
GCA: Geometry-aware Conditional Alignment for Partial Domain Adaptation
with Coding Rate Reduction

Xiaohui Chen, Chuan-Xian Ren*

School of Mathematics, Sun Yat-Sen University, China
chenxh278@mail2.sysu.edu.cn, rchuanx@mail.sysu.edu.cn

Abstract

Partial Domain Adaptation (PDA) aims to transfer knowledge
from a labeled source domain to an unlabeled target domain,
where the target label space is a subset of the source label
space. In PDA scenario, existing methods typically achieve
transferability through distribution alignment in a statistical
framework, and discriminability through geometric model-
ing. These two aspects are often treated as separate frame-
works, which severs the intrinsic connection between them.
To bridge this gap, we propose a unified framework termed
Geometry-aware Conditional Alignment (GCA), which is de-
rived from theoretical insights of Maximum Coding Rate Re-
duction. GCA collaboratively achieves conditional alignment
and orthogonal discriminability in a unified framework, mak-
ing the learned features more interpretable in both statistical
and geometric aspects. As a result, GCA effectively enhances
both the transferability and discriminability of features. Ex-
tensive experiments on four benchmark datasets validate the
effectiveness of GCA.

Introduction
Deep neural networks have achieved notable success in com-
puter vision (Krizhevsky, Sutskever, and Hinton 2012; He
et al. 2016; Simonyan and Zisserman 2014), mainly due
to large-scale labeled datasets and strong representation ca-
pabilities. However, traditional deep learning methods typi-
cally assume that the training and testing data come from the
same distribution. This assumption is often violated in real-
world applications (Pan and Yang 2009). Such distribution
discrepancies cause domain shift, significantly degrading the
performance of source-trained models on new domains.

To address this practical challenge, domain adaptation
(DA) has been proposed (Courty et al. 2016; Long et al.
2018a; Luo et al. 2020). PDA is a scenario of DA where the
target label space is a subset of the source. Compared to tra-
ditional closed-set domain adaptation, PDA presents a sig-
nificantly greater challenge (Li et al. 2020b). Source-private
classes may induce negative transfer if the entire source do-
main is naively aligned with the target domain.

To mitigate this negative transfer, the paradigm of learn-
ing domain-invariant representations has garnered substan-
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Figure 1: Illustration of feature subspaces before and after
adaptation. (a) Before adaptation, class-specific feature sub-
spaces are ambiguous. (b) After adaptation with GCA, fea-
tures become more compact within classes and more dis-
criminative between classes.

tial research attention. Existing PDA methods primarily fo-
cus on two key properties of the representation model: trans-
ferability and discriminability. Intuitively, transferability im-
plies that representations across domains should be indis-
tinguishable, while discriminability requires that represen-
tations across different classes should be separable.

Within the statistical framework, where domains are de-
fined as probability distributions, transferability is charac-
terized by the discrepancy between distributions. Statisti-
cal learning theory (Kirchmeyer et al. 2021; Zhao et al.
2019) shows that minimizing this domain discrepancy al-
lows the source risk estimate to approximate the target risk.
Consequently, many methods learn invariant representations
by minimizing statistical measures of domain divergence,
such as the Maximum Mean Discrepancy (MMD) (Borg-
wardt et al. 2006). Alternatively, other methods employ re-
weighting schemes to reduce distribution discrepancy. These
methods diminish the influence of source-private class sam-
ples by assigning lower weights to them during adaptation.

In contrast, the geometric framework views domains as
manifolds or subspaces. Methods within this framework
typically learn invariant representations based on geomet-
ric criteria, such as manifold metrics, matrix rank, matrix
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norms (Cui et al. 2020), or subspace bases (Fernando et al.
2013). Compared to the statistical framework, geometric ap-
proaches often offer more intuitive geometric interpretations
and clearer algebraic significance.

