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Transductive Discriminative Dictionary Learning Approach for Zero-Shot Classification

JI Zhong, SUN Tao, YU Yun-Long

(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract:  Zero-Shot classification aims at recognizing instances from unseen categories that have no training instances in the training
stage. To address this task, most existing approaches resort to class semantic information to transfer knowledge from the seen classes to
the unseen ones. In this paper, a transductive dictionary learning approach is proposed to facilitate the task in two steps. A discriminative
dictionary learning model is first proposed for constructing the relations between the visual modality and the class semantic modality with
the labeled seen instances. Then a transductive modified model is used to alleviate the domain shift issue caused by the disjointness
between the seen classes and the unseen classes. Experimental results on three benchmark datasets (AwA, CUB and SUN) demonstrate the
effectiveness and superiority of the proposed approach.

Key words: zero-shot classification; image classification; dictionary learning; transductive learning
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DDL D,P G D,P Cs O(qmp+p3+p2q),0(qdm+
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, ,TDDL o(g?).
3
3.1
:DDL  TDDL 3 :Animals with Attributes(AwA)™,
Caltech-UCSD Bird2011(CUB)®!  SUN Attribute Dataset®.  AwA 50 30 475
, 85 ;CUB ; 200 11 788
, 312 ;SUN 717 102 ,
20 : / : AWA , 40/10 u CUB
, [3] 150/50 : SUN : [17] ., 707
,10
:DDL  TDDL VGG-verydeep-19 .
, AwA CUB , 7 SUN )
:DDL TDDL A u , {0.01,0.1,1,10,100}
A u
3.2 DDL
, DDL .
. 4 , Direct Attribute Prediction
(DAP)M Structural Joint Embedding(SJE)®, Latent Embeddings(LatEm)!”!  Synthesized Classifiers (SC)!.
, 1, B S A VGG GoogleNet
Table 1 Experimental comparison of DDL andother approaches with attribute features
1 ,DDL
F AWA (%) CUB (%) SUN (%)
DAPIT Y 57.5 - 72.0
SIEM G 66.7 50.1 -
LatEm[™ G 71.9 45.5 -
sct G 72.9 54.7 -
DDL v 77.3 52.6 86.0
1 , ,DDL AwA  SUN .
AWA ,DDL 77.3% . , DAP 19.8%; SUN
,DDL 86.0% , DAP 14.0%; CUB , SC
. [1] , DDL ,SC :
SC . GoogleNet
, , 3 , Canonical
Correlation Analysis (CCA)®? Structural Joint Embedding (SJE)  Latent Embeddings (LatEm)!"), 2.
,DDL  AwWA . :DDL CCA,SJE LatEm
10%,24.4% 14.5%. , CUB ,DDL . 3.3%.
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Table 2 Experimental comparison of DDL and other approaches with word vector features
2 ,DDL
F AWA (%) CUB (%)
ccaP v 65.6 30.4
SIEW G 51.2 28.4
LatEm!™ G 61.1 31.8
DDL \Y 75.6 28.5
3.3 TDDL
AWA cuB , )
TDDL , 3 , Transductive
Multi-view Hypergraph Label Propagation(TMV-HLP)!8 Shared Model Space Learning(SMS)?®  Unsupervised
Domain Adaptation(UDP)*® TMV-HLP ~ SMS
.UDP TDDL , [16] ,
,TDDL 3,
,TDDL :TDDL AwWA 93.3% ,
TMV-HLP,SMS  UDP 12.8%,14.8% 17.7%; CUB ,TDDL 55.3% ,
TMV-HLP 7.4%.
Table 3 Experimental comparison of TDDL and other transductive approaches with attribute features (%)
3 ,TDDL (%)
AwWA CUB
TMV-HLP™ 80.5 47.9
smsl! 785 -
uppl 75.6 40.6
TDDL 93.3 55.3
, DDL TDDL , 4, AW
,  AWA ,TDDL DDL
16.0% 16.3%. ,TDDL ,
. CuUB ,TDDL DDL
2.7% 2.4%, . DDL
, TDDL DDL )
,DDL )
Table 4 Experimental comparison of DDL and TDDL (%)
4 DDL TDDL (%)
AwA CuB
A w A W
DDL 773 75.6 52.6 285
TDDL 93.3 91.9 55.3 30.9
3.4
CPU 3.20GHz 8GB ,DDL TDDL 5,
AW ,DDL TDDL
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Table 5 Training times of DDL and TDDL (s)
5 DDL TDDL (s)
AwWA CuB
A W A w
DDL 29.97 29.49 50.46 50.10
TDDL 47.83 56.34 59.00 60.82
35
TDDL DDL ,
DDL ,TDDL (DDL AwWA 5% ,TDDL
DDL 16%);DDL ,TDDL ( ,DDL CUB
55.3%,TDDL DDL 2.7%). ,TDDL DDL
DDL , TDDL , , DDL
, , DDL , TDDL
4
(DDL).
, ,DDL 3 (AWA,CUB SUN)
, DDL . ,
, (TDDL). : ,
; , ,TDDL
,TDDL AwA CUB
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