
Lecture 23: Large Scale Visio-Lingual Models (cont.)

Topics in AI (CPSC 532S): 
Multimodal Learning with Vision, Language and Sound



Today is our last lecture … 

… I hope you enjoyed the class!  

(Please do fill out evaluation reports on Canvas)



Logistics

— Assignment 3 & 4 grades (blank output) 

— Assignment 3 grade fixes (out of 100, not 135 — fixed) 

— Be careful of looking at Average Grade on Canvas  

— Assignment 5 is due today (can hand in by Friday) 

— Research Paper Presentations (all are in) 

— Reading Reviews (some 3 & 4 outstanding) 



Logistics

My todo’s 

— List of paper presentations  

— Grades for Paper Readings and Presentations 

— Grades for Assignment 5  

Your todo’s 

— Hand in Assignment 5 

— Hand in Paper Readings 3 & 4 (if you have not done this yet) 

— Final Project Presentations on Tuesday next week 12-3pm



Pre-training and Foundational Models 

Slide from Zhe Gan
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Slide from Zhe Gan

Recent History of Visio-Lingual Models 



— Masked Region Feature Regression (MRFR)
— Masked Region Classification (MRC)
— Masked Region Classification with KL-Divergence (MRC-kl)

UNITER: UNiversal Image-TExt Representation Learning

[ Chen et al. ECCV 2020 ]Slide from Zhe Gan



Downstream Task 1: Visual Question Answering

[ Antol et al., ICCV 2015 ]Slide from Zhe Gan



[ Xie et al., 2019 ]

Downstream Task 2: Visual Entailment

Slide from Zhe Gan



Downstream Task 2: Visual Entailment

Slide from Zhe Gan



Downstream Task 3: Natural Language for Visual Reasoning

[ Suhr et al., ACL 2019 ]Slide from Zhe Gan



Downstream Task 3: Natural Language for Visual Reasoning

Slide from Zhe Gan



[ Zellers et al., CVPR 2019 ]

Downstream Task 4: Visual Commonsense Reasoning

Slide from Zhe Gan



Downstream Task 4: Visual Commonsense Reasoning

Slide from Zhe Gan



Downstream Task 5: Referring Expression Comprehension (Grounding)

Slide from Zhe Gan
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Downstream Task 5: Referring Expression Comprehension (Grounding)



Downstream Task 6: Image-Text Retrieval

Slide from Zhe Gan
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Downstream Task 6: Image-Text Retrieval



Slide from Zhe Gan

Downstream Task 6: Image-Text Retrieval



VILLA: Vision-and-Language Large-scale Adversarial Training



Preliminary: Adversarial Attacks

Slide from Zhe Gan
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Preliminary: Adversarial Training



VILLA: Vision-and-Language Large-scale Adversarial Training

Slide from Zhe Gan
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Slide from Zhe Gan

VILLA: Vision-and-Language Large-scale Adversarial Training



Visual BERT (VilBERT)

[ Lu et al., 2019 ]



12-in-1: Multi-task Vision and Language Representation

[ Lu et al., 2020 ]



Slide from Zhe Gan

Recent History of Visio-Lingual Models 



Vision Transformer [ Dosovitskiy et al., 2020 ]



BEiT: BERT Pre-Training of Image Transformers 

[ Bao et al., 2022 ]



[ Peng et al., 2022 ]

BEiT-v2



BEiT-v3: Image as a Foreign Language

[ Wang et al., 2022 ]
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BEiT-v3: Image as a Foreign Language

[ Wang et al., 2022 ]



Lecture 23: Meta-learning

Topics in AI (CPSC 532S): 
Multimodal Learning with Vision, Language and Sound



Few-shot Learning
Given abundant training examples for the base classes, few-shot learning algorithms  

aim to learn to recognize novel classes with a limited amount of labeled examples
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Task: classify test (a.k.a. query) set images with 

“novel labels” (labels not present in base data but 
available in support set)

Given: limited novel-labelled Support Set 
with K images from each of N novel classes



Few-shot Learning
Given abundant training examples for the base classes, few-shot learning algorithms  

aim to learn to recognize novel classes with a limited amount of labeled examples

At test time: n-way k-shot tasks

2-way 4-shot

Task: classify test (a.k.a. query) set images with 
“novel labels” (labels not present in base data but 

available in support set)

