Published as a conference paper at ICLR 2026

CARPRT: CLASS-AWARE ZERO-SHOT
PROMPT REWEIGHTING FOR
BLACK-BOX VISION-LANGUAGE MODELS

Ruijiang Dong '} Zesheng Ye'; Jianzhong Qi', Lei Feng?3, Feng Liu'3f
Gang Niu®, Masashi Sugiyama?*

University of Melbourne, 2Southeast University,

SRIKEN Center for Advanced Intelligence Project, “The University of Tokyo
ruijdong@student.unimelb.edu.au, fenglei@seu.edu.cn
{zesheng.ye, jianzhong.gi, feng.liul}@unimelb.edu.au
gang.niu.ml@gmail.com, sugi@k.u-tokyo.ac.jp

ABSTRACT

Pre-trained vision-language models (VLMs) enable zero-shot image classification
by computing the similarity score between an image and textual descriptions, typi-
cally formed by inserting a class label (e.g., “cat”) into a prompt (e.g., “a photo of
a”). Since the score for a given image-class pair is sensitive to the choice of prompt,
existing studies ensemble multiple prompts using a weighting vector to aggregate
scores across different prompts. Yet, in current strategies, the weighting vector as-
signed to each prompt is shared across all classes, implicitly assuming that prompts
are conditionally independent of classes, which often does not hold in practice, as a
prompt like “an aerial view of” might be apt for “airport” but ill-suited for “apple”.
To address this, we propose class-aware zero-shot prompt reweighting (CARPRT).
This scoring scheme adjusts the weighting vector for each class label by capturing
the class-specific relevance of different prompts in a training-free manner. For each
class label and every available prompt, we quantify their class-specific relevance by
averaging image—text relevance scores over images predicted to that class under the
given prompt. These estimates are then normalized to derive class-specific weights.
Evaluations on standard image classification benchmarks show that CARPRT
outperforms existing class-independent reweighting methods, confirming that mod-
eling prompt-class dependencies is crucial for effective zero-shot prediction and
even broader VLM-based application settings that rely on prompt ensembling. Our
code is available at https://github.com/tmlr-group/CARPRT.

1 INTRODUCTION

Vision-language models (VLMs) have transformed how machine learning models interpret visual
content by jointly leveraging visual and textual modalities. Models like CLIP (Radford et al., 2021)
and DeCLIP (Li et al., 2022) enable zero-shot image classification by computing similarity scores
between an image and textual descriptions of class labels, then predicting the label with the highest
score. By forming textual descriptions of labels (e.g., “a photo of a [label]”), this approach—known
as prompting—removes the need for task-specific training to recognize visual concepts.

However, these models’ zero-shot performance is sensitive to the precise wording of prompts, as
subtle phrasing changes can significantly alter the perceived relevance of visual features, leading to
different similarity scores and classification outcomes (Radford et al., 2021). Identifying phrasings
that remain effective across diverse visual concepts is challenging and often yields inconsistent
results across datasets (Allingham et al., 2023). This sensitivity means that manually crafting optimal
prompts for each class or dataset, while helpful for performance, becomes laborious and unreliable
in large-scale settings. Recent work has explored using large language models (LLMs) to generate
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Figure 1: Empirical motivation for class-specific weighting on Flower102 (Nilsback & Zisserman, 2008).
We showcase the results of five classes by shifting from class-agnostic WPE to class-specific WPE (using
ground-truth labels), and the estimated optimal weights under two weighting schemes, confirming that optimal
prompt weights are class-dependent.

richer class descriptions, but this introduces heavy computational overhead, reducing the efficiency
that makes zero-shot methods attractive in the first place.

This paper focuses on a more prevalent question: improving zero-shot classification when only a
fixed set of predefined prompts and unlabeled images are available at inference, under black-box
access, which requires methods that leverage only the inference data to optimize prompt utilization. A
common strategy is prompt ensembling, which averages embeddings of multiple prompts to produce
stable class representations (Radford et al., 2021). However, this approach assumes equal prompt
contributions—a simplification that harms downstream performance when misaligned templates are
included. Allingham et al. (2023) advanced this concept by determining prompt-specific weights
using unlabeled data, depending on how compatible each prompt is with the downstream task. This
method achieves results comparable to manually selected templates. Still, while such methods vary
weights across prompts, they assign the same weight across all classes to each prompt.

We argue that this class-agnostic reweighting is suboptimal. Intuitively, different semantic classes vary
in their affinity to different prompts. For example, a prompt like “This is a photo of a [label], a type of
Sfruit” is more relevant to class “strawberry,” but ill-suited for class “lamb”, which would better match
“This is a photo of a [label], a type of animal” instead. This implies that optimal prompt utilization
may require class-specific considerations. To validate this intuition, we conduct controlled proof-of-
concept experiments on the Flower102 dataset (Nilsback & Zisserman, 2008) (Fig. 1). By applying
Weighted Prompt Ensembling (WPE) (Allingham et al., 2023) independently to images of each class
(thus simulating “perfect” class-specific knowledge for weight estimation), we observe accuracy gains
compared to global WPE that estimates a single set of class-agnostic weights (Fig. 1(a)). Moreover,
the optimal prompt weights vary across classes' (Fig. 1(b)), rather than being globally shared.

We further study this observation theoretically and present a probabilistic framework (Sec. 3) to
clarify the underlying mechanism of prompt ensembling. We show that class-agnostic weighting
schemes, such as WPE, indeed implicitly assume conditional independence between the class label
and the prompt weights given an image. This assumption, however, may not always reflect real-world
data characteristics and limit the expressivity of such weighting schemes as a result.

Building on insights, we introduce Class-Aware Zero-shot Prompt ReweighTing (CARPRT), a
training-free method to infer class-specific prompt weights using only unlabeled images. Unlike our
controlled proof-of-concept experiment, CARPRT does not require ground-truth labels for weight
estimation. Instead (Sec. 4), for each image, CARPRT first calculates similarity scores against all
possible prompt-class combinations using a pre-trained VLM (e.g., CLIP (Radford et al., 2021)) via
forward inference only. It then assigns a pseudo-class label to the image based on the combination
yielding the highest score. These pseudo-labels are then used to aggregate information for class-
specific weight derivation: for each class, the weight for a given prompt is determined by the
maximum similarity that prompt achieves in conjunction with that (pseudo-)class across the reference
images. This scheme helps tailor the prompt ensemble to the semantic content of each category.

