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Abstract

Domain adaptation addresses the challenge
of distributional shift between a labeled
source domain and an unlabeled target do-
main. In gradual domain adaptation (GDA),
the shift is assumed to occur through a se-
quence of intermediate domains, enabling
smoother adaptation. A popular approach
in this setting is self-training, where a model
iteratively generates pseudo-labels for unla-
beled data. However, pseudo-labeling errors
can accumulate across rounds, especially un-
der large shift, undermining generalization.

We develop a theoretical framework for self-
training under gradual domain shift that ex-
plicitly quantifies and controls the pseudo-
labeling error incurred at each round. Our
first result is a modular generalization bound
that decomposes the excess target risk into
coverage, pseudo-label error (εk) on the ac-
cepted set, domain shift, sample complexity,
and regularization. Unlike prior bounds, our
analysis separates the coverage penalty (due
to rejecting inputs) from the pseudo-label
error (controlled by confidence calibration
or margin filtering, including Tsybakov-type
noise via margin decay or calibration assump-
tions). We also provide the first theoretical
justification for percentile (quantile) thresh-
olding schemes used in practice: such sched-
ules directly control coverage while tighten-
ing εk, yielding a principled coverage–noise
tradeoff. Under mild conditions, both terms
accumulate only logarithmically, leading to
improved generalization. We validate these
insights across multiple GDA benchmarks,
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using both observed and OT-generated inter-
mediate domains.

1 INTRODUCTION

Domain adaptation (DA) addresses the problem of
learning from a labeled source domain while gener-
alizing to an unlabeled target domain with a different
distribution. A key challenge arises when the shift be-
tween the source and target domains is large (e.g., due
to changes in pose, lighting, style, or temporal drift).
In such cases, direct adaptation can fail due to distri-
bution mismatch and poor generalization.

Gradual Domain Adaptation (GDA) mitigates this by
introducing a sequence of intermediate domains that
interpolate between the source and target (Zou et al.,
2018; Kumar et al., 2020; He et al., 2024). By adapting
incrementally, GDA allows the model to traverse the
domain shift in smaller, more manageable steps, often
leading to improved generalization.

Self-training is a popular approach in GDA and semi-
supervised learning more broadly, where the model
generates pseudo-labels on unlabeled data to refine it-
self over time. However, pseudo-labeling is highly sen-
sitive to label noise, particularly under domain shift,
leading to error accumulation that can compound over
rounds. Despite the use of heuristics like confidence fil-
tering (Sohn et al., 2020; Zhang et al., 2021), there is
limited theoretical understanding of how such filtering
affects generalization in iterative adaptation.

This paper provides a theoretical framework to under-
stand and control pseudo-labeling error in GDA. We
analyze iterative self-training through an accepted-set
decomposition that, at each round, separates the re-
jection rate from the pseudo-label substitution error
on the accepted set, alongside distribution shift, sam-
ple complexity, and regularization. The framework
is filter-agnostic – compatible with either confidence
or margin scores – and makes the per-round trade-
off explicit: stricter thresholds admit fewer points, in-
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creasing the rejection rate yet lowering the pseudo-
label error on those retained. We show that a simple
percentile schedule that keeps roughly the top 1 − c

k
fraction of the most reliable points lets the threshold
loosen as the model improves; under standard calibra-
tion or margin-decay conditions, this choice drives both
the rejected mass and the accepted-set error down at
rate O(1/k), so their round-wise contributions accu-
mulate only logarithmically in K.

Contributions. Our main contributions are summa-
rized as:

• Generalization bound. We establish a modu-
lar generalization bound for iterative self-training
that is explicit in the rejection rate (1 − ρk), the
accepted-set pseudo-label error (εk), and addi-
tional distribution shift, sampling, and regular-
ization terms.

• Mechanisms to control each term. We show
how percentile thresholds directly set coverage ρk,
while confidence calibration or margin-decay con-
ditions (including Tsybakov-type decay) bound
the accepted-set error εk. Under mild schedules,
the cumulative contribution

∑
k

(
(1 − ρk) + 2εk

)
is O(logK).

• Practical guidance and validation. The anal-
ysis quantifies the coverage–noise trade-off and
justifies adaptive thresholding used in practice.
We validate the theory across multiple GDA
benchmarks, including settings with observed and
OT-generated intermediate domains.

2 RELATED WORK

Domain adaptation. Unsupervised domain adap-
tation (UDA) aims to transfer knowledge from a la-
beled source domain to an unlabeled target domain
under a distribution shift (Mansour et al., 2009; Huang
et al., 2006; Courty et al., 2017b; Ganin and Lem-
pitsky, 2015; Long et al., 2015; Tzeng et al., 2017;
Damodaran et al., 2018; Saito et al., 2018). Founda-
tional theoretical work in UDA bounds the target risk
using source risk and a measure of domain discrep-
ancy, such as H-divergence (Ben-David et al., 2010)
or Wasserstein distance (Redko et al., 2017). While
these frameworks provide valuable insights, they focus
on one-shot adaptation and do not model the iterative
nature of self-training or gradual shift across domains.

Gradual domain adaptation (GDA). GDA as-
sumes access to a sequence of intermediate domains in-
terpolating between source and target, enabling more
stable adaptation than one-shot transfer. Early work
by Gopalan et al. (2014) generated such intermediates

via subspace interpolation, while He et al. (2024) pro-
posed a self-training approach that traverses optimal
transport (OT)-based barycenters between domains.

On the theoretical side, Kumar et al. (2020) provided
the first generalization bound for gradual self-training,
though it scales exponentially with the number of
adaptation steps K. Wang et al. (2022) improved this
by deriving a tighter bound with linear dependence
on K, highlighting a trade-off between accumulated
domain shift and statistical variance, and establishing
the existence of an optimal number of steps. He et al.
(2024) independently derived a similar trade-off us-
ing a stability-based analysis. However, none of these
works isolate pseudo-labeling error or provide theoreti-
cal guarantees for filtering strategies commonly used in
self-training. To the best of our knowledge, our work
is the first to establish modular excess risk bounds
for gradual self-training that explicitly track the per-
round pseudo-labeling error εk and provide provable
control via percentile-based thresholding.

Self-training and pseudo-label filtering. Mod-
ern self-training methods, such as FixMatch (Sohn
et al., 2020) and FlexMatch (Zhang et al., 2021),
use confidence-based filtering to reduce pseudo-label
noise. While FixMatch applies a fixed global thresh-
old, FlexMatch introduces curriculum pseudo-labeling
with adaptive, class-wise thresholds that evolve during
training. While effective empirically, these heuristics
are typically not grounded in theory and can be sensi-
tive to confidence thresholds or implicit curriculum dy-
namics, particularly under domain shift. Theoretical
work on selective classification (El-Yaniv and Wiener,
2010; Jiang et al., 2018) and the Tsybakov margin
condition (Tsybakov, 2004) offer partial tools, but do
not address iterative adaptation or the accumulation
of pseudo-labeling error across rounds. Our frame-
work bridges this gap by formally connecting pseudo-
labeling error to confidence calibration, margin decay,
and thresholding schedules.

Intermediate domain generation via OT. When
intermediate domains are not observed, several works
generate them synthetically to enable gradual adap-
tation. Gopalan et al. (2014) proposed generat-
ing intermediate feature subspaces, while GOAT (He
et al., 2024) uses OT-based barycenters to interpo-
late between distributions. Related OT-based meth-
ods (Courty et al., 2017a; Perrot et al., 2016) estimate
transport plans or mappings to align source and target
domains. Our experiments adopt a similar OT-based
interpolation strategy, but apply it within a filtering-
aware self-training framework, grounded in generaliza-
tion bounds that account for pseudo-labeling error.

Compared to these prior works, our contribution lies
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in providing a unified theoretical framework that (i)
tracks and controls pseudo-labeling error under grad-
ual shift, and (ii) justifies confidence- and margin-
based filtering strategies that are used in practice but
previously untheorized.

3 SETUP AND NOTATION

We study pseudo-labeling in the context of GDA,
where a model is trained across a sequence of do-
mains exhibiting incremental distributional shift. Let
X ⊆ Rd denote the input space and [C] := {1, . . . , C}
the set of class labels. A classifier is a function
h : X → ∆C , where ∆C is the probability simplex
over C classes. Each h(x) is a vector of soft class
probabilities, and the predicted label is

ŷ(x) := argmax
c∈[C]

hc(x).

