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Abstract

Optimal transport (OT) is an important methodology to mea-
sure distribution discrepancy, which has achieved promising
performance in artificial intelligence applications, e.g., un-
supervised domain adaptation. However, from the view of
transportation, there are still limitations: 1) the local discrim-
inative structures for downstream tasks, e.g., cluster struc-
ture for classification, cannot be explicitly admitted by the
learned OT plan; 2) the entropy regularization induces a dense
OT plan with increasing uncertainty. To tackle these issues,
we propose a novel Probability-Polarized OT (PPOT) frame-
work, which can characterize the structure of OT plan ex-
plicitly. Specifically, the probability polarization mechanism
is proposed to guide the optimization direction of OT plan,
which generates a clear margin between similar and dissim-
ilar transport pairs and reduces the uncertainty. Further, a
dynamic mechanism for margin is developed by incorporat-
ing task-related information into the polarization, which di-
rectly captures the intra/inter class correspondence for knowl-
edge transportation. A mathematical understanding for PPOT
is provided from the view of gradient, which ensures inter-
pretability. Extensive experiments on several datasets validate
the effectiveness and empirical efficiency of PPOT.

Introduction

With the increasing diversity of data sources, domain shift
between different data distributions has become an essential
problem in machine learning and deep learning (Long et al.
2019). Unsupervised domain adaptation (UDA) addresses
this issue by adapting a model trained on a labeled source
domain to an unlabeled target domain, i.e., reducing the gap
in representations and improving generalization to the target
domain (Pan and Yang 2009).

Various UDA approaches have been proposed to reduce
domain shift. The main idea is to minimize the domain dis-
crepancy and learn domain-invariant features, which can be
broadly classified as distance metric-based domain adapta-
tion (Zellinger et al. 2017; Ren, Luo, and Dai 2023) and
adversarial learning-based domain adaptation (Long et al.
2018; Chen et al. 2022). Distance metric-based methods
aim to learn a shared feature representation by minimiz-
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Figure 1: Illustration of the optimal transport plan obtained
by entropy-regularized OT (OT-IT), and our probability-
polarized OT with PP regularizer and DPP regularizer.
Darker lines represent larger transport masses.

ing the domain discrepancy, e.g., Maximum Mean Discrep-
ancy (MMD) (Tzeng et al. 2014), Central Moment Discrep-
ancy (Zellinger et al. 2017), and H-divergency (Saito et al.
2018). These prior works indicate the importance and effec-
tiveness of reducing domain discrepancy. Adversarial meth-
ods use a discriminator to distinguish source and target do-
main features, which is trained against the feature extractor
to generate more transferable representations.

Optimal Transport (OT) has also been widely used in
UDA since it has solid theoretical supports (Redko, Habrard,
and Sebban 2017). Some OT-based methods (Courty, Fla-
mary, and Tuia 2014; Courty et al. 2016) are built upon
the squared Euclidean distance cost and explicitly learns the
minimal cost for transporting the source distribution into the
target. However, it cannot adequately capture the underlying
structure in distributions under some complicated tasks. To
further enhance the alignment between intra-class samples,
some distance-regularized OT methods exploits task-related
information to reweight the ground cost matrix (Xu et al.
2020; Luo and Ren 2021; Liu, Zhou, and Sun 2023).

Coupling-regularized OT methods directly impose differ-
ent regularization terms on the probability coupling, which
can introduce some properties to the OT plan. Specifically,
the entropy-regularized OT (Cuturi 2013) (OT-IT) offers a
smooth and dense OT plan, which enables source samples to
transport mass to more target samples. However, high den-
sity may blur the margin between intra/inter-class transport
pairs and increase the uncertainty, which makes the OT plan
challenging to achieve a class-wise transportation, as shown
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in Figure 1. There are also some methods introduce regu-
larization based on the label information, e.g., group spar-
sity (Courty, Flamary, and Tuia 2014) (OT-GL), the cross-
domain cluster structures are not sufficiently characterized
since only source information is considered. These class reg-
ularization terms aim to preserve the local similarity within
the source domain, but the overall structural consistency be-
tween the source and target domain is neglected. Note that
these limitations will induce incorrect transportation plan
between the inter-class sample pairs. Thus, it is necessary
to explore a novel mechanism that can explicitly character-
ize inter/intra-class correspondence via OT plan.