'The prompt templates denoted in Fig. 1(b) are: P1 = “a photo of a, a type of flower.”, P2 = “satellite photo
of ., P3 = “a close-up photo of the ., P4 = “a drawing of a .”
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We empirically evaluate CARPRT on ten fine-grained zero-shot classification benchmarks (Sec. 5),
ImageNet (Russakovsky et al., 2015) (and its variants), and explore its utility in broader VLM-based
adaptation scenarios such as prompt tuning (App. G). Our results show that CARPRT consistently
outperforms existing prompt ensembling/reweighting schemes across VLM architectures and back-
bones, highlighting that incorporating class-awareness is a way to maximize the potential of prompt
ensembling for zero-shot classification, with potential benefits for a wide range of VLM applications.

2 PROBLEM SETTING AND RELATED WORK

Zero-Shot Prediction with VLM. VLMs such as CLIP (Radford et al., 2021) achieve visual-text
alignment through large-scale contrastive pre-training. It consists of an image encoder f : X — Z
and a text encoder g : 7 — Z, mapping images from space X and texts from space ) into a shared
embedding space Z. The alignment is driven by maximizing the cosine similarity between the
embeddings of matched image-text pairs while minimizing it for non-matched pairs.

This alignment enables zero-shot image classification. For a set of C classes YV = {y1,...,yc},
each class y. is mapped to a text description ¢, via a prompt template p : ) — T, such as . =“A
photo of {y.}”. The text encoder g(-) then produces class embeddings 2T = [2T 2T --- 2J]"

where 2l = g(t.) for c € {1,...,C}. Given an image = € X with its embedding 2! = f(z), the
predicted class is given by § = arg max.c(1,...,c} sim (zI, zCT), i.e., one whose text embedding z}
has the highest cosine similarity with z'. This allows for zero-shot classification based on semantic
alignment without task-specific fine-tuning. Yet, the classification performance is highly sensitive to
the choice of prompt template p. An ill-suited template can lead to misaligned class embeddings.

This work focuses on mitigating this sensitivity by ensembling multiple predefined templates P =
{p1,-..,pn}, particularly when IP is fixed, without relying on additional labeled data. That is, in the
zero-shot classification setting, we consider the following problem?:

Problem 1 (Prompt Ensembling). Given a pre-trained VLM with an image encoder f and a text
encoder g, a label space ) with C classes, a fixed prompt template set P with |P| = n, and an
unlabeled image dataset D = {xy, ..., %}, construct the class embeddings z1 using a prompt
weight matrix W € R"*C where each row W, = (Wi -y wnyc]T refers to weights of n prompts
for class y. € Y, subject to w; . > 0 and Z?Zl w;,. = 1. The text embeddings for class y. are thus

T T T T
zZ 211 %21 Zn1 wi1 Wi2 ot W10

T R S ) IR O

: n
T T T T ...
Zc 21,c 220 " Zac Wn,1  Wn,2 Wnp,C

)

where zEC = g(pi(yc)) is the text embedding for class y. under prompt p;. The objective is then to

find the set of all such weight vectors W = {W .}<_, that would (ideally) minimize the empirical
zero-shot classification error over the unlabeled dataset D, i.e., correctly predict the (unknown)
ground-truth label y; by §j; for each x; € .

Existing prompt ensembling schemes can be viewed as constrained versions of the general formulation
in Problem 1, differing primarily in how they determine the prompt weights W.

Mean Prompt Ensembling (MPE) as a Solution. The most straightforward approach, MPE (Rad-
ford et al., 2021), averages text embeddings from multiple prompts, equivalently setting w; . = 1
for all prompts p; and classes y. in Eq. 1, such that W reduces to an all-ones matrix. MPE seeks to
improve robustness over single-prompt usage by diversifying textual inputs. Yet, treating all prompts
equally can impair the efficacy if P is semantically misaligned with the downstream task ID.

Weighted Prompt Ensembling (WPE) as a Solution. To mitigate the impact of task-irrelevant
prompts, WPE (Allingham et al., 2023) (originally termed ZPE) extends MPE by assigning data-
driven weights to the prompts. WPE assesses whether a prompt p; yields generally high similarity
scores over all classes with samples of ID, and up-weights more relevant ones. Each prompt p; is

We note that there are some VLM adaptation settings, e.g., prompt tuning (Zhou et al., 2022a;b), which are
not the focus of this work. To clarify, App. B details the relationship between Problem 1 and other settings.
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assigned a weight via w;, = L ST maxee(r, o) sim(z}, z.), which, after normalization, is
applied uniformly across classes w; 1 = w; 2 = - - - = w; ¢. While WPE can down-weight unhelpful

prompts, it still assumes: a prompt deemed useful (or not) is considered so for all classes equally.

Can We Bridge the Gap? As Fig. 1 shows, a prompt’s efficacy often depends on the specific
class it describes. Both MPE and WPE largely neglect this class-prompt interaction, nor attempt
to understand why class specificity is necessary to determine prompt relevance and sow statistical
tools help to address it. To bridge this gap, we next present a probabilistic framework, establishing a
principled connection between class-aware prompt reweighting and zero-shot classification.

3 UNDERSTANDING PROMPT REWEIGHTING: A PROBABILISTIC VIEWPOINT

Zero-shot classification with VLMs can be framed as estimating the conditional probability
Pr(y*|x*,P,D) of a label y* given a query image a*, a set of prompts P, and an unlabeled dataset D.
To understand how prompt reweighting influences this process, we develop a probabilistic framework
that reveals why class-aware reweighting is necessary.

Let W € W be a weight matrix. We begin by marginalizing over the weight space WV as

Pr(y*|z*,P,D) = / Pr(y*|=*,P,D, W) Pr(W|z*,P,D)dW, 2)
w

where Pr(W|xz*, P, D) can further simplify to Pr(W|P, D), since in zero-shot settings, W is deter-

mined before access to the new query image x*. This decomposition suggests two essential tasks

in zero-shot classification: (i) modeling prompt weights Pr(W|P, D) and (ii) making aggregated

predictions Pr(y*|x*, P, D, W) weighted by Pr(W P, D). As such, we will continue to explore how

further expansions can inform and align with practical implementations.

