


ZSL Summary

• Family of ways to recognize (or regress, etc) with no training 
examples.
• Pros:
• Avoid data bottleneck.
• ZSL performance can be similar to K (1-5) shot performance

• Cons:
• Need category embeddings
• Performance is worse than many-shot learning.



From Supervised to Unsupervised 
Cross-Domain Matching
A Dictionary Induction Example
[ Mukherjee & Hospedales, Learning Unsupervised Word 
Translations Without Adversaries, EMNLP 2018 ]



Intro: Bilingual Dictionary Induction

Goal: Inferring a bilingual lexicon from data

• Bilingual Lexicons: 

• Important for multi- and cross-lingual tasks: Multilingual 
word embedding, cross-lingual transfer learning, etc.

• Not all pairs of languages have them.

• Can we infer them from data? English Spanish

Horse Caballo

Pig Cerdo

Cat Gato



Intro: Bilingual Dictionary Induction

Supervised Lexicon Induction
• Given some matching word pairs, deduce the full bilingual lexicon.
• Famously studied by Mikolov et al, 2013.
• Approach: 
• Monolingual word embeddings
• Train a regressor on known pairs
• Apply regressor to match unknown pairs

English Spanish
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Intro: Bilingual Dictionary Induction
Unsupervised Lexicon Induction
• Related to statistical decipherment (Knight, Coling’06)
• How to deduce the full bilingual lexicon starting with no pairs?

Dog

Tiger

Cat

WolfLion
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Leon



Deep Distribution Matching: Matching
Our Approach: Statistical dependency: 

• EG: Hilbert Schmid Independency Criteria (HSIC). Squared loss mutual information (SMI). 
Search for the representation and the pairing, that maximises statistical dependency.

Roughly: Search for the sorting that 
makes the two within domain 
kernel matrices “look” similar.
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Method: Deep Distribution Matching
Our Approach: Statistical dependency: 

• EG: Hilbert Schmid Independency Criteria (HSIC). Squared loss mutual information (SMI). 
Search for the representation and the pairing, that maximises statistical dependency.

• Good:

• Every update decreases objective

• No adversarial min-max.
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1. Update: Association
➡ Linear Assignment Problem

2. Update: Representation
➡ Normal back-prop.



Results
• Results Summary:
• Promising results compared to recent adversarial methods.
• Both much better than prior non-adversarial methods.
• Simple convergence compared to adversarial methods.
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Outline

• Part I: Sparse Data Deep Learning
• Intro & common techniques.
•Metric learning
• Tensor-based

• Part II: Learning with multiple domains
• Regression and Energy Functions for matching
• Vision and Language Examples

• Links to Practical Examples & Exercises



Practical Exercises

• Examples and exercises on metric-based few-shot 
recognition.
• Python/pytorch on google colab platform.

• Link to walkthrough (google docs): 
• http://tiny.cc/ye2s8y

http://tiny.cc/ye2s8y
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