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

• Language

• Speech, reading, writing, Braille

• Sound

• Vision

• Touch

• etc…

• We will focus on language + vision,

• But there is active research in combining other modalities.
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Also called multi-modal large language model (MLLM).
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MULTI-MODAL NLP
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• Core problem: How to represent images?

• We represent text as a sequence of tokens.

• Each token is mapped into an embedding vector.

• Can we apply the same idea to images?

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

• Idea: Divide an image into patches.

• Map each patch into a vector.

• Provide these vectors as input to a transformer.



VISION TRANSFORMER
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• First divide an image into n × n pixel patches.

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

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



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

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

• Add a position embedding to each patch embedding.

• The first token is a special [class]  token.

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



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

• Take the output embedding 
of the first token.

• If the task is multi-class 
classification:

• Apply a linear layer and a 
softmax.

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



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

• They tested on the image classification task:

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



VISION TRANSFORMER
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• Vision transformers have better scaling properties than ResNets.

• Combining 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]



VISION TRANSFORMER
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• Just as we can inspect the attention weights in 
transformer layers for a specific text input sequence,

• We can do the same for the vision transformer.

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

(brighter areas indicate higher attention)

• The 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]



VISION TRANSFORMER
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• We can also measure the distance between 
a patch that attends to another patch.

• If we plot the average distance as a function 
of the layer:

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

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

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



CLIP
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• But what if we want a model to take both images and text as input?

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

• We need some sort of shared representation of both images and text.

• The image class label does not provide much information about the image.

• A text description of the image would be much better.

• Idea:

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

• Learn an image encoder f I ( x) - > z I .

• Learn a text encoder f T( x) - > z T.



CLIP
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• Idea:

• Learn an image encoder f I ( x) - > z I .

• E.g., vision transformer

• Learn a text encoder f T( x) - > z T.

• E.g., transformer

• Such that for any image with corresponding text description, the 
representations, z I  and z T, should be close.

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

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



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

• What would the loss function look like?

• What 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.

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



CLIP

21[Radford and Kim et al., 2021]
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22

• The loss function is:

• The sum is over the N image-text pairs.

• v i  is the embedding of the i th  image.

• wj  is the embedding of the j th  text description.

• T is a temperature parameter.

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



CLIP
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• The loss function is:

• By minimizing the loss, we are maximizing the vector similarity between v i  
and wi  (and v j  and wj ).

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



CLIP
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• The loss function is:

• And we are simultaneously minimizing the vector similarity between other 
image-text description pairs: v i  and wj .

• Each term is actually a cross-entropy loss, where the model’s log probability 
(logit) for the pair ( i,j )  is v i

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

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



CLIP

• We can apply the learned 
embeddings for other 
downstream tasks.

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

• For example, “zero-shot” 
image classification:

25



CLIP
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• Compare CLIP zero-shot image classification 
to a fully-supervised baseline:

• Test on several different datasets.

• Performs better than supervised baseline on 
many datasets,

• But also not as well on other datasets.

[Radford and Kim et al., 2021]



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

• Light blue curves are error rates on individual datasets.

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

[Radford and Kim et al., 2021]



VISION + LANGUAGE MODELING?
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• What if we want to generate text, as in autoregressive language modeling?

• Where the input is images + text.

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

• Take the embeddings from an image encoder.

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

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

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

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



LLAVA
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• LLaVA uses Vicuna as the LM and CLIP as the image encoder.

• The output of CLIP is Zv,

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

[Liu and Li et al., 2023]



LLAVA

30

• LLaVA is fine-tuned using conversation-formatted data:

• Each example looks like:

 User: [ image] [question text 1]

 Model: [response text 1]

 User: [question text 2]

 Model: [response text 2]

 ...

• They convert regular image caption data into this format:

 User: [ image] Describe this image briefly.

 Model: [image caption]



LLAVA
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• They split fine-tuning into two steps:

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

• LLM and CLIP weights are frozen.

• Second, they fine-tune the LM and W jointly.

• They use a larger dataset for this stage.

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

• Some image datasets include bounding box annotations:

• E.g., ‘there is a car from position (413px, 677px) to (782px, 1209px).’

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



DATA GENERATION FOR LLAVA
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LLAVA EXAMPLE

33[Liu and Li et al., 2023]



MOLMO
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• More recently, Deitke and Clark et 
al. (2024) developed Molmo 
(Multimodal Open Language 
Model).

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

• They also use CLIP for the 
image encoder.

• They try different LMs:

• OLMo- 7B, OLMoE- 1B- 7B

• Qwen2 7B, Qwen2 72B

• Open source!
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• Image tokenization:

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

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

• Downscale the image 
into lower resolution 
before tokenization.

• Also crop the image 
(while maintaining 
higher resolution).

[Deitke and Clark et al., 2024]



MOLMO VISION-LANGUAGE CONNECTOR
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• Their connector architecture is interesting:

• Instead of taking the patch embeddings from the last layer of CLIP,

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

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

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

• The key and value vectors come from the 4 patches,

• There’s only 1 query vector, which is the mean of the 4 patches.

• Finally use a linear layer to map the output vector into the LLM’s model 
dimension.