To tackle the limitations above, we propose a novel
Probability-Polarized OT (PPOT) framework for UDA. In-
spired by pioneering work (Chen et al. 2021), which ap-
plies polarization regularization to distance metric, we in-
troduce the polarization mechanism to the OT plan and pro-
pose the Probability Polarization (PP) regularizer for OT.
Mathematically, PPOT imposes a margin constraint on the
probability couplings by introducing thresholds for the posi-
tive transport and negative transport, i.e., transportations be-
tween intra-class pairs and inter-class pairs. As a large prob-
ability value suggests the corresponding source and target
samples are similar, i.e., a larger likelihood of the sample
pair belonging to the same class, PPOT encourages the trans-
portation between similar samples. Such a polarization re-
duces the uncertainty of probability coupling values and en-
sures an explicit structure for OT plan. Further, to improve
the quality of polarization, Dynamic Probability Polariza-
tion (DPP) mechanism is proposed by setting dynamically
adjusted margin thresholds, and a mathematical understand-
ing is provided from the view of gradient. As shown in Fig-
ure 1, DPP exploits class information via source labels and
target pseudo-labels to slack polarization thresholds. There-
fore, the OT assignments of the intra-class and inter-class
couplings are expected to correctly maximize and minimize,
respectively. For optimization, we propose an efficient GCG
method for solving PPOT, which is empirically validated to
be efficient. The main contributions of this paper are sum-
marized as follows.

* A novel OT framework called Probability-Polarized OT
is proposed for learning favorable OT plan. With the PP
regularizer, PPOT discriminates probability couplings by
generating a clear margin between similar and dissimilar
transport pairs, then the learned OT plan will admit ex-
plicit structure with small uncertainty.

A dynamic regularizer is proposed under the PPOT
framework. It slacks the margin thresholds in the po-
larization process, which ensures the OT plan can ex-
plicitly characterize the intra/inter-class correspondence.
The mathematical relationship of polarization direction
and objective gradient is derived, which ensures the in-
terpretability for PPOT.

A computation-friendly GCG algorithm is proposed for
PPOT and extensive experiments are conducted. The nu-
merical results verify the effectiveness and efficiency of
PPOT in empirical scenarios.
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Related Work

Unsupervised domain adaptation. UDA methods attempt
to reduce the domain discrepancy and then improve the
model’s performance on the target domain. These methods
can be generally divided into two categories, i.e., distance
metric-based and adversarial learning-based methods. Deep
CORAL (Sun and Saenko 2016) aligns the second-order
statistics between the source and target domains. JAN (Long
et al. 2017a) introduces the class-specific MMD to miti-
gate domain discrepancy at the class level. BuresNet (Ren,
Luo, and Dai 2023) proposes a conditional Bures metric to
align class-conditioned distributions across domains. Adver-
sarial method DANN (Ganin and Lempitsky 2015) aims to
learn domain-invariant representations by confusing a do-
main discriminator. Extended from DANN, CDANs (Long
et al. 2018) exploits the discriminative label information to
condition the adversarial adaptation models, which enables
the alignment of multimodal distributions. BCDM (Li et al.
2021a) achieves feature alignment by maximizing the deter-
minacy between the bi-classifiers in an adversarial manner.
DALN (Chen et al. 2022) takes the task-specific classifier as
a discriminator to achieve discriminator-free.

Optimal Transport. OT is also a significant line for deal-
ing with the UDA problem. Various OT-based UDA meth-
ods can be roughly categorized into distance-regularized OT
and coupling-regularized OT. The distance-regularized OT
eliminates negative transfer by reweighting the ground cost
between samples from different domains. JDOT (Courty
et al. 2017) and DeepJDOT (Damodaran et al. 2018) incor-
porate the discrepancy between labels into the cost func-
tion. ETD (Li et al. 2020) reweights the distance matrix
by an attention mechanism, which encodes the relation-
ship between samples from different domains. MOT (Luo
and Ren 2023) reweights the distance matrix by a label
information-based mask operation, which can mitigate the
negative transport between inter-class sample pairs. The
coupling-regularized OT brings some properties of the prob-
ability coupling by imposing different regularization terms.
Group sparsity (Courty, Flamary, and Tuia 2014) and Lapla-
cian regularization (Flamary et al. 2014) terms both lever-
age source labels to regularize the transport. Group sparsity
encourages the target point to receive masses from source
points with the same labels. Laplacian regularization aims
to preserve the structure of the source domain. GOTDA-
O (Long et al. 2022) adopts three regularization terms based
on the source label information, which promotes learn-
ing more discriminative representations. InfoOT (Chuang,
Jegelka, and AlvarezMelis 2023) preserves the structure of
OT plan by maximizing mutual information, and then pro-
duces a better domain alignment with high coherence.