Statistical alignment and geometric modeling have made
substantial contributions to the transferability of learned rep-
resentations (Luo and Ren 2021; Stojanov et al. 2021), yet
their discriminability is often neglected. Chen et al. demon-
strate that during the pursuit of transferability, the local
structure and label information of downstream tasks may be
lost (Chen et al. 2019). Solely relying on global distribu-
tion alignment may cause feature collapse that undermines
discriminability. Moreover, prior studies have shown that
models overly focused on transferability often suffer from
a decline in discriminability. Although recent works (Xu
et al. 2019; Cui et al. 2020) introduce intuitive approaches
to enhance both discriminability and transferability, these
two properties are rarely addressed within a unified frame-
work and lack solid theoretical grounding. Existing studies
often characterize geometric relationships as linear depen-
dence and independence, but the stronger property of feature
orthogonality and its possible integration with conditional
alignment in a unified framework remain unexplored.

To address these challenges and fully leverage the
strengths of both statistical and geometric frameworks for
learning transferable and discriminative features, we employ
Maximum Coding Rate Reduction (MCR2), which quan-
tifies the compactness of overall features based on coding
rate. Specifically, the orthogonality condition that achieves
the MCR2 upper bound provides a theoretical guarantee
for learning discriminative features. By exploring the align-
ment properties implied by its lower bound, we retain the
statistical characteristics that are critical for representation
learning. Based on these theories, we unify statistical con-
ditional alignment and geometric orthogonal discriminabil-
ity into a single framework, forming our full learning crite-
rion Geometry-aware Conditional Alignment(GCA). As il-
lustrated in Fig. 1, GCA employs conditional alignment and
orthogonality constraints to transform originally ambiguous
class spaces into compact intra-class and mutually orthog-
onal inter-class subspaces, thereby enhancing the transfer-
ability and discriminability of the learned features. Overall,
our contributions can be summarized as follow.

• We propose a unified statistical and geometric framework
for PDA. It learns invariant representations that possess
both statistical properties and geometric structure, ensur-
ing the learned features are interpretable and effective.

• We thoroughly explore the implicit alignment property
revealed by the lower bound of MCR2. Based on the
theory of MCR2, we propose a novel algorithm that in-
tegrates geometric orthogonal discriminability with sta-
tistical conditional alignment, effectively enhancing both
feature transferability and discriminability.

• Extensive experiments on four public PDA benchmarks
demonstrate that our method attains top performance. It
consistently outperforms recent state-of-the-art adapta-
tion methods and substantially exceeds the baselines.

Related Work
Partial Domain Adaptation. PDA transfers knowledge
from a labeled source domain to an unlabeled target do-
main whose label space is a subset, aiming to reduce nega-
tive transfer from irrelevant source classes. Existing methods
mainly fall into three categories: sample reweighting, align-
ment strategies, and geometric structure modeling. Sample
reweighting approaches, such as PADA (Cao et al. 2018b),
SAN (Cao et al. 2018a) and IWAN (Zhang et al. 2018),
estimate the probability of source samples belonging to
shared classes and adjust their weights to suppress irrelevant
classes. Alignment methods, such as DRCN, SLM (Sahoo
et al. 2023), ISRA (Xiao, Ding, and Liu 2021) and IDSP (Li
and Chen 2023), explicitly match source and target repre-
sentations to improve transferability; Geometric structure
modeling techniques, such as SAFN (Xu et al. 2019), ML-
Net (Lu et al. 2024) and LEAD (Qu et al. 2024), enhance
feature properties like norm and neighborhood relations for
better generalization. Although conditional alignment and
geometric modeling have shown effectiveness in PDA, they
have limitations and remain largely unintegrated. Therefore,
a unified framework combining both is still necessary.
Transferability and Discriminability. Recent invariant
representation models demonstrate strong generalization in
transfer learning, highlighting two core properties: trans-
ferability and discriminability. Many methods (Chen et al.
2019; Xu et al. 2019) study these from a norm perspec-
tive. These norm-based strategies reveal the link between
feature generalization and feature structure. Some meth-
ods, such as CDAN (Long et al. 2018b), ETD (Li et al.
2020a) and DWL (Xiao and Zhang 2021) enhance discrim-
inability by incorporating labels and weights. Additional ap-
proaches improve model performance using class-balance
constraints (Zou et al. 2019) or consistency regularization
(Liu, Wang, and Long 2021; Sohn et al. 2020; Prabhu et al.
2021). Despite these advances, transferability and discrim-
inability are still modeled separately, and a unified theoreti-
cal foundation is lacking.

