The Golden Subspace: Where Efficiency Meets Generalization
in Continual Test-Time Adaptation

Supplementary Material

The supplementary material is organized as follows.

* Appendix A introduces the notation used throughout the
paper.

* Appendix B provides the full theoretical proof of the ex-
istence of the golden subspace.

* Appendix C presents additional experimental details and
results, including the detailed experimental setup, anal-
yses under different batch sizes and hyperparameter set-
tings, comprehensive efficiency analysis, additional qual-
itative segmentation results, and long-term generalization
experiments.

A. Notations

To facilitate reading, Table S| provides the mathematical
symbols that appear throughout the text and their meanings.

Table S1. Notation Summary.

Symbol Meaning
Dg Labeled source-domain dataset
Dr Unlabeled target-domain data stream
X Mini-batch of target samples at step ¢
go Full model composed of feature extractor and classifier
o Pretrained feature extractor (frozen backbone)
hy Classifier head producing logits

Fy Feature matrix of batch ¢

f Feature vector of a single sample

w Linear classifier weight matrix

P, Prototype of class ¢ in the source domain
P Matrix of all class prototypes

Vi Basis of the adaptive subspace (top-r eigenvectors)
St Learnable scaling vector in the subspace
U Coordinates of feature f in the subspace
U Scaled coordinates after subspace adaptation
A(f) Adapter transformation applied to feature f
Fridant Adapted feature matrix for batch ¢
C;'ib) Mini-batch estimate of the AGOP matrix
gi Gradient proxy with respect to feature f;
M; Set of high-confidence samples in batch ¢
Gy Exponential moving average (EMA) of AGOP
Q,A Eigenvectors and eigenvalues of G
k(k) Cumulative spectral energy ratio
Y: Student model logits
Y,eme EMA teacher logits
vt Logits from augmented views
Lt EMA consistency loss
Lecont Prototype-based contrastive loss
L Total training objective
geme Parameters of the EMA teacher model
a,T,T EMA decay, confidence threshold, subspace rank
m Momentum coefficient for EMA updates

B. Detailed Analysis of GOLD

B.1. Proof: Existence of the golden subspace

We begin by formalizing the claim that the minimal feature
perturbation required to produce a prescribed logit change
must lie in the row-space of the linear classifier. This state-
ment underlies the notion of a “golden subspace” for test-
time feature adaptation.

Assumption B.1 (Linear classifier). The classification head
is linear in features: for any feature vector f € R the pre-
softmax logit vector satisfies

z=WF,

where W € RE*L is the classifier weight matrix (the last
fully-connected layer).

Proposition B.1 (Minimal-norm feature change). Given a
desired logit change Ay € R, the constrained minimiza-
tion

min  3|Af|3 st

WAf=Ay
AfERE

has the unique minimal-norm solution
Af* =WTAy,

where W denotes the Moore—Penrose pseudoinverse of
W. In particular, A f* € row(W), i.e. the column space of
wr.

Proof. Form the Lagrangian

LALN) = 5|AFI3+AT(WAS - Ay),  XeRC.

Stationarity in Af yields Af + WTA = 0, hence
Af = —WTA. Inserting this into the constraint gives
—(WWT)X = Ay. Solving (via the pseudoinverse on the
potentially rank-deficient matrix WW ) yields

A= _(WWT)+Ay7
and therefore
Af*=—-WTWWHTAy =WtAy,

using the identity W+ = W T (WW T)*. Equivalently, if
W = UXVT is a compact SVD, then

Af*=VStUT Ay,



which has no component in ker(W) and is the unique
minimal-norm feasible vector. Uniqueness follows because
any feasible Af can be decomposed as Af = Af* + v
with v_€ ker(W), and [[Af[3 = [Af*]3 + [lv]I3 =
[Af*13. N

Batch extension. The same argument applies column-
wise: for a batch of B samples let AY € R“*E and
AF € RY*B_ The Frobenius-norm constrained problem

min FIAF|E st

WAF =AY

has the solution AF* = W+AY. Thus the minimal collec-
tive feature change again lies in the row-space of W.