Modeling Weight Pr(W [P, D). Using Bayes’ theorem and considering m i.i.d. samples x; € D,

Pr(W

P.D) o Pr(W[P) Pr(D|W, P) = Pr(W|P) H;”:l Pr(z,;|W,P), 3)

where Pr(W/|P) is the prior over weights (details are deferred to App. H) and the data (image)
likelihood Pr(x;|W,P) is obtained by marginalizing over classes y. € ) further:

Pr(x;|W,P) = Zycey Pr(x;|y., W, P) , )

which describes how it depends on class priors and class-conditional likelihood.

Modeling . For zero-shot classification where D is large enough, the class
prior Pr(y.|W,P) can be estimated from pseudo-labels (i.e., predictions from a pre-trained VLM).
Proposition 1. Ler D = {x;}7", be an unlabeled dataset with unobserved classes Y = {yc}_,,
and Pr(y.) be the true class probability for class y.. As m grows, the empirical class distribution
f’}(yc W, P) from pseudo-labels converges to Pr(y.) with exponentially decreasing error probability.
Specifically, for any € > 0, we have: Plr{|1/3;(yc|W7 P) — Pr(y.)| > €} < 2exp(—2me?). This
implies that we can approximate true distributions by

n

C
== Vel (%)
Zyc/ ey Neer ‘
where n. = Z;nzl 14,=y. counts the images pseudo-labeled as class y. over all samples in D.

Modeling Likelihood Pr(z;|y., W,IP). Given that images x; often lie in high-dimensional spaces,
directly modeling the class-conditional likelihood can be challenging. We therefore adopt Energy-
based Models (EBMs) (LeCun et al., 2006) that excel at modeling high-dimensional distributions
by def;lnirgfg an unnormalized energy function, normalized by a partition function. Interpreting

sim(z;, 2, ) as the negative energy (lower energy means more likely), we have

1
Pr(z|y., W,P) = 2 WE) exp {sim(z}, 2} )}, (6)

4
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where 2} = f(a;) is the image embedding, z! = g(pi(y.)) is weighted text embedding for class .
using W (from W). While the partition function Z(y., W,P) = [, exp(sim(z', z}))dx makes
exact computation intractable, for classification we only need relative likelihoods of different classes.

Lemma 1 (Relative Likelihood). Assume sim(a,b) = a ' b (for ly-normalized embeddings), then:

Pr(x;|y.., W,P) x exp {sim(z;-, z.)} o exp {Z(wi’c ZEC)T . ZI} ) @)

i=1

This proportion relationship shows that class-specific weights Wy (for ¢ € {1,...,C}) indeed
determine the influence of each prompt p; (via its embedding 2 ) on the likelihood for class y..

Why Class-Specific Weighting Matters. It is easy to check that Lemma 1 (proof in App. I) aligns
with the most general form of prompt ensembling (Eq. 1). Crucially, class-agnostic weighting (i.e.,
independent) schemes, such as WPE, deviate from this form by unnecessarily imposing shared w; .
for all classes y., which fundamentally limits model expressivity.

Proposition 2. Let X be the image space and ) be the class space. Given prompt set P, for any
prompt reweighting scheme S, define the representable likelihood set Fgs as:

}'s:{f:Xxy—HR+ IW € Ws, P, st fla,y.) o Pr(w\yc,W,]I”)}7

where Wg is the weight space under scheme S. Let F¢; and Fcs be the representable likelihood
sets induced from class-independent weighting (i.e., WPE) and class-specific weighting (cf. Eq. 1)
schemes, respectively. Then, we have: Af* € Fcg such that ¥V fc1 € Fcr,dx € X, y. € YV where
f*(x,ye) # for(x,ye). That is, Fey is a strict subset of Fcs.

Remark 1. Proposition 2 formally states that class-specific weighting allows for capturing a richer
set of image-text relationships than class-agnostic ones. To maximize potential expressivity, prompt
weights w; . must be class-specific to ensure that each class benefits from the most relevant prompts.

Modeling Predictive Probability Pr(y*|z*,P,[D, W). We now come to predicting the label 7.
for the query image x.. As zero-shot classification is tramzng -free, a practical way is to approximate
full Pr(y*|x*, P, D, W) with Pr(y*|x*, P, W) where W is a point estimate derived from unlabeled
data D, per our dlscusswn in Eq. 5 and Eq 7. By considering each prompt p; € P, we have

- —~ ex (w2 )T 2L
Pr(y’ [’ B W) = 3 Pr(y’le" pi, W) o Pt )
piEP Zc’el ..... c ¢Xp (21:1(“’236’ zi,c’) ‘Z*)

By now, we have framed VLM-based zero-shot classification in a probabilistic framework (Eq. 2),

justified class-aware prompt reweighting (Propositions | and 2), and interpreted how class prediction
for a query image can be performed (Eq. 8) under this understanding.

®)

4 CLASS-AWARE PROMPT REWEIGHTING FOR VLMS

Guided by the probabilistic principles from Sec. 3, we next introduce CARPRT, a minimalistic
training-free method designed to compute class-specific weights for prompt ensembling in VLMs.

Overview. Given an unlabeled dataset D = {z;}7" ;, an unknown class space ¥ = {y1,...,yc}, a
Sfixed prompt set P = {p;}_,, and a pre-trained VLM accessed via forward inference only, CARPRT
aims to find the optimal weight matrix W* € R"*¢ where each column W3 = (W] ey wi ]
denotes the relative importance of different prompts for a particular class 3, and specifies the
contribution of each prompt p; to the class representation, as with Problem 1. Recall that the key
insight driving CARPRT is that optimal prompt weights should reflect the semantic alignment
between prompts and class concepts. As depicted in Fig. 2, CARPRT implements this insight through

two steps: Score Calculation and Weight Calculation (the algorithmic outline can be found in App. D).



