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ABSTRACT

In this paper, we propose a new method based on a deep learning model with an optimized dynamic decay learning
rate and improved model structure to achieve fast and accurate classification of fashion clothing images. Experiments
are performed using the model proposed in the Fashion-MNIST dataset and compared with methods of CNN, LeNet,
LSTM and BiLSTM.
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Table 1.
algorithm

The pseudo-code of optimization
for dynamic learning rate

Algorithm: Optimized Dynamic Learning Rate
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Table 2. Detailed prediction results of models

on the test set (Pre: precision, Rec: recall, F1:
f1-score. The number of test samples in each
category is 1000.)

CNN LS™M
Category [ Pre Rec FI | Pre Rec FI | Pre Rec FI | Pre Rec FI | Pre Rec Fl
T-shirthoy 0.86 0.80 0.83] 0.88 0.74 0.80{0.80 0.82 0.81]0.850.790.820.88 0.88 0.88
Trouser |0.98 0.98 0.98]0.99 0.97 0.98{0.99 0.96 0.98]0.99 0.970.98/0.99 0.99 0.99
Pullover | 0.85 0.77 0.80] 0.76 0.86 0.81{0.77 0.80 0.79]0.78 0.790.78| 0.91 0.86 0.88
Dress  [0.92 0.89 0.90]0.89 0.88 0.88{0.82 0.92 0.87|0.87 0.880.880.93 0.95 0.94
Coat [ 0.82 0.87 0.84]0.81 0.79 0.80{0.80 0.75 0.77]0.77 0.840.80 0.87 0.89 0.88
Sandal | 0.96 0.95 0.96]0.99 0.92 0.95/0.98 0.96 0.97]0.97 0.940.95]0.99 0.98 0.98
Shirt | 0.69 0.78 0.73]0.67 0.70 0.68)0.67 0.62 0.65]0.71 0.660.68| 0.78 0.80 0.79
Sneaker | 0.95 0.93 0.94]0.92 0.96 0.94/0.92 0.98 0.95]0.91 0.960.94| 0.96 0.97 0.96

Bag 0.96 0.98 0.97[0.96 0.97 0.96(0.97 0.97 0.97]0.95 0.970.96] 0.99 0.99 0.99
Ankle
Boot 0.93 0.97 0.95{0.94 0.97 0.95/0.98 0.95 0.9

LeNet BiLST™M Ours

X

0.960.950.95[0.98 0.97 0.97

=

avg/total| 0.89 0.89 0.89/0.88 0.88 0.88/0.87 0.87 0.87/0.87 0.870.8710.93 0.93 0.93

V. dE

Require: Initial learning rate oo, and the total iteratons global_step
Require: Initialize parameter, decay rate p, hyper-parameter d,
1: [Initialize accumulation variables E|g*|= E|Ac?|o-0

2: For = 1,2, ... global_step do
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3: Accumulate Gradient: E[g%, = pE|g*|.,+(1p)g? N 8
4: Computer Update: Aa = RMS|Adl. ,/RMS|g|, - g, @%}QEM‘] —Cl)_E‘] Ecli:']% O]D]K]Q‘] ‘IQI"g‘Q]: c!
5: Accumulate update: £| Aa?|, = pE| Aa|,,+(1-p) Aa? iéﬁ]‘% 9[1401\& %‘j—j‘% 7}7<]J1 9\11:]-
6: Computer learning rate: ¢, = ¢,_, * e8>
7: Learning rate update: . = o+ A,
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