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Abstract

Test-time adaptation (TTA) for image regression has re-
ceived far less attention than its classification counter-
part. Methods designed for classification often depend on
classification-specific objectives and decision boundaries,
making them difficult to transfer directly to continuous re-
gression targets. Recent progress revisits regression TTA
through subspace alignment, showing that simple source-
guided alignment can be both practical and effective. Build-
ing on this line of work, we propose Predictive Spectral Cal-
ibration (PSC), a source-free framework that extends sub-
space alignment to block spectral matching. Instead of re-
lying on a fixed support subspace alone, PSC jointly aligns
target features within the source predictive support and cal-
ibrates residual spectral slack in the orthogonal comple-
ment. PSC remains simple to implement, model-agnostic,
and compatible with off-the-shelf pretrained regressors. Ex-
periments on multiple image regression benchmarks show
consistent improvements over strong baselines, with partic-
ularly clear gains under severe distribution shifts.

1. Introduction
Modern vision systems are increasingly deployed in set-
tings where data shifts are the rule rather than the exception:
lighting changes across cameras, weather changes across
time, and sensor characteristics vary across devices [2, 8, 9].
In these scenarios, test-time adaptation (TTA) [15, 16] is
appealing because it updates a pretrained model using only
unlabeled target samples observed at inference. While this
paradigm has matured rapidly for classification [10, 17],
progress in image regression remains comparatively lim-
ited [1], despite the central role of regression tasks such as
age estimation, depth prediction, and pose estimation.

A key reason is structural mismatch. Many suc-
cessful classification TTA objectives rely on confidence
sharpening [13], entropy minimization [16], or pseudo-
label dynamics [7] that are naturally defined over discrete
classes, but become less stable for continuous targets. Re-
cent subspace-alignment methods, especially Significant-

Subspace Alignment (SSA) [1], show that constraining
adaptation within source-informed feature subspaces can be
robust and practical. Building on this line, we introduce
Predictive Spectral Calibration (PSC), which generalizes
subspace alignment by jointly modeling predictive-support
statistics and residual spectral behavior under domain shift.

In summary, our contributions are threefold: First, we
present PSC as a practical source-free framework for test-
time adaptation in image regression, designed to remain ro-
bust under distribution shift while staying compatible with
pretrained regressors. Second, we provide a clear theoret-
ical account of why the framework is reliable, including
identifiability of key predictive statistics and guarantees on
prediction drift under shift. Third, we conduct broad empir-
ical evaluation across multiple benchmarks and corruption
settings, where PSC consistently improves over strong base-
lines, with especially clear gains in severe-shift scenarios.

2. Preliminaries
2.1. Problem Setting
Image Regression. Let X denote the image space and
Y = R the continuous target space. Given a labeled source
dataset Ds = {(xsi , ysi )}

Ns
i=1 ⊂ X ×Y , we train a regression

model fθ : X → Y , parameterized by θ, by minimizing the
supervised loss

L(θ) = 1

Ns

Ns∑
i=1

ℓ(fθ(xi), yi) , (1)

where ℓ is a point-wise regression loss, e.g., MAE or MSE.
Typical image regression tasks include age estimation from
facial images, depth estimation, and head-pose regression.

Test-Time Adaptation. Test-time adaptation (TTA) stud-
ies how a source-trained model can remain reliable after de-
ployment under target-domain shift, using only unlabeled
target samples at inference time. Formally, given an un-
labeled target set Dt = {xti}

Nt
i=1, TTA updates the model

parameters online during testing. The objective is to im-
prove target-domain predictive performance while strictly
avoiding access to source data Ds.



Source-Free Domain Adaptation. Domain adaptation
(DA) seeks to handle distribution shift between a labeled
source domain and a target domain. Since many DA
methods require source data during adaptation, they are
not directly applicable to TTA, where only a pretrained
model and unlabeled target samples are available. Source-
free domain adaptation (SFDA) addresses this limitation.
Widely used methods include Domain-Adversarial Neural
Networks (DANN) [6], Representation Subspace Distance
(RSD) [4], and Feature Restoration (FR) [5].

Self-Supervised Test-Time Training. Self-supervised
test-time training (TTT) improves robustness to distribu-
tion shift by updating a model on unlabeled target samples
during inference, using self-supervised consistency [14] or
reconstruction-style signals [11] available at test time. In
this work, we re-implement two well-known variants for the
regression setting: Test-Time Training (TTT) [15] and Ac-
tivation Matching (AM) [12].