Probability-Polarized Optimal Transport

Following the assumptions of UDA, we define a labeled
source domain D* = {x?,yf}*; and an unlabeled tar-
get domain D' = {x’},, where sample x*/t ¢ R% and
yi € {1,2,..., K} denotes the ground-truth label of x.
Preliminaries. The goal of OT is to map the probabil-

ity masses from the source distribution to the target with the
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least amount of transport cost. Let X and Z be metric spaces
with marginal distributions y and v, respectively. Consider-
ing X ~ pand Z ~ v, the Monge problem seeks a map
T : X — Z that pushes the probability mass from the
source distribution g to the target v (Villani et al. 2009).

To make the Monge formulation more feasible, Kan-
torovich (Kantorovich 2006) proposes a convex relaxation
of the Monge problem, which seeks a general coupling
~ € I(u,r) by minimizing the total transport cost. Note
that II(u, v) is the collection of all possible probability cou-
plings on X x Z with marginals y and v.

When p and v are only accessible through discrete sam-
ples X = (x1,...,X,,) and Z = (X1, ...,Xp, ), We denote
the set of probability couplings as

B(p,v) = {y € RT)"*"|y1,, = p, v 1,, = v},

where 1, ,, is a n,/;-dimensional vector with one. Then,
the Kantorovich problem in the discrete case is defined as

D(v) ey

min ,CO)p,
’YGB(%V)<7 )

where (-, -} is the Frobenius dot product and C € R™s*"
is the cost matrix. Specifically, C(z,j) = c(xf,xﬁ-) repre-
sents the cost to move a mass unit form x; to x§-, which the
squared Euclidean distance is the classical choice.

To further relax the constraint of probability coupling ~
and speed up the computation of Eq. (1), Cuturi (Cuturi

2013) introduces an entropy-regularization, i.e.,

Qent (7) = Z:Zl Z:;l ’YLJ ln(vz])

Then, the entropy-regularized Kantorovich problem (OT-IT)
can be formulated as

<’77 C>F + aQent (7)7 (2)

min
~YEB(p,v)
where « is a parameter of sparsity penalty. With this entropy
regularization, it is expected to obtain an optimal transport
plan of Eq. (2) with lower sparsity. When a@ — oo, each el-
ement of the optimal transport plan converges toward —:

nsMNt

PPOT: Mathematical Formulation

In this section, we explore the mathematical formulation of
PPOT, which provides a more discriminative transport by
probability polarization.

Recall that the entropy-regularization promotes a smooth
and dense probability coupling for the widely used OT-IT,
which omits the label information and usually induces mis-
match. Differently, our PPOT not only expect source sam-
ples to distribute their probability masses toward more tar-
get points, but also attempt to seek a discriminative transport
with large intra-mass transport masses.

In OT, a significant probability value indicates that the
corresponding source and target samples are similar. Then,
The cross-domain sample pair is more likely to belong to
the same class. Inspired by this property, our PPOT exploits
polarization to maximize or minimize probability coupling
values, i.e., the masses received by target samples can be
larger if large or smaller if small. Thus, PPOT can enhance
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the discriminability of the transport plan to a certain degree
and achieve clearer pair-wise matching. The formulation of
PPOT can be defined as
7* = arg Igln <’7) C>F + aQent ('Y) + BQp (’Y)a
ve
where o and 8 > 0, and Q, () is our probability-polarized
regularization. To be specific, this term is defined as

Qp(v) = Zw. Imin{(vij —6,2) © (735 — 82 ), 0} l1, (4)

where 5y_ and 5; are the inter-class and intra-class prob-
ability thresholds for the k-th class, ie., y; = k,k €
{1,2,---, K}, respectively. ® is element-wise multiplica-
tion. This quadratic (smooth) function €2,,(y) optimizes the
probability coupling values in the (5;,,6;7) C (0,1) and en-
courages to distribute in (0, §; ) or (6;", 1) when minimizing
the formulation of PPOT in Eq. (3).