Given: limited novel-labelled Support Set 
with K images from each of N novel classes
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Meta-Learning



Metric-Based Meta-Learning — Siamese Neural Nets

https://lilianweng.github.io/posts/2018-11-30-meta-learning/
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images belong to same class

[ Koch et al. 2015 ]

Metric-Based Meta-Learning — Siamese Neural Nets



https://lilianweng.github.io/posts/2018-11-30-meta-learning/
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Training Objective: do two 
images belong to same class

Inference: output the label of the most 
similar support image (i.e., nearest neighbor)
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[ Koch et al. 2015 ]

Siamese Neural Nets
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Siamese Neural Nets Inference: output the label of the most 
similar support image (i.e., nearest neighbor)
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ĉS(x) = c(argmax
xi2S

P (x,xi))



Metric-Based Meta-Learning — Relation Networks
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L(B) =
X

(xi,xj ,yi,yj)2B

(rij � 1yi=yj )
2

[ Sung et al. 2018 ]https://lilianweng.github.io/posts/2018-11-30-meta-learning/

Training Objective:



Metric-Based Meta-Learning — Marching Networks

https://lilianweng.github.io/posts/2018-11-30-meta-learning/ [ Vinyals et al.. 2016 ]
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Metric-Based Meta-Learning — Marching Networks

https://lilianweng.github.io/posts/2018-11-30-meta-learning/ [ Vinyals et al.. 2016 ]
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cS(x) = P (y|x, S) =
kX

i=1

a(x,xi)yi, where S = {(xi, yi)}ki=1
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a(x,xi) =
exp(cosine(f(x), g(xi))Pk
j=1 exp(cosine(f(x), g(xj))

Inference: output the label distribution is simply sum of labels from support set, weighted by similarity/relevance



Key    = features of support set images 
Value  = labels of support set images 
Query = features of test image 

Metric-Based Meta-Learning — Marching Networks

https://lilianweng.github.io/posts/2018-11-30-meta-learning/ [ Vinyals et al.. 2016 ]
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a(x,xi)yi, where S = {(xi, yi)}ki=1
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a(x,xi) =
exp(cosine(f(x), g(xi))Pk
j=1 exp(cosine(f(x), g(xj))

Inference: output the label distribution is simply sum of labels from support set, weighted by similarity/relevance

Simple version:
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f = g
+ soft-attention



Metric-Based Meta-Learning — Marching Networks
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✓⇤ = argmax
✓

EL⇢L[ESL⇢D,BL⇢D[
X

(x,y)2BL

P✓(y|x, SL)]]

Training Objective: correct classification of query examples
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P (y = c|x) = softmax(�d'(f✓(x),vc)) =
exp(�d'(f✓(x),vc))P
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L(✓) = � logP✓(y = c|x)
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|Sc|
X
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Metric-Based Meta-Learning — Prototypical Networks

[ Snell et al., 2017 ]https://lilianweng.github.io/posts/2018-11-30-meta-learning/



Optimization-Based Meta-Learning — MAML
Idea: learn model initialization from which one can rapidly adopt to ANY meta-task

https://lilianweng.github.io/posts/2018-11-30-meta-learning/ [ Finn et al., 2017 ]
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Optimization-Based Meta-Learning — MAML
Idea: learn model initialization from which one can rapidly adopt to ANY meta-task

Means: find model parameters that are sensitive to changes in the task
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Optimizing meta-parameters: 

https://lilianweng.github.io/posts/2018-11-30-meta-learning/ [ Finn et al., 2017 ]



https://dvl.in.tum.de/slides/automl-ss21/MAML.pdf [ Finn et al., 2017 ]

Optimization-Based Meta-Learning — MAML



MAML — Algorithm

https://dvl.in.tum.de/slides/automl-ss21/MAML.pdf



MAML — Inner Loop

https://dvl.in.tum.de/slides/automl-ss21/MAML.pdf



MAML — Outer Loop

https://dvl.in.tum.de/slides/automl-ss21/MAML.pdf



MAML — Issues
— Hard to train with deep feature extractor networks

— Slow training 

Solution: Meta-transfer learning

Solution: Hard task sampling (will not cover)



A more typical pipeline …

https://people.mpi-inf.mpg.de/~yaliu/files/meta-transfer-learning-slides.pdf



Multi-modal Few-shot Learners — Flamingo

[ Alayrac et al., 2022 ]


