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ÅReal-world tasks and reasoning often utilizes more than one modality.

ÅLanguage

ÅSpeech, reading, writing, Braille

ÅSound

ÅVision

ÅTouch

Åetcü

ÅWe will focus on language + vision,

ÅBut there is active research in combining other modalities.
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Also called multi -modal large language model (MLLM).
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ÅCore problem: How to represent images?

ÅWe represent text as a sequence of tokens.

ÅEach token is mapped into an embedding vector.

ÅCan we apply the same idea to images?

ÅRasterized images are a 2D grid of pixels (typically with RGB values).

ÅIdea: Divide an image into patches.

ÅMap each patch into a vector.

ÅProvide these vectors as input to a transformer.



VISION TRANSFORMER
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ÅFirst divide an image into n × n pixel patches.

ÅArrange them in a linear order (e.g., row-major).

[Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]



VISION TRANSFORMER
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ÅEach patch is now a 3n2-dimensional vector (assuming 3 channels; e.g., RGB).

ÅUse a linear layer to map each patch vector into an embedding.

ÅAdd a position embedding to each patch embedding.

ÅThe first token is a special [class]  token.

[Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]



VISION TRANSFORMER
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ÅRun the embeddings through 
an encoder-only transformer 
(i.e., no causal mask).

ÅTake the output embedding 
of the first token.

ÅIf the task is multi- class 
classification:

ÅApply a linear layer and a 
softmax.

[Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]



VISION TRANSFORMER
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ÅThis approach is called the Vision Transformer (ViT; Dosovitskiy, Beyer, 
Kolesnikov, and Weissenborn et al., 2021).

ÅThey tested on the image classification task:

[Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]
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ÅVision transformers have better scaling properties than ResNets.

ÅCombining ViTs with ResNets leads to better performance at lower compute, 
but the gap is closed at larger scales.

[Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]
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ÅJust as we can inspect the attention weights in 
transformer layers for a specific text input sequence,

ÅWe can do the same for the vision transformer.

ÅShade each image patch according to how much the 
output token attends to that patch:

(brighter areas indicate higher attention)

ÅThe output token tends to attend to the object that 
specifies the class (i.e., dog, plane, etc).

[Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]
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ÅWe can also measure the distance between 
a patch that attends to another patch.

ÅIf we plot the average distance as a function 
of the layer:

ÅPatch tokens in the earlier layers attend to 
patches that are both near and far.

ÅBut patch tokens in deeper layers tend to 
attend to patches that are further away.

[Dosovitskiy, Beyer, Kolesnikov, and Weissenborn et al., 2021]
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ÅBut what if we want a model to take both images and text as input?

ÅAnd then perform tasks as a function of both the image and text?

ÅWe need some sort of shared representation of both images and text.

ÅThe image class label does not provide much information about the image.

ÅA text description of the image would be much better.

ÅIdea:

Learn image and text representations jointly in a shared embedding space.

ÅLearn an image encoder f I ( x) - > zI .

ÅLearn a text encoder f T( x) - > zT.



CLIP
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ÅIdea:

ÅLearn an image encoder f I ( x) - > zI .

ÅE.g., vision transformer

ÅLearn a text encoder f T( x) - > zT.

ÅE.g., transformer

ÅSuch that for any image with corresponding text description, the 
representations, zI  and zT, should be close.

ÅAnd for any image and unrelated text, the representations should be far.

ÅLearn the mappings given a sufficiently large dataset of (image, text 
description) pairs.



CLIP
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ÅHow do we train a model to produce such text and image representations?

ÅWhat would the loss function look like?

ÅWhat if we took N image- text pairs,

encoded the images with the image encoder,

encoded the text descriptions with the text encoder,

maximize the cosine similarity of the correct image- text embedding pairs,

and minimize the cosine similarity of the incorrect image- text pairs.

ÅThis approach is called CLIP (Contrastive Language- Image Pretraining; 
Radford and Kim et al., 2021).



CLIP
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ÅThe loss function is:

ÅThe sum is over the N image- text pairs.

Åvi  is the embedding of the i th  image.

Åwj  is the embedding of the j th  text description.

ÅT is a temperature parameter.

[wikipedia.org/wiki/Contrastive_Language- Image_Pre- training]
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ÅThe loss function is:

ÅBy minimizing the loss, we are maximizing the vector similarity between vi  
and wi  (and vj  and wj ).