Feature Alignment. Feature alignment (FA) methods ad-
dress distribution shifts by matching the statistics of target
features to those computed from the source domain. These
approaches typically store source feature statistics during
training and align the target feature distribution during test-
ing. Representative examples include Batch-Normalization
Adaptation (BNA) [3] and Significant-Subspace Alignment
(SSA) [1]. Because they operate directly in the fea-
ture space without requiring additional labels or auxiliary
tasks, feature alignment methods are particularly suitable
for regression-based TTA.

2.2. Significant-Subspace Alignment
Significant-Subspace Alignment (SSA) [1] adapts a regres-
sion model by aligning target features to source feature
statistics inside a source-informed low-dimensional sub-
space. Let the regression model be decomposed as

fθ(x) = (hψ ◦ gϕ)(x), θ = (ψ, ϕ) (2)

where gϕ : X → RD is the feature extractor and hψ(z) =
w⊤z+ b is a linear regressor.

Subspace Construction. Given source features {zsi}
Ns
i=1,

where zsi = gϕ(x
s
i ), SSA computes source statistics

(µs,Σs). Let {(λsk,vsk)}Dk=1 be the eigenpairs of Σs,
sorted as λs1 ≥ · · · ≥ λsD. SSA keeps the top-K compo-
nents and defines

Vs = [vs1, . . . ,v
s
K ]

⊤ ∈ RK×D,

Λs = diag(λs1, . . . , λ
s
K) ∈ RK×K .

(3)

The projected source feature is usi = Vs(zsi−µs), and SSA
assumes usi ∼ N (0,Λs).

Test-Time Objective. For a target mini-batch Bt, for each
zti ∈ Bt, define the projected feature uti = Vs(zti−µs). Let
µ̃t ∈ RK and (σ̃2)t ∈ RK denote the mean and variance
of uti. SSA minimizes symmetric KL (SKL):

LSSA =

K∑
k=1

αkSKL
(
N (0, λsk) ∥N (µ̃tk, (σ̃

t
k)

2)
)

=
1

2

K∑
k=1

αk

[
(µ̃tk)

2 + λsk
(σ̃tk)

2
+
(µ̃tk)

2 + (σ̃tk)
2

λsk
−2

] (4)

where αk = 1 + |w⊤vsk|, so SSA assigns larger impor-
tance to source directions that have stronger influence on
the prediction. SSA is effective because it restricts adap-
tation to the predictive support inferred from source fea-
tures. However, it only models the source distribution in-
side the selected support subspace and leaves the comple-
mentary residual space unmodeled. This can be restrictive
under target shift, where adaptation quality may also de-
pend on controlling how much target features leak outside
the source-informed predictive support.

3. Methodology
We propose Predictive Spectral Calibration (PSC) as a
source-free TTA method that extends SSA from subspace-
only alignment to full block spectral matching.

3.1. Block Spectral Source Model
Let zs = gϕ(x

s) ∈ RD be source features with mean µs

and covariance Σs. We reuse the source subspace basis Vs

defined in Eq. (3); by construction, VsVs⊤ = IK . Define

Ps
∥ = Vs⊤Vs ∈ RD, Ps

⊥ = ID −Ps
∥ ∈ RD. (5)

PSC approximates source covariance as
Σs ≈ Vs⊤ΛsVs + τPs

⊥, (6)
where the residual spectral floor is

τ =
1

D −K

D∑
k=K+1

λsk. (7)

Eq. (6) explicitly separates an anisotropic predictive block
(support) and an isotropic residual block (complement).

Sample Decomposition. For any sample xi, define

zi = gϕ(xi)− µs. (8)

PSC decomposes zi as

ui = Vszi, ri = Ps
⊥zi = zi −Vs⊤ui. (9)

For source samples, this yields a block Gaussian model:

usi ∼ N (0,Λs), rsi ∼ N (0, τPs
⊥). (10)

Here ui captures the component inside predictive support,
while ri represents spectral slack, i.e., residual feature mass
in the orthogonal complement outside that support.



