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Abstract

Test-time prompt tuning (TPT) has emerged as a promising
technique for enhancing the adaptability of vision-language
models by optimizing textual prompts using unlabeled test
data. However, prior studies have observed that TPT of-
ten produces poorly calibrated models, raising concerns
about the reliability of their predictions. Recent works ad-
dress this issue by incorporating additional regularization
terms that constrain model outputs, which improve calibra-
tion but often degrade performance. In this work, we re-
veal that these regularization strategies implicitly encour-
age optimization toward flatter minima, and that the sharp-
ness of the loss landscape around adapted prompts is a key
factor governing calibration quality. Motivated by this ob-
servation, we introduce Flatness-aware Prompt Pretrain-
ing (FPP), a simple yet effective pretraining framework for
TPT that initializes prompts within flatter regions of the
loss landscape prior to adaptation. We show that sim-
ply replacing the initialization in existing TPT pipelines—
without modifying any other components—is sufficient to
improve both calibration and performance. Notably, FPP
requires no labeled data and incurs no additional computa-
tional costs during test-time tuning, making it highly prac-
tical for real-world deployment. The code is available at:
https://github.com/YonseiML/fpp.

1. Introduction

Vision-language models such as CLIP [33] have recently
achieved remarkable zero-shot performance across a wide
range of downstream tasks [9, 33]. In these models, textual
input templates play a crucial role in determining perfor-
mance, motivating recent advances in prompt tuning meth-
ods that optimize prompt templates in a few-shot man-
ner [15, 16, 45, 46]. However, these approaches often face
limitations in real-world applications, as they cannot di-
rectly adapt to distribution shifts in target tasks [35, 38]. To
address this limitation, test-time prompt tuning (TPT) [35]
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Figure 1. Applying regularization loss into TPT (C-TPT and O-
TPT) encourages the prompt to converge toward a flatter loss land-
scape, leading to reduced Expected Calibration Error (ECE).

introduces an entropy minimization (EM) loss that enables
prompt adaptation without requiring labeled data, inspiring
extensive subsequent research [4, 34, 40, 42, 48].

However, TPT-based methods have been observed to de-
grade model calibration, leading to a mismatch between
prediction confidence and actual accuracy [1, 28, 34, 42].
Since VLMs are widely deployed in domains that require
reliable uncertainty estimates, such as healthcare [24, 39]
and autonomous systems [2, 14], ensuring proper calibra-
tion in TPT settings has emerged as a critical research direc-
tion. Recent studies primarily address this issue by regular-
izing TPT with additional loss terms [1, 34, 42], which im-
prove calibration through geometric constraints that encour-
age broader dispersion of output text features. Although
these approaches demonstrate empirical success, they of-
fer limited insight into how such regularized optimization
affects the learned input prompts, leaving the mechanisms
underlying calibration improvement largely unexplored.

In this paper, we show that existing regularization strate-
gies for TPT implicitly act as mechanisms that guide
prompts toward flat minima in the loss landscape, which are
known to improve generalization in neural networks [3, 13,
20, 47]. As illustrated in Fig. 1, prompts optimized via reg-
ularized TPT exhibit reduced sharpness in their surround-
ing loss landscapes, accompanied by a corresponding de-
crease in expected calibration error (ECE). Notably, we fur-
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ther observe that adapted prompts lying in flat minima con-
sistently achieve substantially lower calibration errors than
those trapped in sharp minima, indicating that convergence
to flatter regions of the loss landscape is associated with
improved calibration. These findings highlight that prompt
tuning within flat minima is crucial to achieve effective cali-
bration. However, explicitly enforcing flatness through geo-
metric regularization of output features often degrades per-
formance. Furthermore, existing methods [1, 34, 42] strug-
gle to adequately explore flatter regions of the loss land-
scape, as increasing the number of iterations also incurs the
risk of overconfidence in incorrect predictions.

Building on these insights, we propose FPP, a Flatness-
aware Prompt Pretraining framework that initializes
prompts within flatter regions of the loss landscape before
TPT. Our FPP employs two complementary objectives: (i)
an alignment loss that encourages the learned prompts to
generate text features consistent with those of the original
prompts, and (ii) a flatness loss that reduces output sensi-
tivity to random perturbations. By jointly optimizing these
objectives, FPP generates new initial prompts with provably
reduced sharpness for any differentiable loss function, fa-
cilitating efficient convergence toward flat minima even in a
single step. Because FPP serves as a pretraining scheme
for prompt initialization, it can be seamlessly integrated
with existing TPT-based methods by replacing their initial
prompts with our pretrained ones, without altering subse-
quent adaptation procedures. Moreover, FPP operates with-
out relying on any external resources such as training or
testing image samples, and incurs no extra computational
cost during adaptation, making it practical for real-world
deployment. Our contributions are summarized as follows:
* We identify a strong correlation between flat minima and

calibration quality, and further reveal that existing cali-
bration methods for TPT implicitly guide prompts toward
flatter regions of the loss landscape.

e We introduce FPP, a flatness-aware prompt pretraining
framework for TPT that initializes prompts in flatter re-
gions of the loss landscape without relying on additional
resources, enabling effective convergence to flat minima.

* Our extensive experiments demonstrate that simply ini-
tializing existing TPT-based methods with our pretrained
prompts achieves state-of-the-art (SOTA) results in both
calibration and performance in downstream tasks.

2. Related Work

Prompt Tuning. The zero-shot performance of CLIP [33]
is highly sensitive to the phrasing of manually crafted in-
put textual prompts, where even slight variations can lead
to substantial changes in accuracy [46]. To address this
issue, prompt tuning methods such as CoOp [46] and Co-
CoOp [45] replace fixed textual templates with learnable
prompt vectors that can be trained through few-shot learn-

ing. Building on this idea, MaPLe [15] introduces a multi-
modal approach that generates visual prompts from text
prompts via linear projections. Another line of work,
TPT [35], extends the test-time adaptation (TTA) paradigm
to prompt tuning by employing an EM objective, enabling
unsupervised adaptation to distribution shifts in test data.
DiffTPT [4] further enhances this approach by incorporat-
ing diffusion-generated images to improve accuracy. More
recently, Self-TPT [48] proposed a method that further
adapts the few-shot learned prompts to class names before
test-time, thereby improving generalization across classes.
Despite their impressive improvement in accuracy, these
methods are designed without considering model calibra-
tion, often resulting in overconfident predictions [34, 42].

Calibration of Neural Networks. Calibration measures
how well the predicted confidence of a model aligns with
its actual accuracy [8]. Broadly, calibration approaches
fall into two categories: post-hoc [8, 19, 32, 37] and train-
time [10, 17, 41] methods. Post-hoc methods, such as tem-
perature scaling [8] and Platt scaling [32], adjust a trained
model using a held-out validation set to better match pre-
dicted probabilities with observed outcomes. While ef-
fective, these techniques depend on labeled datasets that
closely resemble the target distribution, limiting their flex-
ible application [23]. Train-time calibration, on the other
hand, incorporates additional calibration objectives during
model training to encourage predictions that better align
with true probabilities. In the TTA setting, C-TPT [42] and
O-TPT [34] follow this paradigm by incorporating an addi-
tional regularization loss term to improve calibration.