[wikipedia.org/wiki/Contrastive_Language- Image_Pre- training]
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ÅThe loss function is:

ÅAnd we are simultaneously minimizing the vector similarity between other 
image- text description pairs: vi  and wj .

ÅEach term is actually a cross-l ±­¢ªº }¢®®ù ¸sl­l ±sl ~¢jl}Ě® }¢r ª­¢g_gt}t±º 
(logit) for the pair ( i,j )  is vi

Twj /T   and the correct label is ( i,i ) .

[wikipedia.org/wiki/Contrastive_Language- Image_Pre- training]



CLIP

ÅWe can apply the learned 
embeddings for other 
downstream tasks.

(akin to how we can use 
BERT + a linear layer for 
downstream NLP tasks)

Å3¢­ l¹_~ª}lù ė¿l­¢-®s¢±Ę 
image classification:
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ÅCompare CLIP zero-shot image classification 
to a fully- supervised baseline:

ÅTest on several different datasets.

ÅPerforms better than supervised baseline on 
many datasets,

ÅBut also not as well on other datasets.

[Radford and Kim et al., 2021]



CLIP
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ÅAverage error rate scales smoothly as a function of training compute.

ÅLight blue curves are error rates on individual datasets.

ÅNote: y-axis is not loss, unlike LM scaling laws.

[Radford and Kim et al., 2021]



VISION + LANGUAGE MODELING?

28

ÅWhat if we want to generate text, as in autoregressive language modeling?

ÅWhere the input is images + text.

ÅIdea: Start with an instruction- tuned LLM (decoder-only).

ÅTake the embeddings from an image encoder.

ÅUse a linear layer to project these embeddings into the same dimension 
as the word embedding space of the LLM.

ÅThis is often called the connector, and other architectures can be used.

ÅFine- tune the linear layer and LLM (image encoder is frozen).

ÅThis was the idea behind LLaVA (Large Language and Vision Assistant; Liu 
and Li et al., 2023).



LLAVA
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ÅLLaVA uses Vicuna as the LM and CLIP as the image encoder.

ÅThe output of CLIP is Zv,

ÅW is the linear transformation that converts CLIP embeddings into Vicuna 
token embeddings.

[Liu and Li et al., 2023]
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ÅLLaVA is fine- tuned using conversation- formatted data:

ÅEach example looks like:

 User: [ image] [question text 1]

 Model: [response text 1]

 User: [question text 2]

 Model: [response text 2]

 ...

ÅThey convert regular image caption data into this format:

 User: [ image] Describe this image briefly.

 Model: [image caption]



LLAVA
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ÅThey split fine- tuning into two steps:

ÅFirst, they fine- tune only the W projection (between CLIP outputs and 
Vicuna inputs).

ÅLLM and CLIP weights are frozen.

ÅSecond, they fine- tune the LM and W jointly.

ÅThey use a larger dataset for this stage.

ÅThey use text-only GPT4 and ChatGPT to help generate this data.

ÅSome image datasets include bounding box annotations:

Å.ørøù ę±sl­l t® _ h_­ q­¢~ ª¢®t±t¢  ĊÌÉËª¹ù ÎÏÏª¹ċ ±¢ ĊÏÐÊª¹ù ÉÊÈÑª¹ċøĚ

ÅWe can describe the contents of the image entirely in text using these 
bounding boxes.



DATA GENERATION FOR LLAVA

32[Liu and Li et al., 2023]



LLAVA EXAMPLE
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ÅMore recently, Deitke and Clark et 
al. (2024) developed Molmo 
(Multimodal Open Language 
Model).

ÅThey followed the same recipe of 
connecting an image encoder with 
an LM.

ÅThey also use CLIP for the 
image encoder.

ÅThey try different LMs:

ÅOLMo- 7B, OLMoE- 1B- 7B

ÅQwen2 7B, Qwen2 72B

ÅOpen source!
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ÅImage tokenization:

ÅTo enable handling of 
higher- resolution 
images with non-1:1 
aspect ratio,

ÅAdd black bars to 
top/bottom/sides so 
make the aspect ratio 
1:1.

ÅDownscale the image 
into lower resolution 
before tokenization.

ÅAlso crop the image 
(while maintaining 
higher resolution).