Generally, the probability thresholds 6, and &, are free
of parameter tuning and can be directly initialized as

k)]v 5;21/(715-11?),

5y ~/ne - (ng —n}
where n¥ denote the number of k-th class target samples and
€ could be arbitrarily small. The explicit estimation forms
above can be mathematically justified by the essential prop-
erty of ideal transport. Thus, PPOT ensures the OT plan
is dominated by the larger intra-class transport masses and
leads to more distinct cross-domain sample correspondence.

3)

PPOT: Dynamic Probability Polarization

Motivation for DPP. This polarization strategy is only
based on the source information, which lacks target discrim-
inative information. Thus, it may wrongly maximize or min-
imize some values of the probability coupling for boundary
sample pairs. To alleviate the impact of wrong polarization,
we instantiate the polarization term in PPOT by proposing
Dynamic Probability Polarization (DPP). By exploring the
relationship between the gradient of Q, (<) and thresholds

6;/ ~, DPP exploits both source and target class information
to dynamically adjust the direction of polarization.

Insights from gradient. According to the gradient de-
scent method, we explore the optimization of the polariza-
tion term 2, () in Eq. (4). Without loss of generality, we
consider the i-th source sample with y7 = k. As previously
described, () enforces the i-th row values of ~y to con-
centrate in (0, 8, ) or (0,7, 1). The values in (d; , §;) will be
polarized. Then, the gradient of {2, (y) w.r.t. 7;; is
_ agp () (5)

Yij
We set the threshold center §{°"*" as §gnter = (6, +6;7).
Then, the derivation in Eq. (5) can be re-written as
00 ()

9(¥i;) =0y + 0 — 2.

g ,71 — — 2 5center _ ,71 . (6)
(i) = 5215 = 20 )
With Eq. (6), it is easy to predict the sign of g('yij), i.e.,
> 0, if Yij S (5;’5Ic€enter)7
g(vi5) § <0, if vy, € (65, 6;1), @)

=0, otherwise.
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Figure 2: Illustration of two steps of the DPP on probability coupling values. Darker color represents higher values of coupling.

The second-order derivative of () wrt ~;; is
0*Qp () /9%i; = —2. Thus, it is obvious that the polariza-
tion term can get the maximum value if v;; = 6%, ... When
minimizing the polarization term, based on the principle of
gradient descent, we further find the relationship between
polarization direction and gradient: (1) If ~;; > 5,
—g(~;;) will be larger than 0, and then =y;; will be polarized
to the larger; (2) If y;; < 85", —g(~;;) will be smaller
than 0, and then ~y;; will be polarized to the smaller.

A dynamic mechanism. Inspired by the relationship
above, DPP is proposed to correct the wrong polarization
in the training process. To be specific, we build the DPP
via two polarization slack masks based on source labels and
target pseudo-labels, i.e., inter-class polarization slack mask
Mipter and intra-class polarization slack mask Miptya.

According to the labels Y* € R"s of the source samples
X# € R"™*? the inter-class threshold matrix can be con-
structed as A~ = [0, ..., 5, 71} € R Similarly
for intra-class threshold matrix A+ € R™= %", Besides, de-
note Y¢ € R™ as prediction-based target pseudo-labels.

Decrease inter-class probability thresholds. If samples
x§ and X§- have the same label, i.e., y5 = ;Q;, where ;Q; is the
pseudo-label of X; and y; = k. The corresponding proba-
bility mass -y;; is expected to be larger than the intra-class
threshold (5;’. However, some probability coupling values
are wrongly polarized to the direction of J, since they are
smaller than the threshold center 6%, ., as shown in the left
of Figure 2(a). To deal with this case, we provide a slack
inter-class threshold matrix Aj; , based on Miyge, to de-
crease inter-class probability thresholds,

A;ack = Minter © AT = { Vi ’ ’ (8)

1-6,., otherwise.

The construction of My, i also illustrated in the left of
Figure 3. With the relaxation by Mjpter, as shown in the
right of Figure 2(a), the probability thresholds §, will be re-
laxed to a smaller §,_,,. Then, the probability coupling val-
ues of intra-class sample pairs originally wrongly polarized
will be larger than 625 .. and achieve correct maximization.

Increase intra-class probability thresholds. If samples
x; and x! have different labels, i.e., y7 # ¢, the corre-
sponding probability mass -;; is expected to be optimized in
the direction of inter-class threshold §, . To avoid wrongly

maximizing the probability coupling values for samples with
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Figure 3: Illustration of inter-class and intra-class polariza-
tion slack matrices Mipger and Miyera. Note the diagonal
blocks represent cross-domain intra-class samples.

different labels, as shown in the left of Figure 2(b), we pro-

vide a slack inter-class threshold matrix A;qack based on
Mipntra to increase intra-class probability thresholds,
AT = Minta @ AT = v 79
slack mera 1- 5;};, otherwise.