Geometry-aware Conditional Alignment
Preliminary
Problem Setting. In PDA scenarios, we are given a labeled
source domain Ds = {(xs

i , y
s
i )}n

s

i=1 and an unlabeled tar-
get domain Dt = {xt

i}n
t

i=1. The target label space Yt is a
subset of the source label space Ys, i.e., Yt ⊂ Ys. We use
g : X → Z , h : Z → Y to denote feature extractor and
classifier, respectively. Denote Xs ∈ Rd×ns

, Xt ∈ Rd×nt

as data matrices, X = [Xs, Xt] ∈ Rd×n as the concatena-
tion of Xs and Xt. Let Xi = [Xs

i , X
t
i ] ∈ Rd×ni denote the

concatenation of Xs
i and Xt

i , where Xs
i ∈ Rd×ns

i is the data
matrix of the class i in the source domain. Note that the total
sample size satisfies n = ns + nt = n1 + n2 + · · · + nk,
where each ni = ns

i + nt
i.

Previous work on conditional alignment and orthogonal
discriminability has not been addressed within a unified
framework. To bridge this gap, we aim to integrate both ob-
jectives under a mathematically principled approach. Specif-
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ically, guided by theoretical principles, we seek to learn rep-
resentations that are compressed within the same class to
achieve conditional alignment, while expanded between dif-
ferent classes to the extent of orthogonality. This orthogo-
nal expansion enhances inter-class discriminability, provid-
ing the learned features with more precise geometric and
statistical properties. To quantify the degree of feature com-
pression or expansion, we leverage MCR², which effectively
measures the compactness of both the entire feature set and
its subsets from the perspective of coding rate. This provides
a powerful tool for unifying conditional alignment and or-
thogonal discriminability within a single framework.
MCR2. Given a set of feature representations Z obtained via
a feature encoder g, the average coding rate—i.e., the num-
ber of bits required to encode each sample with a prescribed
precision ε > 0 is defined as:

R(Z, ε) =
1

2
log det(I + cZZ⊤), where c =

d

nε2
(1)

To learn ideal representations, the Maximizing Coding
Rate Reduction (MCR2) principle optimizes the feature en-
coder g by maximizing the difference between the coding
rate of the entire set Z and the weighted average coding rates
of the class-wise subsets Zi:

∆R(Z, ε) = R(Z, ε)−
k∑

i=1

ni

n
R(Zi, ε) (2)

In the following, we focus on its geometric properties and
the implied alignment characteristics, without discussing its
information-theoretic aspects. For a more detailed introduc-
tion to this principle, interested readers are referred to the
original works (Ma et al. 2007; Yu et al. 2020).

Theoretical Analysis
Theorem 1. (Yu et al. 2020) For any Z ∈ Rd×n and ε > 0.
Assuming that the features of each class have a zero mean,
we have

∆R(Z, ε) ≤
k∑

i=1

1

2n
log

(
detn(I + d2

nε2ZiZ
⊤
i )

detni(I + d2

niε2
ZiZ

⊤
i )

)
, (3)

with equality holds if and only if Z⊤
i1Zi2 = 0 for all 1 ≤

i1 < i2 ≤ k.
Theorem 1 provides an explicit upper bound for

∆R(Z, ε), which is attained when different classes are or-
thogonal. By maximizing ∆R(Z, ε), the angles between
subspaces of different classes are increased, encouraging
these subspaces to become mutually orthogonal and thereby
enhancing inter-class discriminability.

To enhance the discriminability between subspaces of
different classes, we learn the orthogonal discriminabil-
ity criterion by partitioning the overall feature set Z =

[Z1, · · · ,Zk] according to classes. Let Ẑ = Z − µ and
Ẑi = Zi − µi, where µi = 1

ni

∑ni

j=1 Zij , the orthogonal
discriminability criterion based on MCR2 is formulated as:

argmax
g(·)

LOrt = ∆R(Ẑ, ε) = R(Ẑ, ε)−
k∑

i=1

R(Ẑi, ε)

(4)

