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Exploring optimized semi-supervised learning using knowledge transfer graphs
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IT-model is a consistency-based, semi-supervised learning (SSL) method that can be derived from other conven-
tional methods by devising main components such as data augmentations and models. Also, FixMatch combines
conventional data augmentation methods with pseudo-labeling to achieve higher accuracy. The structures of these
SSL methods were designed by humans and may not be the best learning method. In this paper, we aim to explore
a new SSL method that contains the conventional methods. We introduce consistency loss, pseudo-labeling, and
other main components of conventional methods into the knowledge transfer graph that contains mutual learning,
and explore the graph structure to obtain the new SSL method from various SSL methods. From the explore and
evaluation experiments using various datasets such as CIFAR-100, we confirmed that our method is more accurate

than the conventional SSL methods.
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v b=z eh—ERCE O WIEE TV, Bl 4
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fifids b FBEEEFHET 5. 7 — &1y M CIFAR-10, CIFAR-
100 Z AW 2. 24 EHUE 200 epoch, FRATHIEUZ 4500 [A]
PR 2 — R X ResNet32, optimizer {& momentumSGD,
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5 BbHOIC

REHSTTIE, LHATH D 3B OREREIHI 5N 5 K%
HFIERS 2 5 7 1CBA L, HEMEE 2 5 7 % B840 B b 280
IR U=, BT, TEREE AT 3 HEER 2 5 7 0%
FICK DB L RSB, RORERIRIE LT & 5 %%
BHERME L. N R85 X — R OMASHEETHT L
T, BHRT 2MAEDRRESR T L TV ERER Y S
TREER I T X B AREND D 5. BRI, N4 RESELOE
A BOHED D FEANDIAEICOWTHRATT 3.

6. FHEF

CORRIE, ENRFFBIFIE AR T VX — - IR A
FHFEHENS (NEDO) OZREZER (JPNP18002) OFERIF 5472
HDTH5.

BE B
[Minami 20] Minami, S., et al.: Knowledge Transfer Graph
for Deep Collaborative Learning, ACCV (2020).

[Laine 17] Laine, S., et al.: Temporal Ensembling for Semi-
Supervised Learning, ICLR (2017).

[Miyato 19] Miyato, T., et al.: Virtual Adversarial Train-
ing: A Regularization Method for Supervised and
Semi-Supervised Learning, TPAMI, Vol. 41, pp. 1979-
1993 (2019).

[Xie 20] Xie, Q., et al.: Unsupervised Data Augmentation
for Consistency Training, NeurIPS, Vol. 33, pp. 6256—
6268 (2020).

[Tarvainen 17] Tarvainen, A., et al: Mean teachers are
better role models: Weight-averaged consistency tar-
gets improve semi-supervised deep learning results,

NeurIPS, Vol. 30, pp. 1195-1204 (2017).



3J3-0S-3a-03

The 36th Annual Conference of the Japanese Society for Artificial Intelligence, 2022

# 1: CIFAR-100 8 X O&f CIFAR-10 % W7 FE R HLE (%)

2 A CIFAR-100 CIFAR-10
FZAVH Y T—2E | 2,000 4,000 6,000 8,000 10,000 all 1,000 4,000
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