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ABSTRACT

Test-time adaptation paradigm provides flexibility towards domain shifts by per-
forming immediate adaptation on unlabeled target data from the source model.
Vision-Language Models (VLMs) leverage their generalization capabilities for
diverse downstream tasks, and test-time prompt tuning has emerged as a prominent
solution for adapting VLMs. In this work, we explore contrastive VLMs and
identify the modality gap caused by a single dominant feature dimension across
modalities. We observe that the dominant dimensions in both text and image
modalities exhibit high predictive sensitivity, and that constraining their influence
can improve calibration error. Building on this insight, we propose dimensional
entropy maximization that regularizes the distribution of textual features toward
uniformity to mitigate the dependency of dominant dimensions. Our method allevi-
ates the degradation of calibration performance in test-time prompt tuning, offering
a simple yet effective solution to enhance the reliability of VLMs in real-world
deployment scenarios.

1 INTRODUCTION

Foundation models provide generalized performance through massive data (Rombach et al.| 2022
Oquab et al.| 2023} [Kirillov et al.} [2023)); among them, Vision Language Models (VLMs) such as
CLIP (Radford et al.l 2021) are applied to diverse downstream tasks (Zhang et al., 2021} |Goyal
et al.| 2023). Based on the observation that the zero-shot performance of VLMs varies considerably
depending on prompt configuration, prompt tuning methods have been proposed to optimize the
prompt and determine more appropriate ones for the target task (Zhou et al.,[2022bga). Prompt tuning-
based approaches are applied across various areas, including continual learning (Wang et al., 2022djc),
test-time adaptation (Niu et al., 2024; Zhang et al., 2024c), and visual recognition tasks (Zhou et al.,
2023; He et al., 2023), which utilize pretrained models.

Furthermore, Test-time Prompt Tuning (TPT) extends its applica- 048 -
bility to unlabeled settings by adapting prompts online (Shu et al., - @@
2022). Although TPT effectively improves predictive accuracy, it h
simultaneously induces overconfidence due to its reliance on pre- N

diction entropy minimization as the objective function. Recent stud- & PN

ies (Zhang et al., 2024b; |Han et al., 2025)) attempt to mitigate the @ ) v@{:@ a
degradation in model calibration performance caused by entropy o
minimization and improve practical applicability. Notably, cali- o
bration methods in test-time adaptation for VLMs are based on Calibration error [ECE (%)]
empirical observations. While increasing text feature diversity ef- Figure 1: Correlation between
fectively improves calibration (Yoon et al.,[2024; |Sharifdeen et al., text diversity and calibration
2025)); however diversity-based approaches suffers from a lack of error.

understanding regarding its underlying mechanism.
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The correlation between average text feature dispersion (ATFD) and expected calibration error
(ECE) (Naeini et al., 2015) has been demonstrated through various experiments (Yoon et al., [2024).
Nevertheless, Figure[I|shows that calibration capability can be achieved despite low ATFD, suggesting
that underlying causal factors remain to be uncovered. Research aiming to improve calibration
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Figure 2: Comparison of feature values across dimensions for text and image features. In CLIP, the
modality gap causes features from each modality to be positioned in different spaces, a phenomenon
that manifests as the dominant influence of a few dimensions.

capability by regularizing logit norms has achieved promising results in single modal networks (Wei
et al.}2022). However empirical evidence shows that logit range plays a more significant role than
logit magnitude in CLIP (Murugesan et al.|[2024). If text embeddings are interpreted as counterparts
to classifier weights in single-modal networks, they naturally exhibit uniformity as a consequence of
neural collapse (Papyan et al.|[2020). In contrast, VLMs such as CLIP do not follow this structural
pattern. Text and image representations in VLM are trained through separate encoders via contrastive
learning, exhibiting a modality gap whereby image and text embeddings occupy distinct embedding
spaces (Liang et al.,|2022). Based on this insight, we conjecture that the modality gap is central to
the effectiveness of diversity-based approaches. A detailed discussion of our geometric intuition is
provided in Section[#.4]

Contrastive VLMs such as CLIP are trained by maximizing the cosine similarity between image
and text embeddings. Nevertheless, a significant modality gap between image and text features
is widely observed, and various approaches have been proposed to understand and exploit this
phenomenon (Ouali et al., [2023; [Oh et al., 2023)). The modality gap is not expressed uniformly
across all feature dimensions; instead, it is concentrated in a single dominant dimension. As
depicted in Figure 2] modality gap arises from distinct bases in the image and text representations.
These dominant dimensions are consistently observed across all text classes and all image samples.
We denote the dimension prevailing in textual embeddings as the text-dominant dimension (TDD)
and the corresponding one in visual embeddings as the image-dominant dimension (IDD).

A dominant dimension significantly influences the final logit computed via the inner product of
image and text features and exhibits high sensitivity. To investigate the effects of TDD and IDD, we
compared predictions in which the TDD and IDD dimensions were replaced with their respective
mean values, thereby limiting the contribution of these dominant dimensions. Interestingly, despite
restrictions on dominant dimensions, there are cases where both accuracy and ECE are improved. In
particular, for TDD, the average ECE is improved for both zero-shot CLIP and TPT. Based on these
observations, we propose dimensional entropy maximization for test-time prompt tuning (D-TPT), a
calibration method that mitigates uncertainty by reducing dependence on dominant dimensions and
maximizing the entropy of text features to better exploit the remaining dimensions.

We evaluate calibration performance across five calibration metrics on fine-grained classification
datasets comprising eleven datasets and natural distribution shifts datasets, which are four ImageNet
variants. Our method that regularizes the distribution in intra-text features provides competitive
performance compared to existing methods that increase inter-text feature diversity. We note that
prior work has shown that the modality gap is primarily induced by a few dominant embedding
dimensions (Schrodi et al., |2024). Consistent with this, we independently observed the same
phenomenon and confirm that such dominant dimensions are critical to prompt characteristics.
Beyond this confirmation, our contribution lies in proposing methods that leverage this hidden
property to improve calibration performance.

