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Image captioning
Where language and vision intersect

Citations

A tabby and white cat is captured in a mid-stretch or liquid-like 
slump, draping its front half out of a gray and black pet carrier 
mounted to the front handlebars of an Aventon electric cargo 
bike. The bike, which is a light sage green color, is parked on a 
sun-dappled concrete driveway next to a wooden fence and a 
small garden bed with red flowers. The cat’s head hangs low 
toward the front tire, showing off its white paws and tabby-
patterned back. The bicycle is heavily outfitted for transport, 
featuring a large black pannier bag on the rear rack, a smaller 
black bag tucked under the frame, and a stack of blue and white 
plastic bins secured to the back with blue bungee cords. A black 
rain barrel stands in the background behind a section of chain-
link fence, and the ground is scattered with fallen autumn leaves, 
suggesting a crisp, sunny day. The bike’s kickstand is deployed, 
and the front wheel is turned slightly, while the "AVENTON" 
branding is clearly visible on the lower frame tube.

→



Image question answering
Where language and vision intersect

→

Q: What is strapped to the bike?



Optical character recognition (OCR)
Where language and vision intersect

https://digitalcollections.library.cmu.edu/node/33648

→

I. Introduction

II. Definition of Causal Relation

III. Examples

IV. The Problem of Invariance

V. Causality and Experimentation

VI. Structural Equations

VII. Ergodicity and the Verification of Causal Laws, and the Counterfactual Conditional

<diagram>A causal flowchart diagram. Components include 'throttle', 'gas tank', 'fuel line', 'cylinder', 'motor 
switch', 'battery', 'starter button', 'starter motor', and 'spark'. Arrows represent causal links: 'throttle' points to 
'cylinder'; 'gas tank' points to 'fuel line' which points to 'cylinder'; 'motor switch' points to 'starter button'; 
'battery' points to both 'starter button' and 'spark'; 'starter button' points to 'starter motor'; 'starter motor' 
points to 'spark'; and 'spark' points to 'cylinder'.</diagram>

A1 gas tank full

A2 fuel line open

A3 ignition in cylinder

B1 throttle open

B2 motor switch on

B3 starter button pushed

<math>L_1 (A_1, A_2, \\overset{B_1}{\\supset} gas\\ fuel\\ to\\ cylinder)</math>

<math>L_2 (B_2 \\supset spark\\ in\\ cylinder)</math>

<math>L_3 (spark\\ and\\ gas\\ and\\ motor\\ turning \\supset explosion\\ in\\ cylinder)</math>

<math>L_4</math>



Image generation
Where language and vision intersect

Citations

A tabby and white cat is captured in a mid-stretch 
or liquid-like slump, draping its front half out of a 
gray and black pet carrier mounted to the front 
handlebars of an Aventon electric cargo bike. The 
bike, which is a light sage green color, is parked on 
a sun-dappled concrete driveway next to a 
wooden fence and a small garden bed with red 
flowers. The cat’s head hangs low toward the front 
tire, showing off its white paws and tabby-
patterned back. The bicycle is heavily outfitted 
for transport, featuring a large black pannier bag 
on the rear rack, a smaller black bag tucked under 
the frame, and a stack of blue and white plastic 
bins secured to the back with blue bungee cords. 
A black rain barrel stands in the background 
behind a section of chain-link fence, and the 
ground is scattered with fallen autumn leaves, 
suggesting a crisp, sunny day. The bike’s kickstand 
is deployed, and the front wheel is turned slightly, 
while the "AVENTON" branding is clearly visible 
on the lower frame tube.

→



Image generation
Where language and vision intersect

Citations

A tabby and white cat trying to 
escape a bicycle →



Retrieval and clustering
Where language and vision intersect

Citations

Search my Google photos for any 
photos or illustrations of a dog in a 
laboratory

→



Possible objectives
Where language and vision intersect

• Models that map images and text to a joint embedding space
• useful for retrieval, clustering, building classifiers

• Models that input an image and maybe text, and output text
• useful for image captioning and question answering

• Models that input text and output an image
• uses are self-explanatory

• Models that input a sequence of text and images and can continue the sequence
• useful for multimodal chatbots and iterative image revision

Citations



Text+image models



CLIP - joint text+image embeddings circa  2021

• At train time, take a batch of n 
images along with their 
captions

• Training objective: for image 
caption pair <i, c>, 
image_embedding(i) should be 
close to caption_embedding(c)

Radford et al. “Learning Transferable Visual Models From Natural Language Supervision.” 2021.