According to Theorem 1, the upper bound of LOrt is
achieved when the set {Ẑi} is mutually orthogonal. Such
orthogonality between different clusters encourages them to
lie in disjoint subspaces, thereby enhancing inter-class dis-
criminability. This orthogonal structure effectively mitigates
the negative transfer caused by source-private class samples
and significantly improves the model’s generalization per-
formance on the target domain.
Proposition 1. (Yu et al. 2020) For any {Zi ∈ Rd×ni}ki=1

and any ε > 0, let Z = [Z1, · · · ,Zk] ∈ Rd×n. We have

n

2
log det(I +

d

nε2
ZZ⊤) ≥

k∑
j=1

nj

2
log det(I +

d

njε2
ZjZ

⊤
j )

with equality holds if and only if

Z1Z
⊤
1

n1
=

Z2Z
⊤
2

n2
= · · · = ZkZ

⊤
k

nk

Proposition 1 states that the lower bound of ∆R(Z, ε) is
zero, and equality holds if and only if the uncentered second-
order moments of each class are equal.

The original MCR2 formulation partitions features only
by class and only focuses on the orthogonality when
∆R(Z, ε) attains its upper bound. However, this is insuf-
ficient for domain adaptation problems. It offers little expla-
nation of the lower bound in Proposition 1, and due to the
conflict of simultaneously optimizing the upper and lower
bounds, the alignment properties implied by the lower bound
remain unexplored and unused. By changing the data par-
titioning strategy from class-wise to domain-wise, we are
able to better exploit the alignment properties implicit in the
MCR2 lower bound. This leads to Corollary 1, which pro-
vides a clearer interpretation of the lower bound, resolves the
conflict and enables the coexistence of MCR2-based condi-
tional alignment and orthogonal discriminability.
Corollary 1. Assuming Gaussian priors on each class dis-
tribution in source and target domains. Given the features
of the i-th class Zi = [Zs

i ,Z
t
i], let Ẑ

s

i and Ẑ
t

i denote the
centered forms of Zs

i and Zt
i, respectively. Define Ẑi =

[Ẑ
s

i ,Ẑ
t

i], then we have

∆R(Ẑi, ε) ≥ 0, (5)

with equality holds if and only if P s
Ẑ|Y=i

= P t
Ẑ|Y=i

.

This corollary provides a more detailed analysis of the
lower bound and fully uncovers its inherent alignment prop-
erties. It shows the lower bound is a necessary and sufficient
condition for cross-domain conditional distribution align-
ment, surpassing existing frameworks. Furthermore, it offers
a theoretically supported method to implement MCR2-based
conditional alignment, achieving both conditional alignment
and orthogonal discriminability within a unified framework.
This leads to invariant representations with better geometric
structure and clearer statistical meaning.

Based on this corollary, we learn the conditional align-
ment criterion by performing domain-wise partitioning of
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Figure 2: This is a pipeline of our GCA method. Before adaptation, class-specific feature subspaces are ambiguous. After
applying GCA, the orthogonality constraint promotes inter-class orthogonality to enhance discriminability, and the weighted
class-conditional alignment improves intra-class compactness. Consequently, the learned features possess better geometric
structure and statistical properties, resulting in improved transferability and discriminability.

features within each class, i.e., Zi = [Zs
i ,Z

t
i]. Firstly, we

estimate the weight w using the BBSE (Lipton, Wang, and
Smola 2018) algorithm, whose convergence property is the-
oretically ensured. Then, our conditional alignment criterion
is formulated as follows:

argmin
g(·)

LCA =
k∑

i=1

wi∆R(Ẑi, ε) (6)

=

k∑
i=1

wi[R(Ẑi, ε)−R(Ẑ
s

i , ε)−R(Ẑ
t

i, ε)]

By minimizing this loss, we achieve conditional distribu-
tion alignment between domains. Specifically, features of
shared classes are aligned class-wisely across the source
and target domains. This process encourages the features
of shared classes across domains to become more com-
pact, thereby enhancing the overall intra-class consistency.
Consequently, the decision boundaries become more dis-
tinct, further improving inter-class discriminability. These
improvements collectively enhance the model’s classifica-
tion performance on the target domain.

Theorem 2. log det(I + cZZ⊤) = || log(I + cZZ⊤)||∗ =∑r
i=1 log(cσ

2
i + 1)

This theorem provides valuable insight into the optimiza-
tion objective of ∆R(Z, ε). Maximizing ∆R(Z, ε) encour-
ages an increase in the rank of the overall representation
matrix, which essentially expands the overall representation
space. This helps prevent the model from learning a trivial
solution with most subspaces collapsing to a point as zero
element, which would cause clusters to lose the discrimina-
tive properties they are supposed to learn. Conversely, min-
imizing ∆R(Zi, ε) reduces the rank of each class-specific
representation matrix, which essentially compresses the rep-

resentation space of each class. This helps the model achieve
better alignment between the source and target domains.