3.2. Support-Space Spectral Matching
Inside the support, PSC uses a fixed rank-K2 probe bank

Q =
{
ei
}K
i=1

∪
{
q+ij , q

−
ij

}
1≤i<j≤K , |Q| = K2 (11)

where
q+ij =

ei + ej√
2

, q−ij =
ei − ej√

2
, (12)

and {ei}Ki=1 denotes the canonical basis of RK .
For a target mini-batch Bt = {xti}Bi=1, we compute pro-

jected support features as in Eq. (9):
uti = Vs

(
gϕ(x

t
i)− µs

)
. (13)

For each probe q ∈ Q, let pi(q) = q⊤uti, and denote by
µ̂q and σ̂2

q the empirical mean and variance of {pi(q)}Bi=1.
The source variance along q is

(σsq)
2 = q⊤Λsq. (14)

Proposition 1 (Identifiability from theK2 probe bank). As-
sume us ∼ N (0,Λs) and ut ∼ N (µt,Σt) in the support

subspace. If, for every q ∈ Q, q⊤ut
d
= q⊤us, then µt = 0

and Σt = Λs. Equivalently, ut d
= us.

Proof. The claim follows directly from Proposition 3 in the
Appendix, which proves that the K2 probe bank uniquely
identifies the full first- and second-order structure in the
support subspace.

To make alignment prediction-aware, we project the re-
gression head into support coordinates:

a = Vsw ∈ RK , βq =
(
|a⊤q|+ c

)γ
, (15)

with hyperparameters c > 0 and γ > 0. The support loss is

Lsup =
1

K2

∑
q∈Q

βqSKL
(
N (0, (σsq)

2) ∥N (µ̂q, σ̂
2
q)
)

=
1

2K2

∑
q∈Q

βq

[
µ̂2
q+σ̂

2
q

(σsq)
2

+
µ̂2
q+(σsq)

2

σ̂2
q

−2

]
.

(16)

3.3. Residual-Space Spectral Matching
For the same mini-batch, define residual statistics

µ̂⊥=
1

B

B∑
i=1

ri, ν̂⊥=
1

B(D −K)

B∑
i=1

∥ri − µ̂⊥∥22. (17)

Under Eq. (10), we work on the residual subspace

S⊥ = Im(Ps
⊥), dim(S⊥) = D −K. (18)

Choose an orthonormal basis U⊥ ∈ RD×(D−K) of S⊥:

U⊤
⊥U⊥ = ID−K , U⊥U

⊤
⊥ = Ps

⊥. (19)

For any residual vector r ∈ S⊥, the coordinate transform is

r̃ = U⊤
⊥r, r = U⊥r̃. (20)

The ambient-space residual model is

rs ∼ N (0, τPs
⊥), rt ≈ N (µ̂⊥, ν̂⊥P

s
⊥). (21)

Table 1. Test scores for TTA from source SVHN to target MNIST.
The best scores are highlighted in blue.

Type Method Venue R2(↑) RMSE (↓) MAE (↓)
Source 0.239 2.527 1.909

DA
DANN [6] JMLR 2016 0.035 2.653 1.856
RSD [4] ICML 2021 0.049 2.777 2.401
FR [5] ICLR 2022 0.356 2.323 1.554

SS TTT [15] ICML 2020 0.286 2.447 1.950
AM [12] CVPR 2023 0.276 2.465 1.637

FA BNA [3] WACV 2021 0.341 2.349 1.581
SSA [1] ICLR 2025 0.452 2.144 1.342
PSC (λ = 0) 0.473 2.102 1.310
PSC (λ = 1) 0.457 2.134 1.312

Oracle 0.866 1.060 0.558

Equivalently, in complement coordinates,

r̃s ∼ N (0, τID−K), r̃t ≈ N (ˆ̃µ⊥, ν̂⊥ID−K), (22)

where ˆ̃µ⊥ = U⊤
⊥µ̂⊥. The residual loss is defined as:

Lres = SKL
(
N (0, τID−K),N (ˆ̃µ⊥, ν̂⊥ID−K)

)
=

1

2

[
∥µ̂⊥∥22
D −K

(
1

τ
+

1

ν̂⊥

)
+

τ

ν̂⊥
+
ν̂⊥
τ

− 2

]
.

(23)

because ∥ˆ̃µ⊥∥ = ∥µ̂⊥∥. This term explicitly controls fea-
ture leakage outside predictive support.

