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1 Details of Domain-specific and Domain-agnostic Features

Our proposed “learn, forget, then learn more method focuses on identifying and learn-
ing domain-specific features first (subsection 3.1 of main paper), then unlearning them
(subsection 3.2), followed by learning more domain-agnostic features (subsection 3.3).

We prioritize domain-agnostic features (i.e., task-specific features, which are good
for domain-adaptive classification tasks) over domain-specific ones (i.e., features re-
lated to a specific domain), mitigating bias from domain knowledge. Domain-agnostic
features, primarily capturing shape and structural information (main paper Fig. 1 - first
row), differ from target-specific features, which encapsulate finer color and texture de-
tails specific to a target domain (shown in Figure 2). Due to limited or no annotations in
the target domain, extracting discriminative target-specific representations with a CNN
is extremely challenging. Hence, our approach prioritizes extracting common represen-
tations shared between the source and target domains, i.e., domain-agnostic features.
Unlike previous SSDA and UDA methods that incidentally acquire domain-agnostic
representations as a secondary objective, our work primarily emphasizes on this aspect,
surpassing the efficiency of prior approaches (refer to Table 1-4 of main paper).

Domain-specific encoders are designed to proficiently classify images from the same
domain (Eq.1 of paper), while consciously refraining from extracting valuable represen-
tations from out-of-domain images (Eq.2 or paper). Minimizing Eq.4 ensures that the
network learns predominantly domain-specific features, complemented by some domain-
agnostic ones. In section 3.2, we disentangle and unlearn domain-specific features, en-
hancing the prominence of domain-agnostic (i.e., task-specific) ones in mapped images,
and adeptly learn features crucial for classification.

2 Additional Results and Analysis

We provide additional results and an in-depth analysis of our proposed workflow in this
section. This complements our findings in the main manuscript.

2.1 Latent Feature Visualization

In addition to the t-SNE plot for SSDA (as shown in Figure 5 and subsection 4.7 of
the main manuscript), we provide similar findings for UDA setting, both class-wise and
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Fig. 1: t-SNE visualization for latent representations of our method. Results are shown on Office-
Home A—R and DomainNet P—R UDA task using ResNet-34 backbone with 20 randomly sam-
pled classes. The “*x”and “©”in (a) and (c) represent data-points from source and target domain,
respectively. Different colors represent different classes in (b) and (d).
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Fig. 2: Grad-CAM analysis of Face images sourced from four distinct domains within the Do-
mainNet dataset is conducted under the UDA setting. Our domain-agnostic classifier C focuses
on specific regions, such as the hair and forehead, irrespective of their visual appearance across
domains. In contrast, the baseline classifier (PMTrans [ 1]), exhibits a broader attention span across
the entire image region. Domain-specific classifier C. learns various visual representations on dif-
ferent domains (e.g., eyes for real and sketch, mouth for clipart, and nose for paint).

domain-wise for Office-Home A—R and DomainNet P—R adaptation task in Figure 1.
The inter-class compactness and intra-class separability are visible clearly in Figure 1(b,
d). This justifies the superior classification ability of our proposed method, even without
target-level supervision. The feature representation of each object class in the source
and target domain is also well-aligned, as observed from the overlapping “x”and “©”in
Figure 1(a, c). This is owing to our proposed unlearning domain-specific features and
learning domain-agnostic ones. The efficient disentanglement of domain-specific and
domain-agnostic features leads to extracting discriminative features for classification,
leading to superior inter-class separability and intra-class compactness in latent space.
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2.2 Grad-CAM Visualization

We also present our model’s performance to focus on domain-agnostic attributes and un-
learn domain-specific features for UDA setting in Figure 2. This complements our find-
ings in SSDA settings, as shown in Figure 2 and subsection 4.5 of the main manuscript.
As depicted in the figure, our domain-agnostic classifier C gives precedence to facial
features like hair and forehead, which resemble universal facial characteristics observed
across diverse image domains. Conversely, similar to SSDA, the domain-specific classi-
fier Cy attributes emphasizes distinctive local shapes and structural patterns, such as the
texture and positioning of the eyes in real and sketch images, the mouth in clipart images,
and the nose in paintings. Some of these features exhibit domain specificity (e.g., the
shape and structure of the nose and eyes vary significantly across domains, particularly
in clipart). Consequently, learning representations of such features may not contribute
significantly to adaptation, hence justifying the effectiveness of our proposed workflow
in UDA. In contrast, the baseline classifier (PMTrans [1]) adopts a more generalized
approach, focusing broadly on the entire image and lacking the ability to differentiate
effectively between domain-specific and domain-agnostic attributes.
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Fig.3: Comparison of average classification performance using target-specific (TS) encoder-
classifier pair {&€}, C;} vs. our proposed method on the two datasets.

2.3 Comparison with Target-specific Feature Learning

We further conducted experiments to evaluate the efficacy of our proposed “learn, for-
get, then learn more”approach compared to target-specific (TS) feature learning, as il-
lustrated in Figure 3. Specifically, we assess classification performance after training
{&r. Cr } by minimizing the following equation: (Equation 4 from the main manuscript)

Ly =Ly —aLly (1)

Here £g is the domain-specific feature learning loss and E% is feature unlearn-
ing loss for m-th domain D,,. This training objective focuses solelgn/ on learning target-
specific features. Intuitively, this should yield superior performance, as distinct target-
specific features are crucial for accurate classification in the target domain. However, we
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observed a significant (up to ~ 15%) decrease in performance using the TS approach,
as shown in Figure 3, compared to our method. This discrepancy can be attributed to
two main factors: (1) limited supervision in the target domain due to a scarcity of tar-
get labels, and (2) entanglement of source-domain features with target-domain features,
posing challenges for domain adaptive classification. Thus, we can conclude that disen-
tangling domain-specific features from domain-agnostic ones, particularly in scenarios
with limited target data, and prioritizing domain-agnostic feature learning is crucial.
Our proposed method, emphasizing domain-agnostic feature learning after eliminating
domain-specific ones, excels in domain-adaptive classification scenarios, encompassing
both UDA and SSDA settings.
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