Flat Minima. The relationship between sharpness of the
loss landscape and generalization has been widely explored,
showing that flatter local minima improve model general-
ization [3, 13, 20, 47]. In this regard, SAM [5] and its subse-
quent studies [18, 21, 25, 49] introduce a new optimization
objective that seeks flat minima by uniformly minimizing
the loss within a neighborhood. Following them, some TTA
methods [7, 30] incorporate the SAM objective into the ex-
isting EM loss, leveraging flatter loss landscapes to suppress
the influence of noisy samples while continuously updating
model parameters. However, despite extensive research on
flat minima, their connection to calibration remains largely
unexplored and somewhat controversial. For example, [26]
report that some regularization techniques, such as data aug-
mentation, improve calibration but often yield sharper min-
ima. Conversely, CSAM [36] shows that the SAM objective
acts as an implicit entropy regularizer and leads to improved
calibration. However, these studies primarily focus on su-
pervised settings and emphasize the effects of regularization
on calibration rather than examining the intrinsic properties
of flat minima themselves. In contrast, we demonstrate that
even in the absence of explicit regularization, flat minima
inherently contribute to better calibration.



3. Preliminaries

3.1. Prompt Tuning for CLIP at Test-Time

CLIP-Based Classification. Given an image X, a set of K
class names C' = {¢1, ca, ...,k }, and a textual prompt 0,
CLIP encodes them into a joint embedding space using
an image encoder fr(-) and a text encoder fr(-). The
image feature is represented as v = f7(X), while the
text feature for class ¢ is tx = fr(ck,0). Class scores
are computed as cosine similarities cos(v, t), and subse-
quently converted into probabilities using a temperature-
scaled softmax function with temperature 7. The predicted
class is given by ¢ = argmax,, P(cx|0,v), with confi-
dence P = max,, P(c|6,v).
Test-Time Prompt Tuning (TPT). TPT [35] performs
sample-specific adaptation by optimizing a separate prompt
6 for each test pair (X, C) using an entropy minimization
(EM) objective. In this setting, the class name set C'is fixed,
while the image sample X varies at each step, being pro-
vided sequentially. The EM loss is computed from a set
of image features V/, obtained from high-confidence aug-
mented views of X, and is defined as:
K
Len(0,V) == Plex | 6,V)log P(ex | 6,V), (1)
k=1

where P(cy, | 6,V) denotes the prediction probability for
class ¢y, averaged across the augmented views.
Regularized TPT. Motivated by the empirical observation
that higher dispersion of text features is associated with
lower calibration error, C-TPT [42] and O-TPT [34] incor-
porate an additional regularization term, Ly, to explicitly
encourage feature diversity:

K
g 1
Lig™(0) = =22 > litx — pll2, 2)
k=1

LT (0) = |TTT — Ik |3, 3)

reg

where T = fr(C;0) = [t1,...,tx]" denotes the text fea-
ture matrix collecting the K text features, y = % Zle ty
is the mean text feature vector, and [ is the identity ma-
trix. For brevity, we omit the dependence on C' in the above
equations, as it remains fixed for each dataset. The over-
all objective combines the EM loss with the regularization
term, weighted by a hyperparameter A:

Ltota](97 V) = Lent(ev V) + >‘Lreg(0)- “)
3.2. Sharpness-Aware Minimization (SAM)

In prior works [5, 18, 49], sharpness of the loss landscape is
commonly quantified by the maximum loss difference be-
tween the current parameter w; and its perturbed counter-
part. Formally, this measure is defined as follows:

h(wg,v) = ”rgﬂxp L(ws +,v) — L(wy, v), (5)

where p controls the magnitude of the perturbation.

To identify flat minima in the loss landscape and achieve
better generalization, recent studies [5, 18, 25, 49] minimize
this sharpness using a common two-step optimization pro-
cedure. Starting from the current parameter w,, they first
search for a nearby perturbation ¢ such that w; + ¢ yields a
higher loss. The gradient is then computed at this perturbed
point and used to update w;. This procedure encourages
the model to reduce loss not only at w, but throughout its
neighborhood, effectively guiding parameters toward flatter
regions of the loss landscape [5].

A representative example is Sharpness-Aware Minimiza-
tion (SAM) [5], which seeks the perturbation that maxi-
mizes the loss within a local neighborhood. Because ex-
actly determining such a perturbation is computationally in-
tractable [25], SAM approximates it using a first-order Tay-
lor expansion, leading to the following update equation:

wyp1 = wy — 1 Ve L(w,v)], 4 - (6)
Here, &, = p - % denotes the approximated per-

turbation. Following prior works [5, 18, 49], we adopt this
perturbation form when computing the sharpness defined in
Eq. (5) throughout our experiments.

4. Analysis of Regularized TPT through SAM

In this section, we show that promoting higher dispersion
of text features via regularization guides prompts toward
flat minima in TPT frameworks. We begin by revisiting
the standard setup of TPT-based methods [4, 34, 35, 42].
In these approaches, the learned prompt is reinitialized to
a predefined prompt 6§ for every test sample. Thus, for a
fixed set of class names C, adaptation always starts from the
same text features, denoted as f(C, 6F). Consequently,
since the regularization terms in Eq. (2) and Eq. (3) depend

solely on these features, their gradients VgLyeg(6) g TE
0

main identical across all test samples.

Because the methods we analyze perform a single-step
update per sample [34, 42], accumulated effects such as mo-
mentum can be ignored. For analytical clarity, we adopt
a simple gradient-based update rule and assume a learning
rate set to one. Consequently, the update formulation de-
rived from Eq. (4) is given by:

OFF = 05 — VoLen(9,V)lgs = A VoLieg(0)]ys
= g(z)s . V(}Lent(gv V)'Oé‘ ~ Cregs @)

where €, denotes the constant offset induced by the gradi-
ent of the regularization loss, and subscripts 0 and 1 denote
prompts before and after the update, respectively.

By combining the two fixed terms in Eq. (7), we define
0" := 0% — ereg as a new initialization for TPT. Under this
definition, the regularized TPT becomes equivalent to the
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Figure 2. Regularized TPT can be interpreted as an optimization
in which the initial prompt is shifted and fixed at 8, , while gradi-
ents of the EM losses are computed at a perturbed point 65’ This
mechanism encourages convergence toward flat minima. In con-
trast, our pretrains the initial prompt to reside in a flatter re-
gion, facilitating convergence to flat minima without perturbation.

original TPT formulation without the regularization term:

018 = O5F — Vg Lews(0, V)]s
= Qgeg — V(;Lem(ﬁ, V)‘Q:)eg_i_emg . (8)

Here, the gradient of the EM loss is always computed at the
perturbed point 6 + &, rather than at the point where it
is ultimately applied, 6;%.

