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Problem Statement

@ Input: one or more query images
@ Output: top k visually similar catalog images for all input images
o Note:

e For v0, query images are from catalog only
o Catalog images are easier to deal with (uniform background)
o ETA for wild images - mid 2016
@ Pretty much all approaches map the image to one or more Descriptor
Vector, aka Feature Vector (FV), aka Embedding

(Dis)Similarity between a pair of images = Euclidean Distance or
Cosine Similarity between FVs
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Approach 1 - Traditional Computer Vision

@ Color histogram
o Gaborlets for pattern recognition / description: A gabor filter
responds to patterns of alternating light and dark at a specific
orientation angle, sharpness and spacing.
GaborJet = concatenation of Gabor filter responses over a range
of angles, sharpness and spacings
© Collect GaborlJets from various salient points on the image
@ Use GJs as index terms in a bag of words model for document search
© Combine with color histogram for a composite color + pattern similarity
e Maximally Stable Extremal Regions (MSER):
© Segment the image into similar colored blobs via MSER
@ Describe individual blobs with a color histogram and shape descriptor
(e.g., moments)
© Use blob descriptors as index terms in a bag of words model for
document search
@ Problem: Hard to filter out background, skin (face, hands) and hair
of models / mannequins
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Detour - Deep Learning Redux

All decision making X (input) LA y (output)

. . . f(X
e.g., face detection | input_image ﬁ) face/no_face

@ Problem: we don't know f (X)

@ solution 1: Model it as f (X) = ), w;x;. Too simple, not expressive
enough.
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Krishnendu Chaud

Deep Learning Redux (contd.)

neuron and multi-layer sigmoid diagram

Neural networks

* Aneuron
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X is called the total input
to the neuron, and f(x)
is its output

* A neural network
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A neural network computes a differentiable
function of its input. For example, ours computes:
p(label | an input image)
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Detour - Deep Learning Redux contd.

All decision making X (input) 9, y (output)

. . . f(x
e.g., face detection | input_image & face/no_face

@ Problem: we don't know f (X)
@ solution 1: Model it as f (X) = ). w;x;. Too simple, not expressive
enough.

@ solution 2 (5|gm0|d neuron): Add non-linearity. n(x) =s(>_; wix;)
where s (a) = 1+e*a is sigmoid basis function. Still not expressive

enough.
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Detour - Deep Learning Redux

o
All decision making X (input) 9, y (output)

. . . f(X
e.g., face detection | input_image ﬁ> face/no_face

@ Problem: we don't know f (X)

e solution 1: Model it as f (X) = ), w;x;. Too simple, not expressive
enough.

@ solution 2 (sigmoid neuron): Add non-linearity. n(X) =s(>_; w;x;)
where s (a) = is sigmoid basis function. Still not expressive
enough.
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@ solution 3: Multi-layered sigmoid neurons. Each neuron emits sigmoid
of linear combination of previous layer outputs
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Deep Learning Redux (contd.)

Convolutional Neural Networks (CNNs)

Max
posing palireg
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Approach 2 - Embeddings from Object Recognition Deep

CNNs

@ Use final layer of Deep Convolutional Neural Networks for Object
Recognition as Feature Vector
e Cons
o Object recognition networks learn category level similarity - i.e., focus
on features common to all t-shirts
o Object recognition networks basically learn to ignore fine grained
details (e.g, spacing and orientation of stripes, color shades etc)
o Our similarity measure needs category level features as well as finer
details

@ We tried using both Alexnet and GoogleNet - works but quality is
not great
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Approach 3 - Siamese Networks

basics

@ Network Input: Image pair. Let corresponding Feature Vectors be p

and q.

@ Ground Truth: Y =1 (images are not similar) or Y =0 (images are
similar)

@ Training: Both images of input pair processed by Alexnet with shared
weights.

@ Contrastive Loss Function:

L=(1-Y) 2 {D(5.4))> + (¥) 5 {max(0,m — D(.4)))’
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Approach 3 - Siamese Networks (contd.)

diagram

contrastive loss layer
feature feature
vector p vectorq
common
(shared) weights
AlexNet without final AlexNet without final
softmax loss layer softmax loss layer

Image Pair = <image p, Image g>

Figure: Siamese Network Basic Architecture
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Approach 3 - Siamese Networks (contd.)

Cons

@ Binary (yes / no) decision on whether two images are similar is very
subjective. Ground Truth will be contradictory and non-uniform

e Final layer of Alexnet is a compact / abstract description of the image

@ Loses details = loss of quality in similarity
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Our Approach - Triplet Networks

Training Data

@ Each training data element is a triplet (g, p, n) of 3 images
© g == query image
o p = positive image
& n = negative image
@ Image p should be more visually similar to image g compared to
image n
o Trainers only label relative similarity
@ Much more well defined and less ambiguous than absolute similarity
required by Siamese networks
@ Trainers typically label consistently = no need of cross trainer
normalization
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Our Approach - Triplet Networks

Basic Training Architecture

Feature Vector n
Feature Vector Feature Vector p f

common

(shared) common
Aexnet witout | "9 | exnet-without | fShated) |\
Eg;ﬂl;(lﬁmﬂx Loss Er;ale:oﬂmax Loss ¢ final softmax Loss
For Image q For Image p e

For Image n

Image p
Image q
Image n

Image Triplet <q, p, n>

o =>we will see later that this is more than Alexnet

Figure: Our Deep CNN Triplet Network - Basic Training
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Our Approach - Triplet Networks

Hinge Loss

o L= maX(07g+ D(Jaﬁ) - D(C_fvﬁ))
@ g — gap parameter. Larger g pushes similar and dissimilar images
further apart
e If g =0, given a triplet (q, p, n)
¢ Case 1. Network does the right thing: Then D (g, p) — D(q,A) <0
= hinge loss =0
o Case 2. Network does the wrong thing: Then D (§,p) — D (g, 1) >0
= hinge loss > 0
& More the network deviates from correct behavior, higher the hinge loss

e If g >0 D(q,n) must exceed D (g, p) by g to make loss 0
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Our Approach - Triplet Networks

Alexnet* details
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Figure: Combining Alexnet with Shallow Layers to combat
loss of detail
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Triplet Networks

Results
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Triplet Networks

Results

Query Image

Similar Images
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Triplet Networks

Results
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Triplet Networks

Results
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Triplet Networks

Results

Query Image

Similar Images.
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Triplet Networks

Results

Query Image
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Triplet Networks

Results

Query Image
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Conclusion)

Possible Future Work

o Wild images

@ Attribute Extraction - automatic product type and detail
identification from images
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