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Abstract

D g the imporiance of zero-shot learning, the number
of propesed approdche s has increased steadily recendy. We
arnpue that in is deie s ke a sep back and & analyze the
starus quo of the area. The purpase of thix paper i three-
fold. Firsy ghien the fact that there is ne agreed upon zer-
shot learnibi g benchmark, we first define a new benchmark
By wmifing both the evaluarion prorocols and dara splits.
This is an imporsans contibution as published results are
aoften nar comparable and somerime s even flawed due to,
e g pre-trabning on sero-shod test clise & Second, we com-
pare and analyze a significant number of the s -ofthe-
art methods in depth, both b the clasic zero-shot seging
Bur also in the more realistc generalized zero-shot senting.
Finally, we discuss Dmbafons of the current sams of the
ared which can be aken as a bass fr advancing ir.

1. Introduction

Zego-shot learning aims to recognize objects whose in-
stanced may not have been seen during training [I7) 22,
[Z3 3(F, 4. The number of new zero-shot leaming meth-
ods propoded every year has been incressing rapidly, ie.
the good mpect @ our title suggests. Although each new
muhdhnlu-enalnwnbmhmaouhpmw
one, it iadifficli to gy this progress widy
lished evalustion projocol, Le. the bad aspects. In fact the
quest for improving mmbers has lesd o even flawed eval-
uation protocols, ie. the ugly aspects. Therefore, in this
work, we proposs to extensively evaluste & s gnificant nom-
ber of recent zeso-shot lesming methods in depdh on several
amall to lage-scale dstaets nsing the same evaloastion pro-
tocol both in zero-shot, Le. training snd testcluses se dis-
Joint, and e mose realistic generalized zero-shot leaming
settings, ie. raining classes e present at test fme.

We benchmark snd systemadcally evaluste mero-shot
learning wet theee aspects, ie. methods, dstssets and
evaluation protocol The crox of he maner for all zero-
shot leamming methods i3 o msocdste observed and non
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tion which encod dly di fob-
Jjects, Different flavors of zere-shot learning methods that
wowﬂmmdiaw&mlim@udmn]in—
ear [ 34) compatibility lesming frameworks wheress an
mlmgom‘l direction is leaming indspendent stribate [23)
elassifiers and finally others [43] [7] [35] propose s hybeid
model between i clasifier loaming and compat-
ibility lesming frameworks.

We tharoughly evaluste the second aspect of zero-shot
leaming, by wing multiple splis of several small w large-
scale datssens [285] 58] 22] 10 B). We enphasize that itis
hard 1o obtain labeled waining data for fine-grained clases
of rane objects recognizing which requires expsn opinion
Therefore, we srgue thet rero-shot lesrning m ethods should
be evaluaied manly on least populsted of pare clsaes.

We propose a unified evalustion protocol to sddsess the
Mupeunfmahmhmgwmduawydn mest

pmmnf&pmqhdam aval.dmnclmaﬂatlmm
disjoint from waining classes & improving pero-shot keam-

ing performsnce
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!;!SCE * Main contributions

* Review of state-of-the-art methods under a unified formalism for ZSL

* Highlighting of possible (big) bias in standard ZSL evaluation protocols
* Introduction of a new ZSL dataset

* Objective evaluation of state-of-the art methods with a common
evaluation protocol, both in a ZSL and Generalized ZSL setting
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* Contents

* What is Zero-Shot Learning?
* Review of state-of-the-art methods
°* Experiments

* Conclusion and perspectives
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What is Zero-Shot
Learning ?
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* What is Zero-Shot Learning?

* “Zero-Shot Learning aims to recognize objects whose instances may not
have been seen during training.”

* First proposed in Learning to detect unseen objects by between-class
attribute transfer by Lampert et al. (CVPR 2009) and Zero-shot learning
with semantic output codes by Palatucci et al. (NIPS 2009).

* In practice, this is achieved with the use of additional semantic
knowledge for each class.

