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Overview

• In the work, we (mainly) explore zero-shot learning models: models which perform 
classification based on semantic class attributes instead of one-hot class labels

• ZSL models (typically) use 2 normalization tricks: (scaled cosine similarity and attributes 
normalization)
• They were shown to be very important in practice
• But there is no good understanding of their influence

• In our work, we tried to "explain" these tricks by analyzing the variance of logits and 
activations
• and found them working worse when the model depth increases

• This motivated us to develop class normalization: a BatchNorm-like mechanism for some 
specific component of a ZSL model

• It allowed to achieve state-of-the-art performance with a very simple model
• We also formulated a ``generalized'' version of ZSL: continual zero-shot learning

• + formulated some metrics to evaluate a CZSL model



What is zero-shot learning (ZSL)?

Traditional (non-ZSL) classification matches images with 
class labels:

cat

squirrel

dog

sheep

ostrich

one-hot labels



What is zero-shot learning (ZSL)?

has fur sharp clawslong tail

fluffy

is small

big nose has fur

has furlong tail

has fur

has wings is big

ZSL classification matches images with semantic class attributes:
semantic attributes



What is zero-shot learning (ZSL)?

has fur sharp clawslong tail

fluffy

is big

is small

big nose has fur

big nose

has furlong tail

has fur

has wings is big

is smallhas wings has fur

...and deals with novel classes at test time:
semantic attributes



Two paradigms in ZSL

train a generator to synthesize images from attributes

Generative-based

big ears

big nose
has fur

fluffy
is small has fur

long tail
has wingsis big

generate images of unseen classes 
at test time and train a classiferIn our work, we follow the embedding-based paradigm

big ears

big nose
has fur

Embedding-based

maximize similarity
for matching pairs



Embedding-based ZSL

• Embedding-based ZSL model has two components:
• image embedder 𝒛 = 𝐸 𝒙
• class attribute embedder 𝒑c = 𝑃(𝒂𝑐)

• Typically, E(x) is pretrained on ImageNet for traditional classification task and then kept fixed
• In this way, only 𝑃(𝒂𝑐) is trained

• The model is optimized with the vanilla cross-entropy loss:

But in contrast to a traditional classifier, which predicts a logit as !𝑦 = 𝑓(𝑥), the embedding-based ZSL model 
uses a semantic attribute vector:

L(✓) =
nX

i=1

KX

c=1

[y(n) = c] · ln ŷ(n)c

ŷ(n)c = (E(x(n)))>P (ac)

This formulation allows to use at test time such 𝒂𝑐 that have not been seen during training (and classify 
images of unseen classes)



Normalization techniques in the embedding-based ZSL

1. Scaled cosine similarity (when computing logits):

2. Attributes normalization:

Stabilizes logits' variance:

Stabilizes representations' variance:

But only for a linear 
attribute embedder 𝑃(𝒂𝑐)

Var[ỹc] = Var[z>pc] = Var[zi]



Class Normalization (CN)

• to stabilize variance in a deep attribute embedder, we propose class normalization:

• here !𝜇, !𝜎 are minibatch mean/std statistics
• it is like batch normalization, but:

• is applied in the attribute embedder module (i.e. class-wise)
• does not use scaling or shifting



Empirical analysis of the variance

Logits variance across a minibatch for different models on SUN and AwA2 datasets



GZSL results



Continual Zero-Shot Learning

Traditional learning train

test

Zero-shot learning
(generalized setting)

seen classes unseen classes

task 1 task 2 task 𝑡

Traditional continual learning

unseen at timestep 𝑡

Continual ZSL
(our formulation)

task 1 task 2 task 𝑡 unseen at timestep 𝑡



CZSL results



Thank you!