Notably, because e corresponds to the gradient of the
regularization loss, the perturbed point 65 + &, yields a
higher regularization loss than the original point 6;®. This
encourages text features from different classes to cluster
more closely. In other words, adding &, can be interpreted
as introducing a perturbation that produces more uniform
prediction probabilities, which corresponds to an increase in
the EM loss. The following theorem formalizes the connec-
tion between the regularization objective and the EM loss
(see Appendix A for the full statement and proof):

Theorem 1 (Informal). Let SP~! = {v € RP : |jv[]z = 1}
be the unit (D — 1)-sphere, where D is the dimension of
the feature space. For an image feature v sampled from the
uniform distribution on SP~Y, the expected EM loss is

H(T) = IE:v~Unif(SD*1)[Lent (Tu U)] .

Then, for constants o > 0 and B, Lyeg corresponding to
Eq. (2) and Eq. (3) satisfy

H(T) = aLreg(T) + B+ O(D3/?).

Therefore, for sufficiently large D, increasing the regular-
ization loss also leads to increase the expected EM loss.

reg

Recall that, in regularized TPT, 6,,° is updated in the di-
rection of a gradient computed at a perturbed point 0% +
Ereg> as shown in Eq. (8). According to Theorem 1, this
perturbed point is likely to yield a higher EM loss than the
original point. This mechanism aligns with the core prin-
ciple of the SAM in Eq. (6), where gradients are computed
at perturbed points that yield higher loss within the neigh-
borhood. Fig. | empirically confirms that the regularization
term effectively reduces sharpness, guiding the prompts to-
ward flat minima. Fig. 2 illustrates this mechanism.

5. Flatness-Aware Prompt Pretraining (FPP)

As discussed in Section 4, existing regularization strategies
for TPT encourage prompts to converge toward flat minima.
While they can improve calibration, the associated geomet-
ric constraints often distort output features, leading to per-
formance degradation. Moreover, because these methods
rely on a single-step update, they are fundamentally lim-
ited to effectively explore flat regions of the loss landscape.
Simply increasing the number of update steps is not a viable
solution, as it incurs additional computational costs during
TTA and amplifies the risk of overconfidence.

Motivated by the correlation between the sharpness of
the loss landscape and calibration, we consider an alter-
native perspective for improving calibration in TPT: rather
than seeking flat minima around predefined prompts during
TTA, we initialize the prompts directly within a flatter re-
gion, such that calibration becomes inherently better. For-
mally, we aim to initialize prompts 6 that already exhibit
the desired flatness properties prior to TTA. To achieve this,
we propose a flatness loss, which encourages the learned
prompts to lie in flatter regions of the loss landscape by pe-
nalizing variations in the outputs under small perturbations:

Lfat = diStcos(fT(O+€1§ 9'1'82)7 fT(C§ 0))7 9

where dist.,s denotes the cosine distance, and £, and &9
are small random perturbations. Intuitively, enforcing out-
put stability under such perturbations reduces the model’s
sensitivity to changes in €, which leads to lower sharpness
for any differentiable loss function (see Appendix B for a
formal proof).

However, optimizing only Lg,; can distort the origi-
nal text features of 67, thereby degrading zero-shot per-
formance. Because the EM loss is highly sensitive to ini-
tial prediction probabilities [38], such distortions can lead
to substantial performance drops after adaptation. To ad-
dress this issue, we introduce an alignment loss that encour-
ages the output text features of the learned prompt to remain
close to those of 6%° to preserve the semantic structure of the
original prompt:

‘Calign = diStLZ(fT(C; 9)7 fT(C; 065))7 (10)



Method ‘ Venue Metric | Air Calt Car DTD SAT FLW Food Pets SUN UCF | Avg.
Acc. 239 929 653 443 413 673 836 88.0 625 650 | 6341
CLIP [33] ICML 2021 ECE 5.11 550 425 850 740 3.00 239 437 253 3359 | 4.67
SCE 052 025 023 133 618 059 020 068 0.12 052 | 1.06
Acc. 234 938 663 467 424 69.0 847 87.1 655 673 | 64.62
TPT [35] NeurIPS 2022 | ECE 168 451 516 212 215 135 398 577 113 13.0 | 11.67
SCE 058 016 025 144 707 051 017 060 0.15 0.57 1.15
Acc. 240 936 658 460 432 698 837 882 648 657 | 64.48
C-TPT [42] ICLR 2024 ECE 436 424 159 119 132 504 343 190 504 254 | 532
SCE 056 022 022 131 681 052 022 058 014 052 | 111
Acc. | 23.64 9395 6453 45.68 42.84 70.07 84.13 8795 6423 64.16 | 64.12
O-TPT [34] | CVPR 2025 ECE 368 380 178 7.88 1298 3.87 146 190 493 234 | 446
SCE 056 017 107 124 658 053 019 057 0.12 051 1.15
Acc. | 2475 9325 66.65 46.14 50.66 69.43 8431 87.30 64.08 67.08 | 65.37
FPP (Ours) CVPR 2026 ECE 726 585 200 752 519 267 192 263 322 3.04 | 413
SCE 057 026 022 131 512 058 020 070 0.12 0.1 0.96

Table 1. Comparison of accuracy and calibration performance using the CLIP-ViT/B16 backbone within the TPT framework under a
predefined hard prompt (“a photo of a”). The best and second-best results are highlighted in bold and underline, respectively.

where disty, denotes the L2 distance. We then combine the
two losses with a scaling factor A to form the final objective:

Lrpp = Lalign + A Lias- (1D

Here, we set A = v + 22, where 71,72 > 0 are hyper-
parameters and K denotes the number of classes. This for-
mulation downweights the flatness loss for larger class sets,
where maintaining alignment with the original text features
becomes more challenging. Notably, both losses depend
only on the predefined prompt 6% and the class-name set
C, enabling data-free pretraining of prompts that inherit the
calibration advantages of flat minima. The resulting prompt
can be used as an initialization for existing TPT-based meth-
ods, which we apply without any modification to their adap-
tation procedures.

6. Experiments
6.1. Experimental Setting

Implementation Details. We use the CLIP-ViT-B/16 archi-
tecture as the backbone. During the pretrain stage, we adopt
the AdamW optimizer with a cosine learning rate sched-
uler. The initial learning rate is set to 0.01, and pretraining
is performed for 1K iterations. For A\, we use y; = 1.0 and
v2 = 0.15. The perturbation terms £; and €2 are drawn
from zero-mean isotropic Gaussian distributions with vari-
ances of 0.02 and 0.005, respectively. Ablation studies for
hyperparameter settings are provided in the Appendix C.
For TTA, we follow the TPT [35] setting adopted in the
baseline works [34, 42] without modification, and follow O-
TPT [34] for other unspecified details. Following the base-
line works [34, 42], we evaluate calibration using ECE and
SCE, with detailed definitions provided in the Appendix E.

