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● Image + text inputs → text outputs
○ Much more general than text-only LMs

● Early on (2014 - 2020): Finetune on 
paired image-text datasets for specific 
tasks

● More recently: Map a strong vision 
model to an LLM

○ Use prompting rather than finetuning
○ Leverage the abilities of pretrained LLMs

Vision-Language Models (VLMs)
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Multimodal Few-Shot Learning with Frozen Language Models (Tsimpoukelli et al., 2021)

https://arxiv.org/abs/2106.13884


Image-to-Text Tasks
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VQA: Visual Question Answering

Show and Tell: A Neural Image Caption Generator (Vinyals et al., 2014)
VQA: Visual Question Answering (Agrawal et al., 2016)

Image Captioning

https://arxiv.org/abs/1411.4555
https://arxiv.org/abs/1505.00468


Image-to-Text Tasks
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TextVQA

Visual Dialog (Das et al., 2017)
Towards VQA Models That Can Read (Singh et al., 2019)

Visual Dialogue

https://arxiv.org/abs/1611.08669
https://arxiv.org/abs/1904.08920


A: butternut 
squash red 
pepper soup

Image-to-Text Applications: Image Identification

7VizWiz (VizWiz VQA)

Q: Please 
can you tell 
me what 
this item is?

V
LM

https://vizwiz.org/tasks-and-datasets/vqa/


Image-to-Text Applications: Sketch-to-Website

8GPT-4 Demo (twitter.com)

V
LM

https://twitter.com/thekitze/status/1635737773964492817


$\zeta(s) = 
\prod_{p \text{ 
prime}} 
\frac{1}{1-p^{-s}} 
= 
\frac{1}{1-2^{-s}} 
\cdot 
\frac{1}{1-3^{-s}} 
\cdot 
\frac{1}{1-5^{-s}} 
\cdot 
\frac{1}{1-7^{-s}} 
\cdots$

Image-to-Text Applications: Image-to-LaTeX
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Can you 
write this in 
LaTeX?

V
LM



Image-to-Text Applications: Image-to-LaTeX

10Claude (claude.ai)

http://claude.ai


How do you train VLMs?
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● Image + text inputs → text outputs
○ Very general!

● Early on (2014 - 2020): Finetune on 
paired image-text datasets to target 
specific tasks (e.g., VQA)

● More recently: Staple a pretrained 
vision model to a pretrained LLM

Training Multimodal LMs
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Multimodal Few-Shot Learning with Frozen Language Models (Tsimpoukelli et al., 2021)

https://arxiv.org/abs/2106.13884


Chain of Thought Prompting Elicits Reasoning in Large Language Models (Wei et al., 2022)
Large Language Models are Zero-Shot Reasoners (Kojima et al., 2022)
ChatGPT (OpenAI, 2022)
Copilot (GitHub, 2021)
Bing (Microsoft, 2023)

LLMs are impressive general models
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https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2205.11916
http://chat.openai.com
https://github.com/features/copilot
https://www.bing.com
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Resource Intensive

https://arxiv.org/abs/2201.11903
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Resource IntensiveText → Text

https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2205.11916
http://chat.openai.com
https://github.com/features/copilot
https://www.bing.com


Low-Rank Adaptation (LoRA): Injects trainable rank 
decomposition matrices into each Transformer layer 
of a pretrained model.

Prefix-Tuning: Optimizing Continuous Prompts for Generation (Li and Liang, 2021)
The Power of Scale for Parameter-Efficient Prompt Tuning (Lester et al., 2021)
LoRA: Low-Rank Adaptation of Large Language Models (Hu et al., 2021)

Prefix Tuning: Learns a prefix embedding (for each layer) 
to adapt to new tasks. ~99.9% of the model kept frozen.

Parameter Efficient Adaptation

Prompt Tuning: Similar idea to prefix-tuning, but 
learns just a single prefix for input embeddings.

https://arxiv.org/abs/2101.00190
https://aclanthology.org/2021.emnlp-main.243/
https://arxiv.org/abs/2106.09685


Multimodal Few-Shot Learning with Frozen Language Models (Tsimpoukelli et al., 2021)

Frozen:
● Prefix tuning for adapting LLMs to 

image captioning.
● ~95% of the model kept frozen. 
● Capable of compelling few-shot 

multi-modal reasoning.

