
Machine Learning Applications

CS 8803-VLM
ZSOLT KIRA

Topics:

• Vision Transformers

• Intro to VLMs

Many slides by Justin Johnson



• This week:

• VLM background (lectures)

• No reviews due this week

• Papers will be out today (sorry!)

• Signup will be due this week

• Please sign up for first ones!

• Attendance sheet being passed around 



Attention Layer

Inputs: 

Query vectors: Q (Shape: NQ x DQ)

Input vectors: X (Shape: NX x DX)

Key matrix: WK (Shape: DX x DQ)

Value matrix: WV (Shape: DX x DV)

Computation:

Key vectors: K = XWK  (Shape: NX x DQ)

Value vectors: V = XWV (Shape: NX x DV)

Similarities: E = QKT (Shape: NQ x NX) Ei,j = Qi · Kj / sqrt(DQ)

Attention weights: A = softmax(E, dim=1)  (Shape: NQ x NX)

Output vectors: Y = AV (Shape: NQ x DV) Yi = ∑jAi,jVj
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Self-Attention Layer

Inputs: 

Input vectors: X (Shape: NX x DX)

Key matrix: WK (Shape: DX x DQ)

Value matrix: WV (Shape: DX x DV)

Query matrix: WQ (Shape: DX x DQ)

Computation:

Query vectors: Q = XWQ

Key vectors: K = XWK  (Shape: NX x DQ)

Value vectors: V = XWV (Shape: NX x DV)

Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ)

Attention weights: A = softmax(E, dim=1)  (Shape: NX x NX)

Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

One query per input vector

Slide credit: Justin Johnson



Masked Self-Attention Layer

Don’t let vectors “look 

ahead” in the sequence

Used for language 

modeling (predict next 

word)
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[START] Big cat

Big cat [END]

Inputs: 

Input vectors: X (Shape: NX x DX)

Key matrix: WK (Shape: DX x DQ)

Value matrix: WV (Shape: DX x DV)

Query matrix: WQ (Shape: DX x DQ)

Computation:

Query vectors: Q = XWQ

Key vectors: K = XWK  (Shape: NX x DQ)

Value vectors: V = XWV (Shape: NX x DV)

Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ)

Attention weights: A = softmax(E, dim=1)  (Shape: NX x NX)

Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Slide credit: Justin Johnson



Multihead Self-Attention Layer
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Split

Concat

Use H independent 

“Attention Heads” in 

parallel

Inputs: 

Input vectors: X (Shape: NX x DX)

Key matrix: WK (Shape: DX x DQ)

Value matrix: WV (Shape: DX x DV)

Query matrix: WQ (Shape: DX x DQ)

Computation:

Query vectors: Q = XWQ

Key vectors: K = XWK  (Shape: NX x DQ)

Value vectors: V = XWV (Shape: NX x DV)

Similarities: E = QKT (Shape: NX x NX) Ei,j = Qi · Kj / sqrt(DQ)

Attention weights: A = softmax(E, dim=1)  (Shape: NX x NX)

Output vectors: Y = AV (Shape: NX x DV) Yi = ∑jAi,jVj

Slide credit: Justin Johnson



Three Ways of Processing Sequences
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Recurrent Neural Network 1D Convolution Self-Attention

Works on Ordered Sequences

(+) Good at long sequences: 

After one RNN layer, hT ”sees” 

the whole sequence

(-) Not parallelizable: need to 

compute hidden states 

sequentially

Works on Multidimensional 

Grids

(-) Bad at long sequences: Need 

to stack many conv layers for 

outputs to “see” the whole 

sequence

(+) Highly parallel: Each output 

can be computed in parallel

Works on Sets of Vectors

(+) Good at long sequences: 

after one self-attention layer, 

each output “sees” all inputs!