We seek to learn a high-accuracy classifier on the tar-
get domain µK using labeled data only from the source
domain µ0. To bridge the distribution gap we adopt
GDA, that is, the learner proceeds though a sequence
of intermediate domains µ0, µ1, . . . , µK , each rep-
resenting a small shift. At round k (1 ≤ k ≤ K),
it receives an unlabeled batch Sk = {xi}Mk

i=1 ∼ µk,
annotates each xi with the prediction of the previous
model hk−1, and filters the pseudo-labels by a con-
fidence or margin threshold θk. Accepted points S̃k

form the training set for the next classifier hk, which
is obtained by regularized empirical risk minimization
(ERM) on S̃k. The threshold schedule (Sec. 5.3) con-
trols the accepted coverage ρk and, through standard
calibration or margin-decay conditions, the quality of
the pseudo-labels on that set.

We assume a bounded classification loss ℓ(h(x), y) ∈
[0, 1], which is L-Lipschitz in x for fixed h.

Definition 1 (p-Wasserstein distance). Let µ and ν
be two probability measures over the space X and let
d : X × X → R≥0 be a metric. The p-Wasserstein
distance between µ and ν is defined as

Wp(µ, ν) :=

(
inf

π∈Π(µ,ν)

∫
X×X

d(x, x′)p dπ(x, x′)

)1/p

,

where Π(µ, ν) denotes the set of all joint distributions
over X × X whose marginals are µ and ν.

Definition 2 (Confidence and margin). Let f : X →
RC be a real-valued function that assigns a score to
each class. In the case of softmax-based classifiers,
h(x) = softmax(f(x)), where h(x) ∈ ∆C denotes the
vector of predicted class probabilities. The confidence
of prediction h(x) is defined as

c(x) := max
c∈[C]

hc(x), (1)

and the margin of prediction f(x) ∈ RC is

margin(x) := fŷ(x)(x)− max
j ̸=ŷ(x)

fj(x). (2)

Filtering rule and acceptance. At round k, a sam-
ple x is accepted for pseudo-labeling according to the
acceptance indicator

Ak(x) := 1{x is retained}, ρk := Ex∼µk
[Ak(x)],

where ρk denotes the coverage, i.e., the expected frac-
tion of accepted samples. We consider two instances:

1. Confidence filtering: Ak(x)=1{ck−1(x) ≥ τk}.

2. Margin filtering: Ak(x) = 1{margink−1(x) ≥
mk}.

We use ỹk(x) to denote the pseudo-label under the
chosen filtering strategy. We assign the top class of
hk−1, i.e.,

ỹk(x) := argmax
c
hk−1,c(x), (3)

and keep it only when Ak(x) = 1. The corresponding
retained pseudo-labeled dataset at round k is

S̃k := {(x, ỹk(x)) : Ak(x) = 1}, (4)

where nk := |S̃k| denote its size and define nmin :=
mink nk.

We now formalize the notions of risk and pseudo-risk
used in our analysis.

Definition 3 (Risks). The following risk quantities
are used throughout the paper.

True risk.

Eµk
(h) := E(x,y)∼µk

[
ℓ(h(x), y)

]
. (5)

Expected pseudo-risk (under filtering). Let
Ak(x) be the acceptance indicator at round k and ỹk(x)
the pseudo-label from hk−1. Define

Êk(h) := Ex∼µk

[
Ak(x) ℓ

(
h(x), ỹk(x)

)]
. (6)

Masked (accepted-set) true risk.

Ek(h) := E(x,y)∼µk

[
Ak(x) ℓ

(
h(x), y

)]
. (7)

Empirical pseudo-risk. For the retained set S̃k =
{(xi, ỹi)}nk

i=1,

R̂k(h) :=
1

nk

∑
(xi,ỹi)∈S̃k

ℓ
(
h(xi), ỹi

)
. (8)
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We quantify pseudo-label noise on the accepted set
(i.e., where Ak(x) = 1) as the worst-case absolute devi-
ation between the masked true risk Ek and the masked
pseudo-risk Êk; loss on rejected points will be handled
separately via the coverage term 1 − ρk in the main
bound.

Definition 4 (Pseudo-labeling error). The pseudo-
labeling error at round k is defined as

εk := max
h∈{hk,hk−1}

∣∣ Ek(h)− Êk(h) ∣∣. (9)

The maximization over h ∈ {hk, hk−1} reflects that
pseudo-labels are generated by hk−1 while generaliza-
tion at round k concerns hk; taking the max yields a
model-agnostic bound that uniformly controls either
role.

Training and complexity. Each classifier hk is
trained by minimizing the regularized empirical
pseudo-risk:

hk := argmin
h∈H

{
R̂k(h) + λ∥h∥2

}
. (10)

Definition 5 (Rademacher complexity). Let F :=
{x 7→ ℓ(h(x), ỹ(x)) | h ∈ H}. Given a sample
S = {x1, . . . , xn}, the empirical Rademacher complex-
ity is

R̂S(F) := Eσ

[
sup
f∈F

1

n

n∑
i=1

σif(xi)

]
, (11)

where σi ∼ Uniform{−1,+1} are i.i.d. Rademacher
variables.

4 GENERALIZATION BOUND VIA
PSEUDO-LABELING ERROR

We begin by presenting a generalization bound that
explicitly characterizes the excess risk of the final clas-
sifier hK in terms of pseudo-labeling error, domain
shift, and estimation error over filtered pseudo-labeled
data. This bound holds under confidence or margin-
based filtering and does not rely on algorithmic sta-
bility assumptions. It provides a foundation for the
subsequent sections, where we develop concrete mech-
anisms based on confidence calibration and margin
noise conditions to control the pseudo-labeling error
and justify adaptive thresholding strategies.

Theorem 1 (Generalization bound with pseudo-la-
beling error). Let µ0, µ1, . . . , µK be a sequence of dis-
tributions over X × Y, and let h0, h1, . . . , hK be clas-
sifiers where each hk is obtained by minimizing reg-
ularized empirical risk over a pseudo-labeled dataset

S̃k = {(xi, ỹk(xi))}nk
i=1, with pseudo-labels generated

by hk−1.

Let ℓ be a loss taking values in [0, 1], and assume that
for any h ∈ H and y ∈ Y the map x 7→ ℓ(h(x), y)
is L-Lipschitz in x, and assume that each classifier
satisfies ∥hk∥ ≤ B, with the norm used in the reg-
ularization term in (10). Further, assume the em-

pirical Rademacher complexity satisfies R̂S̃k
(ℓ ◦ H) ≤

Cr√
nk
, where the composed function class ℓ ◦ H :=

{x 7→ ℓ(h(x), ỹk(x)) | h ∈ H} 1. For each round k, let
ρk := Ex∼µk

[Ak(x)] be the coverage and let Ek and

Êk be the masked true risk (7) and expected pseudo-
risk (6), respectively. Define εk as in (9). Then, for
any δ ∈ (0, 1), with probability at least 1 − δ over the
pseudo-labeled datasets S̃1, . . . , S̃K , the excess risk sat-
isfies

EµK
(hK)− Eµ0(h0)

≤
K∑

k=1

(
(1−ρk)+2εk+

Cδ√
nk

+LW1(µk, µk−1)+λB
2
)
,

where

Cδ := 4Cr + 6

√
log(2K/δ)

2
.

Theorem 1 gives a fine-grained generalization bound
for iterative self-training along a sequence of domains.
Its key feature is that it isolates, at each round k, the
accepted-set pseudo-label substitution error εk. The
bound decomposes the change in risk into interpretable
terms: the rejection rate (missing coverage) (1 − ρk)
and pseudo-label error (εk), a sample-complexity term
controlled by empirical Rademacher complexity, a
distribution-shift term measured by the Wasserstein-1
distance between successive domains, and a regular-
ization term. This modular form lets calibration- or
margin-based assumptions directly bound εk and in-
forms the design of filtering schedules.

In contrast, He et al. (2024) develop a stability-based
analysis of GDA whose bounds rely on smoothness and
optimization-stability and effectively control cumula-
tive domain shift. Their framework does not explicitly
model pseudo-label substitution or the effect of confi-
dence/margin filtering. Our analysis makes this error
term explicit, enabling provable guidance for filtering
schedules and pseudo-label quality.

Remark 1 (coverage). The term 1− ρk upper bounds
the loss on the unaccepted set at round k, and thus is
the unavoidable price of selectivity. Under percentile
schedules (see Appendix 5.3) with ρk ≥ 1 − c/k, this
penalty accumulates only logarithmically in K.