The implication is direct: to realize logit (or prediction)
corrections while minimally perturbing features, it suffices
to search for updates inside the subspace spanned by the
rows of W (equivalently the columns of W ). We refer to
this subspace as the golden subspace.

B.2. Adapter Design and Pseudo-Label Robustness

Why an adapter? We adopt an adapter-style design
to meet the core constraint of CTTA: online adaptation
must be both efficient and stable under non-stationary test
streams. Updating the full backbone (or a large fraction of
parameters) can improve short-term fitting but often harms
efficiency and exacerbates drift/forgetting as the stream
evolves. In contrast, a lightweight adapter provides a struc-
tured and low-dimensional update interface: it preserves
most pretrained representations while allowing the model
to quickly adjust along a compact set of directions that are
most relevant to the current target shift. This design choice
is aligned with continual learning insights that emphasize
controlling the effective update subspace to improve robust-
ness to stream order and to reduce misleading gains that
arise from unstable adaptation dynamics [6, 7, 22, 56]. In
GOLD, the adapter is further constrained to operate in a
low-rank golden subspace, so that adaptation is concen-
trated on a minimal set of feature directions rather than dis-
persed across the entire representation space.

Robustness of confidence-based pseudo labels for
AGOP. AGORP relies on pseudo labels derived from the
model’s predictions to form a sample-wise gradient outer
product estimate. A natural concern is that noisy pseudo la-
bels may corrupt the estimated directions and lead to drift.
We justify the robustness of our design from two comple-
mentary aspects.

(i) Built-in safeguards. GOLD includes three mechanisms
that jointly stabilize pseudo-label-based estimation. (a)
Warm-start initialization. We initialize the subspace esti-
mate with the theoretically motivated prior Go = W TW
(Sec. 3.2), which anchors early updates to the pretrained

classifier geometry when the model is least adapted and
pseudo labels are potentially noisier. (b) EMA smoothing
with self-training consistency. We use an exponential mov-
ing average (EMA) teacher to generate more stable predic-
tions and enforce self-training consistency (Eq. 17), which
reduces the variance of pseudo labels across adjacent sam-
ples/batches and discourages abrupt direction changes. (c)
Low-rank/subspace constraint. By restricting updates to a
compact low-rank subspace, the estimator is regularized im-
plicitly: even if individual pseudo labels are imperfect, their
influence is projected onto a small set of directions, miti-
gating error accumulation and reducing forgetting/drift over
long streams.

(ii) Empirical sensitivity. We further validate robustness
by sweeping the confidence threshold used to filter pseudo
labels. As shown in Fig. S1, GOLD remains insensitive
across a wide range of thresholds: even with a relatively
low threshold, the performance drop is only ~0.2. This sug-
gests that the proposed safeguards effectively prevent noisy
pseudo labels from dominating the AGOP-based subspace
maintenance, leading to stable adaptation in practice.

C. Supplementary Experiments

This section supplements the main paper with additional
empirical analyses on (i) the sensitivity of GOLD to
test-time batch size, (ii) hyper-parameter robustness,
(iii)) comprehensive efficiency (trainable parameter ratio,
FLOPs, and peak GPU memory), and (iv) additional seg-
mentation results and qualitative comparisons. Unless oth-
erwise specified, all experiments use the same pretrained
backbones and CTTA evaluation protocol as in the main
text. For corruption benchmarks, we report mean perfor-
mance over the full benchmark and follow the same metrics
and legend definitions as in the main paper.

C.1. Detailed Experimental Setup

Datasets. We evaluate GOLD on three standard contin-
ual test-time adaptation benchmarks: CIFAR-10-C, CIFAR-
100-C, and ImageNet-C. CIFAR-10-C and CIFAR-100-
C are corrupted versions of the original CIFAR-10 and
CIFAR-100 test sets, respectively, while ImageNet-C is
constructed from the ImageNet validation set with a diverse
set of synthetic corruptions. Following the standard pro-
tocol, we consider 15 corruption types at severity level 5,
including gaussian_noise, shot_noise, impulse_noise, defo-
cus_blur, glass_blur, motion_blur, zoom_blur, snow, frost,
fog, brightness, contrast, elastic_transform, pixelate, and
Jjpeg_compression. We adopt the one-pass online adaptation
setting, where each target sample is observed only once in
a streaming manner without revisiting previous target data.