2 RELATED WORK

Prompt tuning. Pretrained models are utilized in various applications, and prompt tuning is a
parameter-efficient fine-tuning approach that adapts large pretrained models to downstream tasks
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by training only a small number of input tokens (Lester et al., 2021). Prompt tuning has become
a standard solution alongside LoRA (Hu et al., [2022) and adapters (Rebuffi et al., 2017} [Zhang
et al., 2021)), demonstrating its effectiveness across vision models (Wang et al., [2022d; Jia et al.,
2022; Bahng et al., 2022), and language models (Li & Liang, 2021} [Liu et al.,|2021). In VLMs,
CoOp (Zhou et al., 2022b) demonstrates that input contexts such as “a photo of a [class]” significantly
influence downstream performance. To overcome the limitations of manual prompt engineering,
CoOp introduced context optimization, where prompts are trained rather than hand-crafted. Building
on this idea, prompt tuning for VLMs has since been widely explored. Notably, CoCoOp (Zhou et al.,
2022a)) utilizes image features to generate image-conditioned prompts that enhance generalization to
unseen classes, while MaPLe (Khattak et al.,[2023) extends context tuning by applying prompts to
both the image encoder and the text encoder.

Test-time adaptation. Deep neural networks show strong performance in visual tasks but remain
vulnerable under distribution shifts (Shimodairal |2000). Test-time adaptation has been proposed
to address dynamically changing real-world environments by enabling pretrained models to adapt
during inference in an unsupervised manner, thereby avoiding the need for additional pretraining.
Research on test-time adaptation has primarily focused on entropy minimization (Wang et al., 2021}
Niu et al.| [2023; |Lee et al., 2024} Han et al.,2025)) and consistency regularization (Wang et al., [2022a;
Dobler et al.l 2023 [Liu et al.,[2024)). Under this paradigm, TPT (Shu et al., 2022) adopts entropy
minimization through augmented input views and prompt tuning, yielding effective adaptation of
VLMs during inference and providing a foundation for subsequent research. (Feng et al.| 2023} Zhang
et al.| 20244a; Xiao et al., 2025} [Sheng et al.| [2025).

Model calibration. Modern neural networks often suffer from overconfidence, which leads to
miscalibration (Guo et al.l|2017). Calibration denotes the alignment between predicted probabilities
and the true likelihood of correctness, and it is essential for reliable deployment in real-world settings.
Existing methods include post-hoc calibration approaches (Platt et al., [1999;|Guo et al., 2017} |[Zhang
et al.,2020) such as temperature scaling and regularization-based approaches (Kumar et al., 2018}
Mukhoti et al.,2020) that refine the objective function. Given the calibration problems of test-time
adaptation in VLMs, C-TPT (Yoon et al., 2024) improves diversity by encouraging text embeddings
to disperse from the centroid. In contrast, SaL.S (Murugesan et al., 2024)) argues that miscalibration
originates from the logit range and proposes a method that adjusts logits within the zero-shot range.
Furthermore, O-TPT (Sharifdeen et al., [2025) promotes orthogonality across text features, which
enhances class separability and mitigates directional bias.

3 PRELIMINARY

Zero-shot classification. CLIP (Radford et al., [2021])) is pretrained on massive image and text pairs
to maximize the cosine similarity between the outputs of the image encoder F,;s,4; and the text
encoder F,.,;. For zero-shot inference, the inputs to the image encoder and the text encoder are an
image x and a set of context prompts {[p; y.]}<_,, where p denotes the prompt and 7. denotes the
class context, where C' corresponds to the number of classes. Following previous work (Sharifdeen

et al.| |2025), we adopt the prompt “a photo of a [class]” as the base prompt. Accordingly, the

exp(7-cos(te,v;))
SO exp(r-cos(ty,v;))’
v; = Eyisual(x;) is the image feature and t. = Eic.+([p; yc|) is the text feature, and 7 denotes the
learnable logit scaling factor.

where

predicted probability of class c for an image z; is given by p; . =

Test-time prompt tuning protocol. Following test-time prompt tuning approaches (Shu et al., 2022
Yoon et al.,|2024; Sharifdeen et al.,|2025)), we aim to improve performance by updating the prompt p
during inference on a single test sample {x/°5", y!5'} € {Xyeqr, Viest }. Here, Viest is only used for
performance evaluation and is not accessed during test-time. During inference, the prompt is tuned
in an unsupervised online manner. Specifically, TPT (Shu et al.l 2022) generates additional N — 1
augmented views from a single test image, and optimizes the prompt by minimizing the marginal
entropy of the low entropy predictions. The objective function is defined as

N
B 1
Lrpr = H(p), where j = N ;H[H(p,;) < plpi. )
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where H denotes the entropy (i.e., H(p;) = — ZC Diclog p; ), pis a confidence threshold, and 1
denotes cutoff percentile over N. Algorithm|[T]illustrates the overall procedure of test-time prompt
tuning. Based on the initial zero-shot predictions, TPT minimizes the marginal entropy of low entropy
predictions, while our proposed D-TPT further improves calibration through the regularization loss
function described in Sectiond} The prompt is updated via gradient descent on the objective function.
After adaptation and prediction for a single test sample, the model is reset to its initial weights.

gZ?:;::ztIizH tlllril :t::flfl.y:erollll:ecglxilﬁrzgzlr?ari?tl- Algorithm 1 Pytorch-style pseudo-code of D-TPT
rics (ECE, AECE, MCE, and AURC) and clas- # temperature: 7, ll_n‘cshold: p

sification accuracy. Expected calibration er- # uniform distribution: U, hyperparameter: A
ror (ECE) (Naeini et al.| [2015) measures the # CL_IP procedure )

average discrepancy between predicted con- V= image_encoder(image) # v shape: “\{ D]
fidence and accuracy, and the adaptive ECE ¢ = textencoder(text)  # f shape: [C.D]
(AECE) (Mukhoti et al., [2020) addresses bin- logits = 7 * cosine_similarity (v, t)

ning sensitivity by employing adaptive bin- [Pl procedure

ning. Moreover, the maximum calibration error P = softmax (logits)

(MCE) (Naeini et al| 2015) captures the worst- 14X = select,conﬁdent,mdex(p, p)

case miscalibration across bins, and the area un- tth9§srf average_entropy(p[idx])

der the risk—coverage curve (AURC) (Geifman # D-TPT procedure

et al., [2018) quantifies how well a model’s con- dem_loss = kl_divergence(softmax(t),U)
fidence separates correct from incorrect predic- ~ total1oss = tptloss + A  dem_loss

tions. For all calibration metrics, lower values total loss.backward()
indicate better calibration. optimizer.step()
4 METHOD

4.1 DIMENSIONAL SENSITIVITY

Given that CLIP obtains logits based on cosine similarity between image and text features, where the
dominant dimension significantly contributes to prediction. In order to quantify the contribution of
each feature dimension, we define the sensitivity of individual dimensions as

si = KLD(pm|l9), 2

where ¢ = o(7-cos(t, v)) denotes the original prediction probability, o (-) denotes a softmax function,
and p,,, denotes the prediction obtained by masking the m-th dimension, K LD(- || -) denotes the
Kullback—Leibler divergence. Figure 3| presents the sensitivity analysis across feature dimensions,
which shows that dominant dimensions exhibit substantially higher sensitivity. Moreover, Figure[3D|
illustrates performance changes when dominant dimensions are replaced with their mean. For zero-
shot CLIP, constraining these dimensions improves accuracy and calibration capability in some cases.
For TDD, consistent reductions in average ECE were observed in both zero-shot CLIP and TPT.
These results indicate that dominant dimensions have a pronounced impact on prediction, while their
sensitivity can increase predictive uncertainty.