- Most of the time, semantic knowledge consists in vectors of
attributes.
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* Training phase

Seen
Zebra classes
Visual
samples
Stripes: v Stripes: v
Orange: X Orange: v Attributes
Hooves: v Hooves: X
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* Testing phase

Stripes: 0.1 Stripes: 0.0 Stripes: 0.
Orange: 0.8 Orange: 0.4 Orange: 0.
Hooves: 0.2 Hooves: 0.8 Hooves: 0.
Ay

Stripes: Stripes:

Orange: Orange:

Hooves: Hooves:

Horse Fox
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* Formally

Given a training set S = {(z,,yn),n = 1...N}, with
Y, € Y'" belonging to training classes, the task is to learn f :
X — ) by minimizing the regularized empirical risk:

%g (Yns [(20; W) + QW) (1)

where L(.) is the loss function and €2(.) is the regularization term.
Here, the mapping f : X' — ) from input to output embeddings
1s defined as:

f(z; W) = argmax F(z,y; W) (2)
yey
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* Generalized Zero-Shot Learning

* Generalized ZSL: candidate classes can be either seen or unseen

Training time Test time

Zero-shot Learning Generalized Zero-Shot Learning
Hlih ofter ofter polar bear
stripes: 1o ) ni yes own:  yes

stripes: no

stripes:  no
water:  yes

water: yes

stripes: no
water:  yes

water:  yes
eats fish: yes

eats fish: yes eats fish: yes eats fish: yes
zebra tiger Hger zebra
black: yes black:  yes black: yes bla‘fk: yes
white: no white: yes white :  yes white:  no
brown: yes brown: no brown: no b"‘?"“'n: yes
stripes:  no stripes:  yes stripes:  yes stripes: no
water:  yes water:  no water:  no water:  yes
eats fish: yes eats fish: no eats fish: no eats fish: yes
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Review of state-of-the-art
methods

Commissariat a I'énergie atomique et aux énergies alternatives
Institut List | CEA SACLAY NANO-INNOV | BAT. 861 — PC142
91191 Gif-sur-Yvette Cedex - FRANCE

Etablissement public & caractére industriel et commercial | RCS Paris B 775 685 019




* Four broad types of methods

Intermediate Attribute Classifiers Linear Compatibility

Simple probabilistic models.
Evaluated for “historical” reasons: e o TN — AN Y7 AL
Used in Learning To Detect Unseen F(J' Yy W ) o Q(J') W q.u(y)
Object Classes by Between-Class Attribute
Transfer by Lampert et al. (CVPR 2009)

Attribute Label Embedding (ALE)
Deep Visual Semantic Embedding
(DeViSE)

Structured Joint Embedding (SJE)

» Direct Attribute Prediction (DAP)
* Indirect Attribute Prediction (IAP)

Nonlinear Compatibility Hybrid Models

Compatibility function F can be non linear

« Semantic Similarity Embedding (SSE)
« Convex Combination of Semantic

« Latent Embeddings (LATEM) Embeddings (ConSE)

« Cross Modal Transfer (CMT) » Synthesized Classifiers (SynC)

= CARNOT
Journal CLUB, 05.06.2018 |12 o A mm=msmm

.
universite
PARIS-SACLAY




* Intermediate attribute classifiers

* Direct Attribute Prediction (DAP): maximum a posteriori estimation

* Indirect Attribute Prediction (IAP)

plam|z) = ZP Am| Y )P(Yk|T)
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* Linear Compatibility — Part 1

Linear compatibility function F:  F(z,y; W) = 60(z)" Wé(y)

Image embedding Class‘embedding
(visual features) (attributes)

* Deep Visual Semantic Embedding (DeViSE): triplet loss

Z A(Yn,y) + Fan, y; W) — Fan, yn; W)+ where A(y,,.y) is equal to 1 if y,, #+ y, otherwise 0.
,yeytr

* Structured Joint Embedding (SJE)

[m%ﬁ(ﬂ(yn: y) + F(En: Y. W)) - F(:Em Yns W)]+

* Attribute Label Embedding (ALE)

