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Class-incremental Source-free Domain Adaptation Based on Multi-prototype Replay and Alignment
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Abstract Traditional source-free domain adaptation usually assumes that all the target domain data is available, but in practice,
the target domain data often appears in the form of streams, that is,the classes in the unlabeled target domain will increase se-
quentially, which undoubtedly brings new challenges. First,in each time step, the label space of the target domain is a subset of
the source domain,and blind alignment will cause the performance of the model to deteriorate. Secondly.in the process of learning
new classes.it will destroy the previously learned knowledge,resulting in the catastrophic forgetting of the previous knowledge.
In order to solve these problems,this paper proposes a method based on multi-prototype replay and alignment( MPRA). In this
method, the shared classes in the target domain are detected by cumulative prediction probabilities, the label space inconsistency
problem is solved,and the multi-prototype replay is used to deal with catastrophic forgetting and improve the memory ability of
the model. Additionally, the method incorporates cross-domain contrastive learning based on multi-prototype and source model
weights to align feature distributions and improve model robustness. A large number of experiments show that the proposed
method has achieved superior performance on 3 benchmark datasets.

Keywords Source-free domain adaptation,Class-incremental learning , Multi-prototype, Contrastive learning, Transfer learning
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Table 2 Final accuracy on Office-31 and ImageNet-Caltech
%
Method DA SF cl Office-31 ImageNet-Caltech

A>D A>W D>A D>W W—>A W—>D Avg Cc—>1 I-C Avg

ResNet50 X X X 74.1 74. 4 58.5 96.9 61.2 99.6 77.5 72.3 70.7 71.5

DANNC41] J X X 74.9 72.5 55.7 96. 6 51.4 97.7 74.8 58.8 31.4 45.1

ENTL42] J X X 21.3 82.2 61.7 94.3 64.1  100.0  70.6 1.4 3.1 2.3

PADAL33] N/ X X 56.9 61.5 12.5 82.4 46.7 84.3 57.4 37.3 45.9 41.6

BA3USH3] N/ X X 74.1 73.3 63.3 94. 8 64.0  100.0  78.3 60. 8 45.0 52.9

CIDAM7] Ni J J 70. 4 64.5 48.1 95.1 52.7 98. 8 71.6 69.3 49. 2 59.2

ProCAL38] N X NG 81.8 82.5 65.2 99.1 64.1 99. 6 82.1 82.9 83.1 83.0

MPRA (ours) N N N 84.3 83.0 68.7 95. 4 70.7 99. 4 83.6 84.2 83.5 83.9

# 3 Office-Home i ZHEH R
Table 3 Final accuracy on Office-Home
%)

Method Ar Cl ArPr  ArRw Cl Ar ClPr ClIRw PrAr PrCl PrRw RwAr RwCl RwPr Avg
ResNet50 47.6 65.2 72.7 54.7 62.8 66. 1 52.4 44,7 74.0 66. 2 47.4 77.4 60.9
DANNLAL] 33.1 40.0 45.8 36.8 36.6 44.1 32.0 29.8 49.8 42.4 40. 2 55.2 40.5
ENTL42] 42.4 2.8 7.4 4.3 60. 3 6.3 50. 7 33.8 70. 8 3.7 43.5 75.1 33.4
PADAL35] 24.8 41.4 55.1 18.3 35.0 36.3 25.9 26.2 53.7 46.8 31.4 50.0 37.1
BA3USH3] 33.7 39.7 63.2 36.6 39.1 53.7 36.5 24.9 53.4 52.2 35.9 65.9 44.6
CIDAL7] 32.2 45.9 49.1 36.5 38.6 46.6 51.6 33.5 59.0 64.0 38.0 65.1 47.5
ProCAL38] 51.9 75.2 86.1 60.8 69. 7 74.7  60.1 51.0 84.2 75.8 51.2 86. 4 68.9
MPRAC(ours)  56.2 79.7 87.2 60.2 74.6  75.5 59.9 49.7  85.2 77.5 58.2 87.8  71.0
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Table 4  Ablation experiment of different loss items
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