05 O Flow 3 @ w/oTDD =
| eomi? @ w/oIDD Dataset . TPT e nn/u TDD . 0\\/n ID[) .
s e ie Acc. (%) T ECE (%) | Ace. (%) t ECE (%) | | Ace. (%) T ECE (%) |
DTD 46.99 20.78 47.04 17.39 45.51 27.67
245 g o= Flowers | 6906 1329 | 6886 891 61l 1356
= w Flo Aircraft 23.46 16.96 22.62 17.07 21.81 27.87
% 02| 18 2 o Airc EuroSAT Zero-Shot Pets 87.49 534 87.90 4.60 87.08 6.14
0 2 < o Caltech 94.32 4.70 94.12 3.57 93.96 327
£ Pets Pets o @ Caltech UCF 67.94 11.72 68.20 10.22 66.93 16.88
0.1 OE -2 Caltech § “Cars EuroSAT 42.62 20.50 42.68 19.46 42.52 30.71
g Cars o b EuroSAT @ Cars 66.20 543 66.12 5.49 65.07 9.64
2
0077352 432 96 251 103 244 481 240 237 s ~75 -50 -25 00 25 50 75 Mean | 62.26 1234 | 6219 10.84 | 60.87 16.97
Dimension Index A Accuracy (%)
(a) Sensitivity analysis. (b) Effect of dominant dimensions.

Figure 3: Analysis of the impact of dominant dimensions. (a) We present the top-10 values and their
indices for sensitivity, which is the change in the prediction distribution when masking the values of
each dimension. For both modalities, the dominant dimensions TDD and IDD significantly influence
predictions. (b) Accuracy and ECE are reported with TDD and IDD replaced by their class-wise
mean values. For zero-shot CLIP (left), replacing TDD leads to average improvements in ECE across
datasets. For TPT (right), replacing TDD also yields a consistent reduction in mean ECE.
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Figure 4: Conceptual illustration of D-TPT. Compared to inter-feature diversity based methods, we
achieve improved calibration capability by regularization the distribution of intra-class text features.

4.2 D-TPT: DIMENSIONAL ENTROPY MAXIMIZATION FOR TEST-TIME PROMPT TUNING

Building upon an analysis of dominant dimensionality and sensitivity, we introduce dimensional
entropy maximization (DEM). We regularize the text feature distribution across all dimensions to
be close to a uniform distribution, to reduce the effect of dominant dimensions and increase the
contribution of hidden dimensions. Accordingly, our regularization loss term £ p gy is defined as

c
1 _
Lpem = 50221KLD(0(15«:)|IU)7 A3)
where U denotes the uniform distribution and . denotes the normalized text feature (i.e., t. = Htfﬁ)

corresponding to the c-th class. Using £Lp g as a regularization term for calibration, it can be easily
applied to TPT via a plug-and-play approach. Hence, the total loss function of the proposed D-TPT
is as follows:

Lp_rpr =Lrpr + X - LpEM, 4

where )\ is a hyperparameter. The prompts are updated by minimizing the overall loss function.

4.3 COMPARISON WITH C-TPT AND O-TPT

C-TPT (Yoon et al.,2024) and O-TPT (Sharifdeen et al., [2025)) are calibration-focused variants of
TPT (Shu et al.} 2022) that aim to enhance the diversity of text features. Specifically, C-TPT induces
text features to move away from the centroid, which increases the variance between text embedding,

C

&)

Lo—rpr = Lrpr — A~ °

Similarly, O-TPT maximizes the orthogonality between text features by minimizing the pairwise
cosine similarity. Formally, the objective function of O-TPT is formulated as

Lo-rpr=Lrpr + A |TT" - Ic||3, ©)

where T denotes the matrix of normalized text features, and I is the C'-dimensional identity matrix.
Figure []illustrates the comparison between our D-TPT and existing methods. The primary distinction
is the direction of regularization. Previous methods focus on inter-feature structure across classes,
while we focus on the intra-feature distribution. Despite this difference, both approaches improve
calibration capability in practice. This difference naturally raises the question of why regularization
strategies for text features contribute to improved calibration. While a complete theoretical framework
remains an open challenge, we present a geometric analysis of the modality gap that provides a
principled step toward addressing this question.
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Figure 5: Geometric interpretation of prompt tuning methods on the hypersphere. On the hypersphere,
the tangent direction represents the geodesic from a text feature toward its corresponding image
feature, the normal direction corresponds to the radial axis from the center of the hypersphere to the
feature, and the binormal direction is defined as orthogonal to both tangent and normal directions. In
this context, TPT aligns text features along the tangent direction of the hypersphere, which expands
the logit range and leads to overconfidence. Meanwhile, C-TPT encourages outward displacement
from the text centroid, thereby improving isotropic diversity. In contrast, proposed D-TPT maximizes
entropy across feature dimensions, amplifying binormal components and reducing the modality gap.

4.4 GEOMETRIC SUPPORT

Figure [5] presents a geometric interpretation of the shift of text features under TPT, C-TPT, and
proposed D-TPT. In the single image case, the gradient of the TPT objective function is given by
OLpt
00

azi,c

a0’

C
= (logpi.c + 1) pic(l — pic) (7
=1

where z; . and p; . denote logit and probability distribution corresponding to class c for input z;,
respectively, and 6 denotes the model parameters. In TPT, the adoption of a confidence threshold
ensures high-confidence prediction distributions. The prompt is optimized to increase the probability
of the top-1 class while decreasing the probabilities assigned to the remaining classes. Since CLIP
normalizes all feature vectors to unit length, the representations are constrained on a hypersphere.
In this geometric structure, TPT encourages the text feature most similar to the image to move
closer along the tangent direction of the hypersphere, while pushing other text features farther away.
Consequently, this geometric effect enlarges the logit range and induces overconfidence.