Published as a conference paper at ICLR 2026

_____________________________________ -

| Before CARPRT: VLM Forward Pass ” CARPRT Stage 1: Score Calculation |

| label space Y text descriptions | i text embeddings score tensor |
'] an

@ ()~ [ o] e ey [ oe= |
g n : ¢ 1 i zz cat z5 egg . *2car 51111(% ) i, r‘)

oz o : |

A [cat] for commuting text | ncat 2z, egg ' ' Zncar

| encoder It — _IT_ p— |

I prompt pool ]P) Downstream Task D I l Image embeddmgs | class-specific reweighting matrix 5
® b 1 1 1 \egg ,car

| g 1K @y —— f — 2! zh oo 2L | - ) §_

| ) P TS d |m—= ==l R s |

| S M unlabeled images image | CARPRT Stage_z' Wn,cat Wn.cgg - - - - ]

encoder Weight Calculation  unique optimal weights per-class ¥ = {y; ,}

Figure 2: The CARPRT pipeline. First, the text encoder g and image encoder f yield textual class embeddings
(from C classes and n prompts) and image embeddings (from m unlabeled images). Then, compute the score
tensor from image-text embedding similarities, each entry s; ; . measures the relevance between the ¢-th prompt
and the j-th image for the c-th class. Extract pseudo-labels from the score tensor, and derive the class-aware
prompt reweighting matrix W, which assigns class-specific weights for each prompt based on the scores.

Stage 1: Prompt Relevance Score Calculation. Eq. 3 and Eq. 4 suggest that estimating weight
distribution Pr(W|P, D) hinges on the individual data likelihood Pr(x;|y., W,P). As Lemma 1
established, Pr(x;|y., W,P) is proportional to the VLM’s similarity score, which is thus leveraged
by CARPRT via forward similarity evaluations to compute raw similarity scores between all image
embeddings and all prompt-derived text class embeddings. For an image x; € DD, a prompt template
p; € P, and class y. € ), the relevance score s;; . is:

: I T
Sjiic = Slm(zjﬂ Zi,c)v )

where z} = f(=;) is the image embedding and 2", = g(pi(y.)) is the text embedding for class y.
under prompt p;. This yields a score tensor, wherein each entry s; ; . is an unnormalized estimate of
Pr(z;|yc, W, P). The score tensor captures the semantic compatibility among all images I, prompts
P, and classes ), providing the foundation for reweighting prompt-template combinations.

Remark. Egq.9 is expressed using embeddings for convenience, but in practice we only query the
VLM for the similarity scores s;; .. Hence CARPRT works with a black-box CLIP interface and
does not require explicit access to the embeddings.

Stage 2: Class-Specific Weight Calculation. The second stage transforms unnormalized similarity
scores into normalized class-specific prompt weights through a process that mirrors our probabilistic
analysis in Sec. 3. By empirically quantifying each prompt’s relevance to specific classes, the
resulting weights ensure that prompts primarily contribute to the aggregated representation of their
most semantically aligned classes.

First, we create a pseudo-label set Y = {g}j’i}?ﬁ;’?’i:l without any parameter update, by identifying,
for each image-prompt pair, the class with the highest similarity score §;; = argmaxy cy Sj,i.c.
Then, we calculate intermediate weight wz’-yc for each prompt-class pair by aggregating the scores
55,4, across all images x; predicted to class y,. under prompt p;. This can be expressed as:

Z’nl S ]]-A

j=1S3i,cdy; i=y.

wic = m 71 R (10)
Zj:l Yj,i=Ye

Here 14, ;=y. is the indicator function. Eq. 10 implements an empirical estimate of the class priors.
. reflects the average strength of association prompt p; shows for class . across I, when p; itself
1dent1ﬁes Y. as the best match. Finally, these intermediate weights are normalized via

exp (w! /T
Wi, = = p( “//) . (11)
© e exp (W) /7)

The temperature 7 controls the sharpness of the distribution. This normalization ensures weights
sum to one for each class, preserving their probabilistic validity. By constructing w; . in this way,
we integrate empirical class distributions into the reweighting scheme, ensuring that w; . reflects
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Table 1: Accuracy (%) comparison between baselines and our method % on various fine-grained classification
datasets using CLIP and DeCLIP backbones. Bold values indicate the highest accuracy, while underlined values
represent the second highest in each column. “Human Selection” uses handcrafted prompts recommended by
CLIP authors and introduces external knowledge. Results are not directly comparable to automated methods.
Caltech101 DTD  EuroSAT Aircraft Foodl01 Flowerl02  Pets Cars SUN397 UCFI101 ImageNet Average
CLIP-ViT-B/16

MPE 92.50 46.88 51.86 21.49 85.34 64.21 79.46  65.21 64.92 67.41 67.59 64.26
Majority Vote 93.10 46.75 52.07 22.93 85.60 67.20 81.27 64.93 65.75 68.30 67.98 65.08
WPE 93.09 47.04 49.60 23.28 86.14 66.60 82.38 65.93 65.77 68.33 68.28 65.13
CARPRT (Ours) 94.16 48.90 55.56 24.49 86.31 71.36 89.13 66.14 66.93 70.41 68.59 67.45
Human Selection 92.94 44.39 47.60 24.72 86.06 71.23 88.91 65.32 62.50 66.75 68.31 65.34
CLIP-ResNet50
MPE 86.41 41.69 30.34 16.05 75.53 56.95 7598 55.74 59.32 60.06 59.12 56.11
Majority Vote 86.79 42.14 28.86 16.29 76.00 60.06 7729 56.01 60.40 60.87 59.24 56.72
WPE 86.65 40.89 30.65 16.11 76.15 58.82 78.43  56.02 59.71 61.53 59.78 56.79
CARPRT (Ours) 88.46 41.31 36.84 16.88 76.88 65.56 85.69 56.44 61.28 63.66 59.98 59.36
Human Selection 86.29 40.32 29.56 17.28 75.31 66.14 85.77 55.61 58.52 61.46 59.71 57.82
DeCLIP-ViT-B/32
MPE 94.04 41.63 28.05 7.10 71.71 77.76 76.75 5222 62.08 57.87 67.01 57.84
Majority Vote 94.26 40.29 27.68 7.70 72.34 78.19 77775 51.87 62.86 58.20 67.24 58.03
WPE 94.08 40.97 27.92 7.54 73.15 81.32 80.92 5221 63.23 5891 67.97 58.93
CARPRT (Ours) 94.37 43.31 33.14 8.76 74.15 82.42 83.28 52.23 64.12 59.57 68.08 60.31
Human Selection 93.97 42.55 30.07 9.05 73.59 83.41 83.14 50.77 63.14 58.70 67.85 59.66

both the relevance scores (Eq. 4) and the estimated class priors (Eq. 5), thus providing a principled
inference time approach to achieve class-aware prompt reweighting.