From the above, we propose a unified framework that
jointly achieves conditional alignment and orthogonal dis-
criminability. The optimization objective is formulated as:

argmin
g(·)

LGCA = λ1LCA − λ2LOrt, (7)

where λ1 and λ2 are non-negative coefficients. LGCA pro-
vides a unified perspective that integrates orthogonal con-
straints and conditional alignment to learn invariant repre-
sentations. When λ1 = 0, the objective degenerates to LOrt,
in which case the model only focuses on orthogonal dis-
criminability among classes. When λ2 = 0, the objective
degenerates to LCA, in which case the model only focuses
on conditional alignment across domains. The later numeri-
cal experiments will show that combining both components
yields better performance than using either alone.

Model and Algorithm
The overall GCA model consists of two parts, i.e., the risk
objective for task learning and the geometry-aware con-
ditional alignment constraint for invariant representation
learning. We estimate the weight w using the BBSE algo-
rithm, where

∑k
i=1 wi = 1.

Task Learning. Given the weight vector w, minimizing
the weighted empirical risk on the source domain associated
with the cross-entropy loss can be formulated as:

argmin
g(·),h(·)

LRCE =
ns∑
i=1

k∑
j=1

−wjy
s
ij logŷsij (8)

where ŷs
i = h(g(xs

i )) satisfying
∑k

j=1 ŷ
s
ij = 1 and ŷsij is

the prediction probability of xs
i belonging to the j-th class.

ysij is the ground truth label of xs
i .
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Algorithm 1: Geometry-aware Conditional Alignment

Input: Source Ds = {(xs
i , y

s
i )}n

s

i=1, target Dt = {xt
i}n

t

i=1.
Parameter: Loss parameter λ1,λ2, prescribed precision ε,
maximum iteration N and pre-training iteration Npre.
Output: Network parameters Wg , Wh, predictions of tar-
get domain samples {ŷtj}n

t

j=1.
1: for step = 1, · · · , Npre do
2: Update the parametere of g and h via cross-entropy

loss on the source domain Ds;
3: end for
4: for step = 1, · · · , N −Npre do
5: Estimate the weight w by BBSE algorithm.
6: Compute per-class mean of source feature µs

i , per-
class mean of target feature µt

i.
7: Use {zsi , ysi }n

s

i=1 to compute LRCE via Eq.(8).
8: Compute LEnt via Eq.(9).
9: Compute the class-wise centralized data Ẑ

s
, Ẑ

t
.

10: Use Ẑ
s
,Ẑ

t
to compute the loss LGCA via Eq. (7).

11: Update the parametere of g and h via Eq.(10)
12: end for

The entropy minimization criterion is commonly used to
reduce the uncertainty of predictions in the target domain
and is typically considered as a regularization. The target
entropy objective is formulated as:

argmin
g(·),h(·)

LEnt =

nt∑
i=1

k∑
j=1

−ŷtij logŷtij (9)

Invariant Representation Learning. By integrating the
task learning loss with the geometry-aware conditional
alignment constraint, we obtain the overall objective:

argmin
g(·),h(·)

L = LTask + LGCA, (10)

where LTask = LRCE + λtLEnt is the total task learn-
ing objective. Although this loss helps improve classification
performance, the intrinsic properties of the learned features
are unclear. Fortunately, the features learned by LGCA are
more interpretable. They show clear geometric structure and
statistical meaning. Specifically, it encourages the subspaces
of different classes to be orthogonal and the features of the
same class across domains to be compact. An intuitive illus-
tration is shown in Fig. 2. We refer to our method as GCA,
and its detailed procedure is given in Algorithm 1.

Experiments and Analysis
Set Up. We evaluate the performance of GCA on four com-
monly used datasets for PDA: Office-Home (Venkateswara
et al. 2017), VisDA-2017 (Peng et al. 2017), Office-
31 (Saenko et al. 2010), and ImageCLEF (Caputo et al.
2014). Details of implementations are provided in appendix.