Parameter settings. For a fair comparison, all methods
use the same optimization setup during test-time adaptation.
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Figure S1. Hyper-parameter robustness: representative results from the sweep described in Section C.3. Each subplot shows the evaluated
metric as a function of a single hyper-parameter while other hyper-parameters are held near their default values.

Night

Figure S2. Detailed segmentation comparisons (cropped views).
White boxes indicate regions shown at higher resolution to em-
phasize the qualitative gains of GOLD in challenging conditions
(shadows, reflections, fog/night).

We update the affine parameters of normalization layers, in-
cluding BatchNorm, LayerNorm, and GroupNorm. Con-
cretely, for each normalization layer, we optimize only its
weight and bias parameters. For all methods, we use
Adam as the optimizer with learning rate 1 x 1073, weight
decay 0, and one adaptation step per batch. We use Adam
with betas = (0.9,0.999).

Augmentation details. For test-time augmentation, we
follow a unified transformation pipeline consisting of
Gaussian blur, center crop, random horizontal flip, ad-
ditive Gaussian noise, and clipping to the valid input
range. Specifically, we use GaussianBlur with ker-
nel size 5 and sigma sampled from [0.001, 0.25] for the
soft setting and from [0.001, 0.5] otherwise, followed by
CenterCrop, RandomHorizontalFlip with proba-
bility 0.5, additive Gaussian noise, and a final clipping op-

eration to [0, 1].

Source models. Following CoTTA, we employ stan-
dard pre-trained source models for different benchmarks:
WideResNet-28 [52] for CIFAR10-C, ResNeXt-29 [51] for
CIFAR100-C, and ResNet-50 [13] for ImageNet-C. These
source models are fixed before test-time adaptation and
serve as the initialization for all compared methods.

Source prototype extraction. We extract source proto-
types offline from the source training set before online adap-
tation. Specifically, we first feed all source samples through
the feature extractor and collect their intermediate feature
representations together with the corresponding class la-
bels. For feature tensors with spatial dimensions, we flatten
them into one-dimensional vectors. Then, for each class,
we compute the class prototype as the mean feature vector
of all source samples belonging to that class:

where f; denotes the extracted source feature, y; is its label,
and NN, is the number of source samples in class c. If a class
has no source samples, we assign it a zero prototype vector.
All source prototypes are computed once before adaptation
and kept fixed throughout the online test-time adaptation
process.

C.2. Effect of batch size

In the main text we reported results obtained with a batch
size of 200 on CIFAR-C and 64 on ImageNet-C. Here we
study the influence of test-time batch size on performance
by evaluating GOLD and several baseline methods at batch
sizes {4, 16, 32,64}. Table S2 summarizes the results.

Discussion. The table shows that GOLD is stable across
a wide range of batch sizes. On CIFAR-10-C, GOLD
attains the best metric among compared methods for all
evaluated batch sizes (columns 4-64). On CIFAR-100-C



Table S2. Performance under different test-time batch sizes. Results are shown for CIFAR-10-C, CIFAR-100-C and ImageNet-C. Columns
report the evaluated batch size. The best value in each column (among the listed methods) is typeset in bold.

CIFAR10-C CIFAR100-C ImageNet-C

Method 4 16 32 64 \ 4 16 32 64 \ 4 16 32 64

TENT [42] 869 619 402 229|983 962 929 86.1 |99.0 825 645 62.6
Ada [9] 345 19.7 177 174 | 90.1 546 413 354|984 819 699 655
CoTTA [44] 52,6 269 21.3 175|688 39.1 367 343|975 820 648 62.7
RMT [13] 514 265 200 16.7 | 87.4 487 39.1 327|994 834 687 60.2
SANTA [8] 395 195 175 168 | 585 358 333 325|987 68.0 628 60.1
GOLD (ours) 31.7 189 170 164 | 578 351 328 319|973 695 621 593

and ImageNet-C GOLD is competitive with state-of-the-art
baselines; in particular GOLD achieves very strong per-
formance at medium-to-large batch sizes on ImageNet-C
(see bold entries). These results indicate that the proposed
AGOP-based subspace estimation and the low-rank adap-
tation scheme are effective even when the number of high-
confidence samples per batch is relatively small. In practice
we recommend using batch sizes of at least 16-32 when
computational resources allow, though reasonable perfor-
mance is still obtained with batch size 4.