1This assumption holds for many standard hypothe-
sis classes with norm constraints (Bartlett and Mendelson,
2002; Mohri et al., 2018).
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5 FILTERING-BASED CONTROL
OF PSEUDO-LABELING ERROR

Recall from Theorem 1 that the total excess risk is ex-
pressed as a sum of round-wise contributions. Among
these, two terms are directly affected by filtering at
round k: the rejection rate (i.e., the fraction of in-
puts not accepted by the filter) and the pseudo-label
substitution error on the accepted set. This section de-
velops confidence- and margin-based strategies to con-
trol both quantities. We introduce round-dependent
calibration and margin functions that bound the
accepted-set substitution error, and we show how per-
centile or adaptive thresholds can be used to set cover-
age. Together, these tools yield a principled coverage–
noise trade-off and, under mild schedules, logarithmic
accumulation of their combined effect across rounds.

5.1 Confidence-Based Filtering

We now control the accepted-set pseudo-labeling er-
ror εk via confidence thresholding. At round k,
pseudo-labels are produced by hk−1 and retained
when ck−1(x) ≥ τk, which induces coverage ρk :=
Prx∼µk

[ck−1(x) ≥ τk]. This ties the round-wise de-
composition from Theorem 1 to practical controls: the
threshold sets coverage and, through calibration, con-
trols substitution error on the accepted set.

Definition 6 (Confidence-conditioned error). For
round k, define

ϕk(τ) := Pr
(x,y)∼µk

[ŷk−1(x) ̸= y | ck−1(x) ≥ τ ] , τ ∈ [0, 1],

where ck−1(x) = maxc hk−1,c(x) and ŷk−1(x) =
argmaxc hk−1,c(x).

The function ϕk(τ) is the conditional error on
the accepted set at threshold τ , aligning with the
risk–coverage viewpoint in selective classification (El-
Yaniv and Wiener, 2010; Jiang et al., 2018), where
higher-confidence predictions typically incur lower
conditional error.

Lemma 1 (Confidence control of accepted-set error).
Let ℓ ∈ [0, 1]. For any threshold τk,

εk ≤ ρk ϕk(τk) ≤ ϕk(τk).

Corollary 1 (Controlled decay under calibrated
thresholds). If the thresholds τk ↑ 1 are chosen so that
ϕk(τk) ≤ Ca/k, for some constant Ca, then

K∑
k=1

εk ≤
K∑

k=1

ρk ϕk(τk) ≤ Ca (1 + logK).

If, in addition, a percentile schedule enforces 1− ρk ≤

c/k, then

K∑
k=1

(
(1− ρk) + 2εk

)
≤ (c+ 2Ca) (1 + logK).

Remark 2. These bounds make the coverage–noise
trade-off explicit: raising τk typically reduces the con-
ditional error ϕk(τk) on accepted points but also de-
creases coverage ρk. Percentile (quantile) thresholds
set coverage directly, while calibration improves the
conditional error. Together, they enable schedules un-
der which the combined contribution

∑
k

(
(1 − ρk) +

2εk
)
grows only logarithmically, tightening the overall

generalization bound (See Appendix 5.3).

5.2 Margin-Based Filtering

When probabilistic confidence is poorly calibrated,
it is often preferable to filter by the logit margin,
which measures the separation between the top pre-
dicted class and its nearest competitor. At round k,
we retain a pseudo-label from hk−1 only when the
previous-round margin exceeds a threshold mk, i.e.,
when margink−1(x) ≥ mk, inducing coverage ρk :=
Prx∼µk

[margink−1(x) ≥ mk]. This subsection devel-
ops accepted-set bounds for the pseudo-label substitu-
tion error under margin filtering, paralleling the con-
fidence case.

Definition 7 (Round-dependent margin-conditioned
error). For round k, define the margin-conditioned er-
ror curve of hk−1 on µk by

ζk(m) := Pr
(x,y)∼µk

[
ŷk−1(x) ̸= y

∣∣margink−1(x) ≥ m
]
,

where m ≥ 0, ŷk−1(x) = argmaxc hk−1,c(x),
and margink−1(x) = fk−1,ŷk−1(x)(x) −
maxj ̸=ŷk−1(x) fk−1,j(x) as in (2).

Lemma 2 (Margin control of accepted-set error). Let
ℓ ∈ [0, 1]. For any threshold mk ≥ 0,

εk ≤ ρk ζk(mk) ≤ ζk(mk).

Corollary 2 (Controlled decay under margin thresh-
olds). If the thresholds mk are chosen so that
ζk(mk) ≤ Cm/k, for some constant Cm, then

K∑
k=1

εk ≤
K∑

k=1

ρk ζk(mk) ≤ Cm (1 + logK).

If, in addition, a percentile rule on the margin enforces
1− ρk ≤ c/k, then

K∑
k=1

(
(1− ρk) + 2εk

)
≤ (c+ 2Cm) (1 + logK).
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Remark 3 (Relation to Tsybakov conditions). The
curve ζk(m) quantifies the conditional error among
high-margin examples. Under smoothness and class-
separation assumptions, one typically has ζk(m) → 0
as m→∞, and often a power-law decay

ζk(m) ≤ Cm−α (α > 0),

analogous to rates derived from the Tsybakov noise
condition in statistical learning (Tsybakov, 2004;
Bartlett et al., 2006; Koltchinskii and Panchenko,
2002; Mohri et al., 2018). In binary classification,
the Tsybakov condition bounds the mass near the de-
cision boundary, Pr(|η(x) − 1

2 | ≤ t) ≤ Ctα, where
η(x) := P(y = 1 | x) denotes the Bayes posterior in
the binary setting, and multiclass analogues based on
top-two margin yield similar decay. Such decay implies
schedules with ζk(mk) = O(1/k), e.g., mk ∝ k1/α.

Margin-based filtering requires no probabilistic and
directly reflects geometric separation: increasing mk

typically lowers the accepted-set conditional error
ζk(mk) but also reduces coverage ρk. Together
with percentile or adaptive thresholding on margins,
Lemma 2 and Corollary 2 provide practical controls
for the two filtering-dependent terms in the round-wise
decomposition, yielding logarithmic accumulation un-
der mild schedules.

5.3 Adaptive Thresholding and Algorithm
Design

Building on the analysis of Sections 5.1–5.2, we pro-
pose a percentile thresholding strategy that sets cov-
erage directly from unlabeled data. Under a mild
score-tail risk–coverage assumption (Assumption 1),
the accepted-set conditional error is controlled so that
the round-wise contributions accumulate at most log-
arithmically in K. Each round, the filter controls the
rejection rate (1−ρk) and the accepted-set substitution
error εk via a confidence or margin threshold; the per-
centile schedule fixes ρk, while the assumption trans-
lates a small rejected tail into a small accepted-set er-
ror.

Let scorek−1(x) ∈ {ck−1(x), margink−1(x)}, and de-
fine

ρk(θ) := Pr
x∼µk

[
scorek−1(x) ≥ θ

]
,

ψk(θ) := Pr
(x,y)∼µk

[
ŷk−1(x) ̸= y

∣∣ scorek−1(x) ≥ θ
]
.

Given a target coverage qk ∈ (0, 1), choose θk as the
empirical (1− qk)-quantile and retain

S̃k = {(x, ỹk(x)) : scorek−1(x) ≥ θk}, ỹk(x) = ŷk−1(x).

Percentile schedules (coverage from unlabeled
data). We use a nondecreasing schedule qk ≥ 1 − c

k ,

which enforces (at the population level) a shrinking
rejected tail 1− ρk(θk) ≤ c

k .

Lemma 3 (Quantile accuracy). Let Mk unlabeled
scores be drawn i.i.d. from µk, and let θk be the empir-
ical (1 − qk)-quantile. Then, with probability at least
1− δ uniformly over k = 1, . . . ,K,

∣∣ρk(θk)− qk∣∣ ≤
√

2 log(2K/δ)

Mk
. (12)

By Lemmas 1 and 2,

εk ≤ ρk(θk)ψk(θk) ≤ ψk(θk).

The percentile control translates into decay of ψk(θk)
under the following assumption.

Assumption 1 (Score-tail error decay). There exist
constants Ct, α > 0 and θ0 such that for all θ ≥ θ0,

ψk(θ) ≤ Ct

(
1− ρk(θ)

)α
.

According to Assumption 1 – which is satisfied, for in-
stance, when the score tail obeys a (Ct, α) power-law
decay (cf. Tsybakov-type noise conditions) – whenever
the rejected tail 1 − ρk(θ) is small (i.e., retention is
high), the accepted-set conditional error ψk(θ) is con-
trolled and scales polynomially with the tail size (see
Remark 3).

Proposition 1 (Pseudo-label error under percentile
control). Let qk ≥ 1 − c

k and choose θk as above. If
Assumption 1 holds and θk ≥ θ0, then with probability
at least 1− δ,

εk ≤ ρk(θk)ψk(θk) ≤ Ct

(
c
k +

√
2 log(2K/δ)

Mk

)α

.

