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Abstract. Vision language models (VLMs) have become effective tools
for image recognition, primarily due to their self-supervised training on
large datasets. Their performance can be enhanced further through test-
time prompt tuning (TPT). However, TPT’s singular focus on accuracy
improvement often leads to a decline in confidence calibration, restrict-
ing its use in safety-critical applications. In this work, we make two con-
tributions: (1) We posit that random or naive initialization of prompts
leads to overfitting on a particular test sample, and is one of the rea-
sons for miscalibration of VLMs after TPT. To mitigate the problem, we
propose careful initialization of test time prompt using prior knowledge
about the target label attributes from a large language model (LLM).
(2) We propose a novel regularization technique to preserve prompt cal-
ibration during test-time prompt tuning (TPT). This method simulta-
neously minimizes intraclass distances while maximizing interclass dis-
tances between learned prompts. Our approach achieves significant cali-
bration improvements across multiple CLIP architectures and 15 diverse
datasets, demonstrating its effectiveness for TPT. We report an average
expected calibration error (ECE) of 4.11 with our method, TCA, com-
pared to 11.7 for vanilla TPT (24), 6.12 for C-TPT(48) (ICLR’24), 6.78
for DIfTPT(8) (CVPR’23), and 8.43 for PromptAlign(37) (NeurIPS’23).

1 Introduction

VLMs and Confidence calibration. Vision-Language Models (VLMs) have un-
locked transformative applications across a wide range of fields, from healthcare
diagnostics (45) to assistive solutions for visually impaired (46). However, re-
cent findings (40) reveal that VLMs suffer from miscalibration, which can hinder
model trustworthiness in critical applications. Traditional calibration methods
rely on large labeled datasets, posing significant limitations for settings like test-
time adaptation, where the labeled data is unavailable or infeasible to obtain.
Inspired by the success of VLMs in generalizing to unseen data in a zero-shot
setting (48), in this paper we focus on zero-shot setting, and adapt these models
using prompt tuning.
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Fig.1: Conceptual comparison between our proposed TCA vs. the con-
temporaries. Test-time prompt tuning methods, such as TPT (24), learn test-
time prompts through parameter optimization. However, these methods often
face performance disadvantages in calibration, as they struggle to dynamically
adapt to varying textual feature distributions, limiting effective prompt calibra-
tion. Methods, ArgGue(39), DiffTPT(8), and PromptAlign(37) do not explic-
itly optimize for calibration. Although C-TPT (48) introduces enhancements in
calibration, it still falls short in capturing nuanced visual attributes that con-
tribute to precise prompt conditioning leading to suboptimal prompt specificity.
Our method termed Test-time Calibration via Attribute Alignment (TCA) in-
fuses relevant attribute information providing context via LLMs and captures
intra/inter-class textual attribute spread improving prompt calibration. Note:
TCA works in zero-shot and test-time settings without any labeled data, making
it very practical for real-world deployment where data annotation is infeasible.
No model finetuning required: Only prompts are updated at test time; base vi-
sion and text encoders are kept frozen.

Prompt Tuning. Test-time prompt tuning (TPT) has emerged as a promising
approach to improve generalization of VLMs, offering a way to adapt prompts
to specific contexts without requiring any labeled data from the target domain.
Hard prompts (27), often composed of fixed vocabulary tokens from standard
templates like ‘A photo of a {class namel}" can simplify prompt creation.
However, (48) indicate that more flexible prompt designs, such as soft prompts
or learned embeddings, can significantly enhance a model’s adaptability and
effectiveness. On the other hand, domain-specific prompt creation for image-
text models requires substantial expertise and time, with no guarantee of optimal
results despite extensive engineering efforts(36). Shu et al.(24) suggested a TPT
technique (hereinafter referred to as Vanilla TPT (VTPT)) which aims to enhance
the accuracy of CLIP based models by minimizing the entropy in the prediction
distribution as a self-supervision signal during test time. However, a reduction in
entropy leads the model to generate overconfident predictions, a characteristic
often observed in models trained with cross-entropy loss (9; 48). Fig. 1 illustrates
the conceptual distinction between existing prompt tuning approaches and the
method proposed in this work.
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Contributions. This work focuses on TPT strategy to improve model’s cali-
bration. At first, this may seem infeasible since various calibration techniques
employed in standard supervised training of neural networks require substantial
amounts of labeled training data, which restricts their applicability in test-time
prompt tuning scenarios for CLIP based models. Here, we come up with a clever
workaround, by extracting label attributes using a LLM, and leveraging them in
TPT instead of label supervision.

