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Motivation: Vision-Language Models

Yang et al., MM-ReAct MM-ReAct: Prompting ChatGPT for Multimodal Reasoning and Action 



History and Evolution of Multi-Modal AI

2012
AlexNet

2017
Transformer

2020
GPT-3

2021
CLIP

DALL·E

2022
Flamingo
StableDiff

2023
GPT-4V
LLaVA

2024+
Gemini/Claude
Qwen-VL(1-3)

InternVL
…

← Vision-only era      Vision+Language fusion      Large Multi-Modal Models →



4

C
o

n
v
o

lu
ti
o
n

 L
a

y
e

r 
+

 N
o

n
-L

in
e

a
ri

ty
 

P
o
o
lin

g
 L

a
y
e

r 
C

o
n
v
o

lu
ti
o

n
 L

a
y
e

r 
+

 N
o
n
-L

in
e
a

ri
ty

 
P

o
o

lin
g
 L

a
y
e

r 
F

u
lly

-C
o
n
n

e
c
te

d
 M

L
P

 

4
0
9

6
-d

im
 

Im
a

g
e
 E

m
b

e
d
d
in

g
 (

V
G

G
N

e
t)

 

Li
n

ea
r

<start> Two people and two horses.
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The Early Days: Neural Image Captioning

• Features:

• Pre-trained 

visual encoder 

(vector)

• Linear projection 

layer to map to 

“captionable” 

space

• Vector serves as 

initial input to 

RNN



Unimodal Models Recap

Language Models

▸ Transformer-based auto-regressive LLMs

▸ BERT (masked language modeling)

▸ GPT series (causal language models)

▸ Input: tokenized text sequences

▸ Strong: reasoning, generation, QA

▸ Weak: cannot perceive visual input

Vision Models

▸ CNNs: local feature extraction (ResNet)

▸ ViT: image split into 16×16 patches

▸ DINO, MAE: self-supervised vision

▸ Input: pixel grids → patch embeddings

▸ Strong: object recognition, detection

▸ Weak: lack semantic language grounding



VLMs: Considerations

?
How should we encode 
this (representations?)?

How will they be 
learned?



VLMs: Considerations

What should the 
interface be?

?

Language Model

Features Space 
(Encoder)

Decoder

How/what should we train?

Using what data?

What tasks can we do?



Image Representations
Slide by Vicente Ordóñez 

Potential ways of representing an image?

• Image encoder

• Any architecture: ResNet, Vision transformer 

(ViT)

• Randomly initialized, SL/SSL pre-trained

• DINOv1-3, MAE, etc.



Architecture Overview: Taxonomy

▸ Dual-encoder: separate encoders, shared embedding space (CLIP)

→  Trained with contrastive loss; no generation capability by itself

▸ Encoder-decoder: encoder processes image, decoder generates text (Flamingo, CogVLM)

→  More parameter-efficient cross-modal interaction via cross-attention layers

▸ Decoder-only: image tokens prepended to text tokens in single LLM (LLaVA, GPT-4V)

→  Simplest approach; leverages full LLM capability; most common in 2023–2024

Key design choice: freeze vs. fine-tune the vision encoder

→  Frozen ViT: faster alignment, less forgetting; trained ViT: more flexible



Early Fusion vs. Late Fusion

Early Fusion

▸ Merge inputs at the token level

▸ Joint attention from layer 1

▸ Higher cross-modal information flow

▸ Expensive: O((Ntext + Nimg)²)

▸ Best for fine-grained grounding

▸ Example: Unified-IO, PaLI

Late Fusion

▸ Encode each modality separately

▸ Merge at final representation layer

▸ Lower computational cost

▸ Modular — swap encoders easily

▸ Best for retrieval, classification

▸ Example: CLIP, AudioCLIP



CLIP: Learning More Aligned Represenations

Radford et al., Learning Transferable Visual Models From Natural Language Supervision

Single image
Encoder 
(ResNet, ViT)

Downside? Coarse-grained. 
Has to represent 
(somewhere) notion of 
objects, relationships, 
locations, etc.)

Method of alignment: Contrastive Learning
Data: 400M image-text pairs



Open-Vocabulary Detection

Minderer et al., Simple Open-Vocabulary Object Detection with Vision Transformers
Minderer et al., Scaling Open-Vocabulary Object Detection



VLMs: Considerations

What should the 
interface be?