Inference with Estimated Weights. After calculating class-specific prompt weights w; ., we perform
zero-shot inference by aggregating prompt relevance scores for each class. Given a test image x*

with embedding z! = f(z*) and prompt text embeddings zgc = g(pi(yc)), we first compute

Siic = sim(z], z?j .) following Eq. 9. We then define the class score and prediction as

j(x*) = arg cE{Inl,?j}‘(,C} Se(x™), se(x*) = ;wfc Sxi,ce (12)

This inference step only requires the similarity scores returned by the VLM (score-only black-box
queries) and does not require access to model parameters, gradients, or internal embeddings.

(Optional): Iterative Refinement. While the single-pass pipeline described above forms the core
of our approach, CARPRT can naturally be extended to refine both pseudo-labels and weights, by
following the procedure iteratively: (i). Use current weight estimates to combine predictions from
all prompts into refined pseudo-labels; (ii). Update class-specific weights based on these refined
pseudo-labels. Importantly, this refinement procedure is gradient-free and thus does not require
access to ground-truth labels. This alternating refinement process allows CARPRT to sharpen its
weight estimates as pseudo-label quality improves. Full details are in App. E.1.

5 EXPERIMENTS

We evaluate how CARPRT performs on zero-shot classification with ten fine-grained benchmarks,
compared to existing prompt ensembling methods. Our investigation centers on three questions:
(RQ1) Does class-aware prompt reweighting outperform class-agnostic ones; if so, does it generalize
across different VLM architectures and backbones? (RQ2) What factors contribute to CARPRT’s
effectiveness? (RQ3) Can CARPRT’s benefit extend beyond zero-shot classification?

5.1 EXPERIMENTAL SETUP

Dataset. We evaluate on eleven classification benchmarks spanning diverse visual domains: Cal-
tech101, DTD, EuroSAT, Aircraft, Food101, Flowers102, Pets, Cars, Sun397, UCF101 and ImageNet
(details in App. C.1). We follow the evaluation protocol established by Zhou et al. (2022b).
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Models and Prompts. We test CARPRT with three configurations: CLIP (Radford et al., 2021) with
ViT-B/16 and ResNet50 backbones, and DeCLIP (Li et al., 2022) with the ViT-B/32, to validate if
CARPRT generalizes across both CNN-based (He et al., 2016) and transformer-based (Dosovitskiy
et al., 2021) backbones, and different VLM architectures. For all experiments, we use the same fixed
set of 247 prompt templates from Allingham et al. (2023) to ensure fair comparisons.

Baselines. We compare CARPRT against three automated PE baselines: (1) MPE (Radford et al.,
2021): Uniformly averages embeddings from all prompts. (2) Majority Vote (Allingham et al.,
2023): Final prediction is based on the most frequent class predicted by individual prompts. (3)
WPE (Allingham et al., 2023): Estimates a class-agnostic set of prompt weights from unlabeled test
data. As an upper-bound reference, we also report “Human Selection” which uses a subset of prompts
manually filtered for each dataset by human experts. This helps to benchmark automated methods
against careful prompt engineering. See App. C.2 for details.

Implementation. We follow the publicly available code of baselines, with two adjustments noted.
We use a smaller batch size for weight estimation due to resource limitations, and we omit its original
frequency normalization step, which requires the external LAION-400M dataset (Schuhmann et al.,
2021), since this step is not the focus of this study (See App. G.6 for the analysis of the impact).
Moreover, this omission ensures all methods align with our problem setting of using only unlabeled
test data without external resources, for fair comparison. Details and code are in App. C.3.

5.2 RESULTS OF ZERO-SHOT CLASSIFICATION

Overall Comparison. Tab. | shows that CARPRT consistently achieves the best accuracy across
both fine-grained benchmarks and large-scale real-world datasets, such as ImageNet (with further
evaluations on its variants provided in App. G.3). Gains are pronounced on datasets like Flower102
and Pets, highlighting the substantial impact of class-specific prompt relevance. Notably, CARPRT
also surpasses Human Selection, where task-relevant prompts are manually filtered. This confirms
that capturing class-specific weights can effectively compensate for irrelevant prompts in generic
prompt pools and potentially outperform dataset-specific manual prompt engineering.

Generalization and Robustness.

Accuracy Comparison: Class-Aware vs. Uniform Weights

Across architectures. CARPRT’s performance ben- I =
efits are consistent across different VLM architec- Unform | EmGoce | +7.32%
tures and backbones. With CLIP-ResNet50, de-

@
S
8

< +7.00% +2.38%
spite its lower capacity than ViT-B/16, CARPRT % .0 ... EAEA
still achieves clear and measurable gains. When ap- £ ol
plied to DeCLIP-ViT-B/32, which adopts a distinct & “* U D+2 L
pre-training strategy, CARPRT likewise maintains 20% :
its strong lead. Overall, performance across diverse -
model configurations suggests that CARPRT can L & &S S F S
effectively capture semantic relationships, rather & v Q?>\°° & o ® ¥

than exploiting a particular setup. Moreover, be-
cause it operates in a training-free, black-box man-
ner, CARPRT is readily applicable whenever a
VLM exposes only forward similarity queries.

Figure 3: Accuracy gains of CARPRT over
CARPRT-Uniform.

Under distribution shifts. We further evaluate robustness under distribution shifts on ImageNet and
four variants: ImageNet-A, ImageNet-R, ImageNet-Sketch, and ImageNet-V2. In this setting, prompt
weights are estimated once using only unlabeled samples from the in-distribution ImageNet test set,
and the same weights are directly transferred to all variants for evaluation, without access to their
target distributions during estimation. As shown in Tab. 2, CARPRT consistently surpasses MPE and
WPE across all variants. These results suggest that CARPRT’s reweighting strategy generalizes well
under distribution shifts. We hypothesize that this robustness stems from estimating prompt—class
relevance primarily via image—text score statistics tied to class semantics, and that ImageNet’s larger
sample size yields more stable weight estimates that transfer effectively across distributions.