1. Attribute-Aware Prompting for Improved Calibration: Unlike the
contemporary methods that directly attach soft prompts before class names,
we append the model with precise visual attributes produced by an LLM that
provide rich context. The visual attributes are sorted by their relevance. It
may be noted that a particular attribute may be relevant for more than one
labels. Hence, by aligning the visual embeddings with the chosen attributes
allows a model to not only demonstrate that it recognizes features that are
crucial for distinguishing the correct class from others, but also allows the
model to express its prediction uncertainty in terms of the ambiguous at-
tributes. Multiple relevant attributes also enhance the compositional nature
of visual data as they serve as semantic anchors. Their incorporation in soft
prompt design improves image-text alignment scores as they establish inter-
pretable correspondences between visual and linguistic embeddings.

2. Regularization Loss: Proposed visual attributes-based prompt initializa-
tion allows the model a much better starting point compared to random ini-
tialization and prevents overfitting in the presence of limited variations in the
single sample (and its augmentation) based training. However, the gradient-
based update of the prompts may still overfit the prompts to the sample.
Hence, we propose a loss on text prompt embeddings to minimize intra-class
text feature dispersion, while maximizing inter-class dispersion. The idea is
inspired from contrastive learning (15) in supervised training where the intra-
class distance w.r.t. anchor is minimized and inter-class distance w.r.t. neg-
ative sample is maximized. The proposed loss can be combined with other
prompt tuning methods for e.g. PromptAlign (37) and Diff TPT (8). In sup-
plementary, we show gains in accuracy and ECE when we incorporate TCA on
top of PromptAlign (37) and DiffTPT (8).

3. Superior Performance: We perform extensive experiments across various
datasets and CLIP based models, incorporating our proposed attributes aware
prompt initialization, and proposed loss. We report an average performance
on 11 benchmark datasets improving the model calibration by 7.5% over the
baseline TPT (24) and 2.01% in terms of ECE over C-TPT (48) respectively.

2 Related Works

Miscalibration in Neural Network. Accurate estimation of predictive un-
certainty, often referred to as model calibration, is a critical aspect of deploying
neural networks in safety-sensitive applications. Proper calibration ensures that
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the confidence associated with a model’s predictions aligns with its true accu-
racy, thereby facilitating more reliable decision-making. However, recent studies
have highlighted frequent instances of miscalibration in modern neural network
architectures, indicating a concerning trend: despite improvements in predictive
performance, newer and more accurate models tend to produce poorly calibrated
probability estimates (9; 41).

Calibration Techniques. Calibration techniques can be broadly classified as
train-time methods and post-hoc methods. Train-time techniques typically used
additional loss terms along with the NLL (cross-entropy) loss during training.
Some representative works include: (31; 29). These techniques are not practical in
our setting as it requires retraining the neural network with the regularization
terms. Post-hoc calibration are applied after the model has been trained and
often require a validation set to fine-tune the output probabilities. Some common
post-hoc calibration techniques include: TS (32), DC (18) etc.

Prompt Tuning for VLMs. To efficiently adapt the large foundational models,
prompting (21) has emerged as a resource-efficient method. Prompt tuning typ-
ically uses static or learnt prompts as part of the input text to guide the model
in performing specific tasks in a zero-shot, or few-shot manner. Hand-crafted
prompts consisting of predefined vocabulary tokens, or hard prompts, may not
be optimal in various settings. Hence, there is a growing focus on techniques that
regard prompts as learnable vectors which can be optimized through gradient
descent (22). For instance, CoOp (51) tunes the prompts in CLIP using labeled
training samples to improve its classification accuracy. However, CoCoOp (50)
identified that CoOp struggles with generalizing to out-of-distribution data and
recommends conditioning the prompt on input images. While effective, these
methods require access to annotated training data, which limits the zero-shot
adaptation of pre-trained models like ours. To tackle this challenge, recent re-
search has introduced a TPT technique (24), which enables adaptive prompt
learning at the inference time, using just one test sample. TPT optimizes the
prompt by minimizing the entropy with confidence selection so that the model
has consistent predictions for each test sample. DiffTPT (8) innovates test-time
prompt tuning by leveraging pre-trained diffusion models to augment the diver-
sity of test data samples used in TPT. PromptAlign (37) fine-tunes multi-modal
prompts at test-time by aligning the distribution statistics obtained from mul-
tiple augmented views of a single test image with the training data distribution
statistics. Although previous studies (51; 50; 2; 24) have primarily concentrated
on refining prompt templates to improve accuracy, they have largely neglected
calibration (9), except for (48).