The construction of Mjyy,, is illustrated in the right of Fig-
ure 3. With the relaxation by Miy;a, as shown in the right
of Figure 2(b), the probability thresholds 5,? will be relaxed
to a larger d,.,. Then, the probability coupling values of
inter-class sample pairs originally wrongly polarized will be
smaller than 675 .. and achieve correct minimization.

The mentioned slack strategy is the core of DPP. Overall,
the formulation of DPP 4, (y) can be written as

> llmin{ (i = MEF65) © (5 — MIS"26%), 0},
i

(10)
where M2**" and M}3**# are the elements of the intra-class
stack masks Miyter and Mipt,,, respectively. With the help
of class information, DPP exploits slack masks to dynami-
cally adjust the margins of polarization, and improve PPOT
robustness with more correct polarization direction.

Optimization Algorithm for PPOT

In this section, we propose a numerical algorithm for solving
the PPOT problem and the formulation can be written as

min L(7) =7, C)r + aQens(7) + 82p(7v), (1)
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where «, 8 > 0, Qent(y) is the entropy regularizer, and
Q,(7y) is the proposed probability polarization term which
can be replaced by Q4 () in Eq. (10).

The objective of PPOT in Eq. (11) can be optimized by
Generalized Conditional Gradient (GCG), which is a gen-
eralization of the conditional gradient algorithm (Bredies,
Lorenz, and Maass 2009). GCG can address the general case
of constrained minimization problem as follows,

min g1(7) + 92(7),

where g;(+) is defined as a differentiable function, and g»(+)
is a convex function. Besides, the constraint set H denotes
any convex and compact subset of R™.

In PPOT, the polarization regularizer terms focus on the
transport coupling ~;; between the margin thresholds. This
means we can initialize 4" in this margin, then Q,(v) and
Q4p(7y) are always optimized until the -;; approaches the
inter-class or intra-class threshold. Besides, the formulation
of entropy regularizer is differentiable and convex. There-
fore, the GCG algorithm can be applied to optimize PPOT.
The formulation of PPOT in Eq. (11) can be set as

g1 (7) = <73 C>F + 6Qp(7)7 92(7) = annt (7)
Numerical optimization process of PPOT (Eq. (11)) is pro-
vided in Algorithm 1. Specifically, step 4 boils down to

v =arg rgin (7, C + BVQ (7)) F + aQens ()
YE

Note that Eq. (12) can also be efficiently solved by Sinkhorn
algorithm. In the training process, we utilize = = miny, J,

and 6T = maxy 5,? to unify intra-class and inter-class prob-
ability thresholds in the Q,(«y) to simplify the PPOT.

(12)

Modeling for UDA

In this section, we focus on the PPOT-based modeling for
UDA and learning a well-transferable model f for the tar-
get domain. DPP is employed as the regularizer term in the
framework of PPOT. The learning model f can be decom-
posed as f. o f,., where f, : X — Z is the feature extractor
and f. : Z — Y is the classifier.

According to Ben-David’s (BenDavid et al. 2006) transfer
theory, it is necessary to minimize the expected error on the
source domain and reduce the domain discrepancy. Thus, a
supervised learning task based on cross-entropy loss I is
conducted on the source domain, i.e.,

1 ns
Ls(.fCa fv") = ni Zi:l lce(fc(zf)7yz's)v

Further, PPOT framework is applied for distribution
alignment. With DPP, PPOT makes that the polarized plan
can explicitly assigns larger weights for intra-class sample
alignment.