6.2. Main Results

Fine-Grained Classification. Tab. 1 presents the results
for the fine-grained classification task, where the predefined
prompt ¢ is set as a hard textual template “a photo of a.”
with class names provided for each dataset. In terms of cali-
bration errors, our method achieves state-of-the-art (SOTA)
performance in both ECE and SCE, with a particularly large
improvement in SCE. Moreover, our approach also achieves
SOTA performance in accuracy, even surpassing TPT. This
suggests that the sharpness of the loss landscape can also
influence the post-adaptation accuracy. Notably, while C-
TPT and O-TPT exhibit a trade-off between accuracy and
calibration, our method is the first to achieve SOTA perfor-
mance in both metrics simultaneously.

Different Predefined Prompts. Tab. 2 presents the re-
sults under the same fine-grained classification datasets as
in Tab. 1, but with the predefined prompt 63 obtained from
the supervised-trained prompt embeddings. Following the
baseline [34], we employ the officially released checkpoints
of CoOp [46] and MaPLe [15], and use them to train a
new initial prompt 6 according to Eq. (11). Our approach
achieves SOTA performance in both accuracy and calibra-
tion, showing even larger improvements compared to the
hard prompt setting in Tab. 1. These results indicate that our
method can leverage prior knowledge more effectively, sug-
gesting its strong compatibility with supervised approaches.

Different TPT Framework. Tab. 3 presents the results ob-
tained using the Dynaprompt [40] framework, which accu-
mulates updates during TTA instead of resetting the prompt
for each sample as in TPT. Specifically, Dynaprompt main-
tains multiple prompts, adaptively selects suitable ones for
each sample, and accumulates updates during TTA. Since
the selected prompts are optimized using the same EM loss



Method Metric | Air  Calt Car DTD SAT FLW Food Pets SUN UCF | Avg.

CoOBsTPT Acc. | 200 940 656 445 406 687 838 89.1 656 672 | 6391
p ECE | 296 365 663 348 313 199 966 740 208 199 | 1836
CoOnsCTPT Acc. | 192 939 63.1 450 407 690 837 893 651 666 | 63.56
p ECE | 215 166 245 210 132 102 449 212 118 120 | 10.04
CoObsOTPT Acc. | 18.69 9371 64.12 4545 40.17 6857 8355 89.07 6401 6564 | 63.29
oup ECE | 1682 092 285 1602 1376 681 359 192 723 916 | 791
CoOp+FPP (Oursy | ACC | 2151 9396 6374 4480 4872 6857 8431 8842 6644 67.30 | 6478
ovP e ECE | 934 349 533 1179 969 600 121 200 3.00 488 | 567
MaPLos TPT Acc. | 2436 9442 6650 5005 4732 7072 8501 87.78 6487 6648 | 65.75
ECE | 1058 238 414 1180 942 1163 178 179 847 741 | 694

Acc. | 2400 9229 6538 49.11 4458 7153 8435 8997 6349 6582 | 65.05

MaPLe+O-TPT ECE | 641 349 361 490 792 435 149 397 278 222 | 411
Acc. | 2406 9347 6627 4894 5219 6935 8517 9155 6829 70.84 | 67.01

MaPLe+FPP (Ours) | pop | 398 283 218 1158 191 403 353 503 174 393 | 4.07

Table 2. Comparison of accuracy and calibration error using the CLIP-ViT/B16 backbone within the TPT framework under predefined
prompts trained from CoOp and MAPLE. The best and second-best results are highlighted in bold and underline, respectively.

Method | Metric | Air  Calt Car DTD

| Acc. | 2433

SAT FLW Food Pets UCF | Avg.
9432 67.65 4796 4228 69.95 8542 88.28 68.72 | 6543

DynaPrompt (Paper)

Acc. | 22.68 94.16 66.88 47.87 3591 69.67 8492 8771 68.17 | 64.22
DynaPrompt (Replication) | ECE 18.67 3.05 508 23.19 3376 1273 6.75 5.62 13.72 | 13.62
SCE 073 015 021 1.53 853 052 0.18 057 049 | 143

Acc. 23.34 93.83 66.04 4699 36.57 70.08 83.58 88.61 65.74 | 63.86
DynaPrompt+C-TPT ECE 1021 251 217 1587 1694 435 221 243 533 | 6.89
SCE 063 019 022 143 699 053 019 057 049 1.25

Acc. 2241 93.67 6558 4580 36.32 6874 8339 88.55 65.69 | 63.35
DynaPrompt+O-TPT ECE 9.60 274 213 1431 1773 3.60 203 278 343 | 648
SCE 0.61 0.19 0.23 143 7.04 055 020 058 051 1.26

Acc. | 2496 9233 66.26 46.10 49.09 69.63 84.51 8836 66.09 | 65.26
DynaPrompt+FPP (Ours) ECE 528 572 370 527 849 244 294 496 220 | 4.56
SCE 056 028 023 133 572 059 021 070 053 | 1.13

Table 3. Comparison of accuracy and calibration error using the CLIP-ViT/B16 backbone within the DynaPrompt framework under a
predefined hard prompt (“a photo of a”). The best and second-best results are highlighted in bold and underline, respectively.

as in TPT, we simply add the regularization terms from the
baselines [34, 42] to apply them within this new frame-
work. The predefined prompt 0§ is set to “a photo of a”
following the original setup, with class names provided for
each dataset. We adjust the prompt buffer size to 12 and re-
produce all experiments using their official codebase. Our
method still achieves SOTA performance across all evalu-
ation metrics, showing strong generalizability in different
learning paradigms.

Natural Distribution Shifts. Tab. 4 presents results on nat-
ural distribution shifts [46], evaluating out-of-distribution
(OOD) performance using widely adopted ImageNet vari-
ant datasets, where details provided in Appendix. In this
setting, we fix A as 1.25 across all datasets. Under this
configuration, our method consistently achieves notable im-

provements in both ECE and SCE, with only a minor accu-
racy reduction of 0.42% compared to TPT. In contrast, O-
TPT, which exhibits the best calibration among prior works,
experiences an accuracy drop of more than 2%. These find-
ings highlight that our method maintains strong effective-
ness under OOD scenarios.

6.3. Experimental Analysis

Ablation Study. Tab. 5 summarizes the ablation results
across fine-grained classification datasets using TPT, de-
signed to assess the effectiveness of the two proposed
losses, the Lajign and the Lg,¢, in the pretraining stage. The
first block reports the default setting, where TPT is directly
applied to the original initial prompt 65 without any pre-
training. The second block shows that employing the the



Method | Metric | I I-A I-V2 I-R IS | OOD Avg.