Our paper focuses on the critical and under-explored challenge of calibrat-
ing VLMs in a zero-short, test-time setting. To maintain the efficiency and
practicality, we develop our solution within prompt tuning framework.
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3 Proposed Method

3.1 Preliminaries

Confidence Calibration. Given a data distribution D of (z,y) € X x {0,1},
let ¢ denote the predictive confidence of a predictor f : X — [0, 1]. The predictor
is said to be calibrated (5), if:

E(z,y)~D [y | f(z) = c] =c¢, Vece|0,1]. (1)

Intuitively, if a network predicts a class “cancer” for an image with a score of 0.9,
then a network is calibrated, if the probability that the image actually contains
a cancer is 0.9. Expected Calibration Error (ECE) is a common metric used
for measuring calibration, and evaluates how well the predicted confidence of a
model align with its accuracy. To compute ECE, the confidence interval [0, 1] is
divided into a fixed number of bins. Each bin encompasses a range of predicted
confidence. ECE value is then computed as (25):

2 7m |acc( k) con ( k)| s

where K is the number of bins, By is the set of samples, |By| is the num-
ber of samples, acc(By) is the prediction accuracy, and conf(By) is the average
predictive confidence in bin k. A lower ECE is preferred.

Zero-Shot Classification with CLIP. Let X be the image space, and ) be
the label space. Let ¢t € T be the text prompt corresponding to an image sample
x € X. CLIP (34) architecture is composed of two distinct encoders: a visual
encoder denoted by: f, and a text encoder g. In the vanilla zero-shot inference
with CLIP, we attach a manually designed prompt prefix, p (e.g., p = “a photo
of a") to each possible class y; € Y = {y1,¥2, ...,y }, generating class-specific
textual descriptions t; = [p;y;]. Here, K denotes the number of classes. Next,
we generate text features g(t;), and image features f(z) by passing the relevant
inputs to the respective encoders. This allows to compute the similarity between
text feature, and image features as: s; = s (f(x), g(t; = [p;yi]), where s(+) refers
to the cosine similarity. The probability of predicting class y; for the test image
x can be computed as:

exp (s(g(t:), f(2))/7)
S exp (s(g(t)), f(x)) /7))

where 7 is the temperature for the softmax function. The predicted class is
y = argmax,, p(y; | r), with predicted confidence p = max,, p(y; | =).

p(yilz) =

Test-time Prompt Tuning. Several researchers have demonstrated the efficacy
of few shot prompt tuning in general (19; 14; 47; 49; 16), as well as for CLIP
based models (51; 50; 2; 10). Test-time prompt tuning (Vanilla TPT (VTPT))
introduced by (24) aims to benefit from the rich knowledge of CLIP to boost
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Pretrained Foundational Model (LLM) driven attribute Extraction and sorting

Attributes Attribute a

Attribute ranking using Cosine Similarity

Class name: red panda

Prompt: Multimodal

Class name: {Red Panda)
Number of words: {20}

Please provide only {Number of : \ H
words} descriptive English words for Foundational | l:l:
the {Dataset}{Class name} dataset. model : :
Format your response as | thick fur bushy tail, RO
follows:\nword\nword\nword\nword For eg., whiskers, brown ioo

For eg., penAT SYESS o

Dataset: {ImageNet 1K} ChatGPT4 0 i D ;

Note: Attributes are extracted offline for each class in the training dataset, with the class name specified in the prompt.

Fig. 2: Visual attributes are extracted by prompting a multimodal foundational
model as shown in the leftmost block. The extracted attributes (shown in red)
are ranked based on their similarity to the Class name in the Dataset (e.g., the
top 20 attributes for "red panda" in ImageNet1K dataset). This offline process
aids model calibration by identifying relevant attributes. The relevant attributes
a C {a;}¥, by identifying the attribute similarity with respect to a class name.
Here a; is the set of attributes returned for a particular class by pretrained LLM.

its generalization in a zero-shot manner. optimizes prompts without requiring
labeled data. During inference, N augmented views, 27, of the test sample z
are generated. Predictions with entropy values below a predefined threshold are
retained, while those with higher entropy are discarded through a confidence
selection filter. The entropy of the remaining predictions is then averaged, and
this value is used to update the prompts in an unsupervised manner using back-
propagation from the following the objective function (24).