Which of these is NOT a good use of CLIP?

A. Building an image classifier
B. Finding images similar to a text query like "a dog in a lab"
C. Placing a bounding box around the dog in a photo
D. Scoring how well a generated image matches a text prompt
E. Recommending visually similar products in an e-commerce store

Citations



DALL-E: image generation circa 2021

https://openai.com/index/dall-e/



Main idea
DALL-E

• Goal: text and image tokens as a single 
stream of data

• Text is easy, but how do images get 
represented as token sequences?

https://openai.com/index/dall-e/



Main idea
DALL-E

• Goal: text and image tokens as a single 
stream of data

• Text is easy, but how do images get 
represented as token sequences?

• Start with 256x256 image (where each 
pixel has a 24 bit value).

• DALL-E’s proposal: compress this 
down to 32x32 “image”  where each 
pixel has only 8,192 possible values.

Ramesh et al. “Zero-Shot Text-to-Image Generation.” 2021.



Main idea
DALL-E

• Goal: text and image tokens as a single 
stream of data

• Text is easy, but how do images get 
represented as token sequences?

• Start with 256x256 image (where each 
pixel has a 24 bit value).

• DALL-E’s proposal: compress this 
down to 32x32 “image”  where each 
pixel has only 8,192 possible values.

https://mlberkeley.substack.com/p/dalle2

1024 image “tokens”

}



How do we get image tokens?
DALL-E

• Goal: compress an image down to a sequence of 1024 tokens.
• Same as in language tokens, images tokens map to embeddings stored in an embedding matrix.
• Dalle-E used an image vocabulary size (aka codebook) of 8,192 (which means 8k possible embeddings)

• Training stage 1:
• Train a variational autoencoder that encodes images into sequence of embeddings that are nearby to 

embeddings in the codebook
• no text involved in this stage

• Training stage 2: 
• Train an aautoregressive transformer to model the joint distribution over the text and image tokens
• Transformer sees as input 256 text tokens followed by the 1024 image tokens 

Citations



How do we get image tokens?
DALL-E

https://mlberkeley.substack.com/p/dalle2



Inference time
DALL-E

https://mlberkeley.substack.com/p/dalle2



Suppose your boss has tasked you with building an autoregressive transformer that 
generates images by predicting one embedding at a time, without using a codebook 
or any discretization step. What is the most fundamental problem with this 
approach?

A. The model cannot use a softmax output head to define a probability distribution over 
a continuous space, making it unclear how to train or sample from the model at each 
step.

B. The model will train too slowly because the image embeddings will have higher 
dimensionality than the text token embeddings.

C. Without a codebook, the model has no way to encode the input image before 
generating, so it cannot condition on image prompts.

D. The embedding sequences for the images will be too long for the Transformer 
architecture to efficiently handle.

Citations



Suppose your boss has tasked you with building an autoregressive transformer that 
generates images by predicting one embedding at a time, without using a codebook 
or any discretization step. What is the most fundamental problem with this 
approach?

A. The model cannot use a softmax output head to define a probability distribution over 
a continuous space, making it unclear how to train or sample from the model at each 
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Citations



Other image-generation advancements
• DALL-E (2021): introduces idea of a 

transformer that autoregressively models 
the text and image tokens as a single stream 
of data

Citations



Other image-generation advancements
• DALL-E (2021): introduces idea of a 

transformer that autoregressively models 
the text and image tokens as a single stream 
of data

• Parti (2022): improved image tokenizer, ViT-
VQGAN

Citations



Other image-generation advancements
• DALL-E (2021): introduces idea of a 

transformer that autoregressively models 
the text and image tokens as a single stream 
of data

• Parti (2022): improved image tokenizer, ViT-
VQGAN

• CM3 (2022): masked sequence modeling 
training objective on sequence containing 
text interspersed with images

Aghajanyan et al. “CM3: A Causal Masked Multimodal Model of the Internet.” 2022.