13)

ﬁot(fra7) = <77C>F + O‘<771n7>F
+B[min{(y — Ag,,) © (v — Af,a) 01

slack
When the feature extractor f,. is fixed, the OT plan can be
learned via v* = argmin,, L. Such transportation estab-
lishes an explicit connection between the source and target
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Algorithm 1: PPOT

Input: Maximum iteration I, parameters « and j3;
Output: OT plan ~*;
1: Initialize v° «+ ﬁlnslgt, e« 1,i+0.
2: while i < I,,,,, and £ > 1le~? do
3:  Compute V2, (v") and C + SV, (v');
4:  Obtain ~v* of Eq. (12) via Sinkhorn algorithm;
5. Search the optimal step o' via _
ol = arg niin fOY' + aly) +g(v" + aAy),
0<a<1
where Ay = ~* —~%;
Update v+ = 4% + o A~;
Obtain OT distances £(v**!) and £(~") via Eq. (11);
e =|L(y"™) = L(v)]
i1+ 1.
: end while

6
7:
8:
9
0

1

samples. Specifically, given ~*, the transported source sam-
ples z; can be represented by the target via the barycenter
mapping 1 (Courty et al. 2016):

i: = w’Yf(Zt) = (<’Y*i,:’ 1nt>)_1 Z . /

An intuitive explanation for ¢ is that it considers the min-
imal cost for finding the image of source samples in the
representation space of the target domain. Then, the target
representation space can be further optimized via the trans-
ported source samples {z7,y? }"*, in a supervised way,

Lolfe, fr) = 1 S ol el )

Combining the learning objectives above, the training
principle of PPOT can be formulated as

n}in Ls(fe, fr) + MLot (fryy) + A2 Li(fe, fr)s

cy)ry

(14)

n

5)

where A1, Ay > 0. The model reduces domain discrepancy
by minimizing the OT distance L., and learns a discrim-
inant classifier by minimizing the source risk L£s. Besides,
the risk on transported source samples L benefits knowl-
edge learning on the target space. To obtain reliable pseudo-
labels, we first pre-train the model with the source risk Ls.

Experiments and Analysis

Set Up. We evaluate PPOT on three datasets. Office-
31 (Saenko et al. 2010) has 4,652 images from 3 domains
with 31 classes, i.e., Amazon (A), Webcam (W), and Dslir
(D); ImageCLEF (Long et al. 2017b) has 3 domains with
12 classes, i.e., Caltech (C), ImageNet (I) and Pascal (P);
DomainNet (Peng et al. 2019) is a challenging large-scale
dataset includes over 0.6 million images distributed across
345 classes from 6 different domains, i.e., Clipart (clp), In-
fograph (inf), Painting (pnt), Quickdraw (qdr), Real (rel)
and Sketch (skt). The implementation details and algorithm
are presented in the appendix.

Comparison with SOTA Methods. We employ some
state-of-the-art methods for comparison. (1) Adversarial-
based methods: DANN, ADDA (Tzeng et al. 2017),
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Method Office-31 ImageCLEF

A—-W A—D W=D D—-W D—-A W—=A Avg.| I-P P>l I=-C C—=I C—=P P—=C Avg
Source-only | 823  84.5 99.8 980 756 745 858| 748 839 915 780 655 913 807
DANN 845  78.6 99.6 9.8 636 628 816| 750 8.0 962 870 743 915 850
CDAN+E 941 929 100.0 986 710 693 87.7| 777 907 977 913 742 943 877
BCDM 954 938 1000 986 731 730 890| 795 932 968 913 789 958 89.3
DALN 952 954 100.0 99.1 764 765 904| 805 938 975 928 783 950 89.7
DeepJDOT | 889  88.2 99.6 985 721 701 862| 775 905 950 883 749 942 86.7
RWOT 951 945 100.0 995 775 779 90.8| 813 929 979 927 791 965 90.0
DDW-OT 921 908 1000 100.0 739 685 876| 8.6 928 985 939 799 967 90.7
PCT 946 938 99.9 987 772 760 90.0| 785 931 970 922 757 954 887
DMP 93.0 910 1000 990 714 702 874| 8.7 925 972 905 777 962 89.1
PGFL 90.7 938 100.0 99.1 781 764 896| 787 929 962 942 802 968 89.8
PPOT | 94.6°% 96.1°* 100.0°° 98.5°% 86.3°° 85.4°% 93.5|82.0%* 95.0°* 98.2°% 96.1°> 81.8°* 97.8°% 91.9

Source-only| clp inf pnt qdr rel skt Avg.|DANN|clp inf pnt qdr rel skt Avg.|[BCDM|clp inf pnt qdr rel skt Avg.