2

K
Lrpr ==Y p(yi)logp(y:), where p(y;) = Z plyi | 27). (2)

i=1 e

Here, p(-) represents the mean of vector class probabilities produced by the
model across different augmented views preserved after the confidence selection
filter. Additionally, it has been shown that test-time prompt tuning can be ef-
fectively combined with few-shot prompt tuning techniques (during train time),
further boosting vanilla VTPT’s performance (24).

Attribute Alignment using an LLM. In VLMs, attribute alignment in prompt
tuning guides the model to generate outputs matching specific visual or textual
attributes. Authors in (33) use LLMs to create descriptive sentences highlight-
ing key features of image categories. An attribute extractor identifies relevant
domain-specific information like color or context (33; 26; 39), and the prompt is
adjusted accordingly. This aligned prompt improves inference accuracy by tailor-
ing the model to the task. Unlike the train-time techniques above, our approach
focuses on test-time calibration.
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Pretrained Foundational Model (LLM) driven attribute Extraction and sorting

Text . )
Encoder Lo = p* = arg n]pl"[['TPT + o - Linterclass + B + Lintraclass]

. | S I accept
Promptp Attributea  Classc Ollln
Pp(YIAL (X))
Tunable soft prompt = concatenate(p, a, c) ’ accept | average
.

N

PrOIA)) Pp(yIX)

Image |
Encoder ‘

PpOrIA (%) Legend:

Augmentations

Fig.3: Calibration using Test-time Attribute Alignment for zero-shot
image classification: In a typical test time prompt tuning for image classifi-
cation, a category label is prefixed with a template text, such as “a photo of a”
(e.g., “a photo of a red panda”) to generate the prompt for tuning. Our approach
differs in the following ways: (a) Visual attributes are extracted as shown in Fig.
2. (b) Our approach takes an image and its augmentations (Aj, As,...Ay) as
the input. In contrast to TPT (24), we utilize the attribute vector a concatenated
with template text p and class name ¢; to initialize the prompt. We introduce
two auxiliary terms in the objective function for test-time calibration via at-
tribute alignment: Lipterclass t0 maximize mean text features between classes and
Lintraclass t0 minimize intra-class variance of textual attributes during prompt
tuning to improve alignment between predicted and actual class probabilities,
enhancing model calibration. This allows us to tune adaptive prompts on the fly
with a single test sample, and without the need for additional training data or
annotations. Both visual and text encoders are kept frozen while prompt tuning.

3.2 Test Time Calibration via Attribute Alignment

Our proposed attribute-aware prompt tuning procedure comprises of two steps,
namely, (a) relevant attribute extraction (See Fig 2) ; (b) enhancing calibration
via test-time loss on textual features separation/contraction (See Fig 3).

Fig. 2 depicts the first step, we obtain visual attributes that provide context
by prompting LLMs with inquiries about the visual characteristics of specific
classes. The LLM input exclusively consists of class names from a dataset. For-
mally, given any label y; € ), we retrieve its corresponding class name, ¢;, and
a list of attributes a,, = 7(y;) where 7 is any language model like GPT4. The
template for prompting LLM has been pre-defined (see Fig. 2). The attributes are
subsequently ranked in descending order of relevance by sorting based on the
cosine similarity between the class name and attribute names. We then store M
most relevant attributes in the attribute vector a. (we use top 2 attribute in our
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Algorithm 1 Test-time Calibration via Attribute Alignment (Inference)

1: Initialize manual prompt, p =“a photo of a"

2: Attribute a and class = ¢

3: for each class i € {1,..., K} do

4: for each attribute j € {1,..., M} do

5: Form text embedding t;; =p® ; B¢

6: end for

7 Compute the mean of text embeddings for each class ,, = 7 E;ﬁl g(tis),

where g(+) is the CLIP text encoder.