[Deitke and Clark et al., 2024]
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ÅTheir connector architecture is interesting:

ÅInstead of taking the patch embeddings from the last layer of CLIP,

ÅThey use the embeddings from the 3rd- to- last and 10th- to- last layers.

(empirically, they found this performed better for some reason)

ÅFor each layer, collect each set of 2x2 patches and apply a multi - head 
attention layer.

ÅThe key and value vectors come from the 4 patches,

ÅOsl­lĚ® ¢ }º É ¬²l­º ·lh±¢­ù ¸sths t® ±sl ~l_  ¢q ±sl Ì ª_±hsl®ø

Å3t _}}º ²®l _ }t l_­ }_ºl­ ±¢ ~_ª ±sl ¢²±ª²± ·lh±¢­ t ±¢ ±sl ==>Ě® ~¢jl} 
dimension.
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ÅTo train Molmo, they collected a large high-quality multimodal dataset.

ÅThey called it PixMo (Pixels for Molmo).

ÅThey gathered images from the internet.

ÅAsk 3 annotators to provide spoken descriptions (at least 60 seconds).

ÅBut this was too slow,

ÅSo later they switch to 1 annotator per image (at least 90 seconds).

ÅThey prompted annotators with 7 questions to answer per image.

ÅThe speech was transcribed using speech- to- text, and an LLM 
summarized the transcripts to produce a caption.

Å712k images, and 1.3M transcripts and captions.

ÅAlso open source!
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ÅThey further augmented their data for specific tasks:

ÅImage question-answering

ÅPointing (e.g, Ψpoint to Mount Rainier Ω in the given image)

ÅCaption question-answering

ÅTime- telling question-answering (read an image of a clock)

ÅCounting (e.g., Ψhow many people are in this image? Ω)

ÅReading charts/plots

ÅSome of these augmentations relied on further human annotation.

ÅMany relied on text-only LLMs.



PIXMO
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ÅUnlike LLaVA, Molmo is 
pretrained end- to-end.

ÅAll three components, ViT, 
connector, and LM, are 
trained simultaneously.

ÅBut with different learning 
rates for each.

ÅPretraining is done only on 
the image-caption data.

ÅAfter pretraining, they fine- tune 
on the full PixMo dataset + other 
open-source visual QA datasets.

[Deitke and Clark et al., 2024]
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Vision language model

HOW DO WE GENERATE TEXT+IMAGES?

42

Parsing

Reasoning

GenerationLanguage input Language output

Parsing GenerationImage input Image output



IMAGE GENERATION EXAMPLE
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IMAGE GENERATION EXAMPLE
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ÅSimple idea:

ÅUse an image tokenizer and detokenizer.

ÅWe can use the tokenizer to convert multi-
modal input (containing images and text)

Into a sequence containing text and image 
tokens.

[Chameleon Team, 2025]
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ÅSimple idea:

ÅUse an image tokenizer and detokenizer.

ÅWe can use the tokenizer to convert multi-
modal input (containing images and text)

Into a sequence containing text and image 
tokens.

ÅThen we can apply any model for auto-
regressive token prediction.

ÅE.g., large-scale transformer models.

[Chameleon Team, 2025]
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ÅSimple idea:

ÅUse an image tokenizer and detokenizer.

ÅThe right figure shows the setup during 
pretraining where the image is tokenized into 
2 image tokens.

ÅWe have special tokens denoting the 
beginning and end of an image.

Å[ boi ]  and [ eoi ]  are analogous to [ bos]  
and [ eos] .

[Chameleon Team, 2025]



GENERATING IMAGES
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ÅSimple idea:

ÅUse an image tokenizer and detokenizer.

ÅDuring inference, after generating the [ eoi ] , 

we use an image detokenizer to convert the 
image tokens into the output image.

ÅNote: This approach is distinct from using an 
image encoder such as CLIP.

ÅImage encoders have continuous outputs.

ÅImage tokenizers have discrete outputs.

ÅLMs produce discrete output tokens.

[Chameleon Team, 2025]



TOKENIZING IMAGES WITH AUTO- ENCODERS
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ÅTrain a model to convert (encode) an image patch into a discrete token, and 
then convert it back (decode) into the same image patch.

ÅE.g., VQ-VAE
Codebook

[Van den Oord et al., 2017]