Why are we trying to generate 
images autoregressively?



Image diffusion models

Ho et al. “Denoising Diffusion Probabilistic Models.” 2020.



Image understanding advancements
• LLaVA (2023)
• PaLI (2022)

Chen et al. “PaLI: A Jointly-Scaled Multilingual Language-Image Model” 2022.



LLaVA
Image understanding advancements

• LLaVA was built by connecting a CLIP encoder with an chatbot-trained LLM 
(Vicuna), and fine-tuning end-to-end on instructional vision-language data

Liu et al. “Visual Instruction Tuning.” 2023.



LLaVA - training data
Image understanding advancements

Liu et al. “Visual Instruction Tuning.” 2023.

Existing datasets of image-text pairs

→

GPT-4

→

Synthesized 
conversational data



LLaVA
Image understanding advancements

• LLaVA was built by connecting a CLIP encoder with an chatbot-trained LLM 
(Vicuna), and fine-tuning end-to-end on instructional vision-language data

• Stage 1 training:
• Keep the visual encoder and LLM weights frozen; train a projection matrix to align the CLIP 

image features with the LLM word embedding features.

• Stage 2 training:
• Keep the CLIP encoder frozen, do instruction-tuning of the LLM using a standard auto-

regressive training objective

Liu et al. “Visual Instruction Tuning.” 2023.



PaLI
Image understanding advancements

• Instead of starting from decoder-only LM, starts with T5 (an encoder-decoder 
language model)

• More complex method for building joint image/language embedding space 
• Trains on more traditional vision-question-answering datasets

Chen et al. “PaLI: A Jointly-Scaled Multilingual Language-Image Model.” 2022.



Vision+language models today



Trends today

A. Frontier VLMs are trained on multi-turn conversations containing both language 
tokens and image tokens.

• At inference time, when users ask questions that involve images, the images are turned into 
sequences of tokens and included in the sequence.

• At inference time, when users request images to be generated, this is typically treated as a tool 
call to a specialized image generation model.

B. Increasing emphasis on training VLMs that use non-language representations to 
answer questions

C. Image-language joint embedding models are still important and somewhat separate 
from VLMs

Citations



Circa 2026
Open-weight vision-language models

• Molmo
• GLM-4.6V
• Gemma 3
• Qwen3-VL

Citations



MMBench
Evaluating vision language models

Liu et al. “MMBench: Is Your Multi-modal Model an All-around Player?” 2023.



MMBench
Evaluating vision language models

Two magnets are 
places as shown. Will 
these magnets attract 
or repel each other?

A: Repel.

B: Attract.

Liu et al. “MMBench: Is Your Multi-modal Model an All-around Player?” 2023., https://huggingface.co/datasets/mm-eval/MMBench-en/viewer/

What will happen next?”

A: the car is gonna crash into the 
house

B: the car is gonna fly

C: the car is gonna drive backwards

D: both A,B, and C

Identify the emotion expressed in this 
image.

A: happiness

B: sadness

C: anger

D: loneliness



MMMU
Evaluating vision language models

• 11.5K multimodal questions from college exams, quizzes, and textbooks
• Intended to be a multimodal version of MMLU

https://mmmu-benchmark.github.io/



MMMU
Evaluating vision language models

https://mmmu-benchmark.github.io/



MMMU
Evaluating vision language models
• Performance is saturated.

https://mmmu-benchmark.github.io/



MMMU Pro
Evaluating vision language models

• Removed questions that were solvable 
without the images

• Increased number of candidate options 
from 4 to 10, decreasing the efficacy of 
random guessing

• Vision-only setting 

Yue et al. “MMMU-Pro: A More Robust Multi-discipline Multimodal Understanding Benchmark.” 2024.

Ground Truth: (G) International organizations to facilitate international cooperation, such as
the United Nations

Analysis: In this
question, the
Standard Setting
correctly identified
the formation of
international
organizations like the
United Nations as a
direct response to the
World Wars. The
analysis accurately
recognized that such
organizations were
established to
facilitate international
cooperation and
prevent future global
conflicts. Conversely,
the Vision Setting
focusing on the
establishment of the
League of Nations as
a reaction to World
War I but missing the
broader context of the
creation of the United
Nations post-World
War II.

