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MOTIVATION
• Unsupervised Domain Adaptation with labelled domain S, unlabelled
domain T s.t. pS(X,Y ) ̸= pT (X,Y )

• Generalized Target Shift (GeTarS) states conditional and label shift i.e.
∃j, pS(Z|Y = j) ̸= pT (Z|Y = j) and pY

S ̸= pY
T .

• SOTA methods for GeTarS learn domain-invariant representations un-
der class-reweighting [1, 2] but
– Are prone to instabilities due to adversarial alignment.
– May degrade target discriminativity [3].
– Derive generalization guarantees under strong assumptions.

CONTRIBUTIONS
• Newapproach, OSTAR, to align pretrained representations under GeTarS
without constraining representation-invariance.

• Alignment with Optimal Transport implemented with a NN: native reg-
ularization, scalability and generalization beyond training samples.

• Strong theoretical guarantees under mild assumptions: 1) unicity of so-
lution and 2) explicit control of the target risk with a new bound.

• Experimentally challenges the state-of-the-art for GeTarS.

OSTAR FRAMEWORK
COMPONENTS

𝓩𝑺: Labeled 𝑆 samples
𝓩𝑵: Mapped reweighted 𝑆 samples
𝓩𝑻:	Unlabeled 𝑇 samples
𝝓:	Optimal Transport mapping
𝒇𝑵: Target classifier
𝒈: Pretrained encoder

𝓩𝑻 = 𝒈(𝓧𝑻)
𝑝! 𝑍, 𝑌 ≠ 𝑝"(𝑍, 𝑌)

𝓩𝑵 = 𝝓(𝓩𝑺)

𝓩𝑺 = 𝒈(𝓧𝑺)

𝒇𝑵

𝝓

1. Encode S samples×◦ and T samples×◦with pretrained encoder g.
2. Define labelled domain N (samples ×◦) by (i) mapping S samples

with ϕ and (ii) reweighting by estimated class-ratios pY
N/pY

S .
3. Train a target classifier fN on domainN for inference on T .

OPTIMAL TRANSPORT ALIGNMENT PROBLEM

min
ϕ,pY

N∈∆K
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∑
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= pT (Z)

(OT)

IMPLEMENTATION
JOINT ALIGNMENT AND CLASSIFICATION OBJECTIVE
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IMPROVE INITIAL TARGET DISCRIMINATIVITY
We update the encoder in a second stage. With δ softmax operation:

Lg
ent(fN , T ) =

m∑
i=1

K∑
k=1

δk(fN ◦ g(x(i)
T )) log(δk(fN ◦ g(x(i)

T )))

Lg
div(fN , T ) = DKL(p̂,

1K

K
)− logK ; p̂ = ExT∈XT

[δ (fN ◦ g(xT))]

min
fN ,g

Lg
c(fN , N) + Lg

ent(fN , T ) + Lg
div(fN , T ) + Lg

c(fS , S) (SSg)

THEORETICAL RESULTS
Theorem. If ∀k,pY=k

N > 0, ∀fN ∈ HM-Lipschitz continuous overZ ,

ϵgT (fN ) ≤ ϵgN (fN )︸ ︷︷ ︸
Classification (C)

+
2M

minKk=1 p
Y=k
N

W1

(
pN (Z), pT (Z)

)
︸ ︷︷ ︸

Alignment (A)

+

2M(1 +
1

minKk=1 p
Y=k
N

)W1

(
pT (Z),

K∑
k=1

pY=k
N pT (Z|Y = k)

)
︸ ︷︷ ︸

Label (L)
Proposition. IfZ satisfies the following assumptions, there is a unique solu-
tion (ϕ,pY

N ) to (OT) and ϕ#(pS(Z|Y )) = pT (Z|Y ) and pY
N = pY

T .

Assumption 1 (Clustering). ∀k,pY=k
S > 0 and there exists a partitionZS =

∪K
k=1Z

(k)
S , s.t. ∀k pS(Z ∈ Z(k)

S |Y = k) = 1.
Assumption 2 (Conditional matching). ϕ solution to (OT) satisfies
∀k ∃j ϕ#(pS(Z|Y = k)) = pT (Z|Y = j).
Assumption 3 (Cyclical monotonicity). ∀σ,

∑K
k=1 W2(pS(Z|Y =

k), pT (Z|Y = k)) ≤
∑K

k=1 W2(pS(Z|Y = k), pT (Z|Y = σ(k)).
Assumption 4 (Linear independence). {pT (Z|Y = k)}Kk=1 linearly indep.

RESULTS

On USPS→MNIST: S, T andN (left); classes in S and T (right).
Balanced Accuracy (↓) across visual UDA datasets with label shift

Setting Source DANN WDβ=0 WDβ=1 MARSc IW-WD OSTAR+IM

Digits

balanced 74.98 ± 3.8 90.81 ± 1.3 92.63 ± 1.0 82.80 ± 4.7 94.91 ± 1.4 95.89 ± 0.5 97.51 ± 0.3
subsampled 75.05 ± 3.1 89.91 ± 1.5 89.45 ± 1.0 81.56 ± 4.8 93.75 ± 1.4 93.22 ± 1.1 96.69 ± 0.7

VisDA12

original 48.63 ± 1.0 53.72 ± 0.9 57.40 ± 1.1 47.56 ± 0.8 55.33 ± 0.8 51.88 ± 1.6 59.24 ± 0.5
subsampled 42.46 ± 1.4 47.57 ± 0.9 47.32 ± 1.4 41.48 ± 1.6 51.86 ± 2.0 50.65 ± 1.5 58.84 ± 1.0

Office31

subsampled 74.50 ± 0.5 76.13 ± 0.3 76.24 ± 0.3 74.23 ± 0.5 80.00 ± 0.5 77.28 ± 0.4 82.61 ± 0.4

OfficeHome

subsampled 50.56 ± 2.8 50.87 ± 1.05 53.47 ± 0.7 52.24 ± 1.1 56.22 ± 0.6 54.87 ± 0.4 59.51 ± 0.4

Estimation error ∥pY
N − pY

T ∥1 (↓). "⋆": best model for balanced accuracy.

Domain-invariant baselines designed for:
• Covariate shift without reweighting (DANN [5],WDβ=0 [6]).
• GeTarS with reweighting (WDβ∈{1,2} [7], MARS [2]; IW-WD [1]).
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