Acc. 66.7 47.8 608 740 46.1 57.18
CLIP [33] ECE | 212 861 3.01 358 495 5.04
SCE | 0.04 030 0.06 0.18 0.06 0.15

Acc. | 69.0 52,6 630 767 475 59.95
TPT [35] ECE 106 164 11.1 436 16.1 11.99
SCE | 0.04 029 0.06 0.14 0.06 0.14

Acc. 68.5 516 627 760 479 59.55
C-TPT [42] ECE | 3.15 816 623 154 735 5.82
SCE | 0.04 029 0.06 0.16 0.06 0.14

Acc. 673 499 61.7 726 47.1 57.82
O-TPT [34] | ECE 1.97 722 397 146 6.87 4.88
SCE | 0.04 029 0.06 0.17 0.06 0.15

Acc. 678 523 619 767 472 59.53
FPP (Ours) ECE 297 538 345 7.07 262 4.63
SCE  0.04 027 0.06 0.16 0.06 0.12

Table 4. Comparison of accuracy and calibration error in natural
distribution shifts datasets.

Align Loss M‘ Zero-Shot ‘ Acc. ECE SCE
a e | |

- - - 6341 | 6462 1167 115
- v v 4.65 416 - -
v - - 6349 | 6440 7.05  1.09
v - v 6392 | 6477 586  1.03
v v - 64.15 | 6489 464  1.02
v v v | 6435 | 6537 413 096

Table 5. Ablation study under the fine-grained classification set-
ting, evaluating the contribution of each component.

flatness loss Lq,, without the alignment loss Laiign leads to
a collapse in the zero-shot accuracy of the learned prompt 6,
making adaptation with the EM loss infeasible. Conversely,
applying only the L,jign preserves baseline zero-shot per-
formance and achieves competitive results after TPT adap-
tation, but it does not ensure proper calibration. The fourth
and fifth blocks ablate the effect of each perturbation com-
ponent within the Lg,¢, showing that both contribute to im-
provements in accuracy and calibration. Finally, the last
row confirms that combining all components yields the best
overall performance, indicating that each component con-
tributes synergistically to performance improvement.

Class Name Dependency. In many TTA methods, task-
specific information such as the set of class names C' is
known in advance and often utilized to design task-specific
configurations [11, 43, 48]. However, this assumption may
not hold in scenarios where such information is unavailable
prior to test-time. To address this issue, we conduct experi-
ments summarized in Tab 6, where pretraining is performed
after modifying the original class names in two ways: (i) ap-
plying ImageNet class names, and (ii) replacing the original
class name embeddings with Gaussian noise. Notably, our
method consistently achieves SOTA performance in both
cases, surpassing the baseline results reported in Tab. 1.
This finding aligns with observations from [44], which in-
dicate that text semantics are relatively easy to sample and
that even random text embeddings can effectively preserve

Class Source | Metric | Fine-Grained Avg. | A

Acc. 64.97 -0.40

ImageNet-1K | ECE 4.40 +0.27
SCE 0.97 +0.01

Gaussian Acc. 65.28 -0.09
Noise ECE 4.25 +0.12
SCE 1.03 +0.07

Table 6. Evaluation of robustness to class name variation, re-
ported as the average performance across fine-grained classifica-
tion datasets. A denotes the performance difference relative to the
default setting, which uses original class names during pretraining.

the underlying feature space. Overall, these results demon-
strate that our approach is largely independent of explicit
class-name supervision and exhibits strong generalization,
even when class names are partially or entirely absent.

Flat Minima and Calibration. To further investigate the
relationship between flat minima and calibration, we con-
duct the experiments shown in Fig. 3. For each test sample,
we first optimize an individual prompt and then quantify
the sharpness of the corresponding loss landscape. The re-
sulting prompts are sorted in ascending order of sharpness
and divided equally into three groups, representing low,
medium, and high sharpness levels. Within each dataset, we
compute the ECE and mean sharpness for each group, and
then average these quantities across all fine-grained datasets
to visualize their relationship. This procedure follows the
baseline setup in [34], ensuring that each group contains
an equal and sufficient number of samples for statistically
reliable calibration estimates. Across different calibration
methods, our findings consistently show that prompts con-
verging to flatter minima exhibit lower calibration errors.
These results suggest that, among the various local minima
of the EM loss, those corresponding to flatter minima yield
more reliable predictive probabilities.

Underconfidence and Overconfidence. To examine
whether our approach can address both overconfidence and
underconfidence, we present reliability diagrams in Fig. 4.
As illustrated, O-TPT exhibits overconfidence on the tex-
ture dataset (DTD) and the remote-sensing dataset (Eu-
roSAT), while showing underconfidence on the natural-
domain dataset (SUN397). In contrast, our method effec-
tively mitigates these issues across all cases, showing con-
sistent improvements over both types of calibration error.

TPT with SAM Objective. In Section 4, we show that
the optimization formulation of regularized TPT [34, 42]
is inherently aligned with the core principle underlying the
SAM mechanism. The key distinction, however, is that
regularized TPT operates with a fixed perturbed point, de-
fined as 05 = 603® + ey, Which we argue is key to en-
abling SAM in TPT. When SAM-based methods [5, 18]
are directly applied to TPT, the algorithm simply seeks
a perturbation direction that increases the EM loss, with-
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Figure 3. Relationship between sharpness of the loss landscape and
calibration error. Across several datasets and methods, flatter min-
ima consistently correspond to lower calibration errors.
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Figure 4. Reliability diagrams showing underconfidence and over-
confidence. Our method demonstrates the ability to produce appro-
priate confidence values as needed.

Method ‘ Acc. ECE SCE ‘ Sharp. Method ‘ Acc. ECE SCE ‘ Sharp. Method ‘ Dataset ‘ Pretrain TTA
TPT 64.62 1167 1.15 | 123 Len — Lent (2-step) | 64.67 1890 127 | 131 O-TPT EuroSAT - 9m 555
TPT+ASAM [18] | 64.18 978 1.12 | 1.12 Lent — Ligg (2-step) | 6414 12,60 1.17 | 1.26 - SUN397 - 81m 27s
TPT+SAM [5] | 6159 415 112 | 0.78 Lieg = Lem (2-step) | 6429 1178 1.19 | 1.22 T | CalT T
FPP (O
FPP (Ours) | 6537 4.3 096 | 0.52 Lew + Lieg (O-TPT) | 6412 446 115 | 116 ©urs) | 5uN397 ‘ 10m21s  76m 50s

Table 7. Evaluation of SAM-based methods Table 8. Evaluation of isolated effect of regular- Table 9. Comparison of computational

under the TPT setting, showing reduced cali- ization loss in O-TPT, showing limited calibra-
tion benefit without SAM mechanism.

bration error but degraded accuracy.

out considering the prediction probabilities associated with
the perturbed prompts. Such perturbations often distort
text features, causing incorrect predictions after adaptation
due to the high sensitivity of the EM loss to initial accu-
racy [38]. As shown in Table 7, although these approaches
successfully reduce both sharpness and calibration error,
they also lead to notable accuracy degradation. One could
attempt to mitigate this issue by filtering out noisy test sam-
ples to avoid perturbations that destabilize initial predic-
tions [7, 30]. However, this strategy is infeasible in TPT,
where sample-specific adaptation is essential. In contrast,
our method enables the prompt to converge to flat minima
without relying on any form of perturbation.