C.3. Hyper-parameter robustness

We performed an extensive hyper-parameter sweep to as-

sess stability. The swept ranges were:

* EMA momentum « € {0.02,0.1,0.2,0.5,0.8};

* retained rank r € {16, 32, 64,128, 256};

* confidence threshold 7 € {0.6,0.7,0.8,0.9,0.95};

* eigendecomposition period T, € {2,5,10,20,50} (in
batches);

e learning rate for the small adaptive parameter set
(scaling vector s and optional BN adapters) n €
{1072,1071, 1,10, 102}.

Figure S1 visualizes representative slices of this sweep

(one plot per dataset / metric). The main conclusions are:

1. Overall robustness. GOLD exhibits small performance
variation over wide ranges of o and 7; extreme values
(very large n or «v) can destabilize adaptation but are easy
to detect.

2. Rank trade-off. Increasing r generally improves per-
formance up to a point; in our experiments r between 32
and 128 provides a good balance between accuracy and
computational cost.

3. Confidence threshold. A moderate threshold 7 (e.g.
0.8) mitigates pseudo-label bias while retaining enough
samples for stable AGOP estimation. Very high thresh-
olds (e.g. 0.95) reduce the effective sample size and may
increase variance.

4. Eig update period. Frequent eigen updates (small T5;g)
track fast distribution shifts but increase compute; val-
ues in the range Tz = 5—20 offered a good practical

tradeoff in our workloads.

These observations guided the default hyper-parameter
choices used throughout the main experiments and indicate
that GOLD can be tuned with modest effort for new datasets
or deployment constraints.

C.4. Comprehensive efficiency analysis.

We provide a systematic efficiency comparison on
CIFAR100-C (Table S3 and Fig. 4 in the main paper) to
quantify the practical cost of online CTTA. All methods are
evaluated under the same backbone and input resolution,
and we report three complementary metrics: (i) trainable
parameter ratio, (ii) FLOPs, and (iii) peak GPU mem-
ory. Together, these metrics capture what is updated (pa-
rameter footprint), how much computation is incurred per
batch (throughput cost), and how much hardware budget is
required (deployment feasibility).

Trainable parameter ratio. This measures the fraction
of parameters receiving gradients during adaptation. Full
fine-tuning style CTTA methods (CoTTA, RMT, GTTA) ef-
fectively update the whole model, resulting in a 100% train-
able ratio. In contrast, SANTA and GOLD operate with
lightweight modules: only a small adapter and/or scaling
parameters are optimized, leading to orders-of-magnitude
fewer trainable parameters (0.365% and 0.373%, respec-
tively). This is particularly important for online deployment
where frequent gradient updates must be performed with
minimal overhead and minimal risk of representation drift.

FLOPs. We report the per-batch floating-point operations
to reflect end-to-end adaptation cost, including both forward
and backward passes. CoTTA is the most expensive due to
full-model updates and multi-view/self-ensemble style op-
erations, reaching 7842.80 G FLOPs. RMT and GTTA re-
duce computation compared to CoTTA but still remain sub-
stantially heavier than adapter-based methods (1886.02 G
and 2614.27 G). In contrast, SANTA and GOLD are sig-
nificantly more efficient (1348.09 G and 1425.14 G), show-



ing that restricting updates to a compact subspace can de-
liver strong performance without the heavy compute of full-
parameter adaptation. Notably, GOLD incurs only a modest
additional FLOPs over SANTA due to maintaining and ap-
plying the golden-subspace projection.

