
Parametrization II: Supervised Dictionary Learning (SDL) [CVPR 2016]

• Intuition: allow for different source and target domain latent spaces other than the 

semantic similarity space with joint learning of source/target domain embeddings.

• Training: estimate source domain dictionary B, target domain dictionary D, and 

cross-domain similarity matrix W.

 Data-independent B, D, W

 Alternate minimization

• Testing: 

Decoding in both domains to generate the source and target domain latent vectors.

Similarity score in the latent spaces.

Parameterization I: Semantic Similarity Embedding (SSE) [ICCV 2015]

• Intuition: express source/target data as a mixture of seen class proportions. 

• Decision rule: if the mixture portion from target domain is similar to that from 

source domain, then they must arise from the same class.

Zero-Shot Learning via Joint Latent Similarity Embedding

Zero-shot Learning Problem:
• Training stage: source domain attributes and target

domain data corresponding to only a subset of classes 

(seen classes) are given. 

• Test stage: source domain attributes for unseen (i.e. no 

training data provided) classes are then revealed.

• Task: for unseen data, match target domain unseen 

instances with source domain descriptors (classes).
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Motivation:
• There exists a statistical relationship between latent co-occurrence patterns of 

corresponding source and target domain data pairs. 

• This is a class-independent relationship => learn a “universal” similarity function

Experiments:
• Dataset statistics                                                     Parameter Sensitivity

• Exp I: Zero-Shot Recognition

• Visualization of target embedding on AwA

• Visualization of source domain embedding on AwA

• Exp II: Zero-Shot Retrieval

• Precision-recall curves on AwA

Reference:
Zhang and Saligrama. "Zero-shot learning via semantic similarity embedding”, ICCV. 2015.

Akata et al. Evaluation of output embeddings for fine-grained image classification. CVPR, 2015

Lampert et al. Attribute-based classification for zero-shot visual object categorization. PAMI, 2014.

Romera-Paredes and Torr. An embarrassingly simple approach to zero-shot learning. ICML, 2015. 

Postdoc positions & code available: https://zimingzhang.wordpress.com/

Our Approach:

Key Insight---Binary Hypothesis Testing
• For a source and target domain instance pair:

𝐻0: 𝑦
(𝑠)
= 𝑦
(𝑡)

or 𝑦(𝑠𝑡) ≜ 𝟏 𝑦𝑖 = 𝑦𝑗 = 1

𝐻1: 𝑦
(𝑠) ≠ 𝑦(𝑡) or 𝑦(𝑠𝑡) = 0

• Class-independent test.

Shared Latent Models
• Decompose the posterior distribution with latent source 

and target domain variables 𝐳(𝑠) and 𝐳(𝑡):

𝑝 𝑦 𝑠𝑡 𝐱 𝑠 , 𝐱(𝑡) = 

𝐳(𝑠)

 

𝐳(𝑡)

𝑝(𝑦 𝑠𝑡 , 𝐳 𝑠 , 𝐳 𝑡 |𝐱 𝑠 , 𝐱(𝑡))

Markov Chain:

Factorization
• Conditional independence given the underlying class Y 

𝑝 𝑦 𝑠𝑡 𝐱 𝑠 , 𝐱(𝑡)

= 

𝐳(𝑠)

 

𝐳(𝑡)

𝑝 𝐳 𝑠 𝐱 𝑠 𝑝(𝐳 𝑡 |𝐱(𝑡))𝑝(𝑦 𝑠𝑡 |𝐳 𝑠 , 𝐳(𝑡))

 Class-independent embedding

 Class-independent similarity kernel

• Lower bound for computational efficiency

𝑝 𝑦 𝑠𝑡 𝐱 𝑠 , 𝐱(𝑡)

≥ max
𝐳 𝑠 ,𝐳(𝑡)

𝑝 𝐳 𝑠 𝐱 𝑠 𝑝(𝐳 𝑡 |𝐱(𝑡))𝑝(𝑦 𝑠𝑡 |𝐳 𝑠 , 𝐳(𝑡))

Learning Principle
• Target latent domain: good separation.

• Source and target latent domains: good alignment 

Optimal Test Statistic: 

Procedure:
• Training: 

 Learn similarity function 𝑓(𝑥 𝑠 , 𝑥(𝑡)).
• Testing: 

 Generate source and target domain latent vectors

• Decision function: 

 Multi-class classification: 

𝑦∗ = argmax
𝑐
𝑓(𝑥𝑐
𝑠
, 𝑥(𝑡))

Cat

Boat

Tree. 𝜓(𝑐)

Source domain embedding 𝝍:
• Inspired by sparse coding

• Simplex constraint

Target Domain Embedding 𝝅:
• 𝜋𝑦 𝒙 = 𝒘,𝜙𝑦 (𝒙)

• Source-target domain alignment:

• Max-margin optinization
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