clp - 19337511.152241.032.2|| clp - 15.534.8 9.5 50.841.4 30.4|| clp - 19.938515.153.243.9 34.1
inf 302 - 312 3.6 440279274 inf |31.8 - 302 3.8 44.825.7273| inf |31.9 - 327 6.9 44.7285 289

pnt 39.618.7 - 49 545363 30.8| pnt |39.615.1

5.5 54.635.1 30.0|| pnt [42.519.8 - 7.9 54.538.532.6

qdr 70 09 14 - 41 83 43| qdr [11.8 20 44 - 98 84 73| qdr |23.0 40 95 - 169162 13.9
rel 484222494 6.4 - 38.833.0| rel (475179470 63 - 37.3312| rel |51.9249512 87 - 40.6355
skt 46.9 15437.010.947.0 - 31.4| skt [47.913.934510446.8 - 30.7|| skt [53.720.546.013.1534 - 37.1
Avg. 344153313 7.4 404 30.5 26.6|| Avg. |35.712.930.2 7.1 41.429.6 26.1|| Avg. |40.6 17.835.6 10.3 44.3 33.5 30.4

SCDA |clp inf pnt qdr rel skt Avg|[DCAN|clp inf pnt qdr rel skt Avg| [PPOT|clp inf pnt qdr rel skt Avg.

clp - 18.639.3 5.1 55.044.1 32.4|| clp - 18.543.617.160.345.8 37.1|| clp - 18.738.4 157558452 34.8
inf 29.6 - 34.0 1.4 463254 27.3| inf [39.7 - 384 59 54.628.5334| inf |51.5 - 36.3 9.1 54.136.9 37.6

pnt 44.119.0 - 2.6 56.242.0 32.8|| pnt |[48.6 19.7

9.9 61.741.236.2|| pnt [54.122.8 - 11.159.343.9 38.2

qdr 300 49 150 - 25419.819.0( qdr |332 5.6 16.1 - 184162 179| qdr |251 2.6 6.5 - 12316.1 14.0
rel 54.022.551.9 23 - 42534.6| rel [53.718.550.5 40 - 334320 rel |58.024.650.8184 - 443392
skt 556185447 6.4 532 - 357| skt |57.617.347.310.1553 - 37.5| skt |60.420.944.823.058.1 - 414
Avg. 42.6 16.7 37.0 3.6 47.234.8 30.3|| Avg. [46.6 15.939.2 9.4 50.1 33.0 32.4|| Avg. |49.8 17.935.4 15.547.7 37.3 34.0

Table 1: Accuracies (%) on Office-31, ImageCLEF (ResNet-50), and DomainNet (ResNet-101). For DomainNet, in each sub-
table, the column-wise domains are selected as the source domain and the row-wise domains are selected as the target domain.

CDAN+E, MDD (Zhang et al. 2019), BCDM, SCDA (Li
et al. 2021b), and DALN. (2) Distance-metric and OT-based
methods: PCT (Tanwisuth et al. 2021), DMP (Luo et al.
2022), DCAN (Li et al. 2022), PGFL (Du et al. 2023) and
DeepJDOT, RWOT, DDW-OT (Wang et al. 2022).

The results on Office-31, ImageCLEF and DomainNet are
shown in Table 1. PPOT outperforms other methods and
achieves the best average accuracies 93.5% on Office-31 and
91.9% on ImageCLEF. Compared with RWOT and DDW-
OT, which propose weighted OT to align domains, PPOT
directly explores the structure of OT plan via the dynamic
polarization mechanism. Thus, PPOT obtains superior re-
sults over these methods. Office31 tasks D—A and W—A
are common difficulties for all methods. PPOT not only
achieves the highest accuracies on the two tasks but also
surpasses the second-best results by a large margin. Besides,
the average accuracy on ImageCLEF is at least 1.2% higher
than others. On DomainNet, PPOT improves the average ac-
curacy to 34.0%, and outperforms other methods by at least
1.6%. The results above validate the superiority of PPOT in
dealing with UDA under varying difficulties and data scales.

Visualization of OT Plan. To make an intuitive compar-
ison among OT plans obtained by different methods, we vi-

sualize v* in Figure 4(a)-(c). The block diagonal structure
implies intra-class mass and the remaining parts imply inter-
class mass. Higher intra-class mass represents a more certain
OT plan. Compared to OT-IT and OT-GL, PPOT has a more
clear diagonal structure and obtains the highest intra-class
mass with 91.59%, which validates that PPOT can learn a
better OT plan in reducing domain discrepancy.

Margin of OT Plan. To verify that PPOT can polarize the
values of the OT plan, we provide the histograms of intra-
class and inter-class mass in Figure 4(e)-(f). Compared to
OT-GL, PPOT has a much larger margin between the intra-
class and inter-class mass. Besides, the transport masses of
PPOT concentrate around a larger or smaller value. These
results indicate the effectiveness of DPP, which is helpful in
learning a classifier with a separable decision boundary.