8: Calculate mean text attribute spread (MTAS) for class y;: MTAS(y;) =
1 M T
™ Z]‘:1 ||g(tij) =ty Hz

9: [:intra—class (yz) = MTAS(%)

10: end for ~

11: Compute the mean of text embeddings for all classes, t = % Zfil ty,

12: Calculate Average Text Feature Dispersion (ATFD) (48) across all classes: ATFD =
1K |[F_7F
K 2l Ht —tyi ]y

13: Linter-class — - ATFD

14: £total - ETPT + aucinter—class + ﬁ-cintra—class-

implementation based on our ablation study). In Fig. 2 we illustrate this with an
example of a “red panda" image. The attributes thus generated are appended to
the tunable prompt, p', along with the class names, such that tunable prompt =
concatenate(p, a, ¢)) (also see the block diagram corresponding to yellow box in
Fig. 3. The full prompt text including the attributes are shown in the json file
for Caltech 101 dataset included in the supplementary material. In step (b),
to enforce effective calibration, we employ a contrastive loss at test-time, and a
test-time calibration process as specified in Algorithm 1.

We start with the initialized prompts as described earlier, and then for every
class 7 and attribute j, we form the text embedding p®a; ©c; and then compute
the centroid of these text embeddings. We then minimize the distance between
class centroid and textual embeddings corresponding to class (generated using
different class attributes). This is referred to as intra-class loss and serves to
learn most discriminative features of a class. Similar to C-TPT (48), we also in-
crease the distance between text embeddings of distinct classes and this loss is
referred to as inter-class loss. For this, we first take the mean of the embeddings
corresponding to different attributes of a specific class. This represents the tex-
tual feature corresponding to a class. We then maximise the distance between
these representative features of each class so that all classes are well separated.
The overall loss used to tune the prompts is the summation of vanilla test time
prompt tuning loss Lpr(24), and the above two loss terms. Note that the back-
propagated gradients only update tokens corresponding to p, whereas a, and c¢;
tokens remain frozen, to prevent overfitting on the test sample.

! recall p is generated from manual template text, such as “a photo of"
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Difference between TCA and other contemporary techniques. Although
prompt tuning through C-TPT (48) introduces enhancements in calibration, it
still falls short in capturing nuanced class specific features which are important
to disambiguate between classes, and thus necessary for uncertainty calibration.
Though the sample specific labels are absent in the test time setting as ours, how-
ever we make a observation, and note that even then class specific information is
indeed available. We make use of LLMs to generate class attributes and then use
the proposed technique to choose most representative attributes. In another big
difference, we choose not to update these attribute features. In C-TPT, firstly the
text prompt initialization is same for all the classes, and then all of them get up-
dated updated by the test-time loss, leading to overfitting on the sample, and less
than ideal calibration. In our case, the frozen attribute based features provide
adequate grounding and prevent overfitting, whereas other learnable prompts al-
low to adapt to the particular sample, thus leading to better calibration through
proposed TCA over the current state-of-the-art, C-TPT. Our approach also differs
from that of TPT (24), as they do not incorporate attribute auxiliary informa-
tion from LLMs, nor do they explicitly optimize for calibration. As a result, their
method exhibits sub-optimal calibration performance.

4 Experiments

This section outlines the benchmarks for assessing our method and the experi-
mental results. Consistent with previous research on the prompt tuning of vision-
language models (51; 50; 2; 24), our evaluation is centered on two primary as-
pects: (1) a range of fine-grained classifications and (2) the natural distribution
shift. Note: In particular, given our objective to enhance calibration in the con-
text of test-time prompt tuning, our experimental framework emphasizes prompt
optimization in the absence of labeled training data.

Datasets. For fine-grained classification, we utilize a diverse set of datasets,
including ImageNet (6), Caltech101 (7), OxfordPets (30), StanfordCars (17),
Flowers102 (26), Food101 (1), FGVCAircraft (23), SUN397 (44), UCF101 (38),
DTD (4), and EuroSAT (11). For the out-of-distribution (00D) generalization
task, we define ImageNet (6) as the in-distribution (source) dataset and ex-
tend evaluation to four 00D variants: ImageNetV2 (35), ImageNet-Sketch (42),
ImageNet-A(13), and ImageNet-R(12).

