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Experimental Results:

Table 1: Comparison with baselines on two benchmarks.

Method:
Stable and Orthogonal Feature Regularization (SOFR)

Introduction:

Domain shift in medical applications:

Table 2: The analysis of different components in SOFR on
Fundus (Using AM as domain randomization).
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Generalize X Perform better than MSDG with less annotations! .
m ‘ (On CXR benchmark) Unlabelled samples from more domains

. . are more effective!
under domain shift?

Orthogonal d,
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Stable v and Orthogonal X->dummy solutions on unlabelled samples!

Conclusions:
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Semi-supervised Domain Generalization (SemiDG): We propose a new realistic setting for domain generalization named

: : : iD int ' | | in into the traini :
Single—Source DG / Multi-Source DG: all source domain(s) are labelled. SemiDG by introducing unlabelled domain into the training process

SemiDG: One labelled source domain and several unlabelled source Stable X and Orthogonal v —>hard to obtain domain-invariant predictions!

We design a regularization-based SemiDG method which constrains the

domains.

Train data Test data

feature to be both stable and orthogonal to improve the generalization

New Benchmarks for SemiDG: ability under domain shift.

SSDG Source domains for train:
Existi tti
Labe)l(llgd";?w "Zﬁ S';?]S oS » One labelled + Two unlabelled . .
P : - We propose two new benchmarks for SemiDG and the experimental results
MSDG Target domain for test: (a) Domain 1 (b) Domain 2 (c) Domain 3 (d) Domain 4

Fundus Images: Optic Cup/Disc Segmentation Task show the effectiveness of our proposed method.
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(b) NIH (c) CheX (d) PC

> The left one domain

Labelled domain 1 Labelled domam 2 ... Labelled domaln N

Target Domain

New Setting
Labelled on one domain <«— SemiDG
Unlabelled on others

Evaluation for Fundus benchmark:
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» Averaged on 12 different permutation of domains

Labelled domain Unlabelled domain1 ... Unlabelled domain K

Evaluation for Chest X—-Ray benchmark:
> Train: MIMIC (labelled) NIH+CheX (unlabelled)
» Test: PC

(a) MIMIC

SemiDG only needs annotations from one domain Chest X-Ray Images: Diagnosis Prediction Task

and aims to achieve comparable performance as MSDG.

Homepage: https://mediabrain.sjtu.edu.cn/



