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Abstract

Test-Time Adaptation (TTA) enhances model robustness to
out-of-distribution (OOD) data by updating the model on-
line during inference, yet existing methods lack theoreti-
cal insights into the fundamental causes of performance
degradation under domain shifts. Recently, Neural Col-
lapse (NC) has been proposed as an emergent geomet-
ric property of deep neural networks (DNNs), providing
valuable insights for TTA. In this work, we extend NC to
the sample-wise level and discover a novel phenomenon
termed Sample-wise Alignment Collapse (NC3+), demon-
strating that a sample’s feature embedding, obtained by a
trained model, aligns closely with the corresponding classi-
fier weight. Building on NC3+, we identify that the per-
formance degradation stems from sample-wise misalign-
ment in adaptation which exacerbates under larger dis-
tribution shifts. This indicates the necessity of realigning
the feature embeddings with their corresponding classifier
weights. However, the misalignment makes pseudo-labels
unreliable under domain shifts. To address this challenge,
we propose NCTTA, a novel feature-classifier alignment
method with hybrid targets to mitigate the impact of un-
reliable pseudo-labels, which blends geometric proximity
with predictive confidence. Extensive experiments demon-
strate the effectiveness of NCTTA in enhancing robustness
to domain shifts. For example, NCTTA outperforms Tent by
14.52% on ImageNet-C. Project page is publicly available
at https://github.com/Cevaaa/NCTTA,

1. Introduction

Deep neural networks (DNNs) [33] have achieved remark-
able success across various tasks but suffer significant
performance degradation under out-of-distribution (OOD)
data. Traditional approaches like Domain Adaptation (DA)
[19! 46] aim to address this issue but often involve com-
plex training procedures and assume access to test data,
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(a) Proposition: Sample-wise (b) Observation: Sample-wise
Alignment Collapse (NC3+). Misalignment in Adaptation.
Figure 1. Overview of Main Contributions. (a) NC3+ high-
lights the convergence of sample feature embeddings with their
corresponding classifier weights. (b) Sample feature embeddings
deviate from the ground-truth classifier weights, leading to per-

formance degradation.

which is rarely feasible in real-world. Test-Time Adaptation
(TTA) offers a more practical solution by enabling models
to adapt online during inference using only a mini-batch of
test data, without altering the training process [5, [18]]. This
lightweight and efficient paradigm improves robustness to
domain shifts, facilitating reliable deployment in dynamic
and unpredictable environments.

Existing TTA methods can be broadly categorized into
four main strategies: prototype-based methods [12| [17],
consistency regularization methods [37} [40]], normalization
layer-based methods [8} 13124} |31]], and entropy minimiza-
tion methods [2, [15] 23| 36]]. Although these approaches
have shown promising results through algorithmic opti-
mization during inference, they generally lack a theoretical
exploration of the fundamental causes of model degradation
when facing domain shifts.

Recently, the phenomenon known as Neural Collapse
(NC) [l 126} 144} 47]] has emerged as a significant charac-
terization of the geometric properties of DNNs during the
Terminal Phase of Training (TPT). During the TPT, after
achieving zero classification error, DNNs asymptotically
drive the training loss toward zero. Unlike previous TTA
methods, this work bridges the theory of NC with TTA by
leveraging the well-defined geometric structures of a trained
DNN formalized by NC properties. This connection of-
fers novel theoretical insights into TTA, grounding it in the
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structured behavior of DNNs. Specifically, during the TPT,
NC consistently appears in the penultimate layer and its lin-
ear classifier [[7], exhibiting a highly structured and intrigu-
ing behavior defined by four properties:

* Variability Collapse (NC1): Sample feature embeddings
within the same class collapse to their corresponding class
means, reducing intra-class variance.

¢ Convergence to a Simplex ETF (NC2): Class means
converge to the vertices of a simplex equiangular tight
frame (ETF), forming a maximally separated structure.

¢ Convergence to Self-Duality (NC3): Class means and
corresponding classifier weights will converge to each
other during the TPT.

e Simplification to Nearest Class-Center (NC4): The
classification function effectively reduces to choosing the
nearest class mean in the feature space.

While NC unveils elegant geometric patterns in DNNs
during the TPT, its analysis predominantly focuses on a
class-wise perspective. However, this assumption breaks
down in TTA scenarios, where models are adapted using
only mini-batches of unlabeled test samples. The absence
of labeled data precludes the computation of class means,
which are indispensable in NC properties, thereby render-
ing class-wise analyses inapplicable in TTA. This challenge
motivates us to explore whether similar collapse phenom-
ena emerge at the sample-wise level. As illustrated in
Figure [T[a), our analysis extends the NC framework by
identifying an additional property, NC3+, that holds at the
sample-wise granularity:

e Sample-wise Alignment Collapse (NC3+): Each sam-
ple feature embedding and the corresponding classifier
weight will converge to each other during the TPT.

Building on this observation, we further analyze the per-
formance degradation under domain shifts during test time.
As illustrated in Figure b), for OOD data, the feature em-
bedding of a test sample tends to deviate from its corre-
sponding classifier weight and drift toward that of an incor-
rect one, leading to misclassification. This misalignment
intensifies as the domain shift becomes more severe, high-
lighting a key challenge in TTA:

Misalignment between feature embeddings and classifier
weights is the key challenge under domain shifts, which un-
derscores the necessity of feature-classifier alignment.