Regularization Loss Without the SAM Effect. As noted
earlier, when the regularization loss is combined with the
EM loss, it follows the same optimization principle as SAM,
and we argued that the resulting flat minima are the reason
of improved calibration. At this point, one might question
whether the regularization loss itself has an intrinsic influ-
ence on calibration, independent of the flat minima. To ad-
dress this concern, we conduct experiments in which the
two losses are optimized sequentially rather than jointly.
This update scheme no longer aligns with the SAM formu-
lation and, as shown in Tab. 8, it fails to produce any mean-
ingful reduction in sharpness. Correspondingly, we observe
no improvement in calibration, and the geometric constraint
imposed by the regularization term even degrades accuracy.
This finding highlights that it is the sharpness of the loss

costs in terms of execution time between
our method and O-TPT.

landscape—rather than the regularization term itself—that
plays a direct role in achieving effective calibration.

Computational Costs. Tab. 9 summarizes the computation
times for both the pretraining and TTA stages. Note that the
proposed pretraining method does not rely on any test sam-
ples and is completely decoupled from the inference pro-
cess. Consequently, our method only affects the pretraining
stage, maintaining the same inference time as the original
TPT, while the overall pretraining time remains negligible
compared to the inference time. In contrast, O-TPT, in its
practical implementation, incorporates a Householder trans-
formation [12] within the regularization loss, introducing a
O(|C|?) computational complexity and causing a direct in-
crease in inference latency.

7. Conclusion

In this paper, we reveal that prompts converging to flat min-
ima consistently achieve superior calibration performance
compared to those trapped in sharper minima. We further
show that existing regularization methods implicitly func-
tion as mechanisms that guide prompts toward flat minima
of the EM loss. Building on these insights, we propose FPP,
a pretraining framework that positions prompts in flatter re-
gions before adaptation, facilitating more effective conver-
gence to flat minima. Notably, simply replacing the initial
prompt in existing methods with our pretrained ones yields
SOTA calibration and accuracy.
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Supplementary Material

A. Proof of Theorem 1

In the main paper, Theorem 1 states that, for either regular-
izer associated with Eq. (2) or Eq. (3),

H(T) = EUNUnif(SDfl) [Lent (T7 U)]

Al
= Lo (T) 4 B+ O(D73/?), a1

with o > 0. We now make this statement precise and prove
it.

Recall that T € RE*P denotes the text feature ma-
trix, and ¢; € RP denotes its i-th row, where ||t;]|2 = 1.
This assumption is imposed by the CLIP model, which nor-
malizes feature embeddings and computes cosine similarity.
To facilitate the analysis, we introduce equivalent surrogate
losses that share the same optimal states as the original reg-
ularizers:

1
Laisp(T) = — || PT||%, P::I—?llT, (A.2)

for the regularizer in Eq. (2), and

St (A3)

1<i<j<K

Lorth (T) =

for the regularizer in Eq. (3). We will show that both losses
depend only on the same term, and that the expected EM
loss is also determined by that term.

Let u(T) = & 3K | #; denote the mean text feature. We
then define the following quantity:

S(T) = | PT|%

K
(A4)
= llti — (D).
=1

We first relate Lqisp (1) and Loyen(T) to S(T'). Since
SR (i — u(T)) = 0 and [|t;]|2 = 1, we have

S(T) = K — K||p(T)|l3- (AS)

Moreover, since each t; has unit norm, ||u(7)||3 is deter-
mined by the pairwise inner products:

2
2

1 K
(@)1 = 25 | 2t
P (A6)

1 T
= | K +2 ot
1<i<j<K

Substituting this into the expression for S(7'), we obtain

2
S(T):K—l—g Z tlt;. (A7)
1<i<j<K

Therefore,
K
Laisp (T) = =S(T), Loyn(T) = E(K —1-5(1)).
(A.8)
Thus, both losses depend only on S(T').
We next relate S(T) to the expected EM loss. For an
image feature v ~ Unif(SP~1), let

s(T,v) =Tv (A.9)
denote the logit vector, and define

f(s) = H(softmax(s)), (A.10)

where H denotes entropy. Since softmax is invariant under
adding the same scalar to all logits, we have

f(s+cl) = f(s) = f(Ps)

where Ps = s — (17 s)1. Thus, f(s) is fully determined
by the centered logits Ps.

We now expand f around the origin. Since ||t;]|2 =
vl = 1, each logit satisfies |s;(T,v)| = [t/ v|] < 1.
Therefore, s(T,v) € [—1,1]%, and the centered logits
Ps(T,v) lie in the compact set {Ps : s € [-1,1]%}. As
f is smooth, its third derivatives are uniformly bounded on
this set. At s = 0, the softmax distribution is uniform, so

forallc e R, (A.11)

F0)=log K,  Vf(0) =0, VQf(O):—%P.
(A.12)

Hence, Taylor expansion around the origin gives

1
f(s) = log K — o ||Psll3 + R(s), (A.13)
2K
where R(s) is the remainder term satisfying
|R(s)] < Mic || Ps|[3 (A.14)

for some constant Mk < oo depending only on K.
Substituting s(7T',v) = Tw and taking expectation over
v ~ Unif(SP~1), we obtain

H(T) == Ev [Lent (T’ U)]

1 , (A.15)
=log K — ﬁEUHPTsz + E,[R(T)].



Since v is uniform on the unit sphere,

1
E,[vv"] = —=Ip.

o) (A.16)

Therefore, since P is a projection matrix satisfying PT =
P and P2 = P, we obtain

E,|PTv|3 = tx(T T PTE,[vv'])

1
=5 tr(T" PT)

1 (A.17)
— LiPriE
1
Thus,
H(T) = log K — ——S(T) + Eo[R(Tv)].  (A.18)

2KD

It remains to bound the remainder uniformly in 7. Let
A = PT. By Cauchy-Schwarz,

E.[[Av]3 < /E, | Av3y/Ef Aol (A19)

For v ~ Unif(SP~1), the standard fourth-moment identity
gives
E,||Av|5 = E, [(vTATAU)2]

3| Al
= D(D+2) (A.20)
_ 314l
i D2 b)
while A2
E,||Av|2 = £ A2l
| Avl|z D (A.21)
Combining the two bounds yields
PT|)3
B, |1PTol3 < v312TE
D3/2
(A.22)
- f S(T)3/2
- 3 W.
Moreover, since
S(T) = K = K||u(T)l3, (A23)
S(T') is bounded between 0 and K. That is,
0<S(T) <K. (A.24)
Therefore,
E,|PTv|3 = O(D~3/?), (A.25)

uniformly over all admissible text features 7', and hence

H(T) = log K — ——S(T) + O(D~3/2).

57D (A.26)
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Figure A.1. Correlation between expected EM loss and regular-
ization loss.