(13)

Hence, if Mk =ω
(
k2 log(K/δ)

)
so

√
log(2K/δ)/Mk =

o(1/k), then ψk(θk), εk = O(k−α) and
∑K

k=1 εk =
O(logK) when α = 1 (and O(1) when α > 1).

Therefore, percentile thresholding fixes the rejection
rate from unlabeled data, and, under Assumption 1,
this coverage control implies the decay of the accepted-
set conditional error and thus of εk, yielding the
O(logK) accumulation predicted by the round-wise
bound.

5.4 Methodology

We describe our filtered self-training procedure over a
gradually shifting sequence of domains µ0, µ1, . . . , µK

(Sec. 5.1–5.2). The design follows the accepted-set
viewpoint in which each round sets a threshold to re-
alize target coverage and forms a pseudo-labeled set
on which hk is trained.



Heidarizadeh, Awad, Cai, and Atia

1− ρk = 0.5 1− ρk = 0.17 1− ρk = 0.1 1− ρk = 0.05 1− ρk = 0.02
Figure 1: Step-by-step visualization of pseudo-label filtering across selected training rounds (Rounds 1, 3, 5, 10, 20).
Each panel shows the desicion boundary of hk−1 on µk, with the rejection rate 1− ρk shown below.

Filtered self-training over intermediate do-
mains. At round k, model hk−1 produces scores
on Sk – either confidence ck−1(x) or margin
margink−1(x). A threshold θk induces acceptance
Ak(x) = 1{scorek−1(x) ≥ θk} with coverage ρk =
E[Ak(x)]. We use a percentile schedule to target cov-
erage qk (e.g., qk = 1− c

k ), setting θk to the empirical
(1− qk)-quantile of scores on Sk. Accepted points re-
ceive pseudo-labels ỹk(x) = ŷk−1(x) to form S̃k, and
hk is trained by regularized ERM on S̃k. For details,
see Algorithms 1 and 2 in Appendix D.

6 EXPERIMENTS

Our experiments evaluate confidence-guided pseudo-
label filtering in GDA. We compare our Confidence-
Filtered Self-Training (CFSTDA) and Margin-Filtered
Self-Training (MFSTDA) against (i) Gradual Self-
Training (GST) (Kumar et al., 2020), which self-trains
only along the given source–target trajectory, and (ii)
GOAT (He et al., 2024), which augments this sequence
with intermediate domains via Wasserstein barycen-
tric interpolation (details in Appendix E). We also
include one-shot unsupervised DA (UDA) baselines—
DANN (Ganin et al., 2016) and DeepCoral (Sun and
Saenko, 2016)—that operate only on the source and
target and cannot leverage intermediate unlabeled
data. We evaluate on synthetic datasets, four real-
world gradual-shift benchmarks, and an additional
standard UDA benchmark to assess performance be-
yond native GDA settings.

6.1 Synthetic Datasets

We first visualize the pseudo-labeling strategies on
the Two Moons dataset (Pedregosa et al., 2011) with
gradual degree shifts. The data undergoes a grad-
ual 90◦ rotation from source to target over 20 steps,
with 1000 samples drawn per domain. At round k,
we admit the top qk fraction of an unlabeled batch
according to the chosen score, following the sched-
ule qk = 1 − c

k , c = 0.5. Figure 1 shows the CF-
STDA trajectory at rounds k ∈ {1, 3, 5, 10, 20}. Each
panel displays the decision boundary of hk−1 evalu-

ated on the current domain µk, with filled points in-
dicating the accepted pseudo-labels and crosses indi-
cating the rejected ones. The rejection rate 1 − ρk is
shown below each plot. As training progresses, the
coverage ρk increases and more points are accepted
as the model improves. This behavior supports our
theoretical premise: pseudo-label quality can be con-
trolled via percentile filtering, gradually expanding the
trusted region as the learner adapts. An additional
example using a 2D Gaussian mixture distribution is
provided in Appendix G. Our code is available online
at https://github.com/aheidarizadeh/CFST-GDA.

Empirical validation. We simulate a binary task
under gradual domain shift for 45 rounds using the
Two Moons distribution. At each round k we rotate
the source by 2◦ to obtain µk (total 90◦ from source
to target), draw an unlabeled batch Sk∼µk, and up-
date hk by self–training on its pseudo-labels. We then
retain the top qk = 1− c

k fraction by confidence (CF-
STDA) or by margin (MFSTDA), and record cover-
age ρk, accepted-set loss ψk, and substitution error
εk. Figure 2 (left) plots the conditional errors ψk and
pseudo-labeling error εk. The curves remain bounded
and nearly stable across rounds, which is the behavior
predicted by Proposition 1. Across all runs we observe
the bound εk ≤ ψk, consistent with Lemmas 1 and 2.
We regress logψk on log(1 − ρk) across rounds k and
take the ordinary-least-squares (OLS) slope as α̂. On
Two Moons, the log–log relation is approximately lin-
ear with positive slope α̂ ≈ 2.39 (center-right panel),
and the envelope ψk/(1− ρk)α̂ remains bounded over
k (center-left panel), providing direct evidence that
Assumption 1 holds in this setting. The right panel
shows the coverage curves ρk, demonstrating that the
empirical acceptance closely follows the schedule qk,
so that the rejection rate 1− ρk decreases with k.

Ablation on quantile scheduling. To evalu-
ate the robustness of our percentile-thresholding de-
sign, we vary the constant c in the quantile sched-
ule qk = 1 − c

k . Figure 3 reports the resulting
pseudo-labeling error εk and coverage ρk across dif-
ferent c ∈ {0.0, 0.1, 0.25, 0.5, 0.75, 1.0}. For MFSTDA,
larger c values consistently reduce the pseudo-labeling

https://github.com/aheidarizadeh/CFST-GDA
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Figure 2: Empirical validation of pseudo-labeling error bounds under gradual domain adaptation. Left: Conditional
error ψk and pseudo-labeling error εk. Center-left: Ratio ψk/(1 − ρk)

α̂ (proportional to the scaled errors kα̂ψk and
kα̂εk). Center-right: Log–log plot of ψk against (1− ρk) with fitted slope α̂ ≈ 2.39, Right: Coverage ρk over rounds,
indicating the fraction of pseudo-labeled points retained after filtering.

Figure 3: Ablation on percentile parameter c in the quantile schedule qk = 1− c
k
. Coverage ρk (right) and Pseudo-labeling

error εk are plotted for both CFSTDA (left) and MFSTDA (center), with varying c ∈ {0.0, 0.1, 0.25, 0.5, 0.75, 1.0}.

error, indicating more stable adaptation when more
pseudo-labeled samples are retained. CFSTDA ex-
hibits a non-monotonic pattern: very large c values ini-
tially produce higher error due to low-confidence early
pseudo-labels but improve steadily over rounds as the
model stabilizes. Overall, moderate to large c values
provide the best trade-off between early precision and
long-term accuracy.

6.2 Real Datasets

We conduct experiments on four popular gradual shift
benchmarks: Rotated MNIST (LeCun et al., 1998),
Color-Shift MNIST (He et al., 2024), Portraits (Gi-
nosar et al., 2015), and Cover Type (Blackard and
Dean, 1999). These benchmarks provide either nat-
ural or standard gradual source-to-target trajectories
and therefore directly match the GDA setting studied
in our theory. We also include additional experiments
on Office-Home (Venkateswara et al., 2017), a stan-
dard UDA benchmark that does not provide a native
gradual trajectory. A full description of the datasets
and the network architectures is given in Appendix F.

Training protocol with filtering. At each self-
training round k, we compute confidence or margin
scores for all unlabeled samples and retain only the
top qk fraction per class based on these scores. To

preserve class diversity, a minimum of 10% of samples
per predicted class is always retained. Both CFSTDA
and MFSTDA use a gradually increasing schedule with
qk = 1 − 1

k , accepting more data over time. This im-
plementation aligns with our theoretical schedule and
enables dynamic control of pseudo-label quality. The
complete training configuration and hyperparameter
choices are provided in Appendix F. We further ana-
lyze the effect of class imbalance in Appendix G.

Comparison with GDA methods. We evaluate
our CFSTDA and MFSTDA on the target domain and
compare against four baselines: (i) Baseline (no adap-
tation) – a classifier trained only on the source; (ii)
UDA methods DANN (Ganin et al., 2016) and Deep-
CORAL (Sun and Saenko, 2016); (iii) GST; and (iv)
GOAT. A “given” domain is a true intermediate do-
main provided by the dataset’s gradual-shift sequence;
a “gen” domain is an additional intermediate domain
generated by Wasserstein barycentric interpolation be-
tween two consecutive given domains. We sweep the
grid given ∈ {0, 1, 2, 3}× gen ∈ {0, 1, 2}; see Appendix
F for full details. Table 1 reports target accuracy av-
eraged over five runs (95% CIs) for the representative
setting given = 2, gen = 2. MFSTDA is top on every
benchmark–except Rotated MNIST, where CFSTDA
slightly outperforms it–with CFSTDA otherwise con-
sistently second. For instance, on Color-Shift MNIST,
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Table 1: Comparison of direct UDA and GDA methods.