To mitigate this effect, we propose a novel NC-guided
TTA (NCTTA) method to promote feature-classifier align-
ment. The sample-wise misalignment implies the unrelia-
bility of pseudo-labels. Therefore, instead of simply align-
ing the feature embedding with the classifier weight of
its pseudo-label, NCTTA blends geometric proximity with
predictive confidence to obtain hybrid targets for realign-
ment. This strategy substantially improves robustness under
domain shifts by alleviating the pseudo-label unreliability

caused by Sample-wise Misalignment in Adaptation. Our

main contributions are as follows:

* NC theory is, for the first time, extended to the sample-
wise level through Sample-wise Alignment Collapse
(NC3+), validated theoretically and empirically.

* Comprehensive empirical evidence is provided to show
that the performance degradation of pre-trained models
on OOD data originates from sample-wise misalignment.

* A novel NC-guided TTA method is proposed to effec-
tively promote alignment between sample feature embed-
dings and their corresponding classifier weights.

» Extensive experiments demonstrate the effectiveness of
NCTTA. For instance, it achieves 78.30% average accu-
racy on CIFAR-10-C under severe corruption and 66.61%
on ImageNet-C, outperforming prior methods.

2. Related Work

2.1. Test-Time Adaptation

TTA addresses performance degradation on OOD data by
fine-tuning a pretrained model during inference using a
mini-batch in an online manner [22, [39]. Existing TTA
methods can be categorized into four types: prototype-
based methods (e.g., SHOT [17], T3A [12]) refine deci-
sion boundaries using class prototypes; consistency regular-
ization methods (e.g., MEMO [40Q], CoTTA [37])) stabilize
predictions through constraints across augmented views or
over time; normalization-based methods (e.g., NOTE [8]],
SAR [24]]) explore the role of normalization layers in TTA
and carefully design their adaptation; and entropy mini-
mization methods (e.g., Tent [36], EATA [23], DeYO [15])
enhance reliability by minimizing prediction entropy with
confident samples. Despite their empirical effectiveness,
these methods lack theoretical understanding of model be-
havior under domain shifts. To address this, we provide
a principled analysis of performance degradation during
TTA and propose a theory-driven method that aligns test-
time feature embeddings with their corresponding classifier
weights, improving robustness to OOD scenarios.

2.2. Neural Collapse

NC describes a set of geometric properties that emerge
in DNNs during the TPT [26]. These properties include
the collapse of within-class variability (NC1), the conver-
gence of class means to a Simplex Equiangular Tight Frame
(NC2), the alignment of classifier weights with class means
(NC3), and classification via the nearest class mean (NC4).
These phenomena have been consistently observed across
diverse datasets and architectures under both cross-entropy
and MSE losses [7]], and are often interpreted as optimal
structures arising from simplified learning objectives [[1,44,
47)]. However, existing works on NC [6, 20, 38| 45! 48]
have primarily focused on class-wise geometric structures
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between class centers and classifier weights observed in the
TPT, relying on class labels and full supervision to define its
geometric properties, whereas TTA operates on unlabeled
target data with incremental updates using mini-batches,
making NC'’s class-wise assumptions inapplicable. To over-
come this limitation, NC is extended to a sample-wise per-
spective through the introduction of NC3+, as detailed in
Section Building on the insights provided by NC3+,
the causes of misclassification on OOD data are analyzed
in Section[3.3] To address these challenges, NCTTA is pro-
posed, a feature-classifier alignment method, leveraging the
principles of NC to enhance TTA performance under do-
main shifts.

3. Rethinking Neural Collapse

3.1. Preliminaries

In this section, we establish the notations used throughout
the paper. Let the training and test datasets be denoted as
Dlrain = {(l‘ia yz)}f\[:“i‘“ ~ 7)lrain and Dlest = {xz}lzlef ~
Prest, where Niain and Nieg; represent the number of samples
in the training and test sets, respectively. Under the TTA set-
ting, there exists a domain shifts such that Py, # Prest, and
the Dy is unlabeled. Moreover, during adaptation, only a
mini-batch of test samples is accessible at each iteration.

We denote a DNN by fy(-), which consists of a fea-
ture extractor hy_,(-) and a classifier head ¢,(-), i.e.,
fo(*) = (gw © ho—y)(+), where o denotes function compo-
sition. Here, 0 represents the full set of model parameters,
and w = [wy,ws,...,wx| € REXL denotes the classi-
fier weights, with K the number of classes and L the fea-
ture embedding dimension. For simplicity, we omit the bias
term in the classifier.