Multimodal LMs: Frozen (2021)
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https://arxiv.org/abs/2106.13884


Multimodal Few-Shot Learning with Frozen Language Models (Tsimpoukelli et al., 2021)

Multimodal LMs: Frozen (2021)
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https://arxiv.org/abs/2106.13884


silhouette 
of a plane 
against 
the sunset

Image #1 Caption #1
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Frozen model LossMapping

Grounding Language Models to Images for Multimodal Inputs and Outputs (Koh et al., 2023)

https://arxiv.org/abs/2301.13823


Visual 
Encoder

silhouette 
of a plane 
against 
the sunset

Tokenizer

<img1> silhouette of ...a sunset

Input Embeddings
(seq_len, 4096)

Image #1 Caption #1

20

Frozen model LossMapping

Grounding Language Models to Images for Multimodal Inputs and Outputs (Koh et al., 2023)

https://arxiv.org/abs/2301.13823
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Frozen model LossMapping
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Frozen model LossMapping

Grounding Language Models to Images for Multimodal Inputs and Outputs (Koh et al., 2023)
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Frozen model LossMapping

Grounding Language Models to Images for Multimodal Inputs and Outputs (Koh et al., 2023)

Image 
features

Next 
Token

Learnt 
Mapping

Previous 
Tokens

LM 
Weights

Image x

Caption y

https://arxiv.org/abs/2301.13823


Why does this work?

Linearly Mapping from Image to Text Space (Merullo et al., 2022)

Merullo et al. showed that pretrained text-only LMs and 
pretrained visual encoders produce functionally equivalent 
representations up to a linear mapping.

24

https://arxiv.org/abs/2209.15162


Flamingo: a Visual Language Model for Few-Shot Learning (Alayrac et al., 2022)
25

Flamingo: Finetunes new cross-attention layers 
on top of a 70B LLM. Achieves SOTA on many 
multi-modal tasks.

Multimodal LMs: Flamingo (2022)

Introduced cross-attention layers between existing frozen LLM layers. 
Purple blocks are finetuned, blue blocks are kept frozen.

https://arxiv.org/abs/2204.14198


Flamingo: a Visual Language Model for Few-Shot Learning (Alayrac et al., 2022)
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Flamingo: Finetunes new cross-attention layers 
on top of a 70B LLM. Achieves SOTA on many 
multi-modal tasks.

Multimodal LMs: Flamingo (2022)

https://arxiv.org/abs/2204.14198


Flamingo: a Visual Language Model for Few-Shot Learning (Alayrac et al., 2022)
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Multimodal LMs: Flamingo (2022)

https://arxiv.org/abs/2204.14198


Flamingo: a Visual Language Model for Few-Shot Learning (Alayrac et al., 2022)
28

Multimodal LMs: Flamingo (2022)

https://arxiv.org/abs/2204.14198


Data: Flamingo (2022)
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Image-Text Pairs:
1.8B pairs with short captions (~12 tokens each)
312M pairs with long descriptions (~20.5 tokens each)

Video-Text Pairs:
27M short videos

M3W: 
43M webpages (for each page, sample 256 tokens, take first 5 images)

Flamingo: a Visual Language Model for Few-Shot Learning (Alayrac et al., 2022)

https://arxiv.org/abs/2204.14198


BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models (Li et al., 2023)

BLIP-2: Trains a Q-Former (essentially a transformer with learnt queries) to 
map between a frozen image encoder and a frozen LLM. Achieves strong 
performance on image captioning, VQA, and other image-to-text tasks.

30

Multimodal LMs: BLIP-2 (2023)

https://arxiv.org/abs/2301.12597


BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models (Li et al., 2023)
31

Multimodal LMs: BLIP-2 (2023)

https://arxiv.org/abs/2301.12597


LLaVA: Finetunes a linear layer (W) over a frozen vision encoder and a frozen LLM. 
Showcases strong performance by finetuning on paired data of images and text instructions 
(some GPT-4 generated).

Visual Instruction Tuning (Liu et al., 2023)
32

Multimodal LMs: LLaVA (2023)

https://llava-vl.github.io/


Ferret: Hybrid input representations, enabling fine-grained grounding and referencing.