Method Rot. MNIST Color-Shift Portraits Cover Type

Baseline (no adaptation) 44.3±1.7 35.5±11.1 75.6±1.2 61.2±4.9
DANN (Ganin et al., 2016) 48.0±6.4 37.88±22.6 76.8±3.2 66.0±2.6
DeepCoral (Sun and Saenko, 2016) 51.6±3.1 50.2±24.9 74.7±0.8 65.9±2.4

GST (Kumar et al., 2020)(2 given) 59.3±5.2 53.2±14.0 76.3 ±1.7 67.8±4.6
GOAT (He et al., 2024)(2 given, 2 gen) 64.3±3.5 82.8±11.6 81.1±2.6 70.4±1.7
CFSTDA (2 given, 2 gen) 67.7±5.4 88.8±5.5 79.8±3.1 71.7±2.9
MFSTDA (2 given, 2 gen) 65.5±4.7 91.1±3.4 84.2±0.6 72.5±2.3

Table 2: Evaluation on Office-Home under direct and generated gradual adaptation settings.

Method Office-Home Real→Product Office-Home Art→Product

Baseline (no adaptation) 74.0±0.7 62.8±1.2
DANN (Ganin et al., 2016) 73.8±0.7 62.9±0.9
DeepCoral (Sun and Saenko, 2016) 74.0±0.4 63.2±1.1

0 gen 1 gen 2 gen 3 gen 0 gen 1 gen 2 gen 3 gen

GOAT (He et al., 2024) 74.2±1.0 74.7±1.0 73.1±0.6 72.2±0.4 63.5±0.9 62.8±0.9 61.0±1.3 57.9±1.2
CFSTDA 74.7±0.5 76.3±0.8 75.8±0.9 75.5±0.4 65.5±0.8 67.6±1.2 66.3±1.0 64.2±1.7
MFSTDA 75.0±0.8 76.8±1.4 76.1±1.7 75.8±0.7 65.9±1.0 67.2±1.2 67.0±1.2 64.1±1.1

MFSTDA reaches 91.1%, compared to 88.8% for CF-
STDA and 82.8% for GOAT–a 8.3-point boost over the
strongest non-filtered baseline. The results also clearly
demonstrate the advantage of GDA methods over tra-
ditional UDA approaches. Detailed accuracy results
for all combinations of observed (“given”) and OT-
generated (“gen”) intermediate domains are reported
in Appendix G, where we also provide pseudo-labeling
error and coverage over rounds to illustrate their be-
havior. Across these settings, both CFSTDA and MF-
STDA consistently outperform GST and GOAT, con-
firming that filtered self-training provides large and
reliable gains under gradual domain shift.

Additional evaluation on standard UDA bench-
marks. To evaluate beyond native gradual-shift
datasets, we also consider Office-Home (Venkateswara
et al., 2017), which does not provide an inherent or-
dered sequence of intermediate domains. We there-
fore report results in two settings. First, we study the
standard direct adaptation setting (K = 1), which en-
ables fair comparison to conventional UDA baselines
on the source→target task (0 generated intermediate
domains). Second, we construct gradual trajectories
by inserting OT-generated intermediate domains be-
tween the source and target, specifically, 1, 2, and 3
generated domains. This allows us to test whether the
proposed filtering mechanism remains beneficial when
gradual structure is induced rather than given by the
dataset. Table 2 shows that CFSTDA and MFSTDA
remain competitive in the direct setting and improve
further when a small number of intermediate domains
is introduced; most notably, MFSTDA achieves 76.8%
on Real→Product and CFSTDA achieves 67.6% on

Art→Product, both at 1 generated domain. These re-
sults support our claim that the proposed filtering rule
and percentile schedule are not tied to a specific na-
tive GDA benchmark, but provide a complementary
mechanism that continues to improve self-training on
standard domain adaptation datasets as well.

7 CONCLUSION

We presented and analyzed a filtered self-training
framework for GDA that treats each round through
an accepted-set lens. Our decomposition isolates two
controllable terms–the coverage penalty (1 − ρk) and
the accepted-set pseudo-label error (εk)–from shift,
sampling and regularization effects. Percentile sched-
ules fix coverage directly from unlabeled scores, while
calibration or margin-decay (Tsybakov-type) assump-
tions bound εk, so their joint contribution grows only
O(logK). Experiments with both observed and OT-
generated intermediates match these predictions and
give concrete guidelines for threshold design.

Limitations and directions. Theorem 1 does not
rely on the score-tail decay in Assumption 1; however,
when that decay fails (e.g., under very large shifts), our
percentile schedule is no longer guaranteed to deliver
the O(logK) accumulation. Two extensions could re-
store tight control: (i) Adaptive thresholds: use a small
set of labeled probes each round to adjust the thresh-
old until the observed accepted-set error meets a target
level, thereby bounding εk directly; (ii) Localized com-
plexity : replace the global sampling term with com-
plexity measures restricted to the accepted set (e.g.,
local Rademacher quantities), which remain small even
when coverage is low.
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Supplementary Materials for
Confidence-Guided Self-Training for Gradual Domain Adaptation

A Proof of Generalization Bound

Recall Theorem 1: Let µ0, µ1, . . . , µK be a sequence of distributions over X × Y, and let h0, h1, . . . , hK be
classifiers where each hk is obtained by minimizing regularized empirical risk over a pseudo-labeled dataset
S̃k = {(xi, ỹk(xi))}nk

i=1, with pseudo-labels generated by hk−1. Further, assume the empirical Rademacher
complexity satisfies

R̂k := R̂S̃k
(ℓ ◦ H) ≤ Cr√

nk
.

Then, for any δ ∈ (0, 1), with probability at least 1− δ over the pseudo-labeled datasets S̃1, . . . , S̃K , the excess
risk satisfies

EµK
(hK)− Eµ0

(h0) ≤
K∑

k=1

(
(1− ρk) + 2εk +

Cδ√
nk

+ LW1(µk, µk−1) + λB2

)
,

where

Cδ := 4Cr + 6

√
log(2K/δ)

2
.

Proof. We use a telescoping decomposition:

EµK
(hK)− Eµ0(h0) =

K∑
k=1

(
Eµk

(hk)− Eµk−1
(hk−1)

)
.

Each term is split as

Eµk
(hk)− Eµk−1

(hk−1) = [Eµk
(hk)− Eµk

(hk−1)] +
[
Eµk

(hk−1)− Eµk−1
(hk−1)

]
.

By Kantorovich–Rubinstein duality, since for any fixed h and y the function x 7→ ℓ(h(x), y) is L-Lipschitz in x,
the second term is bounded as ∣∣Eµk

(hk−1)− Eµk−1
(hk−1)

∣∣ ≤ LW1(µk, µk−1)

Now consider the difference
Eµk

(hk)− Eµk
(hk−1) = T1 + T2 + T3 + T4 + T5,

where

T1 = Eµk
(hk)− Êk(hk),

T2 = Êk(hk)− R̂k(hk),

T3 = R̂k(hk)− R̂k(hk−1),

T4 = R̂k(hk−1)− Êk(hk−1),

T5 = Êk(hk−1)− Eµk
(hk−1).

By standard Rademacher generalization bounds and Hoeffding-type concentration (e.g., (Mohri et al., 2018,
Theorem 3.5)), we have for each k with probability at least 1− δ/K,∣∣∣Êk(h)− R̂k(h)

∣∣∣ ≤ 2R̂k + 3

√
log(2K/δ)

2nk
≤ 2Cr√

nk
+ 3

√
log(2K/δ)

2nk
.
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Applying a union bound over all k ∈ [K], we conclude that with probability at least 1− δ, for all k, both T2 and
T4 are bounded by this quantity. Define

Cδ := 4Cr + 6

√
log(2K/δ)

2
,

so

T2 + T4 ≤
Cδ√
nk
.

The regularized ERM step ensures T3 ≤ λB2.

For T1 and T5, observe for any h that

Eµk
(h)− Êk(h) =

(
Eµk

(h)− Ek(h)
)︸ ︷︷ ︸

rejection (missing coverage)

+
(
Ek(h)− Êk(h)

)︸ ︷︷ ︸
label substitution on accepted set

.

