Language-vision Models
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the girl is licking the 

spoon of batter
Language encoder 

(LSTM, Transformer)

Image encoder	

(CNN, Transformer)

Cross-att
ention/joint layer

Prediction



Visual Question Answering

18 Agrawal et al., 2015



Language-vision Pre-training

19 Radford et al., 2021

Text encoder: Transformer

Image encoder: vision Transformer 

(Transformer over flattened patches)



Language-vision Pre-training

20 Radford et al., 2021

‣ Contrastive objective: each 
image should be more 
similar to its correspond 
caption than to other 
captions

maximize softmax(I1T Ti)[1]	
+ softmax(I2T Ti)[2]	

+ …



Language-vision Pre-training

21 Radford et al., 2021



CLIP: Zero-shot Results
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CLIP: Zero-shot Results
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Visual Reasoning
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CLIP lets us turn images into vectors
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LLMs: words -> vectors, then predict the next word

If we can turn an image into a vector…can we use it in the same way as a word?



Qwen-VL
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Qwen-VL
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What can LVLMs do?
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How many people are in the 
foreground of the image?

“There are 2 people in the 
foreground of the image.”

LVLM



LVLM Evaluations: Reasoning
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Which mood does this image convey? 
A: Sad, B: Cozy, C: Happy, D: Angry

Commonsense Reasoning

As shown in the figure, in the parallelogram ABCD, 
CE bisects ∠BCD and it intersects the AD edge at 
point E, and DE = 3.0, then the length of AB is ()

Math Reasoning

Example from Math-Vista



Textual Reasoning vs Visual Reasoning
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Q: What’s the value of the smallest bar in the graph?

Example from ChartQA

Foreign born:  

* Hispanic (97%) 

* Non-Hispanic (3%) 

Second generation:  

* Hispanic (92%) 

* Non-Hispanic (8%) 

……

Extracted Text

This example is very easy and 
doesn’t really require visual 
reasoning.

3
LVLM

LVLM: “Display this 
information in text”

LLM: “What’s the 
value of the smallest 
bar in the graph?”

3

Many questions can be answered by a pipeline:

1. Extract text explicitly in the figure

2. Answer the question with a text LLM.



Prior Chart Benchmarks Over-Represent Textual Reasoning
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Q: What’s the value of the smallest bar in the graph?

Example from ChartQA

Foreign born:  

* Hispanic (97%) 

* Non-Hispanic (3%) 

Second generation:  

* Hispanic (92%) 

* Non-Hispanic (8%) 

……

Extracted Text

Textual Reasoning



Textual Reasoning vs Visual Reasoning
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Q: Which month-year saw the highest rate of 
mortality due to diseases?

Example from ChartMuseum

This visual information is not 
easily expressed in text 
without visual reasoning!

Jan
1855



Textual Reasoning vs Visual Reasoning
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Q: What’s the value of the smallest bar in the graph?

Example from ChartQA

Foreign born:  

* Hispanic (97%) 

* Non-Hispanic (3%) 

Second generation:  

* Hispanic (92%) 

* Non-Hispanic (8%) 

……

Extracted Text

Textual Reasoning Visual Reasoning

Q: Which month-year saw the highest rate of 
mortality due to diseases?

Example from ChartMuseum

No visual inference is required!

This visual information is not 
easily expressed in text 
without visual reasoning!

Jan
1855



ChartMuseum Benchmark
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ChartMuseum

Questions are created entirely by 
humans with no LLM involvement

Each question targets either textual, 
visual, or both types of reasoning

1162 questions by CS researchers, 
with 184 diverse image sources

Wide range of SOTA model accuracy, and 
a large gap from human performance



Results
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LVLM’s Visual Reasoning is far behind Textual Reasoning 

Humans achieve 98% on the visual questions Check error analysis in the paper



How well does this work?
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Shengbang Tong et al. (2024)



Thinking with Images
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Thinking with Images

40 Zhaochen Su et al. (2025)



Visual Exploration

41 Zhaochen Su et al. (2025)



Visual Manipulation

42 Zhaochen Su et al. (2025)



Visual Imagination

43 Zhaochen Su et al. (2025)



General Paradigm
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Vision-Language-Action
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PaLM-E
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‣ Most models like CLIP are just vision+language



PaLM-E
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OpenVLA
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OpenVLA
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OpenVLA
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Takeaways
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‣ VLA models are a bit less universal than VLMs:

‣ Require actions customized to a particular robotic platform

‣ Images are likely drawn from a particular domain of physical scenes

‣ Text may be less broad

‣ “Moravec’s paradox” — seemingly simple physical tasks like picking things 
up are much harder than seemingly complex tasks like writing poetry 

‣ How much will LLMs / LLM reasoners advance robotics?
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