BOSTON Zero-Shot Learning via Joint Latent Similarity Embedding

Ziming Zhang 143 & Venkatesh Saligrama *

UNIVE RS ITY 1 Data Science & Machine Learning Lab, College of Engineering, Boston University, Boston, USA
2 School of Automation, Huazhong University of Science and Technology, Wuhan, China
3MOE Key Laboratory of Image Information Processing and Intelligent Control, Huazhong University of Science and Technology, Wuhan, China

Motivation: Experiments:
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Zero-shot Learning Problem:

« Training stage: source domain attributes and target
domain data corresponding to only a subset of classes
(seen classes) are given.
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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

Accuracy
o
~
co
Accuracy

o
~
@

0.4 ==AwA
inStances Wlth source domain descriptors (CI&SSES). Horse-like ._ g:?ggﬁagisﬁsgilii 0.72 L = 0:‘?32 fel 160 1e-116-2 1e- 3:-?::::::17
stripe ML) Fembaoen + Exp I: Zero-Shot Recognition AR R o
. YMSINCS A\ ~ Social | tocach indidual They - (a) (b)
Ou r A rOaCh - iy AN, el Bl 7 . o | are generally social
pp - AOR Pk BRI R | Artifacts | animals that live in small Method aP&Y AwA CUB-200-2011  SUN Attribute | Ave.
- - - . | | (2] haremsto large herds. :

Key Insight---Binary Hypothesis Testing ikﬂm et al. [z ][ | - g; .33 40.3 o :

° iNni ir ampert ef al. ) : - _ -

o a(‘source(t?nd targes domain Instance o Romera-Paredes and Torr [3”] 24224289 75324228 - 82.101+0.32 -
Hy:y ' =y oryt 21y, =y;} =1 SSE-INT [44] 44154034  71.5240.79  30.19+0.59 82.174+0.76 | 57.01
H,:y® % y® or yD = 0 Is this a zebra? SSE-ReLU [44] 46.23+0.53  76.33+0.83  30.41+0.20 82.50+1.32 58.87

. Class-independent test. () init. V2>, vz +init. Vzl,), 2\, +Eq. 6 38.10£264 7696140  39.03%0.87 81.1742.02 | 58.81
— — . ‘&) ) (5) /ot )
Optlmal TeSt Stat|St|C Parameterlzatlon I Semantlc Slmllarlty Embeddlng (SSE) [ICCV 2015] (11) 1nit. \?’Z ( }VZ . }+ nit. Vz' 7 VZ + Eq. 7/ 38.2042.75 80.11+£1.13 41.07+0.81 81.331£1.76 60.20
Ident * Intuition: express source/target data as a mixture of seen class proportions. (iii) init. Vz;”",Vz; "~ + Alg. 2 + Eq. 6 47.29x1.45 74924251 38.94+0.81 80.67+2.57 60.46
F(x), x®) 2flog p(yt | x¢), x1) z ol |+ Decision rule: if the mixture portion from target domain is similar to that from (iv) init. Vz!* ‘v’z( ) + Alg. 2 +Eq. 7 47.79+1.83  77.37+0.39  40.9140.86 80.83+2.25 | 61.73
| Dite source domain, then they must arise from the same class. (v) Alg. 1 + init. vsz),vz( ) +Eq. 6 39.1342.35  77.584+0.81  39.92+0.20 83.00+1.80 | 59.91
Shared Latent Models :Source domain embedding : Tarqet Domain Embedding 7r: | (vi) Alg. 1 + init. vzﬂ} ‘;fz( ) +Eq. 7 38.944227  80.46+0.53  42.11+0.55 82.83+1.61 | 61.09
«  Decompose the posterior distribution with latent source I. Inspired by sparse coding |- T, (x) = ( w, ¢, (x)) : (VH? Alg. 1 + Alg. 2 + Eq. 6 50.21£290 76.43+0.75 39.72+0.19 83.6710.29 62.51
and target domain variables 2() and z(®) 1) % a1 min %HZ(S)II% N %HX(S) S 2 |+ Source- tarqet domain alignment: : (viii) Alg. 1 + Alg. 2 + Eq. 7 50.351+2.97 79.12+0.53  41.78+0.52 83.83+0.29 63.77
z(s) e AlIS| S | (Ty,2y) = (7, 2, | . . - -
p(yCO[x®,x®) = z z p(y©D, 2,20 |x®) x®) '+ Simplex constraint " ) Z< i | |+ Visualization of target embedding on AWA
z() z(0) = : R ¥ oo
- I : e :_- 5-'.','-'3;-‘:;’%3! 4 fag.ﬁ: 3
Markov Chain: , AN B B
Y. Tree &N 4 F R
X 706 Y| 20 & xO W O L 11 : AN - TR %
Y £ : B A0 KR «©

Factorization N | gl

iti ' ' ' & £, '

« Conditional independence given the underlying class Y I+ Max-margin optinization | AT - '%

p(y(st)lx(s) X(t)) ;
’ (a) SSE: decaf (b) Ours: decaf (c) SSE: verydeep-19 (d) Ours: verydeep-19
S) | 4. (S st)1,(8) (L) (t) t - - - - -
= Zzp(z(s)IX(S))p(z(”Ix(t))p(y(5t>lz(s),z(”) logp(y*1z™, 2™ logp(z ™ |x » Visualization of source domain embedding on AWA

7(S) 7()
v Class-independent embedding

v" Class-independent similarity kernel

* Lower bound for computational efficiency
p(y(st) |x(5),x(t))

Parametrization I1: 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.
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Postdoc positions & code available: https://zimingzhang.wordpress.com/
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