Overall, these results indicate that CARPRT generalizes across both model architectures and data
distributions, making it a practical plug-in for zero-shot classification in training-free, score-only
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Table 2: Accuracy (%) under distribution shifts on ImageNet and its variants using CLIP ViT-B/16. Prompt
weights are estimated once on in-distribution ImageNet and directly transferred to ImageNet-A, ImageNet-R,
ImageNet-Sketch, and ImageNet-V2. Bold values indicate the highest accuracy in each column.

Method ImageNet ImageNet-A ImageNet-R ImageNet-Sketch ImageNet-V2  Average
MPE 67.59 49.35 77.33 46.92 61.37 60.51
Majority Vote 67.98 49.47 77.54 47.18 61.55 60.74
WPE 68.28 50.34 77.34 47.50 61.96 61.08
CARPRT (Ours) 68.59 51.96 77.69 4791 62.51 61.73

black-box settings, where only forward similarity queries are available and no access to model
parameters, gradients, or internal embeddings is required.

Dataset-Specific Patterns. The extent of CARPRT’s improvement varies by dataset, showing
larger gains on datasets with well-separated semantic categories (e.g., Flowers102, Pets). On highly
specialized domains like Aircraft, the gains are modest, likely due to (i) the quality of the initial
pseudo-labels generated by base VLMs, which impact both WPE and CARPRT. (ii) the suitability of
generic prompt pool for highly specialized visual distinctions. Nonetheless, CARPRT consistently
improves performance, highlighting the broad value of class-specific weighting.

5.3 ABLATION STUDY AND HYPERPARAMETER ANALYSIS

Role of Class-specific Weights. To isolate the benefit of class-specificity, we compare CARPRT
to “CARPRT-Uniform”. This variant first computes CARPRT’s class-specific weights, then av-
erages them across classes to yield a global w}' = % > . wi, for each prompt p;. This vari-
ant retains CARPRT’s prompt scoring mechanism but discards class-level adaptation (it still dif-
fers from WPE; see App. G.2). As Fig. 3 shows, CARPRT consistently outperforms CARPRT-
Uniform, with an average gain of 2.39%. Considerable improvements on datasets like Pets
and Flowers102 affirm that tailoring prompt weights to individual classes is key to performance.

67.5%

Accuracy vs. Temperature

Standard Deviation
Average Accuracy

Temperature Sensitivity. CARPRT uses a temper-
ature 7 (Eq. 11) to adjust prompt weight distribu-
tions. As shown in Fig. 4, 7 = 1.0 balances relevance

o and diversity, emphasizing useful prompts while pre-

serving ensemble variety for generalization. Lower
7 < 1.0 concentrates weights on dominant prompts
but reduces diversity, whereas higher values flatten
the distribution. Although finding a single best hyper-
parameter for all zero-shot tasks is difficult, 7 = 1.0
is a stable choice across tasks, showing that calibrated
reweighting helps without extensive per-task tuning.
See App. G.2 for details.

67.0%

Accuracy (%)

66.5%

1 2 3 4 5
Temperature

Figure 4: The variation of inference accuracy as
the temperature 7 changes, using CLIP-ViT-B/16.

5.4 EXTENDED EVALUATIONS AND CLASS-SPECIFIC WEIGHT VISUALIZATIONS

We explore CARPRT’s versatility further with additional experiments (detailed in App. E,F,G).

Refined Pseudo-Labels and Weight Estimation. CARPRT’s gains vary by dataset, partly due to the
quality of initial pseudo-labels from the base VLM. Motivated by this observation, we further examine
filtering low-confidence pseudo-labels (confidence-/entropy-based) to improve pseudo-label quality,
but observe only marginal and inconsistent gains, suggesting that explicit filtering is unnecessary
in practice (App. G.1). Instead, iterative refinement yields steady improvements by progressively
leveraging increasingly accurate class information (App. E.2).

Does Prompt Quality Matter? While CARPRT is designed for generic prompt pools, it could further
benefit from higher-quality, potentially domain-specific prompt templates. Preliminary tests with
LLM-generated prompts showed improved CARPRT performance compared to using only dataset-
agnostic templates from Allingham et al. (2023) (App. G.5), suggesting that CARPRT effectively
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Dalmatian Pizza

O0E - choto of . 2 e offood. OGS

an example of {}

a type of pet {}

a photo of a {}, a type of pet. - a rendering of the {} g
a street sign with the number {} -0.0002 |S itap of the {} -0.0001 g
a photo | took while visiting {} - 0.0002 a {} review of a movie. -0.0001 5
an aerial view of {} -0.0000 : an outdoor number {} written on a sign -0.0000 :
0.00 0.01 0.00 0.01
Weight

Figure 5: Visualization of class-specific prompt weights on Caltech101. For dalmatian and pizza, CARPRT
assigns high weights to class-relevant prompts while suppressing irrelevant ones.

leverages the information in any given prompt set. While it is difficult to evaluate the “prompt
quality”, we argue that investing in careful prompt engineering is likely to be beneficial.

CARPRT beyond Zero-shot Classification as a General-Purpose Plug-In. We lastly show
CARPRT’s versatility as a component to enhance various VLM adaptation settings: (i) with fest-time
adaptation (Karmanov et al., 2024), CARPRT offers improved weight initialization (App. F.1); (ii)
with image-feature focused zero-shot methods (Qian et al., 2024a), CARPRT enhances pseudo-labels
for visual proxy learning (App. F.3); (iii) with soft prompt tuning (Lu et al., 2022), class-aware
reweighting of learned prompts can boost performance further (App. F.2); (iv) with LLM-empowered
prompt augmentation (Shtedritski et al., 2023; Mirza et al., 2024), the utility of high-quality generated
prompts can still be improved via class-aware reweighting (App. F.4). All these results confirm
CARPRT’s flexibility as a general-purpose plug-in for broader VLM adaptation scenarios.