Ly
Z r e [A(Yn, y) + Fzn, y: W) = F(zn, Yyn; W)+ where 1), = Siy @ and TA(@n,yn) 15 defined as:
yeytr &(mn :yn) ai — 1/2

Z L(F(zn, s W) + AWYn,y) 2 F(2n,yn; W))
,yeytr

"cN/SFIH& ;
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* Linear Compatibility — Part 2

°* Embarrassingly Simple Approach to ZSL (ESZSL): linear mapping with
triple regularization

YIWo)|I” + Mo()" W |1* + BIIw|*
* Semantic Autoencoder (SAE):

mﬂifn 10(z) — WT¢(y)||> + A|Wo(z) — ¢(y)||”
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* Nonlinear Compatibility

* Latent Embeddings (LATEM): triplet loss and latent embedding

W — Ty,
F(x,y,WZ) 12%}%9(55) Wng(y)

* Cross Modal Transfer (CMT): simple neural network

> D llgly) — Wi tanh(W2.0(x)||?

yeYtr ze X,
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* Hybrid models

* Semantic Similarity Embedding (SSE): common embedding space

argmax 7(0(x)) " Y(d(yu))
ueld

* Convex Combination of Semantic Embeddings (CONSE):

T
% S pe(f (@, )\2).5(f (1) f(x,t) = argmax py,.(y|z)
1=1 y'Eyt"

* Synthesized Classifiers (SYNC) — it’s complicated...

R

min ||w, — E Sertrl|5-
We
r=1
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Experiments
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* Usual datasets

* SUN: scenes and places (abbey, ... , z00)
14340 images, 717 classes, 102 attributes

* CUB: bird species (black footed albatros, ... ,
common yellowthroat)

11788 images, 200 classes, 312 attributes

Huge possible bias as many
classes are present in ImageNet

2 classes, 64 attributes

= CARNOT g
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* Protocol setting and metrics

* Visual features extracted with last pooling layer of ResNet-101, no
finetuning

* Attributes normalized with 12-norm

* Metrics:

1 % # correct predictions 1n ¢

# samples 1n ¢

2 % ACCytr * ACCyts

(ICCytr + (ICCyts
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* Results with ZSL setting on usual datasets

* Average per-class accuracy, evaluated on Standard Split (SS) and
Proposed Split (PS)

SUN CUB AWAL1 AWA2 aPY

Method S8 PS S8 PS SS PS SS PS SS PS

DAP [2] 38.9 39.9 37.5  40.0 57.1 44.1 58.7  46.1 35.2 33.8
IAP [2] 17.4 19.4 27.1 24.0 48.1 35.9 | 46.9  35.9 224 36.6
CONSE [14] 442 38.8 36.7 343 63.6  45.6 67.9 445 25.9 269
CMT [ 1] 41.9 39.9 37.3 34.6 58.9 39.5 66.3 37.9 26.9  28.0
SSE [12] 54.5 51.5 43.7 439 68.8 60.1 67.5  61.0 31.1 34.0
LATEM [10]  56.9 55.3 494 493 74.8 55.1 68.7  55.8 34.5 35.2
ALE [2Y] 59.1 58.1 | 53.2 54.9 78.6 59.9 80.3 625 | 309  39.7
DEVISE [6] 57.5 56.5 53.2 52.0 72.9 54.2 68.6  59.7 | 354 39.8
SJE [¥] 57.1 53.7 | 55.3 539 76.7 656 | 69.5 619 32.0 329
ESZSL [Y] 57.3 54.5 55.1 53.9 747  58.2 75.6  58.6 34.4 383
SYNC [ 7] 59.1 56.3 54.1 556 | T2.2 54.0 71.2  46.6 | 39.7 239
SAE [37] 424 403 334 333 | 806 530 | 80.7 54.1 8.3 8.3

* Significant difference between SS and PS for AwA1 and AwA2

=
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* Results with ZSL setting on ImageNet

* Average per-class accuracy, evaluated on classes 2/ 3 hops (H) away
from training classes, on the 500 /1K /5K most and least populated
classes, and on all 20K testing classes.