3.4. Test-Time Objective
PSC combines both blocks into one objective:

LPSC = Lsup + λLres, (24)

where λ > 0 balances support and residual alignment.

Relation to SSA. PSC is a strict generalization of SSA
in three senses. First, if probes are canonical basis vec-
tors, support matching reduces to axis-wise alignment used
by SSA. Second, if λ = 0, PSC collapses to support-only
matching, again recovering the SSA-style objective. Third,
for general probe banks and λ > 0, PSC additionally con-
strains residual-space statistics, which SSA does not model.
Hence, SSA is a special case of PSC, while PSC can exploit
richer directional statistics and out-of-subspace control un-
der domain shift.

At test time, we keep source statistics {µs,Vs,Λs, τ}
fixed and update the feature-extractor parameters ϕ while
freezing the head parameters ψ:

ϕ∗ = argmin
ϕ

LPSC. (25)

Following standard regression TTA practice, this is imple-
mented by updating only affine parameters in normalization
layers of gϕ.



Table 2. Test R2 scores on UTKFace under 13 corruption types (higher is better). The best scores are highlighted in blue.
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Mean

Source −2.557 −0.715 −3.897 −0.023 0.594 0.651 −0.185 0.229 0.263 0.615 0.750 −2.101 −0.190 –

DANN [6] 0.512 0.784 0.281 0.532 0.772 0.786 0.224 0.528 0.107 0.907 0.827 0.466 0.631 0.566
RSD [4] 0.302 0.577 0.129 0.191 0.461 0.384 0.173 0.347 0.245 0.641 0.500 0.270 0.280 0.346
FR [5] 0.499 0.860 0.159 0.455 0.752 0.710 0.227 0.551 0.435 0.943 0.790 0.282 0.585 0.558

TTT [15] 0.564 0.779 0.243 0.387 0.683 0.730 0.148 0.501 0.382 0.858 0.722 0.415 0.531 0.534
AM [12] 0.524 0.764 0.282 0.355 0.470 0.619 0.269 0.535 0.064 0.554 0.710 0.445 0.484 0.467

BNA [3] 0.493 0.858 0.151 0.461 0.754 0.725 0.246 0.555 0.472 0.942 0.800 0.279 0.586 0.563
SSA [1] 0.589 0.860 0.241 0.491 0.753 0.754 0.260 0.552 0.423 0.934 0.803 0.334 0.590 0.583
PSC (λ = 0) 0.621 0.866 0.265 0.530 0.774 0.767 0.263 0.593 0.474 0.939 0.814 0.332 0.618 0.604
PSC (λ = 1) 0.605 0.863 0.288 0.516 0.763 0.760 0.343 0.581 0.554 0.940 0.798 0.416 0.624 0.619

Oracle 0.688 0.899 0.369 0.611 0.831 0.832 0.513 0.648 0.614 0.959 0.839 0.576 0.679 0.697

Proposition 2 (PSC controls predictive mean drift). Let
x ∈ X and z = gϕ(x) ∈ RD denote its feature representa-
tion. Define the centered feature z = z − µs, the support
projection u = Vsz, and the residual projection r = Ps

⊥z.
For the linear head hψ(z) = w⊤z+ b, decompose

w = Vs⊤a+w⊥, a = Vsw, w⊥ = Ps
⊥w.

Assume block Gaussian models

us ∼ N (0,Λs), rs ∼ N (0, τPs
⊥),

ut ∼ N (µt,Σt), rt ∼ N (µt⊥, ν
tPs

⊥).

Define

DPSC = SKL
(
N (0,Λs),N (µt,Σt)

)
+ SKL

(
N (0, τPs

⊥),N (µt⊥, ν
tPs

⊥)
)
.

Then for ŷ = hψ(z), the predictive mean drift satisfies∣∣Et[ŷ]− Es[ŷ]
∣∣ ≤ √

2DPSC

√
a⊤Λsa+ τ∥w⊥∥22.

Proof. Write the mean drift as ∆µ = Et[ŷ] − Es[ŷ] =
a⊤µt + w⊤

⊥µ
t
⊥ under the support/residual decomposition.