GPT-4o (Standard Setting): To identify the correct answer, we need to consider what the posters are depicting and the
historical context around them. The first image is from Canada in 1918 and refers to "Victory Bonds.". The second poster is
from the United States in the early 1940s and encourages car-sharing to support the war effort, referencing the fight against
Nazi Germany. Analyzing the options: A. Groups like the Non-Aligned Movement were created after World War II to stay
neutral during the Cold War, not directly a reaction to these wars. B. Movements promoting global disarmament may be
partially relevant, though disarmament efforts became more prominent after the nuclear age began. C. The formation of
global environmental organizations took prominence later, not directly linked to wars. D. Economic sanctions by major world
powers have been a persistent tool but not solely a result of these conflicts. E. Movements that used violence against civilians
to achieve political aims were not formed as a direct reaction to these conflicts but were more prevalent in later contexts. F.
The WTO was created in 1995 for global trade regulation, not a direct result of these wars. G. International organizations to
facilitate cooperation, such as the United Nations, were indeed formed in direct response to World War II, with the aim of
preventing future global conflicts. H. The establishment of the League of Nations was a direct result of World War I, aimed at
preventing future wars. I. The European Union formation, particularly as the European Economic Community, was a
response to integrate and stabilize Europe post-World War II, though it evolved significantly later. J. The formation of military
alliances, including NATO and the Warsaw Pact, was a reaction to the post-World War II Cold War and is a bit more indirect
in this context. Considering the timing and direct reactions, the League of Nations and the United Nations were created
specifically in response to World War I and World War II, respectively. Answer: G

GPT-4o (Vision Setting): The multiple-choice question in the image is: No. 27: [Image 1] [Image 2] Which of the … … to the
conflicts shown in the images? Options:(A) Groups that promoted alternatives to the existing order, such as the Non-Aligned
Movement … … (J) The formation of military alliances, including NATO and the Warsaw Pact. To solve it, we need to
identify the nature of the conflicts shown in the images and link the correct option as a direct reaction to these conflicts:1.
Image 1: "VICTORY BONDS WILL HELP STOP THIS. KULTUR VS. HUMANITY," Canada, 1918. This poster is from World
War I, aiming to sell war bonds to support the war effort.2. Image 2: "WHEN YOU RIDE ALONE YOU RIDE WITH HITLER!
JOIN A CAR-SHARING CLUB TODAY!" United States, early 1940s. This poster is from World War II, encouraging
carpooling to save fuel for the war effort. Given these are related to the World Wars, the responses must relate directly to the
aftermath or results of these wars. World War I led to the creation of the League of Nations to promote international
cooperation and achieve peace. Therefore, the correct option in this context is (H) "The establishment of the League of
Nations.”. Answer: H

Humanities and Social Science: History



Suppose you would like to build an app where you can take photos of 
your houseplant and get suggestions on how to take care of it better. 

How would you go about picking a VLM to use?

A. Take whichever model is currently at the top of the MMMU leaderboard
B. Take whichever model is currently at the top of the MMBench leaderboard
C. Manually annotate 20 houseplant images, and pick the model whose outputs best 

match your annotations
D. Pick whichever model was released most recently
E. Just grab the VLM API endpoint from your OpenAI/Anthropic/Google AI of choice
F. something else?

Citations



Suppose you would like to build an app where you can take photos of 
your houseplant and get suggestions on how to take care of it better. 

How would you go about deciding whether or not you need to collect 
a custom dataset and finetune?