Given an input sample z;, its feature embedding is com-
puted as h; = hy_.,(z;) € RL. The corresponding logits
are given by z; = g, (h;) € RE. Applying the softmax
function o(+) to z; yields the predicted class probabilities

pi = o(z;) € RE, where p;; = exp(z;;)/ 22{21 exp(zi)-
3.2. Extension of Neural Collapse

This subsection analyzes the training phase of fy, focus-
ing on the NC3. The remaining NC properties are de-
tailed in Appendix A.1. NC3 describes the self-duality
phenomenon, where class means from hg_,, align with the
classifier weights w in g, up to a rescaling factor. For-
mally, the global mean and class mean for each class c
are defined as: pg = 1/|Diain] ZzieDm ho—w(2i)s pe =
1/|D§ain| ZzieD[ﬁain he—w(xi)’ where Dtci'ain = {(3317?/1) €
Diain | yi = ¢} and | - | denotes the cardinality of a set.
Prior work [26] quantify NC3 with the metric:

— 0, (1)

M w
H2 2

“M ]l

where Ml = [ — g, b1 — Gy - -+ WEK—1 — 1G]

NC3 captures the convergence of class means and clas-
sifier weights, revealing an elegant alignment between fea-
ture and parameter spaces. However, it is inherently class-
centric, relying on class labels to compute y. and the full
training set to estimate ;. These assumptions are incom-
patible with TTA, where only unlabeled mini-batches are
accessible during inference. To address this, we propose
NC3+, a sample-wise extension of NC3 that examines the
alignment between individual sample feature embeddings
and classifier weights. Specifically, we define a Feature-
Classifier Alignment (FCA) distance d;; of a test sample
x; as the normalized Euclidean distance between its feature
embedding h; = hy_,(x;) and classifier weight w; of j-th
class. Formally, the FCA distance d;; is calculated as:

hi w;
[hilla [Jw;ll2

To validate NC3+ during the TPT, we provide a the-
oretical proof (Appendix A.3) demonstrating that, for a
labeled sample (z;,y;) € Diin, With the cross-entropy
loss Lce(zi,y;) = —logpy,, the Ground-truth FCA (G-
FCA) distance d;,,, decreases monotonically and converges
to zero. In contrast, for j # y;, d;; remains largely unaf-
fected. We formally define NC3+ as:

Proposition: Sample-wise Alignment Collapse

(NC3+). During the TPT, the G-FCA distance d;,,

between a sample’s feature embedding and its corre-

sponding classifier weight is expected to converge to
zero, formulated as:

d“:H j=0,1,...., K —1. (2)

)
2

— 0. (3)

h, |
GRM;@M:H ” i
(12

[h [[wy:ll2 1l

\ J

NC3+ encapsulates the phenomenon of sample-wise
alignment collapse during the TPT, extending NC theory
to settings where class-wise and global means are not fea-
sible. We empirically validate it through controlled experi-
ments. As shown in Figure |2} G-FCA distance d;,, consis-
tently decreases and asymptotically approaches zero during
training, substantiating the presence of NC3+. This implies
that well-trained DNNs generally satisfy the NC3+ prop-
erty, extending the Neural Collapse phenomenon to settings
where class-wise and global means are not feasible.

3.3. Explaining Performance Degradation in TTA

NC3+ inspires us to understand performance degradation
under domain shifts from the perspective of FCA distance.
Prior work [1] observed that feature embeddings of In-
Distribution (ID) and OOD data tend to become orthogonal
as training progresses. Building on this, we analyze the re-
lationship between G-FCA distance and Pseudo-label FCA
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(P-FCA) distance to better understand the misalignment re-
sponsible for performance degradation. Figure [3]illustrates
the distributions of G-FCA d;,,, and P-FCA d,, distances
of test samples x; € Dy that are defined as:

; W, .
G-FCA: dy, —|—i — Wu || (g
e H||hz‘||2 Wy, ll2 1|5
Wi,
P-FCA: d;; = ||—— — —% || . 5)
. H||hz'||2 [wg. ll2 |

where y; is the ground-truth label and ; is the pseudo-label.
Assume that the FCA distance dg-) follows a normal distri-

bution, dl%) ~ N (ug'), a](-')), where /Lg-') and o() represent
the mean and variance. Here, () indicates whether the test
sample z; is classified correctly or incorrectly. For misclas-
sified samples, py; ¢ is significantly larger, reflecting se-
vere misalignment with ground-truth class weights caused
by domain shifts, while ;™" is smaller, indicating drift
toward incorrect class welghts Figure [] further quantifies
this trend, showmg that as corruption severity increases, the
gap between juy; " and ;"™ widens. Figure 3 and Fig-
ure [] reveal that feature- class1ﬁer misalignment 1s the pri-
mary driver of performance degradation for OOD data:

s N\
Observation: Sample-wise Misalignment in Adap-
tation. The feature embedding of an OOD sam-
ple tends to deviate from its corresponding classifier
weight and drift toward that of an incorrect class, lead-
ing to misclassification. Formally, the means of G-
FCA distance d;y, and P-FCA distance d;g, satisfy:

correct __  correct WV ong wron, g

. J

NC3+ and the observation indicate that performance
degradation under domain shifts stems from the displace-
ment of feature embeddings away from corresponding clas-
sifier weights. This misalignment increases d;;,, and reduces
d;g,, leading to erroneous predictions.
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Figure 2. Empirical validation of NC3+. We evaluate NC3+ on
ImageNet-100 [29] using various backbones. The G-FCA distance
diy, decreases throughout training, indicating sample-wise align-
ment collapse. More details are provided in Appendix A.2.