Applying Cauchy–Schwarz in the source metrics induced
by (Λs, τPs

⊥), and using the standard Gaussian SKL lower
bounds, yields |∆µ| ≤

√
2DPSC

√
a⊤Λsa+ τ∥w⊥∥22.

The detailed derivation is provided in the Appendix (see
Proposition 4 and the subsequent detailed proof).

Meaning for PSC. This proposition links PSC’s opti-
mization target to predictive robustness: reducing DPSC di-
rectly tightens an upper bound on target-domain mean pre-
diction drift. The bound separates distribution mismatch
(first factor) from model sensitivity along support/residual
directions (second factor), explaining why jointly aligning
support statistics and residual slack is beneficial under shift.

4. Experiments
Experimental design. We evaluate PSC under two shift
regimes. First, we use cross-domain transfer from SVHN
to MNIST to test adaptation under a large appearance gap.
Second, we use UTKFace with 13 corruption types to test
robustness to structured low-level perturbations. The tables
include two references: Source denotes the source-trained
model without TTA, while Oracle is a target-supervised up-
per bound using target labels.

Effect of λ across settings. The preferred λ depends on
the shift type. For SVHN→MNIST, λ = 0 is typically
better because the cross-domain gap is strong and het-
erogeneous; imposing residual-space matching can over-
constrain adaptation and reduce flexibility needed to ab-
sorb target-specific changes. For UTKFace corruptions,
λ = 1 is typically better because the shift is mainly nui-
sance corruption around the same underlying semantics, so
residual-space regularization helps suppress out-of-support
noise leakage. In short, stronger semantic transfer fa-
vors support-focused alignment, while corruption robust-
ness benefits from explicit residual control.

5. Conclusion
We introduced Predictive Spectral Calibration (PSC), a
source-free test-time adaptation framework for image
regression that combines support-space alignment with
residual-space calibration. Across cross-domain transfer
and corruption settings, PSC shows consistent improve-
ments over strong baselines while remaining simple and
practical to deploy. We view this study as a preliminary
idea toward more principled regression TTA, and we hope
it motivates further work on stronger objectives, broader
backbones, and larger-scale benchmarks.
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Predictive Spectral Calibration for Source-Free Test-Time Regression
Supplementary Material

A. Theoretical Details
A.1. Detailed Proof of Propositon 1
Proposition 3 (Identifiability of subspace first- and second-order structure from the K2 probe bank). Let u ∈ RK be a
random vector with mean µ ∈ RK and covariance matrix Σ ∈ RK×K . Define the probe bank

Q = {ei}Ki=1 ∪ {q+ij , q
−
ij}1≤i<j≤K , q±ij =

ei ± ej√
2

, (26)

where {ei}Ki=1 is the canonical basis of RK . Then the projected first- and second-order moments{
E[q⊤u], Var(q⊤u)

}
q∈Q (27)

uniquely determine (µ,Σ). More explicitly, µi = E[e⊤i u], Σii = Var(e⊤i u), and for each 1 ≤ i < j ≤ K,

Σij =
1

2

(
Var

(
(q+ij)

⊤u
)
−Var

(
(q−ij)

⊤u
))
. (28)

Hence, the K2 probes recover the complete first- and second-order structure of u in the K-dimensional subspace.

Proof. For any q ∈ RK , we have E[q⊤u] = q⊤µ and Var(q⊤u) = q⊤Σq. Taking q = ei gives

µi = E[e⊤i u], Σii = Var(e⊤i u), (29)

so all entries of µ and all diagonal entries of Σ are identified.
Now fix 1 ≤ i < j ≤ K. Using q±ij = (ei ± ej)/

√
2,

Var
(
(q+ij)

⊤u
)
=

1

2
(Σii +Σjj + 2Σij) , Var

(
(q−ij)

⊤u
)
=

1

2
(Σii +Σjj − 2Σij) . (30)

Subtracting yields

Σij =
1

2

(
Var

(
(q+ij)

⊤u
)
−Var

(
(q−ij)

⊤u
))
. (31)

Thus every off-diagonal entry is identified. Therefore all entries of (µ,Σ) are uniquely recovered from
{E[q⊤u],Var(q⊤u)}q∈Q.

A.2. Detailed Proof of Proposition 2
Proposition 4 (PSC controls predictive mean drift). Let x ∈ X and z = gϕ(x) ∈ RD denote the feature representation.
Define

z := z− µs, u := Vsz, r := Ps
⊥z.