In contrast, C-TPT optimizes text features to move away from the centroid. Let k£ denote the
number of text features that are closer to the image feature than the centroid, C-TPT increases the
cosine similarity between the image feature and the top-k text features. This mechanism mitigates
overconfidence by compensating for the similarity reduction among non-top-1 classes. However, text
features located farther from the centroid are explicitly assigned lower probabilities, which inherently
carries the risk of increasing the logit range.

Our proposed D-TPT reduces the influence of dominant bases in the image features, thereby narrowing
the modality gap. By maximizing entropy across all feature dimensions, D-TPT amplifies the binormal
directions on the hypersphere. Empirically, our method exhibits similar ATFD to TPT but with a
lower logit range, suggesting diversity in binormal directions. Since the logit mean is proportional
to the average cosine similarity between image and text feature, we can confirm the reduction of
the modality gap. Therefore, the reduced logit range of D-TPT leads to a decrease in softmax
probabilities, which mitigates overconfidence.

From dominant dimension to overconfidence. We present the empirical results of the logit range,
logit mean, and ATFD on the DTD in Figure 5] For CLIP-ViT-B/16, the logit mean is 22.90. Given a

logit-scaling factor of 7 = 100 and using the relation z; . = T cos(t., v;), the average angle between
image and text features becomes arccos (2220) = 76.8°. This indicates that the image and text

representations are separated by a modality gap close to 90°. The dominant dimensions in the image
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Fine-Grained Classification
\ CLIP-ViT-B/16

Method

| Acc. (%)t ECE (%) | AECE (%)} MCE (%), AURC (x10%) ]
Zero Shot 63.84 4.25 4.15 20.03 184.28
TPT 65.0940.16  11.4240.19 11.3740.20 31.6245.02 185.64+0.68
C-TPT 64.4640.15 4.9740.19 5.11+0.16 21.5443.44 187.50+0.46
O-TPT 63.9840.13 4.7840.13 4.88+0.13 20.4745.55 187.25+0.13
D-TPT (Ours) | 64.724+007  4.18+0.16 4.1840.19 21.18+7.27 181.67+0.30

\ CLIP-RN50
Zero Shot 56.05 5.25 5.29 17.37 254.15
TPT 58.074+0.19  11.2740.18 11.26+0.17 27.7243.87 251.15+1.25
C-TPT 57.5740.12 6.20+0.15 6.16+0.18 23.96+5.06 243.8740.50
O-TPT 57.3640.10 5.63+0.16 5.68+0.13 20.7843.78 244.96+0.45
D-TPT (Ours) | 57.13+0.12  5.91+0.14 5.90+0.13 22.4445.30 245.2741.00

Table 1: Calibration performance comparison between D-TPT and other baselines using CLIP-ViT-
B/16 (above) and CLIP-RN50 (below) backbones on fine-grained classification datasets.

and text features serve as different basis directions, and their orthogonality leads to a modality gap
that is nearly orthogonal.

The analysis in prior work (Murugesan et al} [2024) demonstrates that expanding the logit range
amplifies softmax confidence and results in overconfidence. In CLIP, logits are computed from
the cosine similarity between image and text features; therefore, the logit range corresponds to the
angular difference between the maximum and minimum image—text pairs on the hypersphere. An
increase in angular dispersion along the tangent direction directly widens the logit range, which in
turn induces overconfidence.

Both the image and text features have dominant dimensions that impose a consistent directional
tendency within the hyperspherical feature space. Reducing the dominant dimension of the text
features shifts them toward the image feature direction. Since feature vectors are normalized to unit
length, the reduced energy in the dominant dimension is redistributed across the remaining dimensions.
Specifically, the logit ranges for TPT, C-TPT, and D-TPT are 10.92, 10.88, and 9.49, respectively.
For ATFD, the values are 0.407 for TPT, 0.466 for C-TPT, and 0.409 for D-TPT. Although D-TPT
exhibits a similar level of text dispersion to TPT, its smaller logit range demonstrates that D-TPT
achieves diversity primarily along the binormal direction, rather than expanding excessively along the
tangent direction. Consequently, the proposed method improves calibration by narrowing the tangent
direction range and enhancing discriminability along the binormal direction.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Datasets. Following the standard evaluation protocol for downstream tasks in VLMs
et al, [2022b; [Yoon et al.l [2024), we use datasets under natural domain shift, including ImageNet-
A (Hendrycks et al., [2021b), ImageNet-V2 (Recht et all, 2019), ImageNet-R
[2021a)), and ImageNet-Sketch (Wang et al 2019). For fine-grained classification, we use Ima-
geNet 2009), DTD (Cimpoi et al.,[2014), Flowers102 (Nilsback & Zisserman, [2008),
Food101 (Bossard et al.,[2014), SUN397 (Xiao et al.l 2010), FGVC-Aircraft (Maj1 et al., 2013),
Oxford Pets (Parkhi et al}[2012), Caltech101 (Li et al.,[2022), UCF101 (Soomro et al., [2012), Eu-
roSAT (Helber et al.,[2018)), and Stanford Cars (Krause et al, 2013). Experimental results are reported
as the average performance across all datasets for both the natural domain shift and fine-grained
classification datasets. Moreover, we present the mean and standard deviation over three trials with
random seeds 0, 1, and 2.

Implementation details. We adopt TPT as the baseline and reproduce results under identical settings
to enable further analysis of calibration metrics. Following TPT, each test sample is evaluated with a
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Natural Distribution Shifts
\ CLIP-ViT-B/16

Method

| Acc. (%)t ECE (%) | AECE (%)} MCE (%), AURC (x10%) ]
Zero Shot 57.19 493 4.90 10.54 216.23
TPT 60.2440.10 11.7740.12 11.7440.10 21.7241.95 211.2440.62
C-TPT 58.3340.15 5.42+0.07 5.45+0.07 12.11%1.07 210.52+0.41
O-TPT 58.4840.07 5.14+0.07 5.17+0.14 11.33+0.82 209.9140.15
D-TPT (Ours) | 57.87+0.07  3.83+0.04 3.8540.07 9.59+1.26 211.31+0.24

\ CLIP-RN50
Zero Shot 40.66 7.19 7.13 18.66 395.77
TPT 43.35+009 17.06+0.14 17.05+0.15 32214127 383.07+0.84
C-TPT 41.76+0.07 8.9940.12 8.9740.10 21.5240.53 390.19+0.48
O-TPT 41.74+0.09 8.9740.13 9.00+0.14 21.364+1.79 390.24+0.80
D-TPT (Ours) | 42.92+006  8.05+0.09 8.07+0.07 20.43+1.01 379.7340.38

Table 2: Calibration performance comparison between D-TPT and other baselines using CLIP-ViT-
B/16 (above) and CLIP-RNS50 (below) backbones on natural distribution shifts datasets.

Failure Case In the case of good calibration in TPT

CTPT, ‘gm, OTPT 4 os0;
e | B H

crrvcdeceedd]
3 oo

Figure 6: Confidence histograms and reliability diagrams. We present the sample distribution across
confidence levels, as well as the gap between accuracy and confidence, for a successful case (DTD)
and a failure case (Stanford Cars).

batch size of 64, comprising the original image and 63 augmented images. We use CLIP-ViT-B/16
and CLIP-RN50 as backbone architectures. Prompts are initialized with “a photo of a [class]” and
optimized using AdamW (Loshchilov & Hutter, 2017) with a learning rate of 0.005. All experiments
are conducted on NVIDIA RTX A6000 GPUs with 48 GB of memory. For practical applicability in
test-time settings, we fix the hyperparameter A = 10° across all datasets and architectures.

5.2 EXPERIMENTAL RESULTS

Fine-grained classification. Table [T] shows the average performance across eleven fine-grained
datasets for evaluation on downstream tasks. Compared with zero-shot CLIP, TPT consistently
shows improved accuracy but worse calibration performance. Designed for improved calibration,
C-TPT, O-TPT, and D-TPT apply additional regularization for calibration. These calibration-oriented
methods achieve improved accuracy than zero-shot CLIP while reducing calibration error compare to
TPT. Among them, D-TPT achieves 0.74%, 0.60%, and 5.58 x 103 improvements in accuracy, ECE,
and AURC, respectively, compared to the previous state-of-the-art O-TPT on CLIP-ViT-B/16. On the
other hand, O-TPT demonstrates the best performance in MCE, indicating the need for calibration
evaluation across the various metrics. We do not achieve the best performance on CLIP-RNS50,
however, we achieve competitive performance between C-TPT and O-TPT. Detailed results are

provided in[A7T]

Natural distribution shifts. Table 2] shows the average performance across four ImageNet variants,
consisting of ImageNet-A/R/V2/Sketch for out-of-distribution evaluation. For CLIP-ViT-B/16, we
achieve 0.61% lower performance and 1.31% improved calibration error compared to the previous
state-of-the-art O-TPT. Compared to the zero-shot CLIP, we achieve improved accuracy and ECE
by 0.68% and 1.10%, respectively, demonstrating the potential for improvement across all metrics
through test-time prompt tuning. Furthermore, for CLIP-RN50, D-TPT demonstrates improved
performance across all metrics compared to existing methods. Detailed results are provided in[A2]
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5.3 FURTHER ANALYSIS

Failure case analysis. Figure [6] presents confidence histograms
(above) and reliability diagrams (below) to analyze the distribution
of predictions and calibration trends with respect to confidence. Fol-
lowing C-TPT (Yoon et al.,|2024), we report average accuracy and
confidence over 20 bins. From both success and failure cases in com-
parison with existing methods, we observe that D-TPT more closely
preserves the confidence distribution of the zero-shot CLIP. There-
fore, the beneficial effects of D-TPT are particularly pronounced in
cases where TPT significantly increases overconfidence. Figure |Z| ECE (TPT) > 10% ECE (TPT) = 10%
shows the ECE of C-TPT and D-TPT across high and low ECE

intervals of TPT, confirming that D-TPT is particularly effective  Figure 7: C-TPT vs D-TPT.
in high-risk settings where TPT tends to amplify overconfidence.

Furthermore, this observation is supported by the geometric interpretation discussed in Section[#.4]
Specifically, D-TPT aims to align all class text features with the image feature, hence mitigating
changes in the features of non-top-1 classes induced by TPT. Whereas C-TPT alleviates such changes
primarily for classes that are closer to the centroid than the top-1 prediction. Consequently, our
method can be understood as particularly effective in scenarios where TPT amplifies calibration error,
since it counteracts the update directions for a broader set of class text features.

Pareto front analysis. Regularization methods for calibration improve calibration capability but
often suffer from accuracy degradation (Kumar et al., 2018}; [Karandikar et al., 2021} |Yoon et al.,
2024). Regarding the trade-off between accuracy and calibration performance, Figure [§| presents
the variations in performance of C-TPT, O-TPT, and D-TPT according to the coefficient of the
regularization term. Increasing marker size indicates a larger influence of the regularization loss with
increasing hyperparameter A\. Experimental results demonstrate that increasing A leads to a reduction
in accuracy but a steady improvement in ECE. Notably, all methods achieve improvements in ECE
without degradation in accuracy on Flowers102, indicating that these calibration approaches offer an
enhanced solution rather than a simple compromise between accuracy and calibration.
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Figure 8: Pareto front analysis. We show the variation in ECE and Accuracy on DTD (left) and
Flowers102 (right) as the hyperparameter X increases. Regarding the trade-off between Accuracy and
ECE, a point closer to the right-under area indicates better performance.

Effect of prompt initialization. We present the performance of different prompt initialization
schemes in Table[3] As described in the implementation details, we use the hand-crafted prompt “a
photo of a [class]” as the initial prompt. Additionally, we conduct experiments using a prompt trained
from CoOp (Zhou et al.| 2022b)) and another hand-crafted prompt, “a picture of a [class]”, to assess
robustness to prompt initialization. In both cases, our method consistently improves ECE. Especially,
under the initialization “a picture of a [class]”, our method achieves the best performance on most
evaluation metrics.
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Fine-Grained Classification

\ Trained prompt (CoOp (Zhou et al.|[2022b)) \ Hand-crafted prompt (“a picture of a”)
\ Acc. T ECE| AECE| MCE | AURC | \ Acc. T ECE| AECE| MCE | AURC |
CLIP-ViT-B/16 | 63.11 5.20 5.27 28.78 189.92 | 64.50 4.11 4.16 3276 178.13

Method

TPT 6396 1858 1851 4244 190.82 | 65.68 10.86 10.84 31.89 180.00
C-TPT 64.04  9.95 9.90 29.51 188.13 | 65.23 5.11 5.19 2332 177.90
O-TPT 63.60 7.80 7.73 2797 18797 | 6459 451 4.50 3243 179.07

D-TPT (Ours) | 63.20 6.96 6.96 2443 19541 | 6522 431 4.37 2428 171.27

Table 3: Effect of initial prompt setting. We report accuracy (%), ECE (%), AECE (%), MCE (%) and
AURC (x10?) for the trained prompt by CoOp and the hand-crafted prompt “a picture of a [class]”.