The gap between full and masked true risk,

Eµk
(h)− Ek(h) = E[(1− Ak(x)) ℓ(h(x), y)] ≤ 1− ρk,

is the rejection (missing coverage) penalty, i.e., loss on points the filter does not accept at round k. The gap
between masked true risk and masked pseudo-risk,

Ek(h)− Êk(h) = E
[
Ak(x)

(
ℓ(h(x), y)− ℓ(h(x), ỹk(x))

)]
,

is the label substitution error on the accepted set. By the absolute-deviation definition εk :=
maxh∈{hk,hk−1}

∣∣Ek(h) − Êk(h)∣∣, both hk and hk−1 satisfy
∣∣Ek(h) − Êk(h)∣∣ ≤ εk. Therefore, T1 ≤ (1 − ρk) + εk

and T5 ≤ εk (because Ek(hk−1)− Eµk
(hk−1) ≤ 0).

Combining all five terms, we get

Eµk
(hk)− Eµk

(hk−1) ≤ 2εk +
Cδ√
nk

+ λB2.

Therefore,

EµK
(hK)− Eµ0

(h0) ≤
K∑

k=1

(
(1− ρk) + 2εk +

Cδ√
nk

+ LW1(µk, µk−1) + λB2

)
,

with probability at least 1− δ.

B Proofs of Filtering Lemmas

Recall Lemma 1: Let ℓ be a bounded loss with range in [0, 1]. Suppose hk−1 is confidence-calibrated with
calibration function ϕ(·). Then, the pseudo-labeling error at step k satisfies

εk ≤ ρk ϕ(τk) ≤ ϕ(τk).

Proof. For any h ∈ {hk, hk−1}, by ℓ ∈ [0, 1],∣∣Ek(h)− Êk(h)∣∣ = ∣∣E[Ak(x)
(
ℓ(h(x), y)− ℓ(h(x), ỹk(x))

)]∣∣
≤ E

[
Ak(x)

∣∣ ℓ(h(x), y)− ℓ(h(x), ỹk(x)) ∣∣]
≤ P[Ak(x) = 1, ỹk(x) ̸= y]

= ρk P[ỹk(x) ̸= y | Ak(x) = 1] ≤ ρk ϕ(τk).

Taking the max over h ∈ {hk, hk−1} gives εk ≤ ρk ϕ(τk) ≤ ϕ(τk).
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Recall Lemma 2: Let hk−1 be a classifier with logits fk−1, and let ỹk(x) := ŷk−1(x) be the pseudo-label
assigned when margink−1(x) ≥ mk. If the margin misclassification function satisfies ζ(mk), then

εk ≤ ρk ζ(mk) ≤ ζ(mk).

Proof. The result follows by the same argument as in Lemma 1, replacing confidence thresholding with margin
thresholding. On the accepted set,∣∣Ek(h)− Êk(h)∣∣ ≤ P[Ak(x) = 1, ỹk(x) ̸= y] ≤ ρk ζ(mk).

This finishes the proof.

C Proofs for Section 5.3

Lemma 4 (Quantile accuracy; Restatement of Lemma 3). Let Mk unlabeled scores be drawn i.i.d. from µk, and
let θk be the empirical (1− qk)-quantile obtained by sorting the scores in descending order and taking the element
at index ⌈qkMk⌉. Then, with probability at least 1− δ uniformly over k = 1, . . . ,K,

∣∣ρk(θk)− qk∣∣ ≤
√

2 log(2K/δ)

Mk
.

Proof. Fix a round k and let X1, . . . , XMk
be the i.i.d. scores scorek−1(x) for x ∼ µk. Let F (t) = Pr[X ≤ t] be

the population CDF and FMk
(t) = 1

Mk

∑Mk

i=1 1{Xi ≤ t} its empirical CDF; define the corresponding functions

S(t) = 1 − F (t−) = Pr[X ≥ t] and SMk
(t) = 1 − FMk

(t−) = 1
Mk

∑Mk

i=1 1{Xi ≥ t}. Note that S(t) = ρk(t) and

SMk
(t) is the empirical coverage at threshold t.

According to the Dvoretzky–Kiefer–Wolfowitz (DKW) inequality (van der Vaart and Wellner, 1996), for any
η > 0,

Pr
(
sup
t
|FMk

(t)− F (t)| > η
)
≤ 2 e−2Mkη

2

.

Since SMk
(t)− S(t) = −(FMk

(t−)− F (t−)), the same bound holds for the survival functions, i.e.,

Pr
(
sup
t
|SMk

(t)− S(t)| > η
)
≤ 2 e−2Mkη

2

.

Choose ηk =
√

log(2K/δ)
2Mk

. By a union bound over k = 1, . . . ,K, with probability at least 1− δ we have

sup
t
|SMk

(t)− S(t)| ≤ ηk simultaneously for all k.

By construction of the empirical (1− qk)-quantile θk (descending order with index ⌈qkMk⌉), we have

SMk
(θk) ≥ qk and SMk

(θk) ≤ qk + 1
Mk

,

because the empirical function is a step function with jumps of size 1/Mk at observed scores. Therefore, on the
DKW event,

qk − ηk ≤ S(θk) ≤ qk + 1
Mk

+ ηk.

Equivalently, ∣∣ ρk(θk)− qk ∣∣ ≤ ηk + 1
Mk

.

Since 1
Mk
≤ ηk :=

√
log(2K/δ)

2Mk
whenever Mk ≥ 2

log(2K/δ) , we obtain

∣∣ ρk(θk)− qk ∣∣ ≤ 2ηk =

√
2 log(2K/δ)

Mk
.

This finishes the proof.
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Proposition 2 (Pseudo-label error under percentile control; Restatement of Prop. 1). Let qk ≥ 1− c
k and choose

θk as the empirical (1 − qk)-quantile. Suppose Assumption 1 holds and θk ≥ θ0. Then, with probability at least
1− δ (uniformly in k),

ψk(θk) ≤ Ct

(
1−ρk(θk)

)α

≤ Ct

(
c
k +

√
2 log(2K/δ)

Mk

)α

, εk ≤ ρk(θk)ψk(θk) ≤ Ct

(
c
k +

√
2 log(2K/δ)

Mk

)α

.

In particular, if Mk = ω
(
k2 log(K/δ)

)
so that

√
log(2K/δ)/Mk = o(1/k), then ψk(θk), εk = O(k−α) and∑K

k=1 εk = O(logK) when α = 1 (and O(1) when α > 1).

Proof. From the percentile schedule, 1− qk ≤ c
k . By Lemma 3, with probability at least 1− δ,

∣∣ρk(θk)− qk∣∣ ≤ √
2 log(2K/δ)

Mk
,

hence,

1− ρk(θk) ≤ (1− qk) +
√

2 log(2K/δ)
Mk

≤ c
k +

√
2 log(2K/δ)

Mk
.

Applying Assumption 1 at θk gives

ψk(θk) ≤ Ct

(
1− ρk(θk)

)α

≤ Ct

(
c
k +

√
2 log(2K/δ)

Mk

)α

.

Finally, by Lemmas 1 and 2, εk ≤ ρk(θk)ψk(θk) ≤ ψk(θk), yielding the stated bound. The summability claim

follows from comparing
∑K

k=1 k
−α to a harmonic or convergent p-series and noting the DKW term is o(1/k) by

assumption on Mk.

D Pseudo-code for Algorithms

Algorithm 1: Confidence- or Margin-Filtered Self-Training

Input: Initial labeled data S0 ∼ µ0; unlabeled sets {Sk}Kk=1; filtering method (confidence or margin);
coverage targets {qk}Kk=1; regularization λ.

Output: Final classifier hK .
1 h0 ← Train(S0, λ) ; // e.g., argminh R̂(h) + λ∥h∥2
2 for k = 1 to K do
3 θk ← PercentileThreshold(Sk, hk−1, qk,method) ; // empirical (1− qk)-quantile
4 S̃k ← ∅ ;
5 foreach x ∈ Sk do
6 if method=confidence then
7 score(x)← maxc hk−1(x)c, ỹk(x)← argmaxc hk−1(x)c ;
8 else if method=margin then
9 f(x)← logits from hk−1, ŷ(x)← argmaxi fi(x) ;

10 score(x)← fŷ(x)(x)−maxj ̸=ŷ(x) fj(x), ỹk(x)← ŷ(x) ;

11 if score(x) ≥ θk then

12 add (x, ỹk(x)) to S̃k

13 hk ← Train(S̃k, λ)

14 return hK
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Algorithm 2: PercentileThreshold

Input: Unlabeled set S; model h; quantile level q; filtering method.
Output: Threshold θ.
1 S ← [ ] ;
2 foreach x ∈ S do
3 if method=confidence then
4 score(x)← maxc h(x)c
5 else if method=margin then
6 f(x)← logits from h, ŷ(x)← argmaxi fi(x) ;
7 score(x)← fŷ(x)(x)−maxj ̸=ŷ(x) fj(x)

8 append score(x) to S
9 sort S in descending order ;

10 θ ← S[⌈q · |S|⌉] ; // empirical q-quantile (retain top-q scores)

11 return θ

E Intermediate Domains via OT Geodesics.