Hierarchy Most Populated Least Populated All
Method 2H 3JH 500 1K 5K 500 1K 5K 20K
CONSE [14]  7.63 2.18 12.33 8.31 3.22 3.53 2.69 1.05 0.95
CMT [!1] 2.88 0.67 5.10 3.04 1.04 1.87 1.08 0.33 0.29
LATEM [10]  5.45 1.32 10.81 6.63 1.90 | 453 2.74 0.76 0.50
ALE [2Y] 5.38 1.32 10.40 6.77 2.00 | 427 2.8 0.79 0.50
DEVISE [6] 5.25 1.29 10.36 6.68 1.94 | 4.23 286  0.78 0.49
SIE [¥] 5.31 1.33 9.88 6.53 1.99 | 4.93 293 0.78 0.52
ESZSL [Y] 6.35 1.51 11.91 7.69 2.34 | 450 3.23 094 0.62
SYNC[17] 926 229 | 15.83 1075 3.42 | 5.83 352 1.26 | 0.96
SAE [32] 4.89 1.26 9.96 6.57 2.09 2.50 217 0.72 0.56
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Results with GZSL setting

°* Harmonic mean of per-class accuracy between test samples from seen
classes and test samples from unseen classes, evaluated on Proposed

Split.
SUN CUB AWA1 AWA2 aPY
Method ts tr H ts tr H ts tr H ts tr H ts tr H
DAP [2] 4.2 25.1 7.2 1.7 67.9 3.3 0.0 88.7 0.0 0.0 84.7 0.0 4.8 78.3 9.0
IAP [2] 1.0 37.8 1.8 0.2 72.8 0.4 2.1 78.2 4.1 0.9 87.6 1.8 5.7 65.6 10.4
CONSE [14] 6.8 39.9 11.6 1.6 72.2 3.1 0.4 88.6 0.8 0.5 90.6 1.0 0.0 91.2 0.0
CMT [11] 8.1 21.8 11.8 7.2 49.8 12.6 0.9 87.6 1.8 0.5 90.0 1.0 1.4 85.2 2.8
CMT* [11] 8.7 28.0 13.3 4.7 60.1 8.7 8.4 86.9 15.3 8.7 89.0 159 | 109 74.2 19.0
SSE [12] 21 36.4 4.0 8.5 46.9 14.4 7.0 80.5 12.9 8.1 82.5 14.8 0.2 78.9 0.4
LATEM [10] 14.7 28.8 19.5 15.2 57.3 24.0 7.3 T1.7 13.3 11.5 773 20.0 0.1 73.0 0.2
ALE [29] 218 33.1 26.3 23.7 62.8 34.4 | 16.8 76.1 27.5 14.0 81.8 23.9 4.6 73.7 8.7
DEVISE [6] 16.9 27.4 209 | 23.8 53.0 32.8 13.4 68.7 224 | 171 747 27.8 4.9 76.9 9.2
SIE [¥] 14.7 30.5 19.8 23.5 59.2 33.6 11.3 74.6 19.6 8.0 73.9 14.4 3.7 55.7 6.9
ESZSL [Y] 11.0 27.9 15.8 12.6 63.8 21.0 6.6 75.6 12.1 5.9 77.8 11.0 2.4 70.1 4.6
SYNC [13] 7.9 43.3 13.4 11.5 70.9 19.8 8.9 87.3 16.2 10.0 90.5 18.0 7.4 66.3 13.3
SAE [32] 8.8 18.0 11.8 7.8 54.0 13.6 1.8 771 3.5 11 82.2 2.2 0.4 80.9 0.9
* Accuracy is much higher on samples from seen classes
2 AT}
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Conclusion an
perspectives
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e Conclusion

* Major keypoint: importance of a proper training / testing split for ZSL to
avoid possible bias

°* Many methods were reviewed and evaluated

* A new dataset was introduced

* Evaluation protocol of iterative methods could be more robust

°* The GZSL process is just one example of such a process
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