Implementation Details. We report results in following experimental con-
figurations. The initialized prompt is set to a hard prompt ‘a photo of a’
(CLIPHardPrompt) and the corresponding 4 tokens are optimized based on a
single test image using TPT (TPTHardPrompt) Or jointly using TPT and our pro-
posed technique TCA (TPTHardPrompt) +TCA). We also include an ensemble set-
ting where we average the logits from 4 different hard-prompt initialization us-
ing ‘a photo of a’,‘a photo of the’, ‘a picture of a’,‘a picture of the’
(CLIPEpsemble)- Similarly, we optimize using TPT as well (TPTgnsemble ), O jointly
using TPT and TCA (TPTgnsemble+ TCA) on each of the hard-prompt initializa-
tion and average the resulting logits. We have tried to use 1, 2, and 3 attribute
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Method Metric | ImageNet  Caltech _ Pets _ Cars _ Flower _Foodl01 _ Aircraft__SUN397 DTD _ EuroSAT _ UCF101 | Average
P o Acc 58.1 85.8 838 557 61 ™ 156 586 40 23.7 58.4 55.9
ECE 3.83 433 591 47 3.19 311 6.45 .54 9.01 15.4 3.05 5.61
- Acc. 60.7 87 815 58 625 719 17 611 115 283 595 7.7
Hardrromet ECE 114 5.04 365 376 134 5.25 9.24 25.7 2.5 12.4 117
: 6.9 4 56.5 5.2 %4 2. 27. 59.7 57.
e p— Ace. 602 6.9 841 565 65.2 4 61 122 28 9, 7.8
ECE 301 200 277 194 414 1.86 2.93 198 151 3.83 62
A 58.72 5.60 621 55.95 6447 75.38 2 395 1.32 51.04 57.85
TP Thtanabrompe - TCA (2 Attribute) | A 58 86.6 86 55.95 6447 5 60.0: 9.50 313 6 57.85
ECE 1.76 179 543 335 37 245 1.32 8.16 5.5 133 04.11
- Acc. 611 874 82 592 6l4 76.2 62 28 254 602 582
preer ECE 1.2 129 479 3.08 141 5.27 7.68 22 18.9 11 10.7
Acc 1.2 7.4 45T 5.3 7 2.1 3.1 204 7 585
TP T CTPT A 6 87 8 573 653 7 6 3 9. 60.7 58.5
ECE 113 215 271 168 36 147 2.96 157 87 321 52
TP Tamemi [TCA (2 Attributes) | A% 68.1 9326 9013 6594 689 8423 6584 4391 47.17 67.72 65.50
ECE 1.88 3.00 438 3.57 L91 6.02 4.36 9.36 271 4.05
Acc. 6.7 92.9 8 7.3 836 625 113 113 65 63.7
CLIP-ViT-B/16aaprompt o . _
ECE 212 55 1.37 3 2.30 2.53 85 74 350 143
T Acc. 69 93.8 871 69 847 65.5 46.7 424 67.3 65
! ECE 106 451 577 135 3.98 1.3 212 215 13 116
PR 685 93.6 882 60.8 83.7 648 16 432 65.7 64.8
v 315 424 1.9 5.04 3.43 5.04 119 13.2 254 5.13
7.7 92 9.5 69 69 55 172 455 6.9 ,
o T (B ASSE) 67.37 9286 90.51 69.18 69.18 65.5 14.73 15.58 6.9 63.91
2.27 3.01 6.3 3.67 5.8 .17 5.48 8.37 282 5.07
T 652 93.4 863 65.7 5.2 61 5.6 13 66.1 612
37 6.16 488 6.01 3.78 401 13.8 6.01 405 5.82
69.6 9.1 86.1 67.6 85.1 6.5 172 1 685 65.5
9.82 448 572 139 427 9.01 186 141 105 9.91
69.3 9.1 87.4 69.9 815 66 16.8 487 6.7 6.8
148 314 154 577 238 3.09 137 5.49 304 462
5.1 2 1 5.94 9 4.2 584 4391 477 7.72 5.
+ TPTEnsembie + TCA 2 attributes G 2520 UL @ G225 e ) (s G2
188 3.00 438 393 357 1.91 6.02 4.36 9.36 271 4.05

Table 1: Fine-Grained Classification. Results for CLIP-RN50 and CLIP-
ViT-B/16 are reported, providing the Accuracy (1) and ECE (]) metrics for
different experimental configuration (please see main test for configuration de-
tails). The values highlighted in bold indicate the lowest ECE achieved following
test-time prompt tuning and underline is the second best. Note: The full ta-
ble, which includes comparisons with other contemporary methods, can be found
in the supplementary material due to space limitations in the main paper - we
ablate TCA loss with promptAlign(37) and DiffTPT(8) to show gains on top of
contemporary methods PromptAlign (NeurIPS’24) and DiffTPT (ICCV’23)

