Confidence-Guided Self-Training for Gradual Domain Adaptation
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Problem & Motivation

= Domain Adaptation (DA): Transfers a model from a labeled
source domain pq to an unlabeled target domain 1 ;- under
distribution shift.

= Gradual DA (GDA\): Shift occurs through a sequence of
intermediate domains puq, (i1, . .., g, €enabling smoother
adaptation [1, 2].

= Self-training iteratively assigns pseudo-labels to unlabeled data.

But pseudo-label errors accumulate across rounds, especially
under large shift.
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Figure 1. Gradual domain adaptation with self-training.

Open Question

= Theoretical effect of confidence/margin filtering on
generalization in iterative GDA.
= Provable justification for percentile thresholding.

Setup & Notation

= X CRY label set [C); classifier h : X — Ag; §(x) = arg max,. he(z).

* At round k: receive unlabeled S ~ uy, score each point, accept
S, train h;. via regularized ERM.
Filtering rules
Confidence: Ai(z)=1{ci_1(z) > 7.}, c(x)=maxchq(x)
Margin: Aj(z) = 1{margin,_(z) > my}
Coverage: p;. .= E;~, [Ag(x)] (fraction of accepted samples).

Pseudo-labeling error on the accepted set:

Ef ‘= Imax gk<h) — gk(h)
hG{hk,hkﬁ‘ |

where &;. is the masked true risk and SAk the masked pseudo-risk.

Main Result: Theorem 1 (Generalization Bound)

For any § € (0, 1), with probability > 1 — ¢:
Enge(hr) — Epglho)

K
Cs 2
< Z ((1 — Pk) + 2ep + \/—n_k + LWl(Nka Nk—l) +AD )7
k=1

Key features:

= Modular decomposition — isolates ¢;. from shift and sampling
terms.

= Filter-agnostic: works with confidence or margin.

= No stability assumptions; separates coverage penalty from
substitution error — absent in prior work [1, 2, 3].

3Dept. of Computer Science, University of Central Florida, Orlando, FL, USA

Contributions

1. Generalization bound explicitly tracking rejection rate (1 — p;.)

and accepted-set pseudo-label error ¢;. at each round.

2. Confidence- & margin-based control of ¢;. via calibration and

Tsybakov-type margin decay.

3. First theoretical justification of percentile (quantile)

thresholding: directly controls coverage while tightening =,
yielding O(log K') accumulation.

4. CFSTDA (Confidence-Filtered Self-Training for DA) and

MFSTDA (Margin-Filtered Self-Training for DA): our two
proposed methods.

5. Empirical validation on synthetic + 4 real GDA benchmarks,

with observed and OT-generated intermediate domains.

Filtering-Based Control of ¢,

Lemma 1 (Confidence):

e < Pk Ok(Tr) < k()
where ¢ (7) = Pry ) [Ie—1(2) # y | cp1(z) > 7]
Lemma 2 (Margin):

ek < Pk Celmy) < Glmy)
where (j.(m) := Pr|g_1(z) # y | marging_(z) > m|

Corollary (Log-accumulation): If ¢.(1.) < Cy/k and 1 — p;. < ¢/k,
then

K
Z[(l — Pk) —I—ng} < (c+2Cy)(1+1log K) = O(log K)
k=1

Tsybakov connection: Under power-law decay (.(m) < Cm™¢,
schedules m;. oc k¥/@ give £, = O(k~%) and > 1€k = O(log K) for

a = 1.

Percentile Thresholding Algorithm

Key idea: set ;. as the empirical (1 — ¢;.)-quantile of scores on
Sk, where scorep._1(z) € {ci._1(x), marging_q(x)}.

Define population coverage and conditional error at threshold 6:

p1(0) = P/l; scorey,_1(z) > 6],
T~ (L] .

Yr(0) = Pr [@k_l(aﬁ) # 1y | scorep._q1(x) > 9}.
(x7y>N:u/€

Schedule: ¢. =1 —c¢/k = 1— pi. < ¢/k (shrinking rejected tail).

1. Compute scores {scorej,_1()};cs,-
2. Set 0}, = empirical (1 — ¢;)-quantile.

3. 5 ={(z, Jk—1(®)) : scorey_1(x) = O }.
4. Train h;. by regularized ERM on S

Proposition 1: Under Assumption 1 (¢.(6) < C¢(1 — pi.(0))%):

e < Ct(%r \/210%%(/5))& = O(k™").