An End-to-End MLLM that Accept Any-Form Referring and Ground Anything in Response (You et al., 2023)
33

Multimodal LMs: Ferret (2023)

https://arxiv.org/abs/2310.07704


Multimodal LMs: MM1 (2024)

34

MM1: ViT-L image encoder + C-Abstractor (CNN) mapper + 1.2B decoder-only LM

MM1: Methods, Analysis & Insights from Multimodal LLM Pre-training  (McKinzie et al., 2024)

https://arxiv.org/abs/2403.09611
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● Biggest impact on results:
○ Input image resolution has the highest impact to results (224px → 336px leads to +3% boost)
○ Model size (+1%) and training data composition (+1%) are also impactful

● Vision-Language Connector
○ Number of visual tokens and image resolution matters most
○ The particular architecture has little effect

● Pretraining Data
○ Interleaved data is instrumental for few-shot and text-only performance
○ Caption data lifts zero-shot performance
○ Text-only data helps with few-shot and text-only performance
○ Synthetic captions help with few-shot learning

MM1: Methods, Analysis & Insights from Multimodal LLM Pre-training  (McKinzie et al., 2024)

Multimodal LMs: MM1 (2024) Analysis

https://arxiv.org/abs/2403.09611


Multimodal LMs: Llama3V (2024)

36
The Llama 3 Herd of Models  (Llama Team, 2024)

https://arxiv.org/abs/2407.21783


● Images
○ Quality filtering, de-duplication
○ Resampling to prioritize rare n-grams
○ Run OCR pipelines and concat with original caption

● Documents
○ Transcribe documents and pair with the original caption

● Safety
○ Removed unsafe content

● Annealing
○ Created a small set of high quality 500M image-text pairs

■ Visual grounding (x, y), screenshot + html, QA pairs, synthetic captions, synthetic 
structured images (LaTeX)

37
MM1: Methods, Analysis & Insights from Multimodal LLM Pre-training  (McKinzie et al., 2024)

Multimodal LMs: Llama3V (2024) details

https://arxiv.org/abs/2403.09611


● Closed models: gpt-5, Gemini-3, Claude 4.6
○ The general public is not 100% sure what they do :)

● Open sourced models:
○ Qwen3.5
○ Qwen3-VL
○ Molmo 2
○ Kimi-K2.5 (Huge model! Requires multiple 8 GPU nodes to run)

38

Multimodal LMs: Others

https://huggingface.co/Qwen/Qwen3.5-35B-A3B
https://arxiv.org/abs/2511.21631
https://allenai.org/molmo
https://huggingface.co/moonshotai/Kimi-K2.5


Flamingo: a Visual Language Model for Few-Shot Learning (Alayrac et al., 2022)
39

Flamingo: Finetunes new cross-attention layers 
on top of a 70B LLM. Achieves SOTA on many 
multi-modal tasks.

Multimodal LMs: Flamingo (2022)

Image + Text → Text

https://arxiv.org/abs/2204.14198


Can we ground text-only LLMs to 
consume and produce visual data?

40



🧀 FROMAGe
Frozen Retrieval Over Multimodal Data for Autoregressive Generation
jykoh.com/fromage

41

http://jykoh.com/fromage


Concept composition. Our model is capable of retrieving relevant 
images conditioned on multi-modal context inputs.

🧀 FROMAGe
Frozen Retrieval Over Multimodal Data for Autoregressive Generation
jykoh.com/fromage

42

http://jykoh.com/fromage


Concept composition. Our model is capable of retrieving relevant 
images conditioned on multi-modal context inputs.

Multi-modal dialogue. Green 
bubbles represent model 
generated outputs, grey bubbles 
represent user input. 43

🧀 FROMAGe
Frozen Retrieval Over Multimodal Data for Autoregressive Generation
jykoh.com/fromage

http://jykoh.com/fromage
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Frozen model LossFC layer

Image Captioning



Generated Text
(next token prediction)

LLM

InfoNCE Loss

Frozen model Loss

Cross Entropy Loss

FC layer
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V
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Beavers Unique Houses How to Make Macarons



In-Context Learning and Other Abilities
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CM3: A Causal Masked Multimodal Model of the Internet (Aghajanyan et al., 2022)
48

Generating Multimodal Outputs: CM3 (2022)

Trained a language model 
over HTML content. 
Generalized image + text 
inputs and image + text 
outputs (everything is a 
token!)

https://arxiv.org/abs/2201.07520


Generating Images with Multimodal Language Models (Koh et al., 2023)
49

Generating Multimodal Outputs: GILL (2023)

Linear

I ...

Image-Text Inputs

Linear

Visual 
Encoder

How should I 
display these at 
the farmer's 
market?

Tokenizer

<img> How should ...

