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Kevin Rojas
• ML PhD Student at Math 

Department

• I’ve done work on multimodal 
diffusion models!

• Working on multimodal generative 
models for scientific applications!

• Looking for teammates!
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Problem Statement
• Vision Language Pretraining is key

• It requires
• Text encoder
• Vision encoder
• Loss function

• With these papers we will study:
• Vision encoder
• Loss function
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Problem Statement
• Picking the visual representation is 

usually a big bottleneck

• Region Based Features

• Grid Features

• Patch Projection
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Region Based 
Features

Three Approaches

Patch Level
Pixel Level 
Features
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For instance as in last 
week



Pixel-BERT

Three Approaches

ViLT
• No object detection 

is needed

• Transformer

• Patch Embeddings

VinVL
• Improve object 

detection

• CNN

• Region Feature

• Object detection is 
limiting factor

• CNN

• Pixel level
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1. Use a pretrained OD model to encode an image

2. Use a cross-modal fusion to align text + image

General VLM pipeline
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Pixel-BERT
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Pixel-BERT
• Region based features are designed 

for certain tasks (object detection)

• This leads to an information gap 

• Bounding a region doesn’t give 
language understanding!

• We need something else!
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Pixel-BERT
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Loss Functions
• Masked Language Modeling • Image-Text Matching
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1. Use a pretrained OD model to encode an image

2. Use a cross-modal fusion to align text + image

• The OD model was treated as a black box 
• A very old OD model was being used

General VLM pipeline
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Vin-VL
• If object detection is the bottleneck, lets 

fix it!

• Better model

• Better data
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Data
• Make sure that we have at least 

2000 samples per class for Objects 
365/Open-Images

• Balanced every dataset (25% each)

• Merge vocabularies
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Model
• Feature Pyramid Network (FPN) • Resnet C4
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Model
• Feature Pyramid Network (FPN)

• Outperforms C4 for object detection

• Resnet C4

• Better visual features

• The reason for the improvement is that 
C4 leverages pretraining better
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• The use a similar loss to pixel-bert

• Specifically the contrastive loss is:

• Where
• c = 0 -----> triplet is matched
• c = 1 -----> w is polluted
• c = 2------> q is polluted

Loss Functions
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• They perform ablations on Visual Question Answering (VQA)

• The model picks an answer from a set of options (3129)

Ablations
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• The first ablation shows the effect of each pretraining 

Ablations
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• The second ablation shows the effect of data/model size

Ablations
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• The second ablation shows the effect of vocabulary size

Ablations
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Vi-LT
• Most VLP models use an object 

detector

• Pixel Bert is an exception

• Can we improve the visual 
embedders?
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Taxonomy of VL models

CLIP

24



Clip Limitations
• CLIP embeddings might not allow 

solving harder questions like 
NLVR2

• CLIP results in 50.99% accuracy

• Chance is 50%!

• The lack of fusion doesn’t allow 
learning complex interactions
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Visual Representations
• Region Feature

• Vin-VL

• Expensive and 
complicated object 
detection pipelines

• Grid Features

• Pixel-BERT

• CNNs can be expensive

• Patch Projection

• Vi-LT

• Cheap and simple 
linear projection
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ViT Model

27



Their Model
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Loss Functions
• Masked Language Modeling • Image-Text Matching
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Experiments and Results
• Question Answering
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Takeaway

• Question Answering

• Using a linear projection can result 
in faster computations

• For question answering Linear 
projection are as competitive as Grid 
based methods like Pixel-BERT
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Experiments and Results
• Retrieval Tasks
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Takeaway

• Retrieval Tasks

• Using a linear projection can result 
in faster computations

• The pretrained embeddings from 
Grid/Region based visual encoders 
tend to produce better results
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Other Engineering Techniques
• Image Augmentation

• Apply random changes to images to 
get “more data” using RandAugment

• Whole Word Masking

• Mask the entire word not only some 
of its tokens

• Giraffe ->  [gi , raf , fe]
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[gi, [Mask], fe] [[Mask], [Mask], [Mask]]

Bad Good

Geometric Transforms

- Shear X 
- Shear Y
-Translate X
- Translate Y
- Rotate

Color Transformations

- AutoContrast
- Invert
-Equalize
-Solarize
- Contrast
- Color
-Brightness
-Shapness



Other Engineering Techniques



Other Engineering Techniques
• Applying full word masking is 

beneficial

• Applying data augmentations is 
beneficial



Pixel-BERT

Three Approaches Comparison

ViLT
• Transformer

• Patch Embeddings

• Worse embeddings

• Fast

VinVL
• CNN

• Region Feature

• Best embeddings

• Slow

• CNN

• Pixel level

• Good Embeddings

• Middle Ground
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Thank you!