)

W
I3
g
8

alirens

dgore
OJJ \_Aim
Gaussian Noise Snow dyy, or dj,
Figure 3. Histograms of G-FCA and P-FCA distances. We
present the distributions of d737*, d;,”™, and d;;™" on correctly
and incorrectly classified samples from ImageNet-C datasets un-
der severity level 5 Gaussian noise and Snow corruption. The re-

sults reveal that NC3+ is violated on OOD data, leading to Sample-
wise Misalignment in Adaptation.
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Figure 4. Violin plots of G-FCA and P-FCA distances for mis-
classified samples. The plots show the distributions of distances
from misclassified OOD samples to both G-FCA d;,™" and P-
FCA d;;™" under increasing Gaussian noise or Snow severlty on
ImageNet-C. The results reveal that misalignment becomes pro-
gressively more severe with higher corruption levels.

4. Method

Building on the NC3+ property from Section [3.2] and the
observation from Section [3.3] we note that under domain
shifts, OOD sample feature embeddings deviate from their
corresponding classifier weights, thereby increasing G-FCA
distance d;,,, and inducing misclassification as feature em-
beddings align with incorrect classifier weights. To ad-
dress this issue, we propose a new method, NCTTA, that
explicitly constrains d;,, to realign feature embeddings
with their correct classifier weights. Since TTA operates
in an unlabeled regime, directly computing G-FCA dis-
tance d;y, is infeasible. A straightforward workaround is
to use the pseudo-label y; as a proxy for y; and constrain
P-FCA distance d;3,. However, as demonstrated in Sec-
tion [3.3] pseudo-labels become unreliable under severe do-
main shifts. To overcome the limitation, NCTTA is de-
signed as an NC-guided contrastive alignment mechanism
with hybrid targets, blending geometric proximity and pre-
dictive confidence.

Neural Collapse in Test-Time Adaptation (NCTTA).
During TTA, pretrained models are updated online using
unlabeled data, which prevents direct computation of G-
FCA distance d;,,. Section shows that the offset be-
tween h; and w,, makes P-FCA distance {j; unreliable.
Therefore, simply constraining P-FCA distance d;y, is im-
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Figure 5. Overview of our proposed NCTTA. During test-time adaptation, NCTTA blends geometric proximity (FCA distance) and
predictive confidence to form hybrid targets, pulling features toward plausible classifier weights while pushing away negatives via Lnc.

practical. Our NCTTA replace ¢; with dual-guided hybrid
targets determined by y € R via:

vi=(1—-a)d;+ap;, @)

where d; is obtained by first applying Z-score normaliza-
tion to d;, then taking the negative normalized distances
followed by a softmax operation. This ensures that smaller
FCA distances correspond to larger probability values. The
coefficient o balances geometric proximity and predictive
confidence. A larger y;; indicates that the feature embed-
ding of z; is geometrically closer to classifier weight w;
and the model is more confident in class j. Therefore, we
introduce the dual-guided order O; = argsort(y;), rank-
ing classes in descending order of y;. Obviously, we have
O;(argmax y;) = 0 and O;(argmin y;) = K — 1. Hybrid
targets are obtained using:

T: ={0;(0),0;(1),...,O;(k — 1)}, (8)

where 7; is the set of the k classes with the largest y; values.
When o = 1.0 and & = 1, 7; contains a single element,
namely ¢;. Given 7;, we then compute an NC-guided soft
alignment loss:

Lnc(xi) = L({dij}jeTi s {dij }ie7), )

where ¢ enforces a monotonic preference for “closer to pos-
itives, farther from negatives.” Specifically, it is nonincreas-
ing in d;; for j € T; which means 9¢/9d;; > 0 (j € T;)
according to gradient descent [28]], thereby encouraging re-
ductions in d;; for positives; and it is nondecreasing in d;;
for j ¢ 7; which means 0¢/0d;; < 0 (j ¢ 7;). We in-
stantiate ¢ using InfoNCE-style, L2-style, or Triplet-style
objectives, as detailed in Section@

Final Objective. While Lync leverages hybrid targets to
mitigate misalignment between h; and w,, , excessive noise
in test samples can still destabilize adaptation. To enhance
robustness, we integrate widely adopted techniques in the

TTA literature into the final objective. We adopt an entropy-
based filtering strategy inspired by prior works [[15} 23} 24]:

Sent = {2 € Drest | Lont(2;) < YENT], (10)

where g s a threshold filtering out high-entropy predic-
tions, and Lgnr is the entropy minimization loss:

K-1
Lent(zi) = = Y pjlogp;. amn
=0

To jointly incorporate entropy and alignment confidence,
we define a dynamic weight:

1 v
A = - ; 12
exp (Lent(wi) — Tent) 1+ ndig, (12

where d;3, denotes P-FCA distance, and 7gnt, v, 77 control
sensitivity to entropy and P-FCA. Combining entropy filter-
ing, NC-guided soft alignment loss, and adaptive weighting,
the final loss for each test sample is:

Liota(zi) = Ni - Lo e - (Lenr(@i) + Lnc(zs)), (13)

where I .y is an indicator function that evaluates to 1 if (-)
is true and O otherwise. This formulation jointly promotes
confident predictions and robust alignment between feature
embeddings and classifier weights, thereby improving ro-
bustness to domain shifts at test time.

