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[Abstract]

In this paper, we propose a new stacking ensemble framework for deep learning

models which reflects the distribution of label embeddings. Our ensemble framework

consists of two phases: training the baseline deep learning classifier, and training the

sub-classifiers based on the clustering results of label embeddings. Our framework aims

to divide a multi-class classification problem into small

sub-problems based on the

clustering results. The clustering is conducted on the label embeddings obtained from

the weight of the last layer of the baseline classifier. After

clustering, sub-classifiers are

constructed to classify the sub-classes in each cluster. From the experimental results,

we found that the label embeddings well reflect the relationships between classification

labels, and our ensemble framework can improve the classification performance on a

CIFAR 100 dataset.
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III. The Proposed Scheme
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2. Uncertainty estimation
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3. Efficient Ensemble Model
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Table 1. Class label information for CIFAR100 dataset

Superclass Classes

beaver, dolphin, otter, seal,
whale

aquarium fish, flatfish, ray,
shark, trout
orchids, poppies,
sunflowers, tulips
bottles, bowls, cans, cups,

aquatic mammals

fish

roses,
flowers

food containers

plates

apples, mushrooms,
fruit and vegetables oranges, pears, sweet

peppers
household electrical | clock, computer keyboard,
devices lamp, telephone, television
household furniture bed, ~chair, couch, table,

wardrobe

bee, beetle, butterfly,

insects !
caterpillar, cockroach

. bear, leopard, lion, tiger,

large carnivores
wolf

large man-made outdoor | bridge, castle, house, road,
things skyscraper
large natural outdoor | cloud, forest, mountain,
scenes plain, sea
large omnivores and | camel, cattle, chimpanzee,
herbivores elephant, kangaroo

fox, porcupine,
raccoon, skunk
crab, lobster, snail, spider,
worm

. . ossum,
medium-sized mammals P

non-insect invertebrates

people baby, boy, girl, man, woman
. crocodile, dinosaur, lizard,
reptiles
snake, turtle
hamster, mouse, rabbit,
small mammals .
shrew, squirrel
maple, oak, palm, pine,
trees .
willow
. bicycle, bus, motorcycle,
vehicles 1 . 4 . 4
pickup truck, train
. lawn-mower, rocket,
vehicles 2

streetcar, tank, tractor
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Fig. 1. Clustering results for CIFAR100 classes
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Table 2. Clustering results of clustering using label
embeddings

cluster classes

0 baby,boy,girl,man, woman
bridge,castle,cloud,
forest,mountain,palm_tree,
plain,road,rocket,sea,skysc
raper
bee,beetle,butterfly,caterpil
lar,cockroach,crab,lizard,lo
bster,orchid,snail,snake,spi
der,sunflower,worm
apple,bowl,hamster,mushr
3 oom,orange,pear,plate,pop
py,sweet_pepper,tulip
dinosaur,maple_tree,

4 oak_tree,pine_tree,rose,will
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bear,beaver,camel,cattle,ch
impanzee,elephant,fox,kan
garoo,leopard,lion,mouse,o

> tter,porcupine,possum,rabb
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irrel,tiger,wolf
bicycle,bus,house,lawn_mo
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n
aquarium_fish,crocodile,dol
7 phin,flatfish,ray,seal,shark,t
rout,turtle,whale
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8 ble,telephone,television,wa
rdrobe’
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3. Results for ensemble classification
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Table 3. Comparison of top1/top3 accuracies for
baseline (basic classifier) and sub-classifier in 9
clusters

top1 accuracy (%) top3 accuracy (%)

cluster . sub-clas . sub-clas
baseline . baseline -

sifier sifier
0 56.86 62.77 83.05 92.78
1 86.91 90.12 96.26 99.48
2 75.28 88.95 85.31 96.23
3 77.67 88.15 91.53 97.88
4 74.29 80.60 93.25 97.67
5 75.48 79.27 88.15 92.86
6 85.58 89.64 94.64 98.49
7 72.41 87.21 82.31 95.37
8 81.75 89.13 90.41 96.09
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Table 4. Comparison of top1/top3 accuracies for

baseline (basic classifier) and sub-classifier in 8
clusters
top1 accuracy top3 accuracy
cluster . sub-clas . sub-clas
baseline - baseline .
sifier sifier
0 68.00 72.67 87.17 94.50
1 78.67 83.78 95.56 98.00
2 75.32 79.95 87.22 91.68
3 84.36 89.36 94.63 98.18
4 79.21 85.43 90.07 94.71
5 83.27 88.82 93.63 98.18
6 76.67 85.40 89.53 95.67
7 74.75 86.83 87.58 96.50

Table 5. Comparison of top1/top3 accuracies for

baseline (basic classifier) and sub-classifier in 3
clusters
top1 accuracy top3 accuracy
cluster . sub-clas . sub-clas
baseline - baseline .
sifier sifier
0 77.43 80.13 90.41 94.05
1 74.00 77.58 86.71 89.45
2 80.82 83.87 95.00 97.04
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