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Aligning the distributions of source and target domains by learning domain-invariant representations 
by either

1. Moment Alignment Methods ( max mean discrepancy [1, 2], second-order correlation [3, 4] or other 
distance metrics calculated on task-specific representations )

2. Adversarial Learning Methods ( ADDA [5], CyCADA [6], MCD [7], CDAN [8] and GVB [9] )
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14 x 14 visual tokens
Vocabulary Size: 8192
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Model

output: black_baby_chick (83.4%) 

Image

Finetuning



Augmentation Color Jitter, Horizontal Flipping, and Random Resized Cropping 

Dataset ImageNet-1k

Batch Size 1000

Epochs (Pretraining) 500

Epochs (Fine-tuning) 500

Learning Rate 1.5e-3 with cosine learning decay

Optimizer Adam with B1: 0.9 and B2: 0.999

Parameters 86M

Image Size 224 x 224 (Pretraining); 384 × 384(Last 100 Epochs Finetuning)

Architecture ViT-Base (12 layer transformer, 768 hidden size, 12 attention 
heads)

Parameters
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Results

Image taken from:

          7.           A. Ramesh, Mikhail Pavlov, Gabriel Goh, Scott Gray, Chelsea Voss, Alec Radford, Mark Chen, and Ilya Sutskever. Zero-shot text-to-image generation. ArXiv, abs/2102.12092, 2021. 
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Future Works

● Multi-attribute domain adaptation (where source and target datasets have almost 
no correlation)

● Vision Reconstruction in Humans / Animals via fMRI data (partially achieved)
● Reaching OpenAI’s CLIP moment for Object Detection



   Thanks
      Questions?