initialization. Hyperparameters o and 3: We employ a test-time prompt tun-
ing strategy, which does not allow access to data for hyperparameter tuning. We
perform a grid search over o and 8 to balance the calibration loss for the least
ECE using Caltech 101 dataset and apply the same values for 11 datasets fol-
lowing a setup similar to C-TPT(48). We obtain («, 8) as (10, 35), respectively.
Using 2 attributes gave the best ECE values on majority of the datasets for
finegrained classification. For Natural distribution shifts, we obtained, (a, 8) as
(45,15). For TPT (24), we optimize the prompt in one step using the AdamW
optimizer with a learning rate of 0.005. Our method runs on a single NVIDIA
Tesla V100 GPU with 32GB of memory, except for the ImageNet, ImageNet-A,
and ImageNet V2 datasets, which use two GPUs for evaluation.

4.1 Comparison on Fine Grained Classification

For the fine-grained classification task, we compare contemporary methods against
hard prompt and benchmark approaches, such as TPT (24) and C-TPT (48). Tab. 1
summarizes the results: accuracy and ECE values. Our evaluation includes multi-
ple CLIP architectures, specifically CLIP RN-50 and ViT-B/16. The results show
that our method significantly outperforms the hard prompt configuration. When
comparing the average performance of C-TPT across all 11 datasets, our method
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Methods | Metric | IN-A IN-V2 IN-R IN-S | Avg.
CLIP- RNt ROk |25 as o7 ais | e
TP Taapronn BGk | a0 131 o1 a7 | 167
TP Taariompt CTPT BOb |54 sss s o7 | 131
TP Trcapron £ TOA (2 Attributes) G5 | 3555 Ly 135 6a2 | 850
CLIPANT s Kok | 17 2e 561 109 | oo
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Table 2: Natural Distribution Shifts. Results for CLIP-RN50 and CLIP-ViT-
B/16 are reported, providing the Acc. (1) and ECE (]) metrics for different
experimental configurations (please refer to the main text for details of con-
figurations). Dataset abbreviations: ImageNet-V2 (IN-V2), ImageNet-A (IN-A),
ImageNet-R (IN-R), and ImageNet-Sketch (IN-S). Values highlighted in bold
indicate the lowest ECE achieved after test-time prompt tuning.

achieves a similar average predictive accuracy while notably reducing the av-
erage ECE. For CLIP RN-50, the ECE decreases from 5.6 to 4.11. Similarly, for
ViT-B/16, the ECE is reduced from 5.82 to 4.05.

4.2 Robustness to Natural Distribution Shifts

We follow the setting in Radford et al.(34) and evaluate model’s robustness to
natural distribution shifts on 4 ImageNet Variants which have been considered as
00D for ImageNet in previous works. We report the results in Table 2. The table
shows that we outperform contemporary methods (TPT, and C-TPT) in terms of
ECE on 3 out of 4 datasets.

4.3 Ablation Study

We investigate the factors contributing to calibration— whether it is driven by
the inclusion of attributes or by the choice of loss function. To examine this,



12 Hebbalaguppe et al.
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Fig. 4: The t-SNE plot shows Class-specific Text Embeddings on tuned prompts.
We conduct ablation on each term of Liota = p* = argming [Lrpr+ . Linter-class +
B.Lintra-class) to understand its relative contribution empirically. In (a) and (b),
notice that incorporating all three terms in Lyiota results in the lowest ECE and
highest feature dispersion or spead.

we conducted an experiment under two conditions. In the first condition, we
incorporate attributes into the prompts and evaluate the method using the TPT
loss function. In the second, we again incorporate attributes into the prompts
but evaluate using the combined TPT +TCA loss function on 3 datasets.