Visualization of Class-Specific Prompt Weights. To provide qualitative insight into CARPRT’s
mechanism, we visualize class-specific prompt weights on Caltech101. Fig. 5 shows weights
estimated for two representative classes, dalmatian and pizza. For dalmatian, CARPRT assigns
higher weights to semantically relevant prompts (e.g., example, pet, photo) while suppressing
mismatched ones (e.g., aerial, visiting, number). Similarly, for pizza, food-related prompts (e.g., food,
photo, rendering) are prioritized, whereas unrelated terms (e.g., sign, movie, itap) are down-weighted.
Overall, these visualizations corroborate our quantitative results and illustrate that CARPRT learns
class-dependent prompt preferences; additional examples are provided in App. J.

6 DISCUSSION AND FUTURE OUTLOOK

Broader Related Works. The performance of VLM adaptation in downstream classification tasks
is relevant to the text prompt, motivating research on improving prompt effectiveness in different
directions. Prompt tuning (Zhou et al., 2022b; Khattak et al., 2023a) optimizes task-specific soft
prompts through training, but departing from zero-shot settings. Unsupervised transfer learning
methods (Qian et al., 2024a) aim to bridge domain gaps between visual and textual embeddings
without labels; they do not focus on combining multiple prompts. Augmentation-based weighting
instead relies on large-scale data augmentation, such as using LLMs to generate task-specific prompts
or building partial image views, then assigning weights to augmented prompts or views (Zhu et al.,
2024; Li et al., 2024); while powerful, they necessitate the availability of external computing resources.
In contrast, CARPRT explicitly addresses the setting of prompt ensembling with a fixed, potentially
task-irrelevant prompt pool. It is entirely training-free, relies on neither label supervision nor LLM-
generated prompts, and focuses on reweighting existing prompts to capture class-specific relevance.
This makes CARPRT orthogonal to the above directions, while also complementary to them, offering
a unique perspective on VLM adaptation. We discuss these related works in detail in App. A.

Summary. This study focused on prompt ensembling and confirmed that class-aware prompt
reweighting is not only beneficial but essential for improving the efficacy of VLMs across a variety
of downstream classification tasks. By moving beyond uniform weighting, we showed that adapting
weights to better reflect the class-specific characteristics leads to measurable gains in performance.
We hope this study encourages further exploration of integrating class-awareness with other VLM
adaptation techniques to enhance across a wider range of applications.
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A DETAILED DISCUSSION ON RELATED WORKS

Prompt Tuning Methods. Prompt tuning adapts a pre-trained model by introducing learnable
embeddings (prompt tokens) at the input stage. These tokens can be instantiated as textual prompts
or visual prompts, enabling task-specific adaptation through the model’s input interface. CoOp first
applied prompt tuning to CLIP by optimizing learnable prompts in the text branch for few-shot
recognition (Zhou et al., 2022b). To address CoOp’s limited generalization, CoCoOp conditionally
generates prompts from visual features (Zhou et al., 2022a). MaPLe further extends prompt tuning
to both the vision and text branches to improve transferability (Khattak et al., 2023a). Building
on MaPLe, PromptSRC enhances prompt learning by leveraging descriptive text generated by
large language models (LLMs), e.g., GPT-4 (Khattak et al., 2023b). However, these tuning-based
approaches require optimizing learnable variables (and typically labeled downstream data, even in
the few-shot regime), which falls outside our strict zero-shot, training-free setting. We therefore do
not include them as baselines for CARPRT.

Unsupervised Transfer Methods for VLMs. Unsupervised transfer for VLMs aims to adapt
pre-trained models (e.g., CLIP) to downstream tasks without ground-truth labels. Existing methods
can be broadly grouped into two directions. The first direction, exemplified by Weighted Prompt
Ensembling (WPE) (Allingham et al., 2023), focuses on automatically reweighting prompts from
a given template pool. By assigning dataset-level importance weights to different templates, such
methods help identify which prompts are more compatible with a downstream task and can offer
a degree of interpretability (Allingham et al., 2023). The second direction relies on transductive
learning using image features to construct classifiers, such as InMaP (Qian et al., 2024a). These
methods often achieve stronger accuracy by exploiting structure in the unlabeled images, but are
typically less interpretable since decisions are driven primarily by image-feature learning rather than
explicit prompt contributions. Our work follows the first direction by retaining the prompt-based
formulation while improving accuracy via class-specific reweighting. Moreover, the pseudo-labels
produced by CARPRT can also benefit image-centric transductive pipelines; see App. F.3 for detailed
results.

View-aware Weighting Approaches. View-aware methods improve zero-shot transfer by aggregat-
ing evidence from multiple augmented visual or textual views and weighting them by confidence or
alignment. WCA performs local visual prompting by pooling similarities between cropped regions
and fine-grained textual descriptions using weighted aggregation (Li et al., 2024). AWT combines
diverse image augmentations with LLM-generated prompts and computes weights across views,
followed by optimal transport for cross-modal alignment (Zhu et al., 2024). While effective, these
approaches may rely on external resources (e.g., LLMs) and/or costly augmentations at inference. In
contrast, CARPRT derives class-specific weights directly from image—text similarity scores under a
fixed prompt pool, without external models or additional augmentations, yielding substantially lower
inference overhead while remaining complementary to view-aware techniques.

Test-time Adaptation. Test-time adaptation (TTA) aims to adapt models to unlabeled test
data (Ganin et al., 2016; Long et al., 2015; Zhang et al., 2022). Broadly, TTA methods can be
categorized into training-based and training-free approaches. Training-based methods update model
parameters or prompts using test-time objectives (e.g., entropy minimization), as in TENT (Wang
et al., 2021), or incorporate additional regularization to preserve alignment, as in CoTTA (Chen
et al., 2022). For VLMs, prompt-centric TTA methods such as TPT fine-tune a learnable prompt
at test time (Shu et al., 2022), and DiffTPT further leverages diffusion models to enrich test-time
augmentations (Feng et al., 2023). Training-free TTA methods instead rely on adjusting normalization
statistics or test-time augmentation without updating model parameters (Li et al., 2016; Karmanov
et al., 2024). Since CARPRT is also training-free and uses only unlabeled test data, we study its
relationship with training-free TTA in App. F.1.