S. Experiments

5.1. Experimental Setup

The proposed method is evaluated on five widely used
benchmarks: CIFAR-10/100-C [10]], ImageNet-C [10],
PACS [16] and Waterbirds [30]. Detailed descriptions of
these datasets provided in Appendix B.1 and experiment re-
sults on CIFAR-100-C are shown in Appendix C. NCTTA
is compared against a wide range of state-of-the-art TTA
baselines, including no_adapt (no adaptation), Tent [36],
BN_adapt [31], NOTE [8], MEMO [40], SAR [24],
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Table 1. Classification accuracy (%) on CIFAR-10-C and ImageNet-C under corruption severity level 5. The bold entries indicate the

highest performance for each corruption type, and the underlined entries indicate the next-highest performance.
CIFAR-10-C (ResNet50)

Mild Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. Contr. Elastic Pixel JPEG Avg.
no_adapt 33.69 40.07 35.74 53.11 49.86 67.04 56.85 73.89 62.59 64.66 89.00 43.57 74.37 41.96 74.43 |57.39
BN_adapt 62434002 64.331002 57.30400s | 84.484000 59461003 82.02:004 83.25:003 | 76.871001 74301001 79291000 87244002 [ 83.331002 71.721001 73.41li001 71.104002 | 74.03
Tent 64. 714003 66.971003 59.611001 | 84974003 60.961001 82481001 83.93:001| 77.78:001 75424000 80.001004 87.784001 | 83.541000 72.621005 74731001 72.32.:003|75.19
EATA 6243002 64.331002 57311008 | 84481000 59461003 82.0210014 83251002 | 76.88:001 7431001 79281000 87.2410.02 83331002 71.724001 734210010 71.131002 | 74.04
SAR 63.74,007 65.871006 58471002 | 84.704001 60.514002 82224002 83.624002 | 77.261005 74741002 79741002 87401001 |83.291000 72244003 74151000 71.8720.02 | 74.67
NOTE 55175003 60.131015 55.134006 | 74.531000 59431008 78.611001 75.724008 | 79-90:000 76465001 78.18:005 90.91:901| 70431001 76.1810.03 58.914012 75.834000 | 71.03
MEMO 52221000 58.09+000 51404000 | 73-17+0.00 5801000 76.50+0.01 74.614000 | 77.742000 7301000 7547000 90.27000 | 63891000 76.951001 55.864000 75.620.00 | 68.85
DeYO 67614007 70.155002 63.154015 | 85594000 62.98:003 83.09:013 84.571000 | 79-05:000 76.35:002 80.681003 88.174000 | 83.571000 74161004 76.45:002 74.13.:008 | 76.65
NCTTA (ours) | 70.94.01s 72881005 66-181050 | 86251011 64-69:05 83.88105 85-541043 | 80165005 77.73:00 81555008 88824010 | 8381015 75.541000 78571051 7592.04 78.16
ImageNet-C (ViT-B/16)
Mild Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. Contr. Elastic Pixel JPEG Avg.
no_adapt 34.93 33.67 36.41 32.38 2222 36.61 31.10 22.15 26.73 53.16 61.17 50.27 31.96 54.52 55.87 |38.88
Tent 51.931001 52.77+000 53.05:10.01 | 52.594003 45.534097 54.894001 48.074007 | 17.332057 19.792110 66341009 73.1920.16 | 65.0610.01 46.4411261 66.57 1005 64.53:0.01 | 51.87
EATA 55.72+001 56.941000 56.7610.03 | 57714002 55.814005 62.074000 60454001 | 64981048 63741001 71901001 76.711005 | 67811004 66.294000 72481001 69.25:0.00 | 63.91
SAR 51931001 52.90:1001 53.0610.00 | 52.664000 47.08:000 54.88.4005 48.424001 | 26.6011031 34871456 66281013 72.79+001 | 64.671000 50804055 66.40+000 64.36:0.00 | 53.97
NOTE 35.114000 33.86:1000 36.5810.00 | 3271000 22.394000 36924000 31.304000 | 22.331000 26.901000 53.141000 62251202 | 51181000 32044900 54.641000 55.95:0.00 | 3915
MEMO 43-7810(10 43251&101 45483i”“” 32-90i(]0f‘ 28446:“”1 45'67i0”7 38-25i(]|2 30'08:0(7() 34'63i01r» 54~80i“2“ 69499i”f§7 56~43iUHi 34-47i(]01 62-56il]0f‘ 59461:[\(“ 4538
DeYO 55684001 56.921002 56424003 | 57854001 55.711033 62.68:0.10 46.531033| 66.42:001 65461001 72451003 78.3840.01 [66.521005 67481004 73.63:000 70.18-001 | 63.49
NCTTA (ours) | 57.58.005 59.03.025 58.98.(16|60.14.00s 58.90. (35 65.14. 001 63.21.019 | 68.73. 029 67.80.002 7424015 78.75.015|69.19015 69.25. 015 74.57 1006 71.39.001 66.46

Table 2. Waterbirds average and worst-group accuracy (%) on the

target domain. Bold = best, underline = second-best.