Relative Contribution of Attribute Initialization and Proposed Loss.
To better understand the contribution we conduct the ablation experiments on
DTD dataset using ResNet50 feature extractor and report (Acc 1, ECE |). We have
3 variants: (&) +TPTgaraprompt (41.5,25.7), (b) +TPTHardPrompe+ initialization
with 2 attributes (40.96,20.45), (c) +TPTHqardPrompt + initialization with 2 at-
tributes + proposed TCA loss (42.79, 5.59). The key observations with ablation are
as follows: (1.) Attribute Initialization: When initialized with 2 attributes,
there was a 20.6% reduction in ECE compared to the hard prompt model; (2.)
TCA Loss: Introduction of the TCA loss resulted in a 3.65x reduction in ECE,
bringing ECE down from 25.7 to 5.59, significantly improving the model’s cali-
bration. (3.) Combined Effect of Both: When both attribute initialization
and TCA loss were used together, the ECE reduction was even more pronounced,
with an overall 4.59% reduction in ECE, yielding the lowest ECE value of 5.59
and maximum accuracy of 42.79. Thus, both proposed contributions, attribute
initialization strategy, as well as the proposed loss play significant roles in im-
proving model calibration. The proposed loss is particularly effective in reducing
ECE, and combining it with attribute initialization leads to the most significant
improvement in both accuracy and calibration. Refer to Fig. 4, which illustrates
the comparison of feature dispersion, found to be inversely correlated with ECE.
When both inter- and intra-loss terms are utilized, we observe the maximum
Class-specific Text Embedding dispersion and the lowest ECE, consistent with
the findings of (48). See suppl. for details on how the plot was obtained.
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4.4 Discussion

Confidence Calibration and TCA: Here, we provide an intuitive understanding
of our proposed loss function, formulated as: Liota) = p* = argming[Lrpr +
a.Linter-class + B-Lintra-class]- To assess the significance of each component within
this formulation, we conduct a systematic ablation study. This includes t-SNE
visualizations, which facilitate the analysis of the impact of individual loss terms
on feature separability and clustering. Additionally, we compare our approach
against state-of-the-art test-time calibration methods in the zero-shot setting,
thereby demonstrating its effectiveness and robustness.

Need for intra-inter class losses: TCA improves representation quality by
leveraging contrastive principles thus enabling the generation of high-quality, dis-
criminative embeddings that effectively capture semantic similarity /dissimilarity.
TCA addresses calibration by aligning similar classes, and the use of the disper-
sion term explicitly penalizes the embedding overlap for dissimilar classes. This
discourages the model from assigning overly confident probabilities to incorrect
predictions, ensuring that extreme predictive probabilities (near 0 or 1) are only
assigned when the different classes are well-separated. Fig. 4 shows an ablation
over individual loss terms’ impact on calibration: Using both Liyta and Lipter in
Liotal leads to the lowest ECE and greatest text feature dispersion.

Conceptual differences between TCA Loss and Contemporaries: The re-
cent contemporary method, DAPT(3) targets improved accuracy in few-shot set-
tings, whereas we focus on zero-shot calibration. DAPT uses exponential inter-
and intra-dispersion on both vision and text embeddings, while our method re-
lies on Lo norm distance between the test sample and mean text embeddings.
Lo norm is easier to interpret as it measures the Euclidean distance between em-
beddings, making it more intuitive and transparent, especially when comparing
distances in high-dimensional spaces, but less sensitive to outliers and compu-
tationally efficient. (20) facilitates calibration using temperature scaling on the
ImageNet validation set. However, when applying T'S with TCA loss on the Cal-
tech 101 dataset (ViT B-16), we observe a degradation in (Accuracy,ECE) from
93.02, 12.92 with TS vs. 92.45, 3.89 without TS, suggesting a decrease in per-
formance with TS. (43) uses Distribution aware calibration for fine-tuned VLM
calibration, while our focus is on zero-shot settings like C-TPT(48). Finally, (28)
involves few-shot finetuning, making it not directly comparable to our approach.

Vizualisation of Class-specific Text Embeddings on tuned prompts.
Please refer to the supplemental materials for t-SNE plots across multiple datasets,
which illustrate the lower ECE and the highest dispersion indicating better class
separability of TCA relative to contemporaneous methods.

Supplementary Material details the factors behind TCA’s superior perfor-
mance, datasets, metrics, feature extractor, experimental setup, hyperparame-
ters, and t-SNE comparisons with PromptAlign (37), Diff TPT (8).
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5 Conclusions and Future directions

In this work, we introduced two key insights to enhance the effectiveness of test
time prompt tuning. First, we demonstrated that attribute-aware prompting,
wherein relevant visual attributes are appended to the prompts. This allows the
model to better align its visual embeddings with discriminative features, result-
ing in improved predictive uncertainty handling and class-separation. Second,
we proposed a regularization loss that encourages the model to minimize intra-
class text feature dispersion while maximizing inter-class dispersion, inspired by
contrastive learning principles. This ensures that the learned prompts do not
overfit to individual samples, even when limited data is available.

This work opens up new possibilities for leveraging unsupervised attribute
information to improve model performance in low-data or test-time settings,
paving the way for more robust and adaptable models in real-world applications.
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