6 CONCLUSION AND LIMITATIONS

In this paper, we introduce D-TPT, a simple yet effective solution to improve the calibration capability
of test-time prompt tuning. Based on observations of dominant feature dimensions in contrastive
VLMs, we demonstrate that constraining dominant features to specific dimensions can be beneficial
in mitigating overconfidence. In contrast to diversity-based methods, our observations imply that
useful hidden factors remain beyond diversity for improving the calibration of VLMs. Furthermore,
we provide a geometric perspective on the modality gap to explain the success of regularization-based
approaches for text features. Empirical results on standard VLM benchmarks confirm that D-TPT
improves calibration performance.

Limitation and future work. Nonetheless, our geometric interpretation is grounded in the dynamics
of text features for a single image feature, leaving a practical gap in assumptions compared to
approaches utilizing multiple image features via augmentation. Future work will aim to close the
theoretical gap regarding the dynamics of text features and improvements in calibration performance,
building a theoretical foundation based on the modality gap.

Policy on large language model: We used ChatGPT for minor english editing and language polishing
of the manuscript.
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A APPENDIX

A.1 DETAILED RESULTS ON FINE-GRAINED CLASSIFICATION

Table [4] and [5] show the calibration performance for fine-grained classification across individual
datasets. We report performance averaged over three different random seeds.

A.2 DETAILED RESULTS ON NATURAL DISTRIBUTION SHIFTS DATASETS

Table [6] and [7] present the dataset-wise average performance of CLIP-ViT-B/16 and CLIP-RN50
under natural distribution shifts, respectively. Our code and logs are provided in the supplementary
materials.

ImageNet
DTD
Flowers102
Food101
SUN397

GVC-Aircraft
OxfordPets
Caltech101
UCF101
EuroSAT
StanfordCars
Mean

Method

F

Accuracy (%) 1

Zero-Shot | 66.72 4433 67.19 83.66 62.53 23773 88.06 9323 65.16 42.06 6558 63.84
TPT 68.93 46.87 68.72 84.69 6547 23.07 87.02 94.13 68.19 42.67 6628 65.09
C-TPT 68.10 4531 6924 83.09 6450 2393 8828 9341 6503 4241 6570 64.46
O-TPT 6730 4486 69.08 82.76 63.26 23.42 88.19 9325 63.83 42.60 6521 63.98
D-TPT 67.39 4496 7154 83.11 6459 2394 8829 93.09 66.71 44.02 6425 64.72

ECE (%) |
Zero-Shot | 1.91 8.09 3.19 2.06 2.10 5.51 434 5.02 2.93 7.13 4.50 4.25
TPT 10.53 21.25 13,55 433 1125 17.16 5.81 4.51 1149 20.37 5.33 11.42
C-TPT 3.10 12.75 5.48 3.34 5.02 4.39 1.81  3.90 2.25 11.22 1.46 497
O-TPT 1.94 8.14 3.56 4.15 8.45 3.85 241 395 2.90 11.43 1.80 4.78
D-TPT 2.73 5.20 2.82 4.07 4.50 3.74 2.38 543 2.65 9.78 2.62 4.18
AECE (%) |
Zero-Shot | 1.90 7.82 2.55 2.01 2.02 5.74 438 5.01 2.79 7.02 4.44 4.15
TPT 10.50 21.11 1355 423 1120 17.16 579 440 1146 20.37 5.35 11.37

C-TPT 3.04 1289 574 346 507 490 186 396 245 1129 153 5.11
O-TPT 1.91 8.12 388 435 845 450 236 4.04 267 1144 2.00 4.88
D-TPT 2.73 5.21 298 428 450 396 225 545 256 9.63 242 4.18

MCE (%) |
Zero-Shot | 6.26 19.24 1148 8.68 5.51 21.14 2396 90.67 8.96 14.34  10.12 20.03
TPT 19.05 40.79 2993 8.71 19.88 45.69 45.62 74.13 23.88 29.71 1047 31.62

C-TPT 798 2661 1675 888 1256 14.61 27.69 72.82 1821 2239 844 2154
O-TPT 11.10 2279 1527 977 2933 1335 1855 58.70 10.37 2333 12.63 20.47
D-TPT 720 1894 13.82 954 11.66 15.89 55.83 6022 1240 1899 855 21.18

AURC (x10%) |

Zero-Shot | 138.50 313.46 112.32 54.83 182.54 577.84 21.07 1237 12247 35543 136.23 184.28
TPT 139.80 314.63 108.63 57.10 179.19 580.73 27.02 14.78 108.84 376.11 135.25 185.64
C-TPT 132.15 326.02 99.24 5537 191.14 563.65 19.89 10.76 130.99 393.63 139.63 187.50
O-TPT 132.89 313.74 98.17 5539 182.02 57029 19.92 10.92 137.56 396.89 141.94 187.25
D-TPT 13537 317.81 93.06 5191 164.52 563.30 19.82 11.75 114.45 378.85 147.57 181.67

Table 4: Full results on fine-grained classification using the CLIP-ViT-B/16 backbone.

B EXPERIMENTAL RESULTS ON MEDICAL DOMAINS

We evaluate the generalization capability of our method in the medical domain, a setting where
calibration is particularly important. To this end, we incorporate C-TPT, O-TPT, and D-TPT into
BAPLe (Hanif et al., |2024) by adding each corresponding loss function to the original objective
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ImageNet
DTD
Flowers102
Food101
SUN397
OxfordPets
Caltech101
UCF101
EuroSAT
StanfordCars
Mean

Method

Accuracy (%) 1

Zero-Shot | 58.13  40.37 6159 7393 5873 15.81 83.59 86.21 58.84 2370 55.60 56.05
TPT 60.74 41.86 6247 7498 6143 17.57 8458 8741 60.79 2851 5842 58.07
C-TPT 60.05 41.78 6470 74.81 60.95 16.60 83.43 87.17 6026 2724 5632 57.57
O-TPT 5899 41.84 6557 7462 59.62 17.06 83.17 86.77 5993 27.66 5570 57.36
D-TPT 60.39 4240 60.29 7424 59.80 1693 83.13 86.99 5872 30.30 5527 57.13

ECE (%) |
Zero-Shot | 1.94 8.66 2.99 2.68 3.73 6.26 5.55 4.06 2.93 14.67 4.27 5.25
TPT 11.38 2540 13.82 5.17 9.03 1564 380 420 10.87 20.83 3.84 11.27