Finally, we rewrite this expansion in terms of the corre-
sponding regularizer.
For Eq. (2), since Laisp () = —S(T), we have

1
H(T) = 57 Laisp(T) + log K + O(D3/?). (A27)

Thus, in this case,

1
Qdisp = %7 ﬁdisp = log K. (A28)
For Eq. (3), since
K
Lorth(T) = 5(K —-1- S(T)),
we obtain
2
S(T) =K — 1~ 2 Loun(T). (A.29)
Substituting this into the entropy expansion gives
H(T) = 3= Lo (T)
- ﬁ orth
B (A.30)
log K — —— D732,
+ ( og SKD > + O( )
Thus, in this case,
1 K-1
Olorth = 5orth = lOgK - (Asl)

K2D’ 2KD

Therefore, for either of the regularizers associated with
Eq. (2) and Eq. (3), the expected EM loss satisfies
H(T) = aLily(T) + 5+ 0(D~?/?),

reg

a>0. (A32)

Hence, up to an O(D~3/2) remainder, the expected EM loss
increases with the corresponding regularization loss. This
completes the proof. [

Fig. A.1 further supports this relationship across the set-
tings used in our experiments.



B. Connection Between the Proposed Flatness
Loss and Sharpness of the Loss Landscape

Our goal is to clarify how the flatness loss Laa¢ in Eq. (9)
helps reduce the sharpness of other differentiable losses de-
rived from the model output. Specifically, we aim to show
that constraining the deviation of the model output f7(C'; 0)
under small perturbations effectively decreases the sharp-
ness of any loss function defined in terms of the model out-
put, £(fr(C,0)), with respect to (C, 0).

To formalize this connection, we first analyze how small
perturbations in (C, 0) affect the model output. In particu-
lar, we approximate fr(C+e€1; 84¢5) using a second-order
Taylor expansion:

fr(C+e1; 0+e2) = fr(C;0) + Joer + Jpea

+ %EIHCCfl + EIHC@EQ + %EJH@@EQ, (B.1)

where Jo = 0fr/0C and Jy = Ofr/06 denote the Jaco-
bians of the model output. Hoe, Heog, and Hygy represent
the corresponding Hessian blocks.

For a small deviation Afr = f7(C + e1, 0 + &3) —
fr(C, ), the flatness loss Lg,+ based on the cosine distance
can be locally approximated as

b

aMree 1471

(B.2)
where this approximation ignores higher-order terms and
the dependence on the precise alignment between A fr and
the normalized direction u = fr/|| fr||. This local approxi-
mation shows that the flatness loss grows quadratically with
the magnitude of the output deviation.

By substituting the Taylor expansion in Eq. (B.1) into
Eq. (B.2) and taking expectations over zero-mean isotropic
Gaussian perturbations €1, €2, we obtain:

Eﬂat - diStcos(fT + AfTa fT) ~

EEhEzI:Eﬂat:I o8 HJCH%‘ +
——
input deviation

+ [[Heelld +
—_———

input sharpness

16 %
——

parameter deviation

| Hoo |3
———

parameter sharpness

+ |[Heoll%
————

cross sharpness

(B.3)
For simplicity, we ignore constant factors and higher-order
terms and view Eq. (B.3) as capturing the dominant depen-
dence of E[Lg,¢] on the derivatives of fr. This expression
shows that the expectation of the flatness loss is propor-
tional to the sum of the squared magnitudes of both first-
and second-order derivatives of the model output. Conse-
quently, Lq,¢ explicitly penalizes output-level sharpness by
reducing excessive sensitivity with respect to both inputs C'
and parameters 6.
Let the scalar loss be defined as ¢(fr(C,0)) =
é(fr(C;0),v), where ¢ : R? — R is a differentiable
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Figure B.1. Comparison between fixed hyperparameter A and the
proposed dynamic A strategy.

mapping and v is arbitrary image features. Denote g =
\Y f¢( fr(C;0), v) as the gradient of ¢ with respect to the
model output. By applying the multivariate chain rule, the
Hessian of ¢ with respect to C' and 6 can be expressed as:

Veol = JoHpJe + g'Hee,

(B.4)
V2,0 = JyHpdy + g Hoo,
where H; denotes the Hessian of the function ¢ with re-
spect to the output fr. The terms J¢o, Jyp, Hoco and Hyg
correspond to the Jacobians and Hessians of fr(C'; ) with
respect to C' and 6, as defined in Eq. (B.1).

Consequently, minimizing flatness loss L£q,;—Wwhich re-
duces ||Jc||lrs | JollFs || HeellF, and ||Hgo|| p—tends to
diminish the corresponding components of the Hessian of
¢(fr(C,0)). Because the Hessian reflects the sharpness of
the loss surface, reducing it directly leads to a smoother
landscape [49]. Therefore, suppressing the sharpness of the
model output inherently smooths the loss landscape, guid-
ing optimization toward a flatter loss landscape.

C. Hyperparameter Settings

C.1. Analysis of Lambda

In Eq. (11), X scales the flatness loss Lq,¢ during prompt
optimization. Rather than using a fixed value of A across
all datasets, we allow it to adapt automatically to dataset-
specific characteristics. Concretely, we set A = 1 + 2
with 73 = 1.0 and 2 = 0.15, where K denotes the num-
ber of classes. This design reflects the intuition that pre-
serving the original text features becomes more difficult on
datasets with larger label spaces; accordingly, diminishing
the contribution of the flatness loss helps maintain the un-
derlying text semantics. As shown in Fig. B.1, this dataset-
dependent scheduling of A consistently outperforms a fixed
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Figure B.2. Ablation on perturbation magnitude. We scale the variances of the Gaussian distributions used to sample perturbations €1 and
€2 and report the resulting performance. The results indicate that tuning the perturbation magnitude within an appropriate range is essential

for achieving optimal performance.

Align Loss Flat Loss ‘ Acc. ECE
Cosine L2 64.70 4.87
Cosine Cosine 64.81 491

L2 L2 64.56 4.80
L2 Cosine ‘ 65.37 4.13

Table C.1. Ablation study on distance functions used in the losses
of the proposed pretraining stage. The method demonstrates robust
performance, achieving stable accuracy and ECE regardless of the
function selected.

choice, yielding improvements in both accuracy and ECE
across the fine-grained classification datasets.

C.2. Analysis of the Magnitude of Perturbation

In Fig. B.2, we conduct an ablation study on the magnitude
of the two perturbations used in the flatness loss. Specifi-
cally, starting from our default setting where €1 and ¢4 are
sampled from Gaussian distributions with variances 0.02
and 0.005, respectively, we scale these variances by con-
stant factors and measure the resulting performance on the
fine-grained classification datasets. Here, a scaling factor
of x1 corresponds to our default configuration. Across
both experiments, we observe a consistent trend: when the
perturbation magnitudes are too small, the model exhibits
lower accuracy and higher calibration error, while increas-
ing €; and e gradually improves both metrics. However,
once the perturbations exceed our default values, the cal-
ibration error starts to increase again and the overall per-
formance degrades. This pattern indicates that choosing ¢
and e, within an appropriate range is crucial, and that our
default setting yields a favorable trade-off between accuracy
and calibration.