?

Language Model

Features Space 
(Encoder)

Decoder

How/what should we train?

Using what data?

What tasks can we do?



Embedding Space Alignment

▸ Goal: map visual / audio features into the LLM's token embedding space

→  Spatial structure vs. token sequence — must bridge dimensionality and distribution

▸ Linear Projector (MLP): simple 1–2 layer MLP; used in LLaVA

→  Fast, effective for high-res; maps ViT features → LLM hidden dim

▸ Q-Former (BLIP-2): learnable query tokens attend to frozen image encoder

→  32–64 fixed queries collapse variable-length features into fixed-size representation

▸ Perceiver Resampler (Flamingo): cross-attention from N latents to image features

→  Key advantage: variable resolution images → fixed latent budget

▸ LLM-side adapters: lightweight LoRA layers in LLM learn to interpret visual tokens

→  Reduces catastrophic forgetting of language knowledge during vision alignment

▸ Joint training objective: align visual features with corresponding text descriptions

→  Image captioning loss, contrastive loss, or both during alignment pretraining



Flamingo
Slide by Chunyuan Li



• Model structure - Supporting both images and videos 

Maps a variable size grid of visual features from the Vision 

Encoder to a fixed number of output token (5 in the figure.)

• Using pre-trained ResNet to get visual features Xf

• Compress the encode image into R tokens

• Core of this module : Attention .

– Query: the learned latent token X

– Key=Value: the concatenation of  Xf, and the 

learned latent token X

– Better performance by concatenating keys 

and values obtained from latent

• If the input is video

–  Xf will add time embeddings

Flamingo VLM

pseudo code

fixed #

Slide by Azade Farshad and Mei Sun



• Model structure - The interaction with image/video and text

A Gated Cross attention mechanism is proposed to fuse images and text.
Slide by Azade Farshad and Mei Sun

Flamingo VLM



Flamingo VLM
• Model structure - Obtaining multimodal dataset to induce good generalist capabilities

• M3W: Scrapping 43 million webpages from the Internet

• Training on a mixture of vision and language datasets 

– M3W(185M images+ 182G text)

– ALIGN(1.8B images with alt-text)

– LTIP (312M images/text) 

–  VTP(27M short video/text)

Slide by Azade Farshad and Mei Sun



• Result: Overview of the results of the Flamingo models

• Larger model sizes and more 

few-shot examples lead to 

better performance

•  Performance of Flamingo model using different numbers of shots and of different 

sizes,(without fine-tuned) in comparison with SoTA fine-tuned baseline.
Slide by Azade Farshad and Mei Sun

Flamingo VLM



Flamingo In-Context
Slide by Vicente Ordóñez 



BLIP

Li et al., BLIP: Bootstrapping Language-Image Pre-training for Unified Vision-Language Understanding and Generation



BLIP-2
Slide by Chunyuan Li



BLIP-2

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



Visual Question Answering Examples

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



GPT4-V Gap
Slide by Chunyuan Li



In Language: Various NLP Task Datasets
Slide by Chunyuan Li



In Language: Instruction Tuning
Slide by Chunyuan Li



Getting the Data: Self-Instruct Tuning
Slide by Chunyuan Li



Getting the Data – Language Examples
Slide by Chunyuan Li



Getting the Data - Multimodal
Slide by Chunyuan Li



Data – Using Captions

Downside?

Slide by Chunyuan Li



Data – Response Generation
Slide by Chunyuan Li



Architecture
Slide by Chunyuan Li



Results
Slide by Chunyuan Li



Results - Science
Slide by Chunyuan Li



State of Art
Slide by Chunyuan Li

A number of aspects improved over time:
• Scale (of course)
• Multi-state training 

• pre-training, multi-modal alignment, SFT/Instruction Tuning, RLHF, Post-
Training/Reasoning

• Diversity of data
• Some architectural (hard to tell what matters, no ablations):

• Multi-resolution
• Long context
• Temporal position embeddings
• Synthetic data

• Huge diversity of evaluation benchmarks across many tasks
 



Qwen-VL Training
Slide by Chunyuan Li

Qwen-VL: A Versatile Vision-Language Model for Understanding, Localization, Text Reading, and Beyond