Method \ Avg. Acc  Worst-group Acc
no_adapt 92.14 70.87
BN_adapt 91.2040.00 61.7840.02
Tent 91.66+0.00 63.50+0.91
EATA 91.5310.01 63.1410.34
SAR 91.2710.00  62.10L0.23
NOTE 90.2240.03  41.1240.44
MEMO 92.47+0.01 64.69+0.16
DeYO 92~90i0.07 75.65i2,20
NCTTA (ours) | 93.1310.00 76.560.05

@ InfoNCE
|L2

@ Triplet

=+ no_adapt

Avg. Acc.
o
a

CIFAR-10-C ImageNet-C

1.0
(b) vand k
Figure 6. Ablation of Lnc, o and k. (a) Lnc is instantiated with
three variants: InfoNCE-style, L2-style, and Triplet-style. (b) Sen-
sitivity analysis of o and k, evaluated on ImageNet-C under the
Contrast corruption at severity level 5.

(@) Lne

EATA [23] and DeYO [15]]. Furthermore, we provide the
results of EATA-C [34], SAR? [25], COME [41]], and Ada-
DEM |[21]] on CIFAR-10/100-C and ImageNet-C in the Ap-
pendix for completeness. Detailed descriptions of these
baselines, along with their hyperparameter configurations,
are provided in Appendix B.2. The backbone used in the
experiments are ResNet50 [9]] for CIFAR-10/100-C, Water-
Birds and PACS, and ViT-B/16 [4] for ImageNet-C. Exper-
iments are conducted on the TTAB [43]] benchmark, with
algorithmic parameters set to their default values unless oth-
erwise specified.

We designed our experiments to answer the following
questions: RQ1: How does NCTTA perform in compari-
son to baseline methods across various scenarios, including
biased and wild scenarios that resemble real-world situa-
tions? RQ2: How to select the specific form of Lyc? And
is the proposed NCTTA effective? RQ3: What role does
the NCTTA play?

5.2. Main Results

To thoroughly evaluate the effectiveness of NCTTA, three
challenging experimental setups are designed: 1) Mild Sce-
nario: Each test batch consists of samples from a single
corruption type or domain, simulating stable domain shifts.
2) Small Batch Size: The model processes one test sam-
ple per iteration, testing the adaptability of TTA methods
under extreme resource constraints. 3) Continual Test-
Time Adaptation (CTTA): The test data undergoes contin-
ual shifts across multiple domains, presenting a dynamic
and evolving distribution. These setups are designed to
assess NCTTA’s robustness and generalization capabilities
under diverse and realistic conditions. The concrete imple-
mentation of NCTTA will be detailed in Section 531 We
adopt Eq.[T4]as the default instantiation of Lyc.

In the mild shift scenario, where test samples are cor-
rupted but drawn from a single domain (Table[I] Table[3]and
Table [2), NCTTA consistently outperforms prior methods
across all benchmarks. On CIFAR-10-C and ImageNet-C,
NCTTA achieves the highest average accuracy, ranking first
on nearly all corruption types. Similar gains are observed
on PACS and Waterbirds, where NCTTA handles spurious
correlations and domain shifts more effectively than ex-
isting methods. These results demonstrate the benefit of
our feature-classifier alignment under domain shifts. More-
over, under certain corruptions, such as Snow and Frost on
ImageNet-C, Tent performs even worse than no_adapt. In

10572



Table 3. Classification accuracy (%) on PACS. The bold entries indicate the highest performance for each corruption type, and the
underlined entries indicate the next-highest performance.

Source Art Photo Cartoon Avg.
Target Cartoon Photo Sketch Cartoon Art Sketch Art Photo Sketch
no_adapt 65.61 97.66 57.32 39.55 73.24 43.93 75.63 90.48 7223 | 6841
BN_adapt 74.67+0.03 96.85+0.02 69.32+0.16 | 64391001 77171011 45.8510.00 | 82.13710.03 94.69+0.14  73.0540.09 | 75.35
Tent 75075000 96931000 71524008 | 65094011 77.394021 48801007 | 83.11s0.00 94.894006 75001008 | 7643
EATA 74701003 96851002 69.01:002 | 64324000 77222014 45582000 | 82.132003 94694014 73.054005 | 75.28
SAR 74941003 96851002 69384005 | 64.51b00s T73leo2 4585008 | 82371003 948ligio 73.63i0.1s | 7552
NOTE 70724016 97.6810.00 65471014 | 479540006 75131007 50231014 | 79701001 93334006 76171007 | 72.93
MEMO 69.5110.00 98.0010.00 61.3710.01 | 45421002 74.670.02 44284000 | 80.16+10.02  93.8710.01 74441000 | 71.30
DeYO 76.82:027 96951000 70751010 | 66771000 77742000 4631i015 | 8430011 95071005 75291000 | 76.67
NCTTA (ours) | 77215090 9800060 71681000 70941000 77.781025 46174000 | 8480i000 944ligss 75262000 | 77.36
contrast, NCTTA can mitigate the shortcomings of the LNt rL2 ( H wWj
. . ; . Ne (@)
loss simply by incorporating Lnc, without the need for ad- |T| Ih; ||2 llwjl|2 9
ditional augmentations or carefully designs. 1 (15)
. . . . wj
In the wild shift scenario, where test domains change \T| H I, H H JH
continually (Table [5) or the batch size is restricted to 2 illzlla”
1 (Table [6), NCTTA demonstrates robust and consistent
performance, showcasing its ability to handle challenging E;réplet(xi) — max( H Wy
real-world conditions. Specifically, in the CTTA setting, |T‘ [h; ||2 llwjllz []
NCTTA achieves an impressive accuracy of 71.32%, signif- w.
icantly surpassing all other methods, which underscores its — min H W — T ]|| + Tmargin),
: . . . . idT ; W,
effectiveness in adapting to continuously evolving test do- i¢ ill2 Jl12 2
mains. Furthermore, in the batch size 1 setting, a scenario where (-, ) denotes the similarity measure, instantiated as

