Neural Collapse in Test-Time Adaptation

Supplementary Material

A. Details about Neural Collapse
A.1. Additional Neural Collapse Properties

In Section 3.2, we presented the mathematical formalization
of NC3. In this appendix, we offer a concise yet compre-
hensive overview of the remaining three hallmark phenom-
ena that collectively manifest in deep classifiers during the
TPT. We begin by introducing the necessary notation and
terminology, proceed with a detailed explanation of each
NC property, and conclude by elucidating their intrinsic in-
terconnections.

Notation. Let h¢ € R” be the feature embedding of the
i-th sample in class c. We define the class mean and global
mean as

K
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where n. is the number of samples in class ¢ and K is the
total number of classes. The within-class covariance matrix
is
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Empirically, as the training loss approaches zero, the fol-
lowing four properties arise in concert.

Variability Collapse (NC1).
scatter vanishes, so that

All within-class feature

Sw — 0. 3)

In other words, features from the same class concentrate
precisely at their class mean.

Simplex Equiangular Tight Frame (NC2). After center-
ing, the class means become equidistant and maximally sep-
arated, forming a regular simplex:
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where fic = p. — pg and 6. is the Kronecker delta.
This configuration maximizes the pairwise angular separa-
tion between class centroids.

Convergence to Self-Duality (NC3). Remarkably, the
learned classifier weights {w.}X , and the class means
{uc}E | align up to a global rotation and scaling, see Sec-
tion 3.2 for details.

Simplification to Nearest Class-Center (NC4). As a
consequence of NCI1-NC3, the softmax decision rule re-
duces to a nearest-centroid classifier in feature space:

(6)

arg max(we, h;) — arg mithi — Hc/f )
c’ c’

Thus, inference is geometrically interpretable as assigning
each feature to its closest class mean.

Interplay of NC Phenomena. These properties collec-
tively describe a systematic progression during training: 1)
the intra-class variability collapses, leading to tightly clus-
tered feature representations for each class (NC1); 2) the
class means organize into the vertices of a maximally sym-
metric simplex (NC2); 3) the classifier weights align with
these simplex vertices, mirroring their geometric structure
(NC3); and 4) the network’s decision rule simplifies to a
nearest-center classification scheme (NC4).

This unified framework provides a compelling explana-
tion for why, in the overparameterized regime, deep classi-
fiers converge to solutions that are not only highly symmet-
ric but also remarkably simple, despite the inherent com-
plexity of the training process.

A.2. Empirical validation of NC3+

In Section 3.2, we propose Sample-wise Alignment Col-
lapse (NC3+), with a theoretical proof provided in Ap-
pendix A.3. Experiments are conducted on CIFAR-10,
CIFAR-100, and ImageNet100. The backbones for CIFAR-
10 and CIFAR-100 are ResNet50 and ViT-S/16, while the
backbones for ImageNet100 are ResNet50 and ViT-B/16.
All models are trained for 200 epochs, and for each epoch,
we compute:
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and plot the line charts accordingly, as shown in Figure[I}



Table 1. Comparisons with baselines on CIFAR-10-C at
performing result and the underline is the second-best.

severity level 5

regarding accuracy (%). The bold value signifies the top-

Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. Contr. Elastic Pixel JPEG | Avg.
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EATA 62.43.4002 64331002 57.314008 | 84481000 59464005 82.024004 83.251002 | 76.884001 74311001 79.284000 87241002 |83.332002 71724001 7342400 71.134902 | 74.04
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EATA-C 6243017 64.331019 57.304035 | 84.48. 001 59.46.021 82.021025 83.251090 | 76.88.012 74.301013 7928006 87.241019 [ 83.331018 71.720015 7341004 71104015 | 74.04
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COME 62.804092 65.014001 57.854022 | 84.68.4011 59951017 82.17401s 83.494012 | 77171007 74.671013 79.534000 87.3840.17 | 83.554013 71.904015 73.89.4017 71.504019 | 74.37
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Table 2. Comparisons with baselines on CIFAR-100-C at
performing result and the underline is the second-best.

severity level 5 regarding accuracy (%). The

bold value signifies the top-

Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. Contr. Elastic Pixel JPEG | Avg.
no_adapt 10.06 11.67 6.67 31.87 17.52 37.58 36.61 39.01 27.27 29.71 60.98 16.87 41.92 19.26 41.79 28.59
BN_adapt 32184001 32984001 28951005 | 59.254008 35.051005 56.45:008 59451001 |46.861005 46.121007 49.091009 62.414000 | 58.321005 45.864001 47841001 40.731007 | 46.77
Tent 33.39:4003 34174011 29801006 | 59.98.4009 36.041005 57.061013 60.051003 |47.541002 46.731001 50.041019 62.934000 | 58.61002 46.484002 49.091003 41.81:0.11 | 47.58
EATA 34.614013 35724021 30.824004 | 60.094004 36311005 57.004005 60.104003 | 47.841005 47.061005 50.841020 62.904001 | 58.5510.05 46.654005 50.191005 42.75:0.14 | 48.10
SAR 33.641006 34.604011 29.771021|59.824006 36361003 56.961008 60.004001 (47431001 46.68.4003 49991014 62.7710.03 | 58.521003 46.5T 1001 49.144000 41.8510.10 | 47.61
NOTE 23444005 25801003 22.00100s | 46.7040.06 29.171006 49.871007 51.8240.02 | 48544002 44.091021 44.78.011 66.131002 | 35.031005 46.811003 34.701007 44.46.0,05 | 40.89
MEMO 18.6010.00 21.304000 16.4710.01|44.624000 26131001 46.671000 50.27.001 |45.8010.01 40.45.4000 40.092001 64.7040.00 | 27422001 46.041000 32.244001 44591001 37.69
EATA-C 3248017 33.2610.16 29.134035 | 59.5540036 35294032 56.64.036 59.7210.13 |47.10020 46384030 49.311047 62.7010.14 | 58.520.16 46.15401s 48.29.011 41.13.5 | 47.04
SAR? 34.041025 34.841043 30.301024 | 60.004021 36471025 57.05:1051 60.051007 | 475840158 46.801011 50.231046 62.8640.13 | 58541020 46.621014 49.351006 42.15:045 | 47.79
AdaDEM 33.05:020 33.741029 29.604027 | 59. 714035 35.751032 56.891049 59914013 |47.2440035 46571031 49.731056 62.72.4023 | 58.53 4000 46.304010 48.714091 41.48.0.49|47.33
COME 32571090 33350016 29284007 | 59641040 35351005 56775037 59724008 | 47235005 4643105 49404040 62.65:010 | 58.60.091 46.024015 48.374015 41174040 | 47.10
DeYO 36921007 38444001 32.4640.03 | 60.8140.03 37.8940.00 57.751003 60.6810.01 [48.6510.06 47-8810.01 51.8210.08 63.2910.04 | 59192000 47.6110.04 51731000 44.32:0.10 | 49.30
NCTTA (ours) 38.22.45 40.05.43 33.35.040|61.20.0,5 38.43. 095 58.17. 043 61.09.(12> 49.52.029 48.69.029 52.79.030 63.76.4027 (5917014 47851005 52.94.14 45.46.;|50.05
A.3. Proof of NC3+ During the TPT, p;,, < 1, so
We extend the NC framework by introducing Sample-wise OLcE <0 OLcr 0(i
Alignment Collapse (NC3+), which asserts that, in the TPT, 0z, = piy;, — 1 <, D2 = Pij > (J # yi)

i

each feature embedding h; and its corresponding classifier
weight w,,, become asymptotically co-linear. Empirical ev-
idence (Section 3.2) shows that d;; satisfies d;,,, — 0 and
di;j (j # y;) remains essentially constant. We now present
a concise derivation, preserving the original gradient argu-
ment.

Cross-Entropy Setup. For a given sample (z;,y;), the
per-sample cross-entropy loss is defined as:

Lce(xi,yi) = —1og piy,, 9
where p;; = % and z;; = wjh;.
Logit Gradients. By the chain rule,
OLce _ OLew Opij _ Jpij —1, 7=y (10)
0zi; Opij 9zij | pijs J # vi-

an
Gradient descent thus increases target logit z;,, and sup-
presses z;; for j # v;.

Angle and Distance Reduction. We begin by expressing
the logit as
zi; = |l [Jw; ]2 cos avj, (12)
where h >
iy Wy
COSQjj = ——
Y g2 flwgllz

denotes the cosine of the angle between h; and w;.