Hence > ;. e, = O(log K) for a = 1.

Class balancing: minimum 10% per-class retention prevents mi-
nority collapse under imbalance.
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Synthetic Dataset: Two Moons

90° rotation, 20 steps;
Schedule ¢;. =1 —0.5/k; 1000 samples/domain.
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Figure 2. CFSTDA decision boundaries at rounds k € {1, 3,5, 10,20} of CFSTDA.

Filled = accepted pseudo-labels; x = rejected. Rejection rate decreases as
coverage grows.

Empirical Validation of Bounds

45 rounds, 2°/step rotation; top ¢;. = 1 — ¢/k fraction retained by
confidence (CFSTDA)
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Figure 3. Left: conditional error v, and pseudo-labeling error ;. remain
bounded; ¢;, < v, (Lemmas 1-2). Center-left: ratio ;. /(1 — p;)® proportional to
the scaled errors k%), and k%;. (Assumption 1 holds). Center-right: log-log
plot of v, against (1 — p;) with fitted slope & ~ 2.39, Right: empirical coverage
closely tracks g;.

Ablation: Quantile Schedule Parameter ¢

Varying cin q;. = 1 — ¢/k: larger c is more selective in early rounds
(lower coverage, lower ¢;), gradually relaxing as the model im-
proves.

CFSTDA: Pseudo-labeling error Coverage over rounds
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Figure 4. ¢ € {0,0.1,0.25,0.5,0.75,1.0}. CFSTDA (left), MFSTDA (center),
coverage p;, (right). Moderate-to-large c gives best coverage-noise trade-off.

Effect of Class Imbalance (30% vs. 70% prior)

Per-class minimum retention (10-20%) prevents minority collapse
under class imbalance

Figure 5. Top: without balancing — minority class collapses. Bottom: per-class
retention preserves both classes across all rounds k € {1,3,5,20,45}.

github.com/aheidarizadeh/CFST-GDA

MFSTDA: Pseudo-labeling error
With balancins
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Figure 6. Left: pseudo-labeling error ¢,; Center: target-domain accuracy; Right:
coverage py.

Real-World GDA Benchmarks

= Rotated MNIST: 0° — 45°, 8 intermediate domains.

= Color-Shift MNIST: pixel shift [0, 1] —[1, 2], 10 steps.

= Portraits: 18k yearbook photos 1905-2013 (temporal drift).

= Cover Type: tabular (54 features), sorted by distance to water.

Method Rotated MNIST Color-Shift Portraits Cover Type
Baseline 44 .3+1.7 35.5+111 75.6+12 61.2+49
DANN [4] 48.0+6.4 37.9+226 76.8+32 66.0+26
DeepCORAL [5] 51.6+3.1 50.24249 74.7+08 65.9+24
GST [1] 59.345.2 53.2+140 76.3+17 67.8+46
GOAT [2] 64.3+35 82.8+116 81.1+26 70.4+17
CFSTDA 67.7+5.4 88.8455 79.8+31 71.7+29
MFSTDA 65.5+4.7 91.1+34 84.2+06 72.5+23

Table 1. Target accuracy (%). Bold=best; underline=second best.

Office-Home: Beyond Native GDA

Method Office-Home Real — Product Office-Home Art — Product
Baseline 74.0+0.7 62.8+1.2
DANN [4] 73.8+0.7 62.9+0.9
DeepCoral[5] 74.0+04 63.2+1.1

O gen 1 gen 2 gen 3 gen 0 gen 1 gen 2 gen 3 gen
GOAT [2] 74.2+10 74.7+10 73.1+0.6 72.2404/63.5+09 62.8+09 61.0+1.3 57.9+1.2
CFSTDA 74.7+05 76.3+08 75.8409 75.5+0.4/65.5+08 67.6+12 66.3+1.0 64.2+1.7
MFSTDA 7/5.0+08 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

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

Conclusion

= First modular bound for iterative GDA self-training explicitly
tracking ;. and (1 — p;.).

= Logarithmic error accumulation under percentile schedules:
2k l(1 = pg) + 2] = O(log K).

= CFSTDA & MFSTDA consistently outperform GST and GOAT
on all 4 benchmarks.

= Filtering benefits extend to standard UDA (Office-Home).
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