that limits the availability of test samples and poses a severe
challenge for most methods, NCTTA attains an accuracy of
59.55%, outperforming Tent by more than 10.36%. This
substantial margin highlights the superiority of NCTTA in
scenarios with limited batch sizes, where efficient and reli-
able adaptation is critical. Overall, these findings affirm the
stability, adaptability, and scalability of NCTTA across di-
verse and dynamically shifting test-time conditions, making
it a robust solution for real-world deployment.

Table 4. Ablation study of the proposed components. The table re-
ports average classification accuracy (%) across the 15 corruption
types of CIFAR-10-C and ImageNet-C at severity level 5. Bold
numbers denote the best performance.

Lent Lne Sent A CIFAR-10-C ImageNet—C
(1)Tent v 75.19 51.13
(2)SAR v v 74.81 52.27
3) v 75.31 53.17
@) a; 74.95 51.39
5) v v 76.25 54.84
(6) 4 v v 75.64 57.34
e oo 76.87 53.97
(€)) v v v 76.55 53.20
ONCTTAGurs) ¢ « 78.10 66.50

5.3. Ablation Studies

In this work, we instantiate three variants of Lyc, InfoNCE-
style, L2-style, and Triplet-style, defined as:

::—
3l
=
~
N—

ﬁ ZjeT exp(( J
Pyine eXP<<u Bz Huljufuﬁ)

EInfoNCE( z) — _ log

cosine similarity in our experiments. Tmargin 1S the mar-
gin hyperparameter, which we set to 1.0. We evaluate the
three formulations on the 15 corruption types of CIFAR-
10-C and ImageNet-C, setting k£ = 1 for each. As shown in
Figure [6{(a), all variants consistently improve performance
by alleviating sample-wise misalignment, underscoring the
importance of realigning feature embeddings and the corre-
sponding classifier weights. Among them, the InfoNCE-
style loss delivers the most stable and substantial gains.
Therefore, we adopt it as the default instantiation of Lnc
in all subsequent experiments.

Table 5. Classification accuracy (%) on ImageNet-C under the
CTTA scenario across severity levels 1 to 5. The bold entries in-
dicate the highest performance for each corruption type, and the
underlined entries indicate the next-highest performance.

CTTA | Levell Level2 Level3 Level4 Level5 | Avg.
no_adapt 70.78 63.65 58.85 50.44 38.82 56.51
Tent 76.01 71.47 68.42 62.27 53.17 66.27
EATA 77.85 74.13 71.35 66.20 58.65 69.64
SAR 75.68 71.09 67.90 61.91 53.53 66.02
NOTE 63.82 63.68 58.83 50.61 39.18 55.22
MEMO 74.41 69.32 65.05 56.93 45.55 62.25
DeYO 7840 7449 7175 6628 5788 | 69.76
NCTTA (ours) 78.82 75.44 72.84 68.15 61.11 71.27

To assess the efficacy of the proposed hybrid targets and
the sensitivity of NCTTA to their associated parameters «
and k, we conduct a controlled study summarized in Fig-
ure [§(b). Properly tuning o and k yields superior perfor-
mance compared to the degenerate setting that solely con-
strains the P-FCA distance (i.e., « = 1.0, ¥ = 1). This
result indicates that hybrid targets effectively mitigate the
unreliability of pseudo-labels caused by sample-wise mis-
alignment in adaptation.
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Table 6. Classification accuracy (%) on ImageNet-C under the batch size = 1 scenario across severity level 5. The bold entries indicate the
highest performance for each corruption type, and the underlined entries indicate the next-highest performance.