Let µ0 and µK denote the source and target domains, respectively. We generate intermediate domains along the
2-Wasserstein geodesic between µ0 and µK . Write W 2

2 (·, ·) for the squared 2-Wasserstein distance and define the
geodesic interpolation (Villani, 2008):

µλ := argmin
µ∈P(X )

(1− λ)W 2
2 (µ, µ0) + λW 2

2 (µ, µK), λ ∈ [0, 1]. (14)

For empirical measures µ0 = 1
ns

∑ns

i=1 δx(s)
i

and µK = 1
nt

∑nt

j=1 δx(t)
j
, let γ0 ∈ Rns×nt

≥0 be an optimal Kantorovich

coupling solving

γ0 ∈ argmin
γ≥0

ns∑
i=1

nt∑
j=1

γij ∥x(s)i − x
(t)
j ∥

2
2

s.t. γ 1nt
= 1

ns
1ns

, γ⊤1ns
= 1

nt
1nt

.

(15)

Then, the discrete geodesic at λ is the pushforward of γ0 by (x(s), x(t)) 7→ (1− λ)x(s) + λx(t):

µ̂λ =

ns∑
i=1

nt∑
j=1

γ0(i, j) δ(1−λ)x
(s)
i +λx

(t)
j
.

We set the round-k domain to µk := µλk with λk = k
K , and obtain an unlabeled sample Sk ∼ µk (e.g., by

sampling support points proportional to γ0(i, j)).

F Dataset Description and Training Protocol

Dataset description. Here, we describe the benchmark datasets that we used to conduct our main experiments.

Rotated MNIST. MNIST digit images (LeCun et al., 1998) are rotated to induce a gradual geometric shift.
The source domain contains digits at 0◦, and the target domain at 45◦. Eight evenly spaced rotations between
these angles form the intermediate domains.

Color-shift MNIST. A synthetic variant of MNIST digits (He et al., 2024) with a gradual appearance shift.
Pixel values shift linearly from [0, 1] in the source domain to [1, 2] in the target domain, with ten evenly spaced
steps forming the intermediate domains.

Portraits. A dataset of 18,000 grayscale portraits of U.S. high-school seniors, spanning the years 1905–2013
(Ginosar et al., 2015). Images are sorted chronologically to create a temporal shift, with one source domain,
seven intermediate groups, and one target domain.
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Cover type. A non-vision, tabular benchmark from the UCI forest-cover dataset (Blackard and Dean, 1999),
with 54 cartographic input features. Gradual shift is imposed by sorting samples by distance to water, forming
one source, ten intermediates, and one target domain.

Office-Home. A visual domain adaptation benchmark comprising 65 object categories across four domains: Art,
Clipart, Product, and Real World (Venkateswara et al., 2017). Unlike the other benchmarks, Office-Home
does not provide an inherent ordered sequence of intermediate domains; gradual trajectories are therefore
constructed by inserting OT-generated intermediate domains between source and target, as described in
Section 6.2 and Appendix E.

Implementation details and protocol. All experiments are implemented in PyTorch (Paszke et al., 2019)
and executed on NVIDIA RTX A2000 GPUs. We replicate the model architectures used in (He et al., 2024): a
4-layer CNN followed by 3 fully connected layers for Rotated MNIST, Color-Shift MNIST, and Portraits; and
a 3-layer MLP with 256 hidden units for Cover Type. We use the Adam optimizer (Kingma and Ba, 2015),
BatchNorm (Ioffe and Szegedy, 2015), and Dropout (Srivastava et al., 2014) for training stability.

Training hyperparameters. We use the same training configuration across GST, GOAT, CFSTDA, and
MFSTDA. Each self-training step is trained for 10 epochs using a batch size of 128, learning rate of 0.0001, and
2 data loader workers. Filtering in CFSTDA and MFSTDA follows a class-wise thresholding procedure with a
minimum 10% per-class retention rate based on confidence or margin scores.

Intermediate domain configuration. We evaluate our filtering-based self-training methods under two DA
configurations, consistent with prior work (He et al., 2024). In the first setting, we use only the given intermediate
domains that are labeled and available as part of the dataset. In the second setting, we augment the sequence
by inserting generated intermediate domains between consecutive given domains.

Generated domains are constructed following the optimal-transport (OT) geodesic formulation described in
Appendix E, which computes new feature distributions by interpolating between pairs of consecutive labeled
domains. This process produces smoothly transitioning domains that bridge the distributional gaps between
given domains. In our setup, we vary the number of given intermediate domains from 0 to 3. For each interval
between given domains, we insert 0, 1, or 2 generated domains. For example, with 2 given domains (forming
3 intervals along the source-to-target path), inserting 2 generated domains per interval results in a total of 10
domains: source, 2 given, target, and 6 generated.

G Additional Results

This section presents additional analyses and experiments that complement the main results. We provide both
qualitative and quantitative findings to further support the trends observed in the paper. The first part includes
an extended synthetic data experiment using a Gaussian mixture distribution, investigating the effect of class
imbalance and quantile scheduling on pseudo-labeling dynamics. The second part reports extended results on real
benchmarks, confirming the consistency and robustness of our confidence- and margin-based filtering strategies
across different domain-shift settings.

Additional synthetic data. To complement the experiments on the synthetic dataset, we provide an additional
example using a 2D Gaussian mixture distribution with gradual domain shifts. The setup and evaluation protocol
follow exactly the same procedure described in Section 6.1, except that the data now consists of two Gaussian
clusters that rotate by 2◦ per step, totaling a 90◦ rotation between the source and target domains over 45
rounds. At each round k, we draw an unlabeled batch, train the model hk on the top qk = 1 − c

k fraction of
samples according to either the confidence (CFSTDA) or margin (MFSTDA) criterion. Figure 4 illustrates the
step–by–step refinement of the decision boundary and the progressive expansion of the accepted region, while
Figure 5 presents the corresponding pseudo–labeling errors εk, accepted–set losses ψk, and coverage ρk over
rounds. The observed decay of ψk and εk follows the behavior predicted by Proposition 1, and the fitted positive
slope α̂ in the log–log plot confirms that the tail–decay assumption (Assumption 1) continues to hold for this
Gaussian setting.

Effect of class imbalance. We analyze the impact of class imbalance using the two-moons synthetic dataset
under the same gradual shift setup, but with a class prior of 30% vs. 70%. A known challenge in pseudo-labeling is
class imbalance: without constraints, percentile filtering tends to favor majority classes, causing minority classes
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Figure 4: Step-by-step visualization of pseudo-label filtering and decision-boundary refinement across selected rounds
(k ∈ 1, 5, 10, 20, 45). The top row shows confidence-based filtering (CFSTDA), and the bottom row shows margin-based
filtering (MFSTDA).

Figure 5: Empirical validation of pseudo-labeling error bounds under gradual domain adaptation. Left: Conditional
error ψk and pseudo-labeling error εk. Center-left: Ratio ψk/(1 − ρk)

α̂ (proportional to the scaled errors kα̂ψk and
kα̂εk). Center-right: Log–log plot of ψk against (1− ρk) with fitted slope α̂ ≈ 0.07, Right: Coverage ρk over rounds.

to be underrepresented or even completely dropped in early rounds. To mitigate this issue, our implementation
enforces a per-class minimum retention of 10-20% at each round (based on predicted labels). Figure 6 compares
the evolution of per-class coverage and decision boundaries with (bottom row) and without (top row) balancing,
illustrating that per-class retention prevents minority collapse and stabilizes the learning dynamics. Figure 7
further shows the quantitative impact of balancing: the (left) panel reports the pseudo-labeling error εk, which
remains low when per-class retention is applied; the (center) panel tracks target-domain accuracy, showing
steady improvement with balancing; and the (right) panel shows higher overall coverage ρk with balancing, since
per-class retention compensates for classes whose acceptance drops below the threshold.