Citations



Circa 2026
Open-weight image generation models

• Stable Diffusion
• SDXL

Citations



CLIPScore
Evaluating image generation models

• CLIPScore: cosine similarity between the CLIP embeddings of an image and a text 
prompt

•

Citations



VLMs using non-language representations 

• Predicting bounding boxes or locations in the image 
• Counting objects
• Identifying layout properties

Citations



Training data



Suppose you are tasked with training a 
VLM from scratch. How would you go 
about sourcing pre-training data?



curated listed of images found in CommonCrawl
LAION

https://laion.ai/



Citations



Kneschke v. LAION (Germany)

• German photographer Robert Kneschke sued non-profit LAION e.V. for scraping one 
of his watermarked stock photos to build the LAION-5B dataset

• [Sept 2024] The court ruled LAION did not breach copyright, finding the scraping 
qualified as lawful text and data mining (TDM) for scientific research under German 
law
• Had LAION been developed by a for-profit company, courts may have ruled differently.

• [Dec 2025] Kneschke's appeal failed; higher level court confirmed LAION could rely 
on TDM copyright exceptions, and additionally ruled that Kneschke's opt-out was 
invalid because it was not machine-readable

Citations



Getty Images v. Stability AI (UK)

• Getty Images sued Stability AI, alleging that Stable Diffusion was trained on over 12 
million Getty-owned images scraped without consent
• Did Stability AI’s distribution of its text-image diffusion model count as importing, selling, 

possessing, or distributing unlawful content?

• The court rejected secondary copyright infringement, finding that Stable Diffusion's 
model weights do not store or reproduce copies of Getty's images — they are the 
product of learned patterns, not reproductions

Citations



PixMo-Cap
• 717k images with very detailed captions
• web images across ∼70 diverse topics (e.g., street signs, memes, food, drawings, websites, blurry photos, etc.)
• For each image, 1-2 annotators were asked to speak about the image for 60+ seconds

• What is the image at first glance?
• What are the objects and their counts?
• What does the text say?
•  What are the positions of the objects?
• What subtle details are noticeable?
• What is in the background?
• What is the style and color?

• Final high-quality image caption then created by prompting a language-only LLM to summarize the raw 
transcript(s), removing spoken artifacts and normalizing style 

Deitke et al. “Molmo and PixMo: Open Weights and Open Data for State-of-the-Art Vision-Language Model.” 2024.



PixMo-Cap

Deitke et al. “Molmo and PixMo: Open Weights and Open Data for State-of-the-Art Vision-Language Model.” 2024.

This photograph, taken from a first-person perspective using a head-mounted 
camera, captures someone laying on a cream-colored couch covered with a gray 
blanket, reading a white book. Their right hand holds the book open with their 
thumb, while their left hand is curled around the spine. The person has bare arms 
and a light complexion. The scene is set in a spacious room with very tall ceilings 
that reach at least two stories high. The walls have a gradient, with the top portion 
a darker white and the bottom a brighter white. To the left, a large window with 
dark frames allows a soft blue light to filter in, illuminating the room. There are 
cream-colored window shades with a sheer white centerpiece hanging on the 
bottom half. Straight ahead, another large window is situated behind the couch. 
On the right side of the image, a brown couch cushion is visible. In front of the 
couch, a round coffee table adorned with a red tablecloth or centerpiece cloth, 
holds two potted plants – one with white roses and another with greenery. 
Additionally, there is a silver indoor clothes hanger with black shorts draped over 
it. The room is bathed in daylight, creating a welcoming and relaxed atmosphere.



PixMo-Cap

Deitke et al. “Molmo and PixMo: Open Weights and Open Data for State-of-the-Art Vision-Language Model.” 2024.

This detailed close-up image showcases a USPS receipt 
prominently positioned against what appears to be a white and 
beige marble countertop. The background on either side of the 
receipt features a gray and white pattern, adding a contrasting 
frame to the document. The receipt itself is printed in black 
ink and starts with the sentence: "We offer all the services you 
need to keep your business going." Directly below this 
statement is a partially visible barcode followed by a series of 
numbers: "001 00008 (022) Priority Mail." The receipt also 
features a long tracking number, "9405510200973700889896," 
which is circled in pen. The financial details indicate a total 
cost of "$10.45," which is consistently listed as the subtotal, 
total, and the amount charged to a Visa card. The receipt 
displays the last four digits of the account number as "4929" 
and includes an APPR code. The document appears to have 
been signed, marking the transaction as complete. This 
comprehensive receipt captures the essential details of a USPS 
transaction for sending a package.



Detection of AI-Generated 
Content



Copyright & AI generations