Our empirical results (Figure 2) show that the growth
of the ground-truth logit z;,, during training is predomi-
nantly attributed to increased alignment, i.e., an increase in
cos vy, . For example, when training ResNet-50 on CIFAR-
10, z;,, increases by a factor of 37.3x, which is mainly
driven by a 32.3 x increase in alignment cos oy, while the
norm product ||h;||2[|wy, [|2 grows by only 1.2x.




Table 3. Comparisons with baselines on ImageNet-C at severity level 5 regarding accuracy (%). The bold value signifies the top-performing
result and the underline is the second-best.

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 51931001 52771000 53.054+001 | 52.59+0.03 45531097 54.89+0.01 48.07+4007| 17.332087 1979110 66.341000 73.1940.16 | 65.061001 464411261 66.5T 4003 64.53:001 | 51.87
EATA 55.724001 56.941000 56.7640.03 | 57714002 55814005 62.074000 60451001 | 64.981048 637410010 71901001 76.711005 | 67.811004 66291000 72481001 69.25:0.00 | 63.91
SAR 51.93:001 52.901001 53.0610.00 | 52.66.4000 47.08:000 54.88.4005 48.424001 |26.6011031 34.871456 66281013 72.79+001|64.671000 50801055 66.401000 64.36:0.00 | 53.97
NOTE 35.114000 33.861000 36.5810.00 | 3271000 22.394000 36924000 31.304000 | 22.332000 26.901000 53.141000 62251202 | 51181000 32044900 54.641000 55.95:0.00 | 3915
MEMO 43-78i0(10 43'25iUU| 45483i”“” 32-90i(]0f‘ 28446:“(” 45'67i0”7 38-25i(]|2 30'08:0(]0 34'63i01r) 54~80i“3“ 69499i”f§7 56'43i(]|“ 34-47i(]01 62-56il]0f¢ 59461:[)(“ 4538
SAR? 52154019 53154007 53.2840.05 | 53.0840.08 47.352038 55191018 48.841020 | 26934449 33.61uys5 66.531032 72.974009 | 65.071004 50.554131 66534006 64.6010,03 | 53.99
AdaDEM 50294007 50.961004 51.541005 | 50.204005 43.801010 52.71i005 47.221012| 43.102073 40.744024 64471019 71.554010 [ 63.311000 48.91i0s1 62.664007 61.41.028(53.53
COME 52654008 53854007 53934011 | 54904005 48452001 57.814003 51.824007 | 60.01u016 58.841915 70.061019 77.324006 | 66.741006 54.971053 70304006 67.1940.05 | 59.92
DCYO 55'68i0[7] 56'92i1102 56442i”“‘1 57-85i(]01 5571: 33 62'68i0]0 46-53i(].58 66'42:0(]] 65'46t0(7] 72'45i“015 78438i””1 66'52i(]05 67-48i(]0| 73-63i(]0(] 70418:“(]] 6349
NCTTA (ours) | 57.58.0.05 59.03.4023 58.98.0.16|60.141 901 5890055 65.14.001 63211019 | 68.73:029 67.80. 000 74.24.0.16 78.7510.15 ] 69191015 6925016 74.571006 71.39:001 66.46
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Figure 1. Supplementary Validation of Sample-wise Alignment
Collapse (NC3+). This figure provides additional evidence sup-
porting the NC3+ property by showing the behavior of FCA dis-
tances d;y; and d;j,j # vy during training. Results are evalu-
ated on CIFAR-10, CIFAR-100, and ImageNet-100 using differ-
ent backbones (ResNet50 and ViT). These supplementary results
further confirm the convergence of d;,, to zero during the TPT.

Therefore, the increase of z;,, is primarily associated
with an increase in cos ¢y, , implying a decrease in the an-
gle a;,,. Consequently, the normalized feature—classifier
distance satisfies

h; Wy,
di .= Tt Yi
. H||hi|2 lwy, ll2 |
y_, (hiw,) (13)
[[hifl2 [|wy, |2

= /2 —2cosa;y, — 0.