LLM

Image #1 Caption #1

[IMG1] .. [IMG{r}
]

Decision Model

ret
gen

GILLMapper

SD Image 
Decoder

Image 
Candidate

s

Similarity

Retrieved Image Generated Image

think

Model Output Embeddings

I

I think they look best when they are on a tray 
with a little bit of space between them. 

Final Model 
Outputs:

https://arxiv.org/abs/2305.17216


Chameleon: Mixed-Modal Early-Fusion Foundation Models (Chameleon Team, 2024)
50

Generating Multimodal Outputs: Chameleon (2024)

https://arxiv.org/abs/2405.09818


Scaling Autoregressive Models for Content-Rich Text-to-Image Generation (Yu et al., 2022)
51

Generating Multimodal Outputs: Parti (2022)

https://arxiv.org/abs/2206.10789


https://openai.com/index/introducing-4o-image-generation/
52

Generating Multimodal Outputs: gpt-4o (2025)

https://openai.com/index/introducing-4o-image-generation/


● Architecture:
○ Like Limber/Fromage/Llava
○ Encode the image with a CNN or ViT
○ Transforms it into the input space of the LLM

● Training:
● With enough data, you don’t need to pre-train the encoder
● Combination of natural data (from image/text webpages) and synthetic
● Prefer to use synthetic earlier in training and natural data later

How do frontier multimodal LLMs work? (rumors)

53
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Future Research: Incorporating More Modalities

High-Modality Multimodal Transformer: Quantifying Modality & Interaction Heterogeneity for High-Modality Representation Learning  (Liang et al., 2023)

https://arxiv.org/abs/2203.01311
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Future Research: Incorporating More Modalities

IMAGEBIND: One Embedding Space To Bind Them All  (Girdhar et al., 2023)

https://arxiv.org/abs/2305.05665


Future Research: Long Context Multimodal Models

56
The killer app of Gemini Pro 1.5 is video

G
em

ini

[
  {
    "title": "The Lord of the Rings",
    "author": "J.R.R. Tolkien"
  },
  {
    "title": "Structure and Interpretation of Computer Programs",
    "author": "Harold Abelson and Gerald Jay Sussman"
  },
  {
    "title": "Rework",
    "author": "Jason Fried and David Heinemeier Hansson"
  },
  {
    "title": "The Hacker Ethic and the Spirit of the Information 
Age",
    "author": "Pekka Himanen"
  },
  {
    "title": "The Google Story",
    "author": "David A. Vise"
  },
...
]

https://simonwillison.net/2024/Feb/21/gemini-pro-video/
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Future Research: Analysis on Architecture Design

MM1: Methods, Analysis & Insights from Multimodal LLM Pre-training  (McKinzie et al., 2024)

https://arxiv.org/abs/2403.09611
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Future Research: Multimodal Code Models

Unlocking the Conversion of Web Screenshots into HTML Code with the WebSight Dataset  (Laurençon et al., 2024)
Design2Code: How Far Are We From Automating Front-End Engineering? (Si et al., 2024)

https://arxiv.org/abs/2403.09029
https://arxiv.org/abs/2403.03163
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Future Research: Multimodal Agents

VisualWebArena: Evaluating Multimodal Agents on Realistic Visual Web Tasks (Koh et al., 2024)

https://arxiv.org/abs/2401.13649


https://docs.google.com/file/d/1Lded4Z1u353GC5w6Nymevna2znxcyBEm/preview


https://docs.google.com/file/d/1VcLme_yoH4_S-a4-BPwvpNfYHRX5N1Ey/preview
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● Blog post: Multimodality and Large Multimodal Models (LMMs)
● Courses: CMU 11-777: Multimodal Machine Learning

○ Lectures available on YouTube
○ Also check out 11-877: Advanced Topics in Multimodal Machine Learning

● Survey papers:
○ Foundations and Trends in Multimodal Machine Learning: Principles, Challenges, and Open 

Questions
○ A Survey on Multimodal Large Language Models
○ Multimodal Large Language Models: A Survey

Other Resources

https://huyenchip.com/2023/10/10/multimodal.html
https://cmu-mmml.github.io/spring2023/
https://www.youtube.com/channel/UCqlHIJTGYhiwQpNuPU5e2gg
https://cmu-multicomp-lab.github.io/adv-mmml-course/spring2022/
https://arxiv.org/abs/2209.03430
https://arxiv.org/abs/2209.03430
https://arxiv.org/abs/2306.13549
https://arxiv.org/abs/2311.13165


Thanks!
jykoh@cmu.edu
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