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» Background

* Objects from correlated classes usually share highly similar appearance while objects
from uncorrelated classes are very different.
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» Motivation

* Most existing approaches for image recognition treat each class independently.
* The training labels on the datasets are usually set as one-hot vectors.
[1,0,0,...,0], [0,1,0,...,0], [0,0,1,...,0], ..., [0,0,0,...,1]

* Ignore the correlations between different classes during training.
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» Contributions

* We construct hierarchical knowledge graphs to reserve and explore the semantic
relations across different classes. With the constructed hierarchical knowledge graphs,
we are able to calculate the distance between two classes thus regularize the semantic
space across different classes.

* We generate the knowledge embedded soft labels based on the distance across
different classes. The knowledge embedded soft labels serve as an extra guidance in
training the classifier to better understand the semantic relations across different
classes.

* We also devise a Small-ImageNet dataset, which consists of 400 classes objects from
the original 1,000 classes 1n the full ImageNet dataset as an additional evaluation of
our proposed method. The experiment results prove the effectiveness of our proposed

method.
25th INTERNATIONAL CONFERENCE
ON PA'I'I'ERN RECOGNITION




I\

DMAI

»Proposed Method
» Hierarchical Knowledge Graphs
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»Proposed Method

»Knowledge Embedded Soft Labels Genus
-The distance between class (node) i and j: @ '

Species
dij = eij — 1 (€5 2 2, 1 # j) ()

(b)

-The similarity coefficients between class i and j:

Cij:)\dij(0<>\<1, Cu:1)

-The proposed knowledge embedded soft labels between class i and j:

v Zzzl exp (T - cik )
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»Proposed Method

» Training Loss

-For the original hard one-hot labels, we employ cross-entropy loss as followings,
G;lfp( .S‘Z'j )

ZZ:I G;L'p( Sik )

Yij —

thus we can obtain the L :

Lop ==Y vik-log (vix)
k
-For the knowledge embedded soft labels, we calculate the Kullback-Leibler loss as:

Jik
Lkr = — Zg;k -log=~
k ik

»Finally, we have L=o - Lce + 3 - LkL
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Dataset:
Caltech-UCSD Birds (CUB) Dataset for fine-grained image recognition
Mini-ImageNet and Small-ImageNet Datasets for general image recognition

» Experiments
»Comparison with state-of-the-art »Comparison with baseline (w/o
in CUB dataset for fine-grained knowledge embedded soft labels) on
image recognition Mini-ImageNet and Small—ImageNet
for general 1image recognition
Method Accuracy | Network Backbone Datasel Baseline ours
Baseline 85.8 ResNet-50 Mini-ImageNet 78 4 1.0
DT-RAM [26] 86.0 ResNet-50 Small-TmageNet 80.1 80.6
KERL [27] 86.3 VGG-16
MA-CNN [15] 86.5 VGG-19 » Comparison with Label Smoothing
KERL w/ bbox [27] 86.6 VGG-16 :
Methods ‘ Learning rate | Results
KERL w/ HR [27] 87.0 VGG-16 T <3
DPL-CNN [28] 87.1 ResNet-50 Label Smoothing [22] 0.001 265
Ours 87.1 ResNet-50 0.1 871
Ours 0.01 86.7
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» Experiments

» Ablation Study
A T « Accuracy
- - 1 0 85.8 (only Log)
0.5 16 0 1 85.4 (only Lx1,) Network Backbones | Baselines (w/o KESL) | Ours (w/ KESL)
D) 1 1 86.7 MobileNetV?2 81.7 82.1
0.5 5 1 1 86.2 ResNet-18 82.6 83.3
16 1 1 85.8 ResNet-50 85.8 87.1
05 16 1 1 85.8 » The influences of different backbone networks
' 16 0.1 1 86.5
2 1 1 86.7
0.5 2 1 0.1 87.1
2 1 0.01 85.9

» The influences of hyper-parameters
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Thank you!
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