MOLMO TRAINING DATA
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• To train Molmo, they collected a large high-quality multimodal dataset.

• They called it PixMo (Pixels for Molmo).

• They gathered images from the internet.

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

• But this was too slow,

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

• They prompted annotators with 7 questions to answer per image.

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

• 712k images, and 1.3M transcripts and captions.

• Also open source!



PIXMO
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• They further augmented their data for specific tasks:

• Image question-answering

• Pointing (e.g, ‘ point to Mount Rainier ’  in the given image)

• Caption question-answering

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

• Counting (e.g., ‘ how many people are in this image? ’ )

• Reading charts/plots

• Some of these augmentations relied on further human annotation.

• Many relied on text-only LLMs.



PIXMO
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TRAINING MOLMO
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• Unlike LLaVA, Molmo is 
pretrained end-to-end.

• All three components, ViT, 
connector, and LM, are 
trained simultaneously.

• But with different learning 
rates for each.

• Pretraining is done only on 
the image-caption data.

• After 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
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IMAGE GENERATION EXAMPLE
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IMAGE GENERATION EXAMPLE
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GENERATING IMAGES
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• Simple idea:

• Use an image tokenizer and detokenizer.

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

Into a sequence containing text and image 
tokens.

[Chameleon Team, 2025]



GENERATING IMAGES
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• Simple idea:

• Use an image tokenizer and detokenizer.

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

Into a sequence containing text and image 
tokens.

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

• E.g., large-scale transformer models.

[Chameleon Team, 2025]



GENERATING IMAGES
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• Simple idea:

• Use an image tokenizer and detokenizer.

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

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

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

[Chameleon Team, 2025]



GENERATING IMAGES
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• Simple idea:

• Use an image tokenizer and detokenizer.

• During inference, after generating the [ eoi ] , 

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

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

• CLIP does not “detokenize” vectors into 
images.

[Chameleon Team, 2025]



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

• E.g., VQ-VAE
Codebook

[Van den Oord et al., 2017]



VQ-VAE

50[Van den Oord et al., 2017]



MLLM EXAMPLES
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• Chameleon (2024) is an MLLM/VLM that 
uses an image tokenizer and detokenizer.

• First, they trained the image (de)tokenizer.

• Image tokenizer encodes 512 × 512 
images into 1024 tokens using a 
codebook of size 8192.

• Next, they trained the LM on 4.4T  tokens 
(consisting of both image and text tokens).

• They use Llama-2 as the LM.

[Chameleon Team, 2024]



MLLM EXAMPLES: CHAMELEON
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MLLM EXAMPLES: CHAMELEON
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MLLM EXAMPLES: LIQUID
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• Wu et al. (2024) developed Liquid.



MLLM EXAMPLES: LIQUID
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• Wu et al. (2024) developed Liquid.

• They trained models of several sizes, using a different LM for each:

• Qwen 2.5 0.5B, 7B, 32B , GEMMA-2 2B, 9B , Llama-3 1B.



MLLM EXAMPLES: LIQUID
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• Wu et al. (2024) developed Liquid.

• They trained models of several sizes, using a different LM for each:

• Qwen 2.5 0.5B, 7B, 32B , GEMMA-2 2B, 9B , Llama-3 1B.

• Unlike Chameleon, Liquid was not pretrained from scratch.

• They performed continued pretraining on existing text-only LMs

• On 60M tokens (as compared to 4.4T  for Chameleon).



MLLM EXAMPLES: LIQUID
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CONTINUOUS IMAGE TOKENS
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• Zhou and Yu et al. (2024) used a different approach to image 
tokenization/detokenization.

• They developed an MLLM called Transfusion.

• Transfusion was pretrained on a multi-modal dataset of 2T tokens.



CONTINUOUS IMAGE TOKENS
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• They use a VAE (not VQ-VAE) to convert 
image patches into continuous image tokens.

• These are taken together with discrete text 
tokens to form a single sequence of tokens 
(some discrete, some continuous).

• This is input into a transformer LM.

• The causal mask in the attention mechanism 
is modified:

• Text tokens can only attend to previous 
text/image tokens.

• Image tokens can attend to any image 
token, or previous text tokens. [Zhou and Yu et al., 2024]



DIFFUSION
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• How do they learn to generate the image?

• Noise is added to the input image patches.

• During training, the model learns to denoise the image patches.

• Intuitively, imagine each layer progressively denoising the image.

• The L2 loss is computed between the predicted output image patches and 
the ground truth image patches.

• This idea is called diffusion (Ho et al., 2020).

[Ho et al., 2020]



DIFFUSION
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MLLM EXAMPLES: TRANSFUSION
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• Transfusion uses continuous image tokens and diffusion to generate images.

[Zhou and Yu et al., 2024]



MLLM EXAMPLES: TRANSFUSION
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• They claim better performance vs Chameleon.

[Zhou and Yu et al., 2024]



SUMMARY
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• This was a whirlwind tour of MLLMs/VLMs.

• A lot of details/history from vision were left out.

• The study of diffusion and score-based models is deep.

• But this was intended to give high-level ideas on how to combine vision and 
text in multi-modal NLP models.

• Thank you for listening!



QUESTIONS?
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