Comparison with baseline self-training. We now validate our theoretical insights on real data (Color-shift
MNIST) by comparing our filtered self-training methods (CFSTDA and MFSTDA) with GST, using only given
intermediate domains (no generated ones). Filtering is applied using percentile schedules qk = 1 − c/k, with
c = 0.5 for CFSTDA and c = 0.7 for MFSTDA. Figure 8 reports target domain accuracy (Left), pseudo-labeling
error εk (center), and accepted-set coverage ρk (Right) over 10 self-training rounds. CFSTDA and MFSTDA
both exhibit faster and more stable improvement in accuracy, ultimately converging to higher target performance.
In the middle panel, we observe that the accepted-set pseudo-labeling errors εk remain significantly lower for
CFSTDA and MFSTDA across all rounds, while GST shows a continuous increase in error. This illustrates
that our percentile-thresholding schemes not only control the pseudo-label quality but also enable more effective
model training at each step. The right-hand panel confirms that coverage grows smoothly under the scheduled
thresholds, whereas GST accepts all points (ρk = 1).

Comparison with GOAT. Figure 9 visualizes the evolution of target accuracy for our filtered self-training
methods (CFSTDA and MFSTDA) compared to GOAT, under a 10-domain adaptation path constructed with
2 given and 2 generated intermediate domains. We include k = 0 to show the performance of the initial
source-trained model h0 evaluated directly on the target domain. This highlights that all methods start training
from the same source model. Both CFSTDA and MFSTDA use an increasing quantile schedule (qk = 1 −
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Figure 6: Effect of class imbalance and per-class retention during gradual self-training. Top row: decision boundaries
and accepted samples without per-class balancing. Bottom row: applying a per-class minimum retention preserves both
classes and yields smoother adaptation.

Figure 7: Effect of per-class balancing on pseudo-labeling performance under class imbalance. Left: pseudo-labeling
error εk; Center: target-domain accuracy; Right: coverage ρk.

c/k) to progressively expand the accepted pseudo-labeled set. On Rotated MNIST (Left), GOAT achieves
higher accuracy in the early rounds, while CFSTDA gradually overtakes it as training progresses. MFSTDA
performs comparably, though it remains slightly below CFSTDA in later steps. On Color-Shift MNIST (Right),
both filtering-based methods clearly outperform GOAT, with MFSTDA showing the strongest overall accuracy
throughout adaptation. All accuracy curves are reported with 95% confidence intervals computed over 5 random
seeds.

Full accuracy tables and additional Office-Home results. Complete target-accuracy results (%) for the
four GDA benchmarks—Rotated MNIST, Color-Shift MNIST, Covtype, and Portraits—are reported in Tables
3–6. Each table reports performance across all combinations of given domains (0–3) and generated domains (gen
= 0, 1, 2). The best (boldface) and second-best (underlined) methods in each group are highlighted.

Table 7 reports results for the Art→Real and Real→Art directions on Office-Home, both of which present
challenging adaptation scenarios. Results are consistent with the main-text findings: CFSTDA achieves 75.8%
on Art→Real at 1 generated domain, outperforming all baselines. In the Real→Art direction, both CFSTDA and
MFSTDA achieve 64.5% at 0 generated domains, exceeding DANN and remaining competitive with DeepCoral
in the direct adaptation setting.
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Figure 8: Evaluation of our CFSTDA/MFSTDA approach on Color-shift MNIST dataset and GST approach for different
domain rounds k. Left: Target accuracy. Middle: Pseudo-labeling error εk. Right: Coverage ρk, the fraction of pseudo-
labeled points retained after filtering.

Figure 9: Target accuracy versus adaptation round along the 10 domains (2 given, 2 gen). Curves show GOAT, CFSTDA,
and MFSTDA; shaded bands indicate 95% CIs over 5 seeds. Left: Rotated MNIST, Right: Color-Shift MNIST.

Table 3: Accuracy (%) on Color-shift MNIST dataset.

# Given GST CFSTDA MFSTDA GOAT CFSTDA MFSTDA GOAT CFSTDA MFSTDA
Domains (gen=0) (gen=0) (gen=0) (gen=1) (gen=1) (gen=1) (gen=2) (gen=2) (gen=2)

0 41.6±9.2 51.7 ±12.5 59.7±13.0 42.6±13.7 60.7±9.9 87.9±7.8 68.5±15.8 70.5±11.7 91.4±2.6
1 47.9±8.6 62.0±12.9 82.6±15.1 64.8±20.3 78.5±9.5 91.3±3.3 75.5±6.5 87.9±2.7 92.2±2.8
2 53.2±14.0 72.0±8.9 91.5±5.6 71.4±20.0 84.6±13.1 92.0±7.7 82.8±11.6 88.8±5.5 91.1±3.4
3 59.0±19.2 78.8±10.5 92.6±5.1 79.2±8.3 87.3±7.3 92.4±3.2 85.2±9.1 89.3±4.1 87.9±2.2

Table 4: Accuracy (%) on Rotated MNIST dataset.

# Given GST CFSTDA MFSTDA GOAT CFSTDA MFSTDA GOAT CFSTDA MFSTDA
Domains (gen=0) (gen=0) (gen=0) (gen=1) (gen=1) (gen=1) (gen=2) (gen=2) (gen=2)

0 44.8±2.3 47.1±2.9 50.9±2.0 44.7±3.3 45.4±2.3 48.7±2.2 42.7.±2.2 42.0±3.4 47.1±2.6
1 53.2±3.7 57.2±3.0 56.8±2.3 50.9±3.6 53.4±2.0 58.5±1.6 49.0±4.3 52.0±3.3 62.8 ±3.0
2 59.3±5.2 67.6±1.7 69.9±4.0 63.1±5.6 65.7± 1.9 66.2±2.9 64.3±3.5 67.7±5.4 65.5±4.7
3 69.1±5.6 74.1±3.2 74.0±4.1 78.1±4.2 78.6±2.0 73.2±5.8 82.2±3.3 79.0±8.8 78.1±7.7

Table 5: Accuracy (%) on Covtype dataset.

# Given GST CFSTDA MFSTDA GOAT CFSTDA MFSTDA GOAT CFSTDA MFSTDA
Domains (gen=0) (gen=0) (gen=0) (gen=1) (gen=1) (gen=1) (gen=2) (gen=2) (gen=2)

0 61.0±5.2 62.2±4.5 62.3±2.0 62.3±4.6 63.4±5.6 65.4±1.5 62.8±6.5 64.9±6.3 65.7±1.5
1 63.9±5.7 64.2±6.0 67.6±2.3 65.1±5.9 65.8±5.8 70.3±3.3 64.7±7.0 67.7±4.4 68.1±6.6
2 67.8±4.6 67.7±4.6 69.7±3.2 67.7±4.1 68.2±4.3 71.2±2.6 70.4±1.7 71.7±2.9 72.5±2.3
3 66.5±4.8 67.2±5.6 69.2±3.7 66.0±5.8 71.3±3.5 69.9±4.1 68.4±3.7 72.8±2.8 69.0±3.0
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Table 6: Accuracy (%) on Portraits dataset.

# Given GST CFSTDA MFSTDA GOAT CFSTDA MFSTDA GOAT CFSTDA MFSTDA
Domains (gen=0) (gen=0) (gen=0) (gen=1) (gen=1) (gen=1) (gen=2) (gen=2) (gen=2)

0 77.4±1.3 76.5±1.6 82.0±3.0 77.8±0.8 78.6±1.8 82.8±2.0 75.8±1.7 76.4±3.9 82.9±3.3
1 76.3±1.7 76.6±1.8 81.7±1.8 74.9±3.9 78.6±2.3 84.5±1.1 76.9±3.7 81.4±4.1 84.9±0.5
2 76.3 ±1.7 77.2±4.8 84.6±0.7 79.2±3.8 79.5±3.4 85.6±0.6 81.1±2.6 79.8±3.1 84.2±0.6
3 83.0±1.9 80.7±2.3 85.0±1.1 77.9±7.4 79.8±4.3 84.3±1.1 80.4±2.7 79.3±5.7 82.9±1.7

Table 7: Extended evaluation on Office-Home under direct and generated gradual adaptation settings.

Office-Home Art→Real Office-Home Real→Art
Method

Baseline (no adaptation) 73.2±0.8 60.9±1.3
DANN (Ganin et al., 2016) 73.0±0.9 63.9±0.7
DeepCoral (Sun and Saenko, 2016) 73.1±0.5 64.3±0.9

0 gen 1 gen 2 gen 3 gen 0 gen 1 gen 2 gen 3 gen

GOAT (He et al., 2024) 73.4±0.9 73.7±0.8 73.2±0.7 71.6±0.8 61.7±1.0 61.8±1.6 62.1±0.6 60.8±1.2
CFSTDA 74.0±0.6 75.8±0.7 74.6±1.1 73.3±1.3 64.5±0.9 62.8±1.2 62.1±1.2 62.0±0.8
MFSTDA 73.0±0.4 75.7±0.5 74.9±1.1 73.5±1.0 64.5±0.7 62.3±1.2 62.5±1.4 62.3±1.2
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