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Our Architectures

Abstract

In this study, we 1nvestigate in-shop clothing retrieval
performance of densely-connected Capsule Networks with
dynamic routing. To achieve this, we propose Triplet-based
design of Capsule Network architecture with two different
feature  extraction  methods. In  our  design,
Stacked-convolutional (SC) and Residual-connected (RC)
blocks are used to form the input of capsule layers.
Experimental results show that both of our designs
outperform all variants of the baseline study, namely
FashionNet, without relying on the landmark information.
Moreover, when compared to the SOTA architectures on
clothing retrieval, our proposed Triplet Capsule Networks
achieve comparable recall rates
parameters used in the SOTA architectures.

Capsule Networks
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Figure 1. Capsule Network architecture proposed by Sabour and
Hinton et al. [1].

Capsules are groups of neurons that convey higher dimensional
information throughout the network in more refined way. This
information 1s interpreted as the pose configuration and the
existence probability of an instance. Each capsule 1n a higher
level is formed by the routing of incoming votes from the
capsules 1in lower level. At this point, these votes are calculated
by the linear transformation of the pose configuration. During
dynamic routing [1], the linear combination of incoming votes
weighted by their coefficients (1.e. coupling coefficients) forms
the non-activated outputs in higher level capsules. For each
iteration, the weights of these votes are updated with respect to
the dot product of the incoming votes and the outputs in higher
level capsules. This 1s called agreement between capsules.
Finally, the output of each capsule in lower level 1s determined

by squashing function as proposed in [1].
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Figure 2. Illustration of our proposed architectures containing different feature extraction blocks.

DeepFashion
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Figure 3. Example of a triplet containing an anchor 1image (a), a

positive 1mage (b) and a negative image (c) from in-shop
partition of DeepFashion [2] data set.
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Figure 4. Example images from DeepFas|

hion [2] data set

with (a) and without (b) landmarks employed; with (¢)

human joints and with (d) poselets, a

part of pose.

Triplet Relation

d(L,1%) = | f(z) - f=h)]3
d(L,17) = | f(z) = f=)I3
d(1,1M) +a < d(,17)

Objective Function

L = Z[d(li, L") —d(l;, ;) + af

Experimental Settings

Table 1. Hyper-parameter settings.

Optimizer Adam [3]
Learning Rate 0.001
Decay Rate 0.0005
Batch Size 32
Routings 3
Margin 2.0
Normalization Pixel-wise

Table 2. Recall@K performance of the variants of the baseline study
[2] and our proposed model. FashionNet has different building
blocks where the model has different numbers of attributes (A) (i.e.
100, 500 and 1000), or fashion landmarks (L) are replaced with
human joints (J) or poselets (P). SCCapsNet and RCCapsNet do not
use any extra side information during training.

Models Top-20 (%) Top-50 (%)

(1000A+ L) 57.3 62.5

(500A+1L) 64.6 69.5

FashionNet + (1000 A +1J) 68.0 73.5
(1000 A + P) 70.0 75.0

(1000 A+ L) 76.4 80.0

SCCapsNet Not Used 81.8 90.9
RCCapsNet Not Used 34.6 92.6

Table 3. Experimental results of in-shop clothing retrieval task on

DeepFashion data set. -”: not reported.
, Top-1 Top-10 Top-20 Top-50

Architectures  #P ((Z) (E;)) (50) ((I;) )
WTBI [4] 60 35.0 47.0 50.6 54.5
DARN [5] 105 38.0 56.0 67.5 72.5
FashionNet 134 53.2 72.5 76.4 80.0
Corbiig’ al o5 390 718 78.1 85.6
SCCapsNet 2.5 32.1 72.4 81.8 90.9
RCCapsNet 4.5 33.9 75.2 84.6 92.6
HDC 5 62.1 84.9 89.0 93.1

VAM 6 66.6 88.7 92.3 -
BIER 5 76.9 92.8 95.2 97.1
HTL 5 80.9 94.3 95.8 97.8
A-BIER 5 83.1 95.1 96.9 98.0
ABE 10 87.3 96.7 97.9 98.7
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