Comparison with SOTA Methods. We compare our
method with several recent SOTA PDA methods, including
DANN (Ganin et al. 2016), PADA, SAFN, DMP, ETN (Cao
et al. 2019), DRCN, AR (Gu et al. 2021), AGAN (Kim and

Method
Office-31 VisDA

A→W A→D W→A W→D D→A D→W Avg. S→R

Source-only 75.6 83.4 85.0 98.1 83.9 96.3 87.1 45.3
DANN 73.6 81.5 86.1 98.7 82.8 96.3 86.5 51.0
PADA 86.5 82.2 95.4 100 92.7 93.3 92.7 53.5
SAFN 87.5 89.8 92.7 99.4 92.6 96.6 93.1 67.7
ETN 94.5 95.0 94.6 100 96.2 100 96.7 59.8

DRCN 90.8 94.3 94.8 100 95.2 100 95.9 58.2
AR 93.5 96.8 96.0 99.7 95.5 100 96.9 88.7

AGAN 97.3 94.3 95.7 100 95.7 100 97.2 67.7
GATE 86.2 89.5 94.4 98.6 93.5 100 93.7 75.6
MLNet 92.4 84.6 94.7 99.4 94.9 100 94.3 80.4

Ma et al. 94.6 91.7 94.1 99.4 94.1 98.7 95.4 -
LEAD 93.9 89.8 96.0 99.4 95.6 98.6 95.6 75.3

GCA 98.6 98.3 96.4 100 96.0 99.9 98.2 93.5

Table 1: Accuracies (%) on Office-31 and VisDA-2017.

ImageCLEF I→P P→I I→C C→I C→P P→C Avg
Source-only 78.3 86.9 91.0 84.3 72.5 91.5 84.1

DANN 78.1 86.3 91.3 84.0 72.1 90.3 83.7
PADA 81.7 92.1 94.6 89.8 77.7 94.1 88.3
SAFN 79.5 90.7 93.0 90.3 77.8 94.0 87.5
DMP 82.4 94.5 96.7 94.3 78.7 96.4 90.5

Ma et al. 86.7 92.0 97.0 89.3 83.3 97.0 90.9

GCA 88.1 91.0 96.8 92.5 86.0 97.4 92.0

Table 2: Accuracies (%) on ImageCLEF.

Hong 2021), GLC, GATE (Chen et al. 2022), CSDN (Li
et al. 2023), IDSP, SAN++ (Cao et al. 2023), SLM (Sa-
hoo et al. 2023), MLNet (Lu et al. 2024), Ma et al. (Ma et al.
2024), CC-loss (Jin et al. 2024) and LEAD (Qu et al. 2024).

VisDA-2017. As shown in Table 1, compared to the other
datasets, VisDA-2017 presents a significantly larger sample
size compared to other datasets, making it a more challeng-
ing domain adaptation scenario. Due to the difficulty of the
task, most methods achieve results below 80%. Only MLNet
and AR reach 80.4% and 88.7%, respectively. In contrast,
our method achieves 93.5%, outperforming AR by 4.8%.
These results highlight the effectiveness of our approach on
large-scale datasets with complex domain shifts.

Office-31. Table 1 shows the results on Office-31, where
GCA achieves the highest average accuracy of 98.2%, out-
performing the second-best method AGAN by 1%. It is
worth noting that our approach achieves the best perfor-
mance on the challenging tasks A→W and W→A. Although
the results on D→W and D→A are slightly lower than the
best, they still reach state-of-the-art levels.

Office-Home. Table 3 reports the results on Office-Home,
which features more categories and a larger domain shift
compared to other datasets, making the transfer task more
challenging. GCA outperforms geometry-based methods
like GATE and LEAD by approximately 3.5%, as it learns
geometric properties more accurately under theoretical guid-
ance. Compared with domain alignment methods such as
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Office-Home A→C A→P A→R C→A C→P C→R P→A P→C P→R R→A R→C R→P Avg.
Source-only 46.3 67.5 75.9 59.1 59.9 62.7 58.2 41.8 74.9 67.4 48.2 74.2 61.3