C.3. Analysis of Distance Function

In our pretraining objective, we consider two choices of dis-
tance metrics for both the alignment loss in Eq. (10) and
the flatness loss in Eq. (9): L2 distance and cosine dis-
tance. Tab. C.1 presents an ablation study in which we in-
terchange these distance functions for each loss term while
keeping all other components unchanged. Across all con-
figurations, our method consistently delivers higher accu-
racy than the baseline methods C-TPT and O-TPT, and also
achieves lower ECE than C-TPT, demonstrating that the ef-
fectiveness of our approach is robust to the specific choice
of distance metric.

D. Datasets

Following the baseline papers [34, 42], we adopt the ten
fine-grained classification datasets originally introduced in
CoOp [46]. These datasets span a broad set of visual
domains, including plants and animals (Flower102, Ox-
fordPets), textures (DTD), food imagery (Food101), and
scenes (SUN397). They also cover human action recogni-
tion (UCF101), satellite imagery analysis (EuroSAT), trans-
portation categories such as cars and aircraft (StanfordCars,
Aircraft), and the general-purpose dataset (Caltech101).

In addition, we evaluate on four ImageNet variants that
are widely used to assess robustness under natural distribu-
tion shifts: ImageNet-V2, ImageNet-A, ImageNet-R, and
ImageNet-Sketch. Compared to the standard ImageNet val-
idation set, these datasets respectively contain re-collected
samples, naturally adversarial images, artistic renditions
(e.g., paintings and cartoons), and sketch drawings, thereby
providing a diverse set of challenging test conditions for an-
alyzing both accuracy and calibration.



Method | Metric | Air Calt Car DTD SAT FLW Food Pets SUN UCF | Avg.
AECE 3.96 4.78 1.72 8.21 13.92  4.07 4.81 2.16 8.51 1.96 5.41
O-TPT [34] | AURC | 0.57 0.01 0.14 0.31 0.40 0.10 0.05 0.02 0.18 0.14 0.19
MCE 1391 86.10 13.07 17.05 29.25 18.26 11.06 2257 4527 8.74 | 26.53
AECE | 7.52 6.24 2.16 7.83 5.36 2.98 1.98 2.46 3.20 3.04 4.28
FPP (Ours) | AURC | 0.57 0.01 0.13 0.30 0.31 0.10 0.05 0.02 0.18 0.12 0.18
MCE | 27.02 6233 794 20.03 2352 11.80 6.82 2478 8.52 10.80 | 20.36

Table D.1. Comparison of calibration metrics (AECE, AURC, MCE) between O-TPT and FPP using the CLIP-ViT/B16 backbone within
the TPT framework under a predefined hard prompt (“a photo of a”). The best result for each metric is highlighted in bold.

Method | Metric | Air Calt Car DTD SAT FLW Food Pets SUN UCF | Avg.
O-TPT[34] |  SAM | 0708 1381 0571 1277 0619 1269 1775 0826 1764 1.396 | 1.158
~'' | Fisher-Rao | 0.871 0452 1939 0920 0255 0279 1.163 0.035 0.862 0.213 | 0.699

FPP (Ours) SAM | 0700 0.659 0560 0956 0.872 0.748 0.604 0487 1.039 0.796 | 0.742
Fisher-Rao | 0.251 0.048 0.115 0.228 0.244 0.123 0.049 0.057 0.130 0.122 | 0.137

Table D.2. Comparison of flatness measures between O-TPT and FPP using the CLIP-ViT/B16 backbone within the TPT framework under
a predefined hard prompt (“a photo of a”). Lower values indicate a flatter loss landscape.

E. Calibration Metrics

Following previous works [34, 42], we evaluate calibra-
tion using two metrics: (1) Expected Calibration Error
(ECE) [29] and Static Calibration Error (SCE) [31]. Specif-
ically, ECE measures the discrepancy between predicted
confidence and accuracy by partitioning predictions into M
bins:

B
A
ECE = Z |‘M—b|‘acc(Ab) — conf(A4y)|,
b=1

(E.1)

where B is the number of bins used to divide the predic-
tion confidences, A, denotes the set of samples whose con-
fidence scores fall into the b-th bin, and |A,| indicates the
number of samples in Ay. M is the total number of predic-
tions, acc(-) represents the prediction accuracy, and conf(-)
is the average confidence of the samples. In addition, the
SCE extends this idea to multi-class settings by computing
calibration error across both confidence bins and classes:

| K B A
SCE = ?kz::b #‘acc(Ak7b)—conf(Ak7b) . (E.2)

1b=1

Here, Ay, denotes the set of samples belonging to class k
whose prediction confidence falls into the b-th bin.

F. Results on Additional Calibration Metrics

We further evaluated our method on a broader set of calibra-
tion metrics beyond ECE and SCE, as shown in Tab D.I.
Specifically, we compared our method against O-TPT on
AECE, AURC, and MCE. AECE [27] provides a more ro-
bust estimate of calibration by reducing dependence on a

fixed binning scheme. AURC [6] captures the overall risk-
coverage trade-off when predictions are ranked by confi-
dence. MCE [29] measures the largest calibration error
across bins. Our method consistently achieved better results
than O-TPT across all three metrics.

G. Additional Sharpness Analysis

To further support our claim that the proposed method con-
verges to flatter minima, we provide an additional sharpness
analysis in Tab. D.2. Specifically, under the TPT frame-
work, we report the Fisher-Rao norm [22] for both O-TPT
and FPP, along with SAM-based flatness. The results show
that FPP consistently achieves smaller values than O-TPT
across all datasets.

H. Standard Deviation Across Different Seeds

In Tab. F.1, following the evaluation protocol of O-TPT, we
report the standard deviation of accuracy and ECE across
five fine-grained datasets. For three different random seeds,
we independently perform both the pretraining and test-
time adaptation (TTA) stages, compute the standard devia-
tion for each dataset, and then report the mean standard de-
viation across datasets. Specifically, we compute the stan-
dard deviation over three different random seeds for both
the pretraining and TTA stages, and then report the mean
standard deviation across datasets. Our method exhibits an
accuracy standard deviation comparable to O-TPT, while at-
taining the lowest ECE deviation among all methods. These
results indicate that our approach not only achieves strong
average performance but also maintains consistently stable
behavior across multiple runs with different random initial-
izations.



Method Metric | Calt Car DTD FLW Food | Avg.
CTPT Std. Acc. | 0.12 0.16 0.6 022 020 | 0.17
Std. ECE | 024 0.18 024 012 0.19 | 0.194
O-TPT Std. Acc. | 0.14 0.1 003 0.0 0.19 | 0.11
Std. ECE | 0.17 025 0.14 020 0.10 | 0.177
Std. Acc. | 0.05 005 027 010 0.18 | 0.13
FPP(Ours) | ¢4 BCE | 0.12 027 0.5 021 004 | 0.158

Table F.1. Standard deviation across three different seed runs.
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