For the linear regressor hψ(z) = w⊤z+ b, set

a := Vsw, w⊥ := Ps
⊥w, w = Vs⊤a+w⊥.

Assume the source and target block models

us ∼ N (0,Λs), rs ∼ N (0, τPs
⊥), ut ∼ N (µt,Σt), rt ∼ N (µt⊥, ν

tPs
⊥),

with Λs ≻ 0, Σt ≻ 0, and τ, νt > 0. Define

DPSC := SKL
(
N (0,Λs),N (µt,Σt)

)
+ SKL

(
N (0, τPs

⊥),N (µt⊥, ν
tPs

⊥)
)
,



where SKL(P,Q) := DKL(P∥Q) +DKL(Q∥P ).
Then the predictive mean drift ∆µ := Et[ŷ]− Es[ŷ] with ŷ = hψ(z) satisfies

|∆µ| ≤
√
2DPSC

√
a⊤Λsa+ τ∥w⊥∥22.

Consequently, the looser bound
|∆µ| ≤

√
2DPSC

(√
a⊤Λsa+

√
τ ∥w⊥∥2

)
also holds.

Proof. Using z = µs + z and w = Vs⊤a+w⊥,

ŷ = w⊤z+ b = w⊤µs + b+ a⊤u+w⊤
⊥r.

Since Es[u] = 0, Es[r] = 0, Et[u] = µt, and Et[r] = µt⊥,

∆µ = Et[ŷ]− Es[ŷ] = a⊤µt +w⊤
⊥µ

t
⊥.

Define

A :=
√
a⊤Λsa, x :=

√
(µt)⊤(Λs)−1µt, B :=

√
τ ∥w⊥∥2, y :=

√
∥µt⊥∥22
τ

.

By Cauchy–Schwarz, ∣∣a⊤µt∣∣ = ∣∣∣((Λs)1/2a)⊤((Λs)−1/2µt)
∣∣∣ ≤ Ax,

and ∣∣w⊤
⊥µ

t
⊥
∣∣ ≤ ∥w⊥∥2 ∥µt⊥∥2 = By.

Hence
|∆µ| ≤ Ax+By ≤

√
A2 +B2

√
x2 + y2.

It remains to prove x2 + y2 ≤ 2DPSC.
For the support block,

SKL
(
N (0,Λs),N (µt,Σt)

)
=

1

2

[
(µt)⊤

(
(Λs)−1 + (Σt)−1

)
µt + tr

(
Λs(Σt)−1 +Σt(Λs)−1 − 2IK

)]
.

Since (Σt)−1 ≻ 0 and tr(M+M−1 − 2IK) ≥ 0 for any M ≻ 0,

SKL
(
N (0,Λs),N (µt,Σt)

)
≥ 1

2
(µt)⊤(Λs)−1µt =

1

2
x2.

For the residual block, let U⊥ ∈ RD×(D−K) satisfy

U⊤
⊥U⊥ = ID−K , U⊥U

⊤
⊥ = Ps

⊥.

Define r̃s := U⊤
⊥r

s, r̃t := U⊤
⊥r

t, and µ̃t⊥ := U⊤
⊥µ

t
⊥. Then

r̃s ∼ N (0, τID−K), r̃t ∼ N (µ̃t⊥, ν
tID−K),

and

SKL
(
N (0, τPs

⊥),N (µt⊥, ν
tPs

⊥)
)
=

1

2

[(1

τ
+

1

νt

)
∥µ̃t⊥∥22 + (D −K)

(
τ

νt
+
νt

τ
− 2

)]
.

Because νt > 0 and τ
νt +

νt

τ − 2 = (τ−νt)2

τνt ≥ 0,

SKL
(
N (0, τPs

⊥),N (µt⊥, ν
tPs

⊥)
)
≥ 1

2

∥µ̃t⊥∥22
τ

=
1

2

∥µt⊥∥22
τ

=
1

2
y2.

Summing the two bounds yields

DPSC ≥ 1

2
(x2 + y2), x2 + y2 ≤ 2DPSC.

Therefore,

|∆µ| ≤
√
2DPSC

√
a⊤Λsa+ τ∥w⊥∥22.

Finally,
√
A2 +B2 ≤ A+B gives the looser bound.
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