PADA 52.0 67.0 78.7 52.2 53.8 59.0 52.6 43.2 78.8 73.7 56.6 77.1 62.1
ETN 59.2 77.0 79.5 62.9 65.7 75.0 68.3 55.4 84.4 75.7 57.7 84.5 70.4

AGAN 56.4 77.3 85.1 74.2 73.8 81.1 70.8 51.5 84.5 79.0 56.8 83.4 72.8
GLC 55.9 79.0 87.5 72.5 71.8 82.7 74.9 41.7 82.4 77.3 60.4 84.3 72.5

CSDN 57.3 78.1 87.0 71.0 70.1 79.0 75.8 54.9 86.0 79.6 61.3 84.7 73.7
GATE 55.8 75.9 85.3 73.6 70.2 83.0 72.1 59.5 84.7 79.6 63.9 83.8 74.0
IDSP 60.8 80.8 87.3 69.3 76.0 80.2 74.7 59.2 85.3 77.8 61.3 85.7 74.9

Ma et al. 60.6 75.2 85.3 67.4 66.8 77.8 70.2 55.0 84.7 74.2 53.7 81.2 71.2
LEAD 58.2 83.1 87.0 70.5 75.4 83.3 73.7 50.4 83.7 78.3 58.7 83.2 73.8
SAN++ 61.3 81.6 88.6 72.8 76.4 81.9 74.5 57.7 87.2 79.7 63.8 86.1 76.0
CC-loss 61.1 84.4 85.6 72.3 75.9 79.2 75.0 62.0 83.4 78.8 68.4 83.3 75.8

SLM 61.1 84.0 91.4 76.5 75.0 81.1 74.6 58.6 87.8 82.3 57.8 83.5 76.0

GCA 63.0 85.9 89.7 75.8 78.5 83.3 77.4 63.2 87.3 79.7 61.9 85.1 77.6

Table 3: Accuracies (%) on Office-Home.

（a）Source-only （b）AR （c）GCA

Figure 3: t-SNE visualization of features generated by Source-only, AR and GCA on Office-31 task W→A, respectively. Here,
“o” denotes source domain and “+” denotes target domain. Each color denotes one class. Best viewed in color.

SAN++, IDSP, and Ma et al., our theoretically grounded
method enables finer-grained conditional alignment, result-
ing in improvements of 1.6% to 6.4%. With an average ac-
curacy of 77.6%, GCA surpasses all other methods, fur-
ther demonstrating the effectiveness of our approach, which
combines conditional alignment and orthogonal discrim-
inability to address complex transfer scenarios.

ImageCLEF. Table 2 presents the results on Image-
CLEF. Our method jointly learns orthogonal discriminabil-
ity and conditional alignment, outperforming adversarial
and metric-based methods with a top accuracy of 92%. It
surpasses the second-best by 1.1% overall.

Feature Visualization. To intuitively evaluate the align-
ment of features in the low-dimensional subspace, we use
t-SNE (Maaten and Hinton 2008) to visualize the features
of the W→A task in Office-31. We compare the feature dis-
tributions of the Source-only (before adaptation), AR, and
GCA, as shown in Fig. 3. Fig. 3(a) shows a significant
discrepancy between the source and target domains before
adaptation, with the source-only model struggling to classify
target samples. In Fig. 3(b), although AR alleviates negative
transfer to some extent, the intra-class compactness remains
suboptimal for certain classes. In contrast, Fig. 3(c) shows
that GCA achieves closer alignment of each class across do-
mains. Compared to AR, our approach yields better inter-
class separability and intra-class compactness. These results
confirm GCA’s effectiveness in learning a more discrimina-
tive and domain-invariant representation space.

210−210−

Avg:96.1

 Std:0.18

Min:95.8

Max:96.4

Figure 4: Classification accuracy under different settings of
hyper-parameters. Some statistics are also provided.

Hyper-parameter. We investigate the sensitivity of
hyper-parameters on Office-31 W→A. Parameters λ1 and
λ2 act on the conditional alignment loss LCA and orthogonal
discriminative loss LOrt, respectively. The parameters λ1

and λ2 are searched from {2e-2,4e-2,6e-2,8e-2,1e-1}. Ac-
curacies of the task by varying λ1 and λ2 are shown in Fig.
4. The results show that the performance of the model is ro-
bust for the different choice of parameters. The deviation is
slight in a wide range of parameters variation. In fact, the
accuracies of the model are stable in random experiments,
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Figure 5: (a) (b) Cosine similarity between all features before and after adaptation. (c) The Frobenius norm of the difference
between source and target covariance for each class before (blue) and after (orange) adaptation with GCA.