Peak GPU memory. Peak memory reflects the maximum
activation/gradient/storage footprint during online adapta-
tion. Memory is a key bottleneck for real-time CTTA, espe-
cially when running larger backbones or higher resolutions.
Full-update methods require storing gradients for most lay-
ers, leading to high memory usage (CoTTA: 10.88 GB;
RMT/GTTA: 5.07-5.21 GB). Adapter-based methods are
notably lighter (SANTA: 4.61 GB), and while GOLD
uses slightly more memory (5.37 GB) due to additional
subspace-related buffers, it remains far below full-model
adaptation and fits comfortably within typical single-GPU
deployment constraints.

Takeaway. Table S3 confirms that GOLD achieves a fa-
vorable accuracy-efficiency trade-off: it keeps the train-
able parameter ratio below 0.4% while maintaining com-
pute and memory footprints close to other lightweight meth-
ods, yet delivers stronger and more stable adaptation per-
formance (main paper, Fig. 4). This supports our design
principle that CTTA should prioritize structured minimal
updates—adapting only along critical directions—to maxi-
mize both generalization and deployability.

Table S3. Comprehensive efficiency comparison.

Method Trainable parameter FLOPs Peak GPU
ratio (%) (G) memory (GB)
CoTTA 100 7842.80 10.88
RMT 100 1886.02 5.07
GTTA 100 2614.27 5.21
SANTA 0.365 1348.09 4.61
GOLD 0.373 1425.14 5.37

Runtime breakdown. To further clarify the practical
overhead introduced by GOLD, we profiled the wall-clock
time of its main components during online adaptation. On
batches where eigendecomposition is performed, the for-
ward and backward passes dominate the runtime, account-
ing for 45.7% and 50.8% of the total time, respectively.
In contrast, the additional overhead introduced by AGOP
computation is only 0.3%, while periodic eigendecomposi-
tion contributes 3.3%. These results indicate that the extra
cost of GOLD mainly comes from the standard optimization
steps shared by most adaptation methods, whereas the pro-
posed subspace maintenance itself adds only a small over-
head. This supports our claim that GOLD achieves strong
adaptation performance with a favorable efficiency profile.

C.5. Expanded segmentation examples

We provide enlarged views of selected segmentation ex-

amples to highlight qualitative improvements obtained by

GOLD. Figure S2 shows cropped regions (white bound-

ing boxes) that emphasize the areas of largest visual dif-

ference between the pretrained baseline and the adapted
model. Representative cases include:

» Shadowed zebra crossings (Highway). GOLD recovers
occluded lane markings in regions where strong shadows
cover parts of the road surface.

* Puddles and water reflections (Rain). The adapted
model more reliably segments road surfaces and curbs in
the presence of specular highlights and reflections.

* Fog and low-visibility (Fog / Night). GOLD improves
detection of distant objects and preserves fine-grained
foreground structure under heavy atmospheric degrada-
tion.

C.6. Long-term Generalization under Repeated Do-
main Exposure

Setup. To evaluate long-term generalization, we conduct
an extended continual test-time adaptation experiment on
CIFAR10-C. Instead of passing through the target stream
only once, we repeatedly expose the model to the same cor-
rupted target data for 10 rounds in sequence. This setting al-
lows us to examine whether an adaptation method remains
stable over prolonged online updates, or gradually suffers
from error accumulation and representation drift. In partic-
ular, it reflects the method’s ability to preserve robust gen-
eralization under repeated domain exposure, which is cru-
cial for realistic deployment scenarios where incoming data
may exhibit persistent or recurring shifts over a long time
horizon.

Results. Table S4 reports the average error rates of differ-
ent methods under the 10-round continual adaptation set-
ting on CIFAR10-C. Compared with prior CTTA meth-
ods, GOLD achieves the best performance with an error
rate of 14.15%, showing stronger stability and better long-
term generalization under sustained adaptation. These re-
sults suggest that restricting updates to the dynamically es-
timated golden subspace can effectively mitigate parameter
drift and maintain adaptation quality over long horizons.

Table S4. Long-term generalization comparison on CIFAR10-C
under 10 rounds of continual adaptation. Lower is better.

Method CoTTA RMT BeCoTTA SANTA
Error (%)  16.21 16.73 16.28 16.29
Method EATA  SAR ViDA GOLD

Error (%) 17.84  20.31 17.24 14.15