C-TPT 3.02 21.08 423 172 319 1127 292 273 305 1332 1.64 6.20
O-TPT 313 1672 178 138  6.58 825 3.14 301 247 1351 199 5.63
D-TPT 268 1353 472 510 4.02 779 529 525 244 6.14 8.04 591

AECE (%) |
Zero-Shot | 1.85 8.79 3.49 2.62 3.77 5.93 5.54 4.28 3.26 14.51 4.14 5.29
TPT 11.35 2537 13.82 5.15 9.00 15.61 393 4.01 10.81 20.82 3.93 11.26

C-TPT 3.03 21.03 429 175 316 1127 277 266 3.06 1332 146 6.16
O-TPT 3.10 16.62 321 122 6.59 808 311 291 205 1350 2.08 5.68
D-TPT 269 1360 482 521 4.04 774 515 528 236 5.96 8.01 5.90

MCE (%) |
Zero-Shot | 4.33 20.31 9.15 8.16 10.83 2030 11.37 27.51 2236 46.19 10.61 17.37
TPT 1897 4588 30.73 10.06 17.26 49.33 24.14 1640 20.57 62.62 8.96 27.72

C-TPT 799 4347 13.06 8.09 20.54 36.68 2028 3573 10.67 5858 852 2396
O-TPT 10.45 3487 11.78 6.15 1056 31.18 23.67 33.15 741 5395 539 20.78
D-TPT 621 31.62 13.07 9.15 16.17 35.65 20.54 3193 824 59.77 1449 2244

AURC (x10%) |

Zero-Shot | 202.07 374.38 153.86 94.24 206.22 690.02 3537 29.24 166.81 634.18 209.32 254.15
TPT 195.57 37136 160.31 94.53 202.81 667.79 3431 36.17 170.28 631.39 198.15 251.15
C-TPT 192.87 363.66 135.67 90.08 198.30 677.65 36.89 27.69 159.00 591.52 209.21 243.87
O-TPT 196.42 362.02 130.74 90.84 199.86 674.67 38.73 28.42 163.93 594.92 213.97 244.96
D-TPT 19421 37290 161.13 93.94 210.55 67549 38.76 30.45 176.89 528.28 21539 245.27

Table 5: Full results on fine-grained classification using the CLIP-RN50 backbone.

function. Since BAPLe does not adopt the episodic inference strategy of TPT, we scale A by 1072,
10~%, and 10~* for C-TPT, O-TPT, and D-TPT, respectively. Experiments are conducted on the
COVID 2021), RSNAI8 2019), and KatherColon 2019)
datasets, using PLIP (Huang et al} 2023)) as the baseline model for KatherColon and MedCLIP (Wang
for COVID and RSNA18. As shown in Table[8] we achieve competitive calibration
performance, demonstrating its applicability to medical domains.

C ADDITIONAL ANALYSIS

Figure 0| presents a dimensional analysis of image and text embeddings across various datasets and
architectures. Across the five datasets, a dominant dimension emerges consistently for both CLIP-ViT-
B/16 and CLIP-RNS50, and this dominant dimension appears in the same dimension regardless of the
dataset for each backbone. Furthermore, Figure [[0]shows sensitivity analysis results obtained across
various datasets and backbones. While some variations exist across datasets, these results confirm
that the dominant dimension of the TDD consistently exhibits high sensitivity. Tables [9] and [I0]
present the zero-shot and TPT performance on CLIP-RN50 when the TDD and IDD dimensions are
replaced with their mean values, respectively. Consistent with the trends observed in CLIP-ViT-B/16,
constraining the influence of the TDD in CLIP-RN50 also leads to a reduction in average ECE, and
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Method | ImageNet-A ImageNet-V2 ImageNet-R ImageNet-Sketch Mean
Accuracy (%) 1

Zero-Shot | 47.80 60.85 73.98 46.12 57.19
TPT 53.15 62.90 76.95 47.97 60.24
C-TPT 49.41 61.75 74.85 47.31 58.33
O-TPT 49.91 61.67 75.22 47.11 58.48
D-TPT 49.12 61.35 74.05 46.97 57.87
ECE (%) |
Zero-Shot 8.43 2.89 3.55 4.87 4.93
TPT 16.03 11.63 4.46 14.98 11.77
C-TPT 7.04 4.50 2.85 7.30 5.42
O-TPT 7.33 4.27 1.99 6.96 5.14
D-TPT 6.35 2.66 3.85 2.47 3.83
AECE (%) |
Zero-Shot 8.40 2.74 3.59 4.87 4.90
TPT 15.94 11.63 4.43 14.97 11.74
C-TPT 7.15 4.49 2.87 7.30 5.45
O-TPT 7.43 4.22 2.05 6.96 5.17
D-TPT 6.38 2.70 3.88 2.45 3.85
MCE (%) |
Zero-Shot 17.76 7.85 8.79 7.75 10.54
TPT 27.15 22.37 11.71 25.67 21.72
C-TPT 16.99 11.32 7.22 12.89 12.11
O-TPT 16.56 10.92 5.81 12.01 11.33
D-TPT 16.95 7.86 8.26 5.27 9.59
AURC (x10%) |
Zero-Shot 8.40 2.74 3.59 4.87 4.90
TPT 15.94 11.63 4.43 14.97 11.74
C-TPT 7.15 4.49 2.87 7.30 5.45
O-TPT 7.43 4.22 2.05 6.96 5.17
D-TPT 6.38 2.70 3.88 2.45 3.85

Table 6: Full results on natural distribution shifts datasets using the CLIP-ViT-B/16 backbone.

we additionally observe that suppressing the IDD further decreases ECE. These additional analyses
across diverse datasets and architectures demonstrate that our observations regarding the modality
gap constitute a consistent and recurrent phenomenon.