LDA Distance. To compare the discriminability of OT
models, we exploit the LDA criterion to compute the dis-
tance of representations across domains. LDA distance, i.e.,
the value of Discri., is the ratio of the inter-class distance
to the intra-class distance, represents the class separability
of representations. The result is shown in Figure 4(d), com-
pared to OT-IT and OT-GL, PPOT achieves the highest LDA
distance, which quantitatively demonstrates that PPOT can
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Figure 4: Method analysis on ImageCLEF task P—1. (a)-(c): Heat-maps of OT plan ~*, where darker colors represent larger
probability coupling values. (d): LDA distance for OT methods with different regularizers. (e)-(f): Histogram of intra/inter-class
masses. (g)-(h): Accuracy, intra class mass sum of v* and loss w.r.t. different iterations. Best viewed in color.

Method Lot Ly | P=I  I=P  Avg
OT-IT v v 91.5 78.5 85.0
OT-GL v v 93.1 80.5 86.8
PPOT (w/ PP) v v 94.0 81.0 87.8
PPOT (w/ DPP) v 93.5 80.3 86.9
PPOT (w/ DPP) v 94.7 81.4 88.1
PPOT (w/ DPP) v v 95.0 82.0 88.8

Table 2: Accuracies (%) of ablation study on ImageCLEF.

Task | OT-GL | PPOT (w/PP) | PPOT (w/ DPP)
P—I | 2.32s (145i) | 0.21s (65i) 0.22s (74ir)
I-P | 1.56s (123i) | 0.16s (63ir) 0.25s (59ir)

Table 3: Time (s) and loops (i) comparison on ImageCLEF.

learn distinguishable representations.

Ablation Study. To compare PPOT (w/ DPP) with IT,
GL and PPOT (w/ PP), and evaluate the effectiveness of the
loss items in Eq. (15), we conduct ablation experiments on
ImageCLEF. In Table 2, we can find that PPOT (w/ DPP)
achieves the best accuracy on tasks P—1I and I—P. PPOT (w/
DPP) also achieves better accuracies than OT-IT and OT-GL.
These results prove the superiority of our PPOT framework.
The 2" column shows that £; based on the formulation of
PPOT (w/ DPP) is helpful in exploring the structure of the
target domain and improving the accuracy significantly.

Training Stability. We evaluate the training stability of
PPOT on ImageCLEF task P—1. In the training process, we
pre-train the model on the source domain to obtain more reli-
able target pseudo-labels. Thus, we explore the training sta-
bility w.r.t w/o pre-train and w/ pre-train. In Figure 4(h), the

curves have more fluctuations and the model w/o pre-train
takes a longer time to converge. Figure 4(g) shows more sta-
ble and smooth curves. The better performance of model w/
pre-train also proves the effectiveness of pre-train strategy.

Time Comparison. We evaluate the efficiency of PPOT
by comparing the iteration loops and convergence time for
obtaining the OT solution. The convergence criteria are iden-
tical across all experiments. In Table 3, we can see that
both PPOT (w/ PP) and PPOT (w/ DPP) can significantly
reduce the loops of iteration and improve the convergence
rate with the GCG algorithm. Despite the additional compu-
tation introduced by the dynamic threshold slack, PPOT (w/
DPP) gets comparable speed compared to PPOT (w/ PP).
Specially, the complexity of OT-GL is O(Kn? logn) while
PPOT induces smaller O(n?) complexity. Compared with
the linear convergence rate of smooth (quadratic) function
0, () or Qap (), the non-smoothness of OT-GL leads to
slower convergence.

Conclusion

In this paper, we propose a novel PPOT framework to char-
acterize the structure of the OT plan. Specifically, the prob-
ability polarization introduces a margin between similar and
dissimilar transport pairs, which can guide the polarization
direction of the OT plan. Besides, the dynamic probability
polarization adjusts the margin by incorporating class infor-
mation, which further captures more clearer cross-domain
sample correspondence and improve robustness. The math-
ematical relationship between the polarization direction and
gradient guarantees the interpretability of PPOT. Empirical
evaluations on UDA demonstrate the effectiveness of PPOT.
An interesting future direction is studying algorithm and ap-
plication of PPOT in multi-source domain adaptation.
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