(+) Highly parallel: Each output 

can be computed in parallel

(-) Very memory intensive

x1 x2 x3 x4x1 x2 x3 x4

Slide credit: Justin Johnson



The Transformer

Vaswani et al, “Attention is all you need”, NeurIPS 2017

x1 x2 x3 x4

Slide credit: Justin Johnson



The Transformer

Vaswani et al, “Attention is all you need”, NeurIPS 2017

Self-Attention

x1 x2 x3 x4

All vectors interact 

with each other

Slide credit: Justin Johnson



The Transformer

Vaswani et al, “Attention is all you need”, NeurIPS 2017

Self-Attention

MLP MLP MLP MLP

All vectors interact 

with each other

MLP independently 

on each vector

(weight shared!)

x1 x2 x3 x4

Slide credit: Justin Johnson

y1 y2 y3 y4



The Transformer

Vaswani et al, “Attention is all you need”, NeurIPS 2017

Self-Attention

MLP MLP MLP MLP

All vectors interact 

with each other

MLP independently 

on each vector

x1 x2 x3 x4

Slide credit: Justin Johnson

y1 y2 y3 y4

+Residual connection



The Transformer

Vaswani et al, “Attention is all you need”, NeurIPS 2017

Self-Attention

Layer Normalization

+

x1 x2 x3 x4

All vectors interact 

with each other

Residual connection

Recall Layer Normalization:

Given h1, …, hN     (Shape: D)

scale: 𝛾                  (Shape: D)

shift: 𝛽                   (Shape: D)

𝜇i = (1/D)∑j hi,j          (scalar)

𝜎i = (∑j (hi,j - 𝜇i)
2)1/2  (scalar)

zi = (hi - 𝜇i) / 𝜎i 

yi = 𝛾 * zi + 𝛽

Ba et al, 2016

Slide credit: Justin Johnson

MLP independently 

on each vector

y1 y2 y3 y4

MLP MLP MLP MLP



The Transformer

Vaswani et al, “Attention is all you need”, NeurIPS 2017

Self-Attention

Layer Normalization

+

MLP MLP MLP MLP

x1 x2 x3 x4

All vectors interact 

with each other

Residual connection

MLP independently 

on each vector

Slide credit: Justin Johnson

y1 y2 y3 y4



The Transformer

Vaswani et al, “Attention is all you need”, NeurIPS 2017

Self-Attention

Layer Normalization

+

MLP MLP MLP MLP

+

Layer Normalization

y1 y2 y3 y4

All vectors interact 

with each other

Residual connection

MLP independently 

on each vector

Residual connection

x1 x2 x3 x4

Slide credit: Justin Johnson



The Transformer

Vaswani et al, “Attention is all you need”, NeurIPS 2017

Self-Attention

Layer Normalization

+

MLP MLP MLP MLP

+

Layer Normalization

y1 y2 y3 y4

Transformer Block:

Input: Set of vectors x

Output: Set of vectors y

Self-attention is the only 

interaction between vectors!

Layer norm and MLP work 

independently per vector

Highly scalable, highly 

parallelizable

x1 x2 x3 x4

Slide credit: Justin Johnson



The Transformer

Vaswani et al, “Attention is all you need”, NeurIPS 2017

Self-Attention

Layer	Normalization

+

MLP MLP MLP MLP

+

Layer	Normalization

Self-Attention

Layer	Normalization

+

MLP MLP MLP MLP

+

Layer	Normalization

Self-Attention

Layer	Normalization

+

MLP MLP MLP MLP

+

Layer	Normalization

A Transformer is a 

sequence of transformer 

blocks

Transformer Block:

Input: Set of vectors x

Output: Set of vectors y

Self-attention is the only 

interaction between vectors!

Layer norm and MLP work 

independently per vector

Highly scalable, highly 

parallelizable

Slide credit: Justin Johnson



Encoder-Decoder

The Transformer

Vaswani et al, “Attention is all you need”, NeurIPS 2017

Details: 

• Tokenization is messy! 

Trained chunking 

mechanism

• Position encoding

• sin/cos: Normalized, 

nearby tokens have 

similar values, etc.

• Added to input 

embedding

• When to use decoder-

only versus encoder-

decoder model is open 

problem

• GPT is decoder only! 



Recap and Intro

⬣ Language models estimate the probability of sequences of words:

⬣ Another task: Masked language modeling is a related pre-training 

task – an auxiliary task, different from the final task we’re really interested 

in, but which can help us achieve better performance by finding good 

initial parameters for the model.

⬣ By pre-training on masked language modeling before training on our final 

task, it is usually possible to obtain higher performance than by simply 

training on the final task.