D COMBINATION WITH C-TPT

Table ﬂ;fl presents the results of C-TPT, D-TPT, and their combination methods across 10 fine-
grained datasets. Each loss function is added to the TPT objective without any hyperparameter
adjustment, using 50 for C-TPT and 10° for D-TPT, and all experiments are conducted with the
CLIP-ViT-B/16 backbone. Although incorporating C-TPT into D-TPT improves ECE for DTD,
Flowers102, FGVC-Aircraft, and StanfordCars, we also observe cases with marginal or degradation,
and accuracy consistently decreases. Motivated by failure cases analysis, we report results for D-
TPT x C-TPT, which selectively applies C-TPT or D-TPT based on entropy. D-TPTxC-TPT achieves
ECE improvements of 1.05% and 0.10% compared to D-TPT and C-TPT, respectively, while attaining
a mean accuracy of 64.44%, with performance comparable to D-TPT and 0.34% higher than C-TPT.
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Method | ImageNet-A ImageNet-V2 ImageNet-R ImageNet-Sketch Mean
Accuracy (%)
Zero-Shot 21.80 51.30 56.17 33.35 40.66
TPT 24.90 54.18 59.20 35.14 43.35
C-TPT 22.35 53.44 56.95 34.29 41.76
O-TPT 22.72 52.99 57.26 33.98 41.74
D-TPT 24.01 53.78 59.21 34.69 42.92
ECE (%) |
Zero-Shot 21.24 3.38 0.96 3.19 7.19
TPT 31.50 13.55 9.35 13.86 17.06
C-TPT 22.77 5.15 1.42 6.60 8.99
O-TPT 24.30 3.64 2.68 5.25 8.97
D-TPT 19.93 4.12 3.66 4.50 8.05
AECE (%) |
Zero-Shot 21.24 3.07 1.03 3.19 7.13
TPT 31.50 13.53 9.32 13.86 17.05
C-TPT 22.77 5.13 1.39 6.60 8.97
O-TPT 24.30 3.81 2.64 5.25 9.00
D-TPT 19.91 422 3.66 4.50 8.07
MCE (%) |
Zero-Shot 53.79 9.22 4.61 7.03 18.66
TPT 59.11 25.02 18.65 26.06 32.21
C-TPT 54.57 12.96 425 14.31 21.52
O-TPT 54.80 10.16 8.20 12.26 21.36
D-TPT 50.48 11.47 7.37 12.41 20.43
AURC (x10%) |
Zero-Shot 695.94 259.96 188.28 438.88 395.77
TPT 672.47 251.35 179.22 429.27 383.07
C-TPT 690.08 248.86 188.44 433.38 390.19
O-TPT 687.95 248.85 188.70 435.47 390.24
D-TPT 667.63 248.11 173.44 429.73 379.73

Table 7: Full results on natural distribution shifts datasets using the CLIP-RN50 backbone.

| Clean | Backdoor

Method ‘ BAPLe w/C-TPT w/O-TPT w/D-TPT ‘ BAPLe w/C-TPT w/O-TPT w/D-TPT
Baseline: MedCLIP, Dataset: COVID

Acc (%) 81.65 82.45 82.30 81.80 98.83 99.95 99.95 99.75

ECE (%) | 20.33 2291 15.60 12.85 20.99 26.01 5.70 4.79
Baseline: MedCLIP, Dataset: RSNA18

Acc (%) 60.10 47.23 60.70 60.77 98.83 99.97 99.43 99.40

ECE (%) 15.74 18.53 15.28 17.09 10.20 13.45 11.65 11.45
Baseline: PLIP, Dataset: KasherColon

Acc (%) 88.80 88.79 88.82 88.80 98.28 98.27 98.32 98.29

ECE (%) 2.54 2.53 2.56 2.51 1.46 1.46 1.46 1.50

Table 8: Results on medical domains with C-TPT, O-TPT, and D-TPT applied to BAPLe
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Figure 9: Effects of dominant dimensions across datasets and backbones.
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Figure 10: Sensitivity analysis across datasets and backbones.
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Dataset Zero Shot w/o TDD w/o IDD
Acc. (%)t ECE (%)l | Acc. (%) 1 ECE (%) | | Acc. (%) 1 ECE (%) {
DTD 40.48 9.00 39.36 9.47 38.59 11.75
Flowers102 61.71 3.06 60.90 3.14 59.44 3.50
FGVC-Aircraft 15.69 6.35 15.30 6.52 15.78 5.96
OxfordPets 83.59 5.65 82.04 4.66 84.03 5.96
Caltech101 85.80 3.87 85.76 3.20 87.30 4.61
UCF101 58.84 3.09 59.27 3.06 59.21 3.54
EuroSAT 23.72 14.61 23.49 15.11 23.96 13.19
StanfordCars 55.70 4.38 56.03 4.18 55.96 4.55
Mean \ 53.19 6.25 \ 52.77 6.17 \ 53.03 6.63
Table 9: Effect of dominant dimensions on Zero Shot CLIP-RN50
Dataset TPT w/o TDD w/o IDD
Acc. (%)t ECE (%)l | Acc. (%) 1+ ECE (%)l | Acc. (%) 1 ECE (%) {
DTD 41.43 26.13 41.43 25.19 41.31 25.73
Flowers102 62.44 13.81 63.09 11.78 62.40 10.86
FGVC-Aircraft 17.73 15.33 17.73 15.06 17.61 14.78
OxfordPets 84.49 3.88 84.74 2.89 84.98 2.69
Caltech101 87.10 3.68 86.90 3.73 87.51 4.34
UCF101 60.98 10.76 61.01 10.24 60.77 10.57
EuroSAT 28.44 21.00 28.37 21.11 29.64 14.80
StanfordCars 58.26 3.79 58.36 3.62 58.48 3.56
Mean \ 55.11 12.30 \ 55.20 11.70 \ 55.34 10.92
Table 10: Effect of dominant dimensions on CLIP-RN50 with TPT
LE
(] ‘5‘ 2] — ‘&
> — ~ < & — — > <]
5§ = 8 ¢ BT 5 =2 & & -
s (2 Z 3 £ £ 5 % £ 3
Method a [ 2 5): 4 o S 2 5 7] =
Accuracy (%) 1
C-TPT 4551 69.22 83.00 64.31 24.09 88.44 93.55 64.90 4232 65.70 64.10
D-TPT 45.09 71.78 83.10 64.46 24.06 88.25 93.14 66.67 44.09 64.21 64.49

D-TPT + C-TPT | 44.68 71.34 83.09 64.13 23.64 88.23 92.82 6529 40.14 6432 63.77
D-TPT x C-TPT | 4433 71.62 8295 64.65 24.06 8839 93.51 66.11 40.05 64.68 64.44

ECE (%) |
C-TPT 1254 548 325 489 429 165 396 285 1149 1.19 5.16
D-TPT 521 233 405 433 377 236 549 253 9.68 227 420

D-TPT+C-TPT | 484 1.85 4.04 514 363 251 6.02 267 1208 212 449
D-TPTxC-TPT | 532 282 359 507 380 198 4.17 228 9.70 183 4.10

Table 11: Performance comparison of C-TPT, D-TPT, and combined methods.
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