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Highlights

A Studygeneralizedzero-shot learning(GZSL)
Test data & possible labels from BOEelen +
Unseenclasses, not just frontJnseenones.

A Propose an effectivealibration method to

ZSL algorithms in GZSL setting

A Joint labeling space dieen @ andUnseen {):
T=8SulU
A Scoring function for each class f.(x),Vc € T
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adapt ZSL algorithms to perform well iIn GZ$L FlLampertet a - ful@) (
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Experiments & Analysis

A Datasets (§/| U|): AwA (40/10), CUB (150/50), ImageNet (1,000/20,842)
A Semantic embeddingsattributes for AWACUB, word vectors fdmageNet
A Visual featuresi1,024dim GoogLeNefeatures

A Evaluation:AUSU®nN (classnormalized) classification accuracy or FH@K
AwWA/CUB: also test on reserved 20% of data fibke Sseen classes
ImageNet also test on validation set

A Develop a metricAUSUCfor GZSL evaluation U ConSHNorouzi etal.ICLR 14]:  fu (%

A Establish a performance upper bound of GZSIL U Syn{Changpinyet al, CVPR 16 f, (x A Comparison to focheret al. NIPS 13] ;- {argm“ce“’"fc(

arg maXe ¢ y fc(

viaidealizedsemantic embeddings A Classification bpirect Stacking AwA CUB !
_ y — arg max fc( ) Method|Novelty detection|Calibrated||Novelty detection|Calibrated — _os
ccT Gaussian| LoOP | Stacking [[Gaussian| LoOP | Stacking =% .o oss
ZSL vs. Generallzed ZSL AwA CUB DAP | 0.302 | 0.272 | 0.366 122 | 0.137 | 0.194 | | =Gt 008
< . ConSE| 0.342 | 0.300 | 0.428 130 | 0.136 | 0.212 = Smen 0.3
A Seenclasses comwith labeled examples. Method| Auu|Ass|AunsT|As 7| AusulAs sl AusT , 1| [=ene oz
¥ I hout P DAD | 511 | 785 | 24 | 77.0 || 388 | 56.0 | 4.0 | 55.1 dynC | 0424 | 0.373 | 0.583 199 ] 0224 | 0356 "o 6z g5 60 05 o
~ UNseentiasses comwithout. ConSE| 63.7 | 76.9 | 95 | 75.9 || 35.8 | 70.5 | 1.8 | 69.9 TS — - ST
A Goa|:Expancb|aSS|f|er$nd label space from SynC | 73.4 | 81.0 | 0.4 | 81.0 || 54.4 | 73.0 | 13.2 | 72.0 IC method IS more ropbust to £

Sen classes tbihseen ones = dealing with
long-tailed object distributions and recognitign
In the wild

A RelateSeen andUnseen classes witGemantic| |A Classification bZalibrated Stacking
embeddln attrlbutes word vectors, etc R
el o j=argmax fo(x) —llc €S

Az_,y . Accuracy of classifying images fraimto the space off Unseen|Method Flat hit@QK
classes 3 10 20
—ConSE: 0.030

T
2-hop | ConSE| 0. 0.168 | 0.247 0.347 <04l | —8ync™"°: 0.034

Proposed Calibration Method & Metric @509 syuc | 0041 | o218 | o338 | o.166 — o

All | ConSE : 0.030 0.048 0.073

(20345) SynC | 0.006 | 0.034 | 0059 | 0.097 % 051 002 006 004 008
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unseen @z ceT A How far are we from thédeal multi-class & GZSL performance?
| > Foo AllintoU v — —oo AllintoS v = 0 Direct stacking Analysis on ImageNe2K:|u = 1000 * ImageNet2K (K = 1)
stripes mane  snout —u : 0 Multi-class classifiers trained on data fr@&m&.U 1ageietsn "=
U . 0.67 ~.
’ gt,f;npgggﬂ‘a;% 25%5; A AreaUnder SeenUnseen accuracfurve AUSUQ U ldealizedsemantic embeddingsattr)

= = = \ulti—-class: 0.352

A Training:Learn fromSeenOf | 8 & S & Q |A|Y il Basiag the y¥aRbration factor leads to Sednseen = Average of visual features for each class = ooMuliclass: 035
semantic embeddings Accuracy CurveSUCYHf (Ay— 7, As—T) 0 || CES(Gam:  ozs

A Testing: U Area Under SURAUSUCas the metric for GZSL :

(Conventional) Zereéshot Learning (ZSL) 1 02 03 04 o

0.7 Ayt
Classifying images frobinseeninto the label (SynC) ImageNet2K (K = 5)
space olUnseen

Generalized Zeréshot Learning (GZSL)

X: direct stacking

Analysis onmageNetAll: 8o% ofu for Gattr
Flathit@K(K = 1/5)

WORD2VEC: 0.006/0.034

G-attr from 1 image: 0.018/0.071

G-attr from all images 0.067/0.236

1 |——SynC°'™°: AUSUC = 0.398

Classify images froBOTHS=en+ Unseeninto
the label space dBOTH==en+ Unseen

Much more challenging