In contrast, d;; for j # y; does not exhibit the same
systematic decrease. Over repeated optimization steps, this

Figure 2. Growth dynamics of the ground-truth logit dur-
ing training. We decompose the growth of the ground-truth
logit z;,, into the alignment term cos vy, and the norm product
|| |2||wy, ||2. Empirically, the increase of z;y, is predominantly
driven by improved alignment rather than norm growth.

mechanism drives a sample-wise collapse of h; toward its
corresponding classifier weight w,,, thereby establishing
NC3+.

B. Details of Datasets, Baselines and Hyperpa-
rameters

B.1. Datasets and Licenses

In this paper, we primarily evaluate the performance of all
methods on OOD data using widely recognized and large-
scale benchmarks, including CIFAR-10-C, CIFAR-100-C,
ImageNet-C, Waterbirds, and PACS. These datasets are
well-established for assessing model robustness under do-
main shifts and cover diverse types of domain corruptions,
spurious correlations, and domain generalization tasks. Be-
low, we provide an overview of each dataset.

CIFAR-10-C, CIFAR-100-C, and ImageNet-C.
CIFAR-10-C, CIFAR-100-C, and ImageNet-C are OOD
evaluation datasets derived from their respective base
datasets—CIFAR-10, CIFAR-100, and ImageNet—by
applying systematic corruptions. These datasets include
15 distinct corruption types, such as Gaussian noise, shot
noise, impulse noise, defocus blur, glass blur, motion blur,
zoom blur, snow, frost, fog, brightness, contrast, elastic
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Figure 3. Illustration of ImageNet-C under five levels of sever-
ity. The dataset showcases 15 types of algorithmically generated
corruptions across four categories: noise, blur, weather, and dig-
ital. Each corruption type is illustrated at five increasing levels
of severity, demonstrating the progressive impact of these corrup-
tions.

transformation, pixelation, and JPEG compression. Each
corruption type is further categorized into five severity lev-
els, with higher levels representing more extreme domain
shifts. An example of these corruptions is illustrated in
Figure[3] These datasets serve as a standard benchmark for
evaluating model robustness to common corruptions and
noise.

Waterbirds. The Waterbirds dataset is designed to as-
sess robustness to spurious correlations. It is constructed
by combining images from the CUB dataset (a fine-grained
bird classification dataset) and background scenes from the
Places dataset. Specifically, bird species are overlaid onto
either water or land backgrounds, creating spurious correla-
tions between the bird class and the background type. For
example, most “waterbird” images are paired with water
backgrounds, while most “landbird” images are paired with
land backgrounds. The test set, however, includes examples
where these spurious correlations do not hold, making it a
challenging benchmark for evaluating a model’s ability to
generalize beyond such biases.

PACS. PACS is a domain generalization benchmark con-
sisting of images from four distinct domains: Paintings,
Artistic images, Cartoons, and Sketches. It contains seven
object categories common across all domains, such as
“dog,” “guitar,” and “person.” Each domain exhibits unique
visual characteristics, with substantial domain shifts be-
tween them. The primary task involves training on three
domains and testing on the held-out domain, assessing a
model’s ability to generalize to unseen domain shifts. PACS
is widely used to evaluate domain generalization methods
due to its diverse and realistic domain variations.

Source code. We use the implementation of existing base-
line methods for reporting their results in this paper, con-
ducted on the TTAB benchmark. Source code used in this
paper is under the MIT License.

B.2. Baselines

In this section, we provide an overview of the baseline
methods evaluated in our study. All experiments are con-
ducted on the TTAB benchmark, with algorithmic parame-
ters set to their default values unless otherwise specified.
no_adapt refers to directly using a pre-trained model for
inference on the test data without any adaptation. The accu-
racy is calculated based on this straightforward approach.

BN_adapt proposes replacing the Batch Normalization
(BN) layer statistics, such as mean and variance, with the
statistics computed from the current test batch, which is re-
ferred to as Target Batch Normalization (TBN).

Tent introduces entropy minimization as a self-
supervised loss for TTA. By minimizing the entropy of the
predictions, the model is encouraged to adapt to the target
domain effectively.

EATA addresses the issue of noisy gradients caused by
high-entropy samples. To mitigate this, it introduces an
entropy-based filtering mechanism and a weighting strat-
egy. In our experiments, the entropy filtering threshold Ej
is set to math.log(K) x 0.4, where K is the number of



Table 4. Ablation study of proposed components on CIFAR-10-C. Average classification accuracy (%) under corruption severity level 5.

The bold entries indicate the highest performance.