Objectives ImageCLEF VisDA-2017 Office-31
Ltask LOrt LCA I→P S→R W→A

✓ 78.3 45.3 85
✓ ✓ 80.3 92.0 89.2
✓ ✓ 86.3 82.7 95.3
✓ ✓ ✓ 88.1 93.5 96.4

Table 4: Ablation study on major components of GCA.

with a standard deviation of 0.18. This further demonstrates
that the proposed method is both robust from the view of
randomness and parameter setting.

Ablation Study. To investigate the contributions of the
conditional alignment objective LCA and the orthogonal
discriminative objective LOrt, an ablation study is con-
ducted on three challenging tasks: W→A (Office-31), S→R
(VisDA-2017) and I→P (ImageCLEF). The results are in Ta-
ble 4. As shown in the second and third rows, both LCA and
LOrt lead to notable performance improvements. Specifi-
cally, the domain gap is larger and the baseline accuracy is
lower on VisDA-2017. The reliability of pseudo-labels for
LCA is limited, making LOrt more critical. However, incor-
porating LCA remains essential for achieving better perfor-
mance. Lastly, the full model consistently outperforms each
individual objective by at least 1.4% on average, demonstrat-
ing the complementary nature of LCA and LOrt. Overall,
these results confirm that both orthogonal discriminability
and conditional alignment are vital for effective PDA.

Orthogonal Analysis. To quantitatively analyze and ver-
ify the orthogonal discriminability of the learned representa-
tions, We compute the cosine similarity between all learned
features Z (mixed from both source and target domains),
and visualize the results as a heatmap on the W→A task of
Office-31. This provides a more intuitive explanation for the
orthogonality between classes. As shown in Fig. 5(a) and
Fig. 5(b), compared with the model before adaptation, the
model trained with our method exhibits a more distinct di-
agonal structure in the heatmap. Moreover, the off-diagonal
values are significantly reduced. Most off-diagonal values
are close to zero, indicating that the subspaces of different
classes are nearly orthogonal and that the learned features

are discriminative. Meanwhile, a clearer block-wise struc-
ture appears at the shared classes, where the values within
the diagonal blocks are close to 1, demonstrating that the
proposed conditional alignment effectively learns transfer-
able features. In summary, these results indicate that the pro-
posed principles ensure both the geometric properties and
the transferability of the learned representations.

Statistical Analysis. To verify the correctness of our the-
orem, we conduct experiments on the W→A task of Office-
31. Specifically, we focus on the shared classes between
the source and target domains (10 in total for Office-31).
For each class, we compute the Frobenius norm of the dif-
ference between its source and target covariance matrices,
i.e., ||Covs

i − Covt
i||F . The results in Fig. 5(c) show that

w/o LGCA, the differences in covariance matrices for each
shared class are large, indicating significant discrepancies
between source and target distributions for each class. This
leads to poor cross-domain generalization. In contrast, with
LGCA applied, the Frobenius norm of the covariance differ-
ence for each shared class is significantly reduced, demon-
strating that the covariance matrices of shared classes from
different domains become much more aligned. This further
confirms the effectiveness of our proposed learning principle
based on Gaussian prior for conditional alignment.

Conclusion
In this paper, we propose a novel framework for Partial
Domain Adaptation, termed Geometry-aware Conditional
Alignment (GCA). The main theoretical results demonstrate
the feasibility of jointly learning both geometry-related and
statistic-related properties of features. Based on the derived
learning principle, GCA simultaneously accounts for geo-
metric and statistical characteristics to enhance both trans-
ferability and discriminability of learned representations.
This theoretically grounded model ensures the interpretabil-
ity of the learned invariant features. Extensive experiments
on four benchmark datasets validate the effectiveness of
GCA. The theoretical insights are well supported by em-
pirical results, which confirm that our model successfully
captures the desired geometric and statistical properties. In
future work, we plan to explore broader applications of GCA
in other domain adaptation scenarios.
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