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Image annotations problem

Datasets:
e Caltech-256
e Pascal-vVOC
e ImageNet 2010 (4m imgs / 16k labels)
e Web (16m imgs/ 109k labels)

Requirements:

e Scalable training and testing times
e Scalable memory usage

Ideally, we would like a fast algorithm that fits on a laptop.



Joint space embeddings
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Embeddings

e Embedding of an object is vector representation of that object in
that vector space

e Similar objects are mapped to close vector representations

e In case of low-dimensional representations savings in memory
and computing time are possible



Joint space embeddings

images z € R®
annotations ie Y = {1,...,Y}
RD

®;(x) : RY - RP
dw(i): {1,..., Y} > RP

O;(x) = Vzx
Dy (i) = W;

fi(z) = ®w (i) "®;(z) = W,  Vz



Joint space embeddings - rank function

f(z)=WTVz
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Joint space embeddings - loss function

B _ ranky(f(z))
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Joint space embeddings - optimization

L= fy@) + fil=)], Risk(f) = f (L), )P 4.
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Wsabie - Algorithm

Algorithm 1 Online WARP Loss Optimization

Input: labeled data (z;,v:). yi € {1,...,Y}.
repeat
Pick a random labeled example (z;, ;)
Let fy, (zi) = Pw(y:) " (i)
Set N = 0.
repeat
Pick a random annotation j € {1,..., Y} \ 4.
Let fz(xi) = Pw (7) " ®r(x:)
N=N+1.
until f7(z;) > fy, (i) —1lor NZ>2Y -1
if fg(l‘«;) = fyi (Ii} — 1 then
Make a gradient step to minimize:
L7 DI = fy(@:) + fy(@)l+
Project weights to enforce constraints (2)-(3).
end if
until validation error does not improve.
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Wsabie results

Method ImageNet 2010 Web

prec@1 prec@10 prec@1 prec@10

approx
kNN

One-vs-
Rest

Wsabie 4.03% 1.48% | 1.03% | 0.44%

1.55% 0.41% | 0.30% | 0.34%

227 % 1.02% [ 0.52% | 0.29%
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Wsabie results

Nearest Neighbors

WEIETd @6l EB barak obama, obama, barack, barrack obama, bow wow
CEVIT NI G ET ) beckham, david beckam, alessandro del piero, del piero
santa santa claus, papa noel, pere noel, santa clause, joyeux noel
dolphin delphin, dauphin, whale, delfin, delfini, baleine, blue whale
cows cattle, shire, dairy cows, kuh, horse, cow, shire horse, kone
rose rosen, hibiscus, rose flower, rosa, roze, pink rose, red rose
eiffel tower eiffel, tour eiffel, la tour eiffel, big ben, paris, blue mosgue
ipod | pod, ipod nano, apple ipod, ipod apple, new ipod

f18 f 18, eurofighter, {14, fighter jet, tomcat, mig 21, f 16



Wsabie results

delfini, orca, dolphin, mar, delfin, dauphin, whale,
cancun, killer whale, sea world

blue whale, whale shark, great white shark,
underwater, white shark, shark, manta ray,
dolphin, requin, blue shark, diving

barrack obama, barak obama, barack hussein
obama, barack obama, james marsden, jay z,
obama, nelly, falco, barack

eiffel, paris by night, la tour eiffel, tour eiffel, eiffel
tower, las vegas strip, eifel, tokyo tower, eifel
tower




Leveraging label hierarchies

ECML 2016 - Predicting unseen labels using
label hierarchies in large-scale multi-label
learning - Jinseok Nam @ TU Darmstadt



Text classification problem with label hierarchies
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Learning with hierarchical structures over labels

CS poN
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(a) A joint space of instances and labels (b) A label hierarhcy
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WsabieH results

Datasets
e RCV1-v2 newswire articles - 103 labels organized in a tree - 800k documents
e OHSUMED medical articles - 350k documents

RCV1-v2 OHSUMED

Wsabie Wsabiey — Wsabie Wsabiey

AvgP 94.34 94.39 45.72 45.76
RL 0.44 0.44 4.09 3.72
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WsabieH results
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Predicting unseen labels

Hierarchical relations provide embeddings even of labels which are never seen
in data. Therefore, they can appear in predictions in a meaningful way although
data don’t provide information about it.
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Thanks :)

andrija.m.djurisic@gmail.com
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