Lent Lnc Sent X | Gauss. Shot Impul. Defoc. | Glass Motion Zoom Snow | Frost Fog Brit. Contr. | Elastic Pixel JPEG | Avg.
(1) Tent v 64.88 6691 59.60 84.89 |61.19 8242 83.77 77.67|75.43 80.27 87.67 83.63 | 72.72 74.62 72.18 |75.19
(2) SAR v v 64.32 6629 5893 84.71 | 60.68 82.28 83.54 77.21 7477 79.93 87.34 83.51 | 72.39 7424 71.95|74.81
3) v 65.07 67.18 59.88 8498 |61.19 8255 8371 77.86|75.60 80.29 87.64 83.93 | 72.78 74.74 72.19 | 75.31
4) v v 64.16 66.40 5931 84.89 | 60.87 8241 83.61 77.46|75.08 80.08 87.51 83.63 | 7249 7436 72.00 | 74.95
Q) v v 67.05 69.23 62.09 8553 | 6239 8293 84.33 78.54|76.19 80.68 88.14 84.00 | 73.75 75.60 73.29 | 76.25
©6) v v v 65.69 68.10 60.68 85.13 | 61.93 82.70 84.16 78.06|75.54 80.36 87.76 83.54 | 73.00 75.07 72.86 |75.64
7 v v /| 6797 7057 6344 8570 | 62.87 83.13 84.85 79.55|76.81 81.01 88.35 83.87 | 74.40 7645 74.12 |76.87
8) v v /| 6800 70.10 62.73 85.57 |63.07 83.16 8470 78.85|75.81 80.70 87.95 83.41 | 74.12 76.24 73.85 | 76.55
(9) NCTTA (ours) v v v /| 7108 7253 6597 8620 |64.79 83.86 8584 80.42|77.55 81.59 88.69 83.79 | 7546 78.21 75.55 | 78.10

Table 5. Ablation study of proposed components on ImageNet-C. Average

The bold entries indicate the highest performance.

classification accuracy (%) under corruption severity level 5.

Lent Lnc Senr A | Gauss. Shot Impul. Defoc. | Glass Motion Zoom Snow | Frost Fog Brit. Contr. | Elastic Pixel JPEG | Avg.
(1) Tent v 51.80 5274 5294 5231 |45.14 54.86 47.52 13.68 | 18.86 66.22 73.20 64.99 | 41.40 66.72 64.60 | 51.13
(2) SAR v v 51.90 5286 5293 5292 |47.06 54.82 4846 18.32]19.88 66.60 72.70 64.95 | 49.75 66.47 64.41|52.27
3) v 47.44 47771 48.87 48.57 | 3848 50.97 4522 48.83 |48.55 64.47 7327 63.40 | 4525 64.02 62.44 | 53.17
4) v v 42.54 43.13 4546 46.59 |38.50 49.93 4476 48.01 [46.09 63.49 72.15 60.66 | 44.88 63.16 61.55|51.39
Q) v v 53.51 54.63 54.67 54.82 |48.74 57.72 51.10 24.18 |22.46 69.12 76.21 67.06 | 53.20 68.94 66.26 | 54.84
6) v v v 53.77 5494 5488 5549 |50.44 58.07 52.66 37.51|39.08 69.39 76.03 67.10 | 55.63 68.85 66.26 | 57.34
7 v vV /| 4416 4396 4654 48.92 |43.69 5271 4790 58.09 |50.07 65.72 74.07 53.63 | 51.81 66.19 62.16 | 53.97
8) v v /| 5135 3202 4518 57.72 |56.32 6252 3720 4.01 | 996 72.60 77.73 67.59 | 66.01 7291 69.85 |52.20
(9) NCTTA(ours) v v v /| 57.68 59.07 59.11 60.07 |59.27 65.17 63.01 68.61 | 67.65 74.46 78.79 69.50 | 69.36 74.52 71.30 | 66.50

classes in the dataset. The learning rate € is set to 0.05, and
the trade-off parameter 3 is set to 1/2000.

SAR investigates the impact of noisy gradients in more
challenging scenarios, such as small batch sizes and mixed
data distributions. Similar to EATA, the entropy threshold
Epissettomath.log(K) x 0.4. Additionally, the thresh-
old e, for the model recovery scheme is set to 0.2.

NOTE introduces Instance-Aware Batch Normalization
(IABN) to correct normalization for OOD samples. The
memory size is set to 64, with the following parameter con-
figurations: bn_momentum = 0.01, temperature = 1.0,
iabn_k =4, and threshold.note =1 (used to discard
adjustments based on the skip threshold).

MEMO improves model robustness by averaging proba-
bilities across multiple augmented views of the same input.
After adapting to each batch, the model is reset, making the
adaptation process episodic.

EATA-C extends EATA by replacing the naive entropy
minimization objective with a consistency-based uncer-
tainty reduction loss and a conditional min-max entropy
regularizer for confidence calibration, while retaining the
Fisher regularization to mitigate catastrophic forgetting.
The entropy threshold Ej is set to 0.4log K, and the co-
sine similarity threshold dj is set to 0.05 for redundant sam-
ple filtering. The stochastic depth ratio is set to 0.2. The
smoothing parameter p in the consistency loss is 0.5, and
the balancing coefficient « for the entropy regularizer is 0.1.

SAR? extends SAR by incorporating centroid-based fea-

ture regularization with a momentum-updated feature bank.
The entropy filtering threshold Ej is set to 0.4log K, and
the model recovery threshold e, is set to 0.2. A feature
redundancy loss weighted by « (set to 103) and a feature
inequity loss weighted by 3 (set to 50).

AdaDEM builds upon Tent by replacing the standard en-
tropy minimization loss with the proposed Decoupled En-
tropy Minimization objective. The marginal update coeffi-
cientissettom = 0.1.

COME replaces the conventional entropy loss with
Dirichlet entropy. In our implementation, we substitute
Tent’s Lgy with the COME loss, while keeping all other
components identical to Tent.

DeYO proposes a novel sample selection strategy called
Pseudo-Label Probability Difference (PLPD), which is
combined with entropy-based filtering to ensure higher-
quality sample selection. In our experiments, the entropy
threshold 7gy, the PLPD threshold 7p;pp, and Enty is set
to math.log(K) x 0.4, math.log(K) x 0.5, and 0.3,
respectively.

NCTTA (Ours) incorporates parameters <, k, Ygnt, TEnts
n and v. Specifically, n is set to 5.0, v to 1, and gy
and Tg, are consistent with prior methods, both set to
math.log(K) x 0.4. To align the gradient scales of Lgnt
and Lnc, the latter is multiplied by a factor of 5. « and k
are set to values that work well across all situations. Specif-
ically, « is fixed at 0.3, and k is set to 3 for CIFAR-10-C,
5 for CIFAR-100-C, 10 for ImageNet-C, 2 for PACS, and 1



for Waterbirds.

B.3. Hyperparameters

To ensure a fair comparison across all methods, we adopt
consistent experimental settings. Below, we detail the hy-
perparameters used for each dataset and scenario.

For CIFAR-10-C and CIFAR-100-C, we employ
ResNet50 with Batch Normalization as the backbone. The
learning rate is set to 1 x 1074, and the batch size is 64.

For ImageNet-C, we utilize the ViT-B/16 architecture as
the backbone. The learning rate is set to 1 x 1073, with a
batch size of 64. In scenarios with a batch size of 1, the
learning rate is scaled down by factors of 16 and 32 for
CIFAR-10-C/100-C and ImageNet-C, respectively, to en-
sure stable optimization.

For Waterbirds and PACS, ResNet50 is also used as the
backbone. The learning rate is configured as 2.5 x 1074,
and the batch size is 32.

For experiments on ImageNet-C with batch size = 1 and
for CTTA experiments, the domain sampling ratio is set to
0.1; for all other experiments, the domain sampling ratio is
set to 1. The random seeds are set to 2022, 2023, and 2024.
The reported results are the mean and variance over three
runs. For ablation studies, the random seed is set to 2022.

All experiments were conducted on a single NVIDIA
Tesla V100 GPU, using SGD as the optimizer. These pa-
rameter configurations are carefully selected to ensure con-
sistency and reliability across all experiments, facilitating a
robust comparison of the proposed and baseline methods.