Qwen-VL Training
Slide by Chunyuan Li

Qwen2-VL: Enhancing Vision-Language Model's Perception of the World at Any Resolution



State of Art
Slide by Chunyuan Li

https://github.com/QwenLM/Qwen3-VL?tab=readme-ov-file



• Key Enhancements:
• Visual Agent: Operates PC/mobile GUIs—recognizes elements, understands functions, invokes tools, 

completes tasks.
• Visual Coding Boost: Generates Draw.io/HTML/CSS/JS from images/videos.
• Advanced Spatial Perception: Judges object positions, viewpoints, and occlusions; provides stronger 

2D grounding and enables 3D grounding for spatial reasoning and embodied AI.
• Long Context & Video Understanding: Native 256K context, expandable to 1M; handles books and 

hours-long video with full recall and second-level indexing.
• Enhanced Multimodal Reasoning: Excels in STEM/Math—causal analysis and logical, evidence-based 

answers.
• Upgraded Visual Recognition: Broader, higher-quality pretraining is able to “recognize everything”—

celebrities, anime, products, landmarks, flora/fauna, etc.
• Expanded OCR: Supports 32 languages (up from 10); robust in low light, blur, and tilt; better with 

rare/ancient characters and jargon; improved long-document structure parsing.
• Text Understanding on par with pure LLMs: Seamless text–vision fusion for lossless, unified 

comprehension.

https://github.com/QwenLM/Qwen3-VL?tab=readme-ov-file



Evaluation
Slide by Chunyuan Li

https://github.com/QwenLM/Qwen3-VL?tab=readme-ov-file



• Simplify design, scale data and training

• From captioning → reasoning + action

• From static images → long-context multimodal streams

• From human data → synthetic, model-generated

• From SFT-only → full RL-style optimization pipelines

• Some unified auto-regressive + diffusion but early 



Hallucination in Multi-Modal Models

▸ Hallucination: model generates plausible-sounding but incorrect visual claims

→  More dangerous than text hallucination: used in medical / legal / safety settings

▸ Object hallucination: inventing objects not present in image

→  'I see a dog, cat, and elephant' — image has only dog and cat

▸ Attribute hallucination: correct object, wrong color/size/position

→  'The red car' when car is clearly blue — visual encoder not attended properly

▸ Causes: over-reliance on language priors; insufficient visual grounding

→  Language model learned 'people in kitchens usually have knives' → hallucinates

▸ Mitigation: RLHF, DPO on factual preference data; contrastive decoding

→  Contrastive decoding: penalize tokens that increase when visual context removed

▸ Evaluation: CHAIR (caption hallucination), HallusionBench, POPE

→  POPE: 3K binary yes/no questions about object presence; adversarial negatives



Open Problems and Research Directions

▸ Compositionality: VLMs fail at 'red cube left of blue sphere above green cylinder'

→  WinoGround benchmark: 72% chance accuracy; models struggle with spatial composition

▸ Long visual context: processing hour-long videos or 1000-page documents efficiently

→  KV cache compression, token merging (ToMe), hierarchical encoders

▸ Efficient architectures: reduce quadratic attention cost for long multi-modal inputs

→  Linear attention, state space models (Mamba) for visual sequence modeling

▸ Multi-modal reasoning chains: Chain-of-Thought for visual arithmetic and geometry

→  ScienceQA + CoT: 'Step 1: identify the triangle. Step 2: apply Pythagoras...'

▸ Grounded generation: produce images/audio consistent with textual specifications

→  Stable Diffusion / DALL-E 3 with enhanced text-image alignment

▸ Safety and alignment: preventing misuse in deepfakes, misinformation, surveillance

→  C2PA watermarking, model fingerprinting, usage policies



Summary

Vision+Language (and multi-modal) are hot!

Why? 

Align various interface modalities

Leverage more data (all modalities)

Physical world inherently multi-modal

Large number of design choices!

Vision encoding? 

Method of alignment?

Method of fusion? 

Grounding?

Tasks:

Image  language

Visual question answering

+ Interaction 

Embodied AI

Resources: 
https://www.youtube.com/@VLPTutorial 

https://www.youtube.com/@VLPTutorial
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