batch size=1| Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. Elastic Pixel JPEG Avg.
no_adapt 3493 33.67 36.41 32.38 2222 36.61 31.10 22.15 26.73 53.16 61.17 31.96 54.52 55.87 |38.88
Tent 47154067 46401103 47511002 |45.192100 34.01036 47571083 39.524022|37.294450 40.034921 58971005 69431065 | 60.614006 39.88.4019 62.761000 61491025 |49.19
EATA 48.56.40.16 48.171098 49.62.1009 | 48171050 39.101084 51344035 44.371144|45.010001 46.001308 64.841011 72591050 | 61.45:043 47.654365 63.971155 64.031012|52.99
SAR 40324000 39.79:041 42774108 | 38. 731008 27.732008 45134021 36.851036(30.864335 36.041093 58.064014 68.431042 [56.47 1044 37164197 63.3411933 60.954 43|45.51
NOTE 35.25:016 33.561006 36.13.40s5 | 32.531020 22424025 36.824010 30914949 | 22471001 27.084045 53.434002 61414029 | 50.1540335 31.874045 54.39:010 55834121 |38.95
MEMO 37314031 35194040 39.0410.01 | 32.132027 22.57+040 38.444016 31.814000|23.78+026 28.87+000 52914002 62.271006 | 52.3010.06 31.96+023 54.77+006 56.27+0.2s | 39.97
DeYO 50.724048 50.584013 52451154 | 5147043 42.754750 54.104007 45914025 | 52.73 1008 51.844100 66.364016 73.104000 | 62424050 52.114151 66.141005 64.124055 | 55.79
NCTTA (ours) | 52.32.015 53.03.033 55.01.006 | 53.09.024 48.53.001 57.505097 53.35.016|59.64.017 56.79.012 69.83.071 75.59. 061 65.09. 035 57.5510235 70.34.055 67.70.0235 59.69

Table[dreports ablations on CIFAR-10-C and ImageNet-
C at severity level 5. Introducing Lnc substantially im-
proves robustness and complements the widely used en-
tropy regularization Lgnt. The full NCTTA configuration
outperforms all partial variants, highlighting the synergistic
effect of each component in strengthening feature-classifier
alignment and increasing resilience to severe corruptions.

5.4. Role of NCTTA

To empirically validate the effectiveness of NCTTA, we
systematically computed the average G-FCA distance Jiyi
for each TTA batch and compared the results against base-
line methods SAR and Tent. As illustrated in Figure [7}
NCTTA consistently achieves lower d;,, values compared
to the baseline approaches across both CIFAR-10-C and
ImageNet-C under Gaussian noise with severity level 5.
This indicates that NCTTA effectively mitigates feature-
classifier misalignment, thereby enhancing the model’s ro-
bustness to severe domain shifts.

Gaussian Noise at Severity Level 5

—— Tent
—— SAR
NCTTA

0 100 200 300 400 500 600 700 800
Time Step

Figure 7. Comparison of G-FCA distance under Gaussian
noise (ImageNet-C, ViT-B/16). The plot compares d;,, for
Tent, SAR and NCTTA on ImageNet-C under Gaussian noise
with severity level 5. The results show that NCTTA consistently
achieves lower d,,, compared to Tent and SAR, demonstrating bet-
ter feature-classifier alignment and enhanced robustness.
Furthermore, t-SNE visualizations [35]] presented in Fig-

ure [§] substantiate these quantitative findings. The fea-
ture embeddings processed with NCTTA form more dis-
tinct and well-separated clusters compared to those ob-
tained using Tent. This enhanced clustering demonstrates
NCTTA’s superior capability in maintaining discriminative
feature spaces, which is crucial for accurate classification in
OOD scenarios. Collectively, these results underscore that
NCTTA not only improves feature-classifier alignment but
also effectively distinguishes features under various distri-
butional shifts, reinforcing the method’s robustness.

;Tent
| Gaussian Nois

| NCTTA [
| Gaussian Nois

(a) Tent (b) NCTTA
Figure 8. t-SNE comparison under Gaussian noise. The figure
compares t-SNE visualizations of feature representations for Tent
and NCTTA on CIFAR-10-C under Gaussian noise with severity
level 5. NCTTA forms more distinct and well-separated clusters
compared to Tent, enhancing the model’s discriminative power un-
der severe corruption.

6. Conclusion and Limitation

In this work, we bridge NC theory and TTA by extending
NC3 to the sample-wise regime, formulating NC3+. We
theoretically and empirically show that, during the TPT,
each sample’s feature embedding converges toward its cor-
responding classifier weight, and we reveal that domain
shifts primarily harm performance by inducing sample-
wise misalignment. Building on these insights, we propose
NCTTA, an NC-guided adaptation framework that realigns
feature embeddings to classifier weights using hybrid tar-
gets blending geometric proximity (FCA distance) and pre-
dictive confidence.

NCTTA consistently improves robustness —across
CIFAR-10-C/100-C, ImageNet-C, PACS, and Waterbirds,
including challenging settings such as CTTA and batch size
= 1, demonstrating strong generality and stability. Notably,
NCTTA yielded significant improvements in the G-FCA
distance d;,,, alongside enhanced feature clustering, as
shown in t-SNE visualizations. Our work leaves several as-
pects unexplored. Specifically, further research is required
to harness the potential of NC properties for computing
or learning class prototypes in mini-batch TTA settings.
Exploring the applicability of NC in vision-language
models (VLMs) [3} [11} [14, 27, [32, 42] also remains an
open direction for future investigation. This work provides
a new perspective for advancing both the theoretical
understanding and practical development of TTA methods.
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