C. Additional Experiments and Analysis

C.1. Comparing Experiments on CIFAR-100-C

Table [2| presents the classification accuracy of TTA meth-
ods on CIFAR-100-C under corruption severity level 5. As
CIFAR-100-C contains 100 classes, it provides a more chal-
lenging benchmark compared to CIFAR-10-C. Among all
methods, NCTTA achieves the highest average accuracy
of 50.15%, outperforming the second-best method, DeYO
(49.30%), and Tent (47.58%). These results demonstrate
the capability of NCTTA in maintaining robust performance
under severe domain shifts. Additionally, NCTTA consis-
tently outperforms other baselines across a variety of cor-
ruption types, such as Gaussian Noise (37.98%), Glass Blur
(38.50%), and Zoom Blur (61.16%), showcasing its supe-
rior adaptability.

Compared to DeYO, NCTTA achieves higher accuracy
on several challenging corruption types, including Frost
(48.82% vs. 47.88%) and Glass Blur (38.53% vs. 37.89%).
While DeYO performs competitively on some corruptions,
such as Defocus Blur (60.81%), NCTTA demonstrates a
stronger ability to generalize across all corruptions, deliver-
ing more consistent performance. Tent, a popular entropy-

minimization method, falls behind NCTTA in most sce-
narios, particularly under extreme noise conditions like
Gaussian Noise (33.39%) and Impulse Noise (29.80%),
where NCTTA provides significant improvements. Sim-
ilarly, methods like EATA and SAR, while incorporating
stability mechanisms, are unable to match the performance
of NCTTA, especially in scenarios requiring better feature-
classifier alignment.

Overall, the results highlight the robustness and gen-
eralization capabilities of NCTTA on CIFAR-100-C. The
method’s ability to maintain high accuracy across diverse
corruptions, combined with its feature-classifier alignment
strategy, ensures strong performance even in highly chal-
lenging scenarios. These findings solidify NCTTA as the
state-of-the-art approach for TTA on CIFAR-100-C, outper-
forming existing baselines by a clear margin.

C.2. Ablation Experiments

We conduct an ablation study to evaluate the contribution of
each component in NCTTA across three datasets: CIFAR-
10-C, CIFAR-100-C and ImageNet-C (Table @ The com-
ponents analyzed include the entropy minimization loss
(Lgnt), the alignment loss (Lnc), sample filtering (Sgnrt),
and weighting (). The full NCTTA model, which incorpo-
rates all these components, consistently achieves the highest
accuracy across all datasets, demonstrating the importance
of synergizing these mechanisms to enhance robustness un-
der domain shifts.

On ImageNet-C (Table ), ablation experiments demon-
strate the effectiveness of each component in NCTTA. The
full model achieves an average accuracy of 64.76%, high-
lighting the synergy between its design elements. The anal-
ysis also reveals that entropy loss, while beneficial in some
cases, can harm performance under certain corruptions. For
instance, as shown in Table [5] applying entropy loss alone
under the Snow and Frost corruption results in degraded
accuracy. In contrast, the alignment loss consistently en-
hances performance, including under Snow and Frost, by
preserving feature consistency and guiding the model to-
ward stable adaptation. This demonstrates that alignment
loss is more robust in scenarios where entropy minimiza-
tion may inadvertently weaken the model’s predictions.

The results confirm that the full NCTTA model, which
integrates all components, achieves the best performance
across all corruption types. This validates the importance
of alignment-based weighting and careful component inte-
gration in achieving state-of-the-art results for TTA.

In summary, the ablation experiments demonstrate that
all components of NCTTA—entropy minimization, align-
ment loss, sample filtering, and adaptive weighting—are es-
sential for achieving state-of-the-art performance. The syn-
ergy between these mechanisms ensures robust adaptation
under severe distributional shifts across datasets of varying



complexity.
C.3. Cost Analysis

Consistent with TTA protocols, our approach relies on
backpropagation for online optimization. As shown in
Table E], the computational overhead of the extra Lnc
term is negligible. NCTTA preserves Tent’s memory foot-
print while introducing negligible latency overhead (1.05x
slower).

Table 6. Efficiency Statistics on ImageNet-C (ViT-B/16) under
Brightness corruption severity level 5.

Metric Tent DeYO NCTTA (ours)
Avg. Backward Time (s) ] 0.242  0.238 0.242
Avg. Forward Time (s) | 0.190 0.384 0.192

GPU Memory (GiB) | 4.67 4.85 4.67
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