Masked Language Models



Masked Language Models



Masked Language Models



Masked Language Models



Masked Language Models



Token-level Tasks



Token-level Tasks



Sentence-level Tasks



Sentence-level Tasks



Training Stages

1. Pre-training

2. Instruction Tuning

3. Alignment Tuning

4. Post-Training

Yin et al., A Survey on Multimodal Large Language Models

• Collect examples of (instruction, output) pairs across many tasks and finetune an LM

[FLAN-T5; Chung et al., 2022]

• Evaluate on unseen tasks



Pre-training
• Goal: Align modalities & learn 

multimodal knowledge

– Data: Large-scale image-text pairs

• Example datasets

– CC3M, LAION-5B, COYO-700M

– Trend: GPT-4V for high-quality fine-
grained data

Yin et al., A Survey on Multimodal Large Language Models



Instruction Tuning

• Goal: Teach models to follow 
multimodal instructions
– Data collection methods:
    1. Adapting existing datasets
    2. Self-instruction: LLM expands 
instructions
    3. Mixing language-only and multimodal 
data
– LLaVA-instruct: Bounding boxes/caption 

-> GPT4 -> more data

• Data quality is important!

Yin et al., A Survey on Multimodal Large Language Models



Alignment Tuning

• Goal: Align outputs with 
human preferences

– Techniques:

– RLHF (Reinforcement 
Learning with Human 
Feedback)

– DPO (Direct Preference 
Optimization)

– Key papers: LLaVA-RLHF, 
RLHF-V, Silkie (uses GPT4-V)

Yin et al., A Survey on Multimodal Large Language Models

[Ouyang et al., 2022]



Slide credit: Justin Johnson



Can Attention/Transformers be used 

from more than text processing?



ViLBERT: A Visolinguistic Transformer

blue sofa in the living 

room.

a worker helps to clear 

the debris.

pop artist performs at the 

festival in a city.

Image and captions from: Sharma, Piyush, et al. "Conceptual captions: A cleaned, 

hypernymed, image alt-text dataset for automatic image captioning." ACL. 2018.



RPN

CNN
RoI 

Pool

Faster R-CNN

Vision Language

Multimodal Transformer

ViLBERT: A Visolinguistic Transformer

Lu et al "Vilbert: Pretraining task-agnostic visiolinguistic representations for vision-and-language tasks." NeurIPS. 2019.

Ren et al. "Faster r-cnn: Towards real-time object detection with region proposal networks." NeurIPS. 2015.

blue sofa in the living 

room.



What About Vision with just Self-Attention? 

What about for just image inputs? Without Convolution?

Slide progression inspired by Soheil Feizi



Slide credit: Justin Johnson
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Introduction to Vision-Language Models



?
Pre-Trained
Language 

Model

Pre-Trained
Vision Model



https://openai.com/index/clip/

Learning Transferable Visual Models From Natural Language Supervision
Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, 
Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack 
Clark, Gretchen Krueger, Ilya Sutskever

https://arxiv.org/search/cs?searchtype=author&query=Radford,+A
https://arxiv.org/search/cs?searchtype=author&query=Kim,+J+W
https://arxiv.org/search/cs?searchtype=author&query=Hallacy,+C
https://arxiv.org/search/cs?searchtype=author&query=Ramesh,+A
https://arxiv.org/search/cs?searchtype=author&query=Goh,+G
https://arxiv.org/search/cs?searchtype=author&query=Agarwal,+S
https://arxiv.org/search/cs?searchtype=author&query=Agarwal,+S
https://arxiv.org/search/cs?searchtype=author&query=Sastry,+G
https://arxiv.org/search/cs?searchtype=author&query=Askell,+A
https://arxiv.org/search/cs?searchtype=author&query=Mishkin,+P
https://arxiv.org/search/cs?searchtype=author&query=Clark,+J
https://arxiv.org/search/cs?searchtype=author&query=Clark,+J
https://arxiv.org/search/cs?searchtype=author&query=Krueger,+G
https://arxiv.org/search/cs?searchtype=author&query=Sutskever,+I
https://arxiv.org/search/cs?searchtype=author&query=Sutskever,+I


Slides by Gabriela Sanchez and Azeez Ishaqui
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Introduction 

• MLLMs: Combining LLMs with 
other modalities (e.g., vision)

– Key capabilities:

– Writing stories from images

– OCR-free math reasoning

– Decision-making

– Embodied/Robotics

– Rapid development since 2022

Yin et al., A Survey on Multimodal Large Language Models

GPT4-V Demo
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