B DIFFERENT PROBLEM SETUP FOR VLMS ADAPTATION

Prompt ensembling, as formalized in Problem 1, targets a strictly zero-shot inference setting where
the only available resources are a fixed prompt template set P and an unlabeled test set D. No
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learnable parameters, task-specific fine-tuning, or external supervision are permitted. This setting is
entirely inference-time, model-free, and tuning-free.

In contrast, other VLM adaptation paradigms operate under more relaxed assumptions, either by
enabling trainable components, leveraging supervision, or utilizing additional knowledge sources.
We outline the key differences as follows:

Prompt Tuning relaxes the “no training” constraint by introducing learnable prompt tokens, typically
optimized using downstream supervision. Formally, the prompt becomes a learnable function pg(y.)
with parameters 6, where 6 is optimized on labeled data {(x;, y;)}. CoOp Zhou et al. (2022b) learns
a global soft prompt, while CoCoOp Zhou et al. (2022a) further conditions it on image embeddings
f(z) to improve generalization. These methods trade interpretability for adaptability and require
supervision at training time.

LLM-Generated Descriptions expand the prompt space P using external generative models. Rather
than fixing P a priori, a large language model g1 v generates class descriptions p;(y.) = grm(Ye)
that are often more expressive and context-aware Menon & Vondrick (2023a). While such prompts
can improve alignment, this introduces non-negligible computational overhead and reduces repro-
ducibility, especially when prompts are generated on-the-fly.

Image-Centric Adaptation bypasses prompt usage entirely by constructing classifiers purely from
image features. Methods like InMaP Qian et al. (2024b) rely on clustering method to construct a
label assignment function h : X — ) without accessing any textual information. These methods
often outperform prompt-based approaches in raw accuracy but offer limited interpretability and are
incompatible with text-conditioned decision-making.

CARPRT operates strictly within the constraints of Problem 1. Unlike the above paradigms, it does
not rely on any learnable components, LLM-generated text, or image-only inference. Instead, it
focuses on exploiting the class-specific alignment between P and ) in a training-free, interpretable,
and modular fashion. As demonstrated in App. F, its output (pseudo-labels and weights) can directly
benefit and enhance downstream methods in both prompt tuning and image-centric learning pipelines.

C DATASETS, BASELINE METHODS, AND IMPLEMENTATION

C.1 DATASETS

Fine-grained Datasets. Following Zhou et al. (2022b), we evaluate our method on 10 fine-grained
classification benchmarks: Caltech101 (Fei-Fei et al., 2004) (101 object categories); DTD (Cimpoi
et al., 2014) (47 describable texture attributes such as “bumpy” and “scaly”); EuroSAT (Helber
et al., 2019) (10 land-use classes from satellite imagery, e.g., residential, forest, and river); FGVC-
Aircraft (Maji et al., 2013) (100 aircraft variants); Food101 (Bossard et al., 2014) (101 food cate-
gories); Flowers102 (Nilsback & Zisserman, 2008) (102 flower species); Oxford Pets (Parkhi et al.,
2012) (37 pet breeds); Cars196 (Krause et al., 2013) (196 car models); SUN397 (Xiao et al., 2010)
(397 scene categories); and UCF101 (Khurram, 2012) (101 human action classes).

ImageNet and its Variants. Following Allingham et al. (2023), we additionally evaluate on
ImageNet and its commonly used robustness variants: ImageNet (Russakovsky et al., 2015) (1,000
classes); Tiny-ImageNet (Le & Yang, 2015) (a 200-class subset); ImageNet-A (Hendrycks et al.,
2021b) (naturally adversarial examples); ImageNet-R (Hendrycks et al., 2021a) (renditions such as
paintings and cartoons); ImageNet-Sketch (Wang et al., 2019) (sketch-style images); and ImageNet-
V2 (Recht et al., 2019) (a re-collected test set).

C.2 BASELINES

To evaluate our method under a consistent setting, we compare CARPRT with representative baselines
that operate within the same zero-shot classification protocol and fixed prompt set (Problem 1).

Mean Prompt Ensembling (MPE). MPE averages predictions across prompts with uniform weights.
For each class, the model encodes all prompted class texts and averages them to form a class prototype.
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Algorithm 1 Class-Aware Prompt Reweighting (CARPRT)

Input: A pre-trained VLM model ®(z, p;(y.)) that returns a cosine similarity score®, a prompt set PP,
an unlabeled dataset D, a candidate label space ), the temperature parameter 7 and the normalization
scale .

1: Construct prompted-class texts p;(y.), Vp; € P,Vy. € V;
2: Obtain the relevance score set S = {sjﬁi,c}?lz’?leﬁczl,
(x5, pi(ye)); )

3: Obtain the pseudo-label set: Y = {g;}77 ;3

4: Derive the weight matrix W* by Eq. 10 and Eq. 11;
Output: a class-aware prompt weight matrix W*.

by querying the scorer: s;j;. =

At test time, an image is classified by cosine similarity to these averaged embeddings. This baseline
assumes prompts contribute equally, regardless of class or semantics.

Majority Vote. Majority Vote treats each prompt as an independent voter. For each prompt, the
model predicts the most similar class for an image, and the final prediction is determined by majority
voting across prompts. This method ignores prediction confidence and assumes all prompt votes
carry equal importance.

Weighted Prompt Ensembling (WPE) (Allingham et al., 2023). WPE estimates a global prompt-
weight vector from the unlabeled test set and aggregates prompt-conditioned class embeddings
accordingly (e.g., via an unsupervised objective such as entropy minimization). However, WPE uses
a single weight vector shared across all classes and thus cannot capture class-specific variations in
prompt relevance.

C.3 DETAILS REGARDING EXPERIMENTS

Implementation Details. We implement all methods using PyTorch 1.7.1 and Python 3.7.6, and
run experiments on a single NVIDIA A100 Tensor Core GPU. We use OpenAl CLIP (Radford
et al., 2021) and DeCLIP (Li et al., 2022) as the underlying VLM backbones. Our code is available
at https://github.com/tmlr-group/CARPRT for reproducibility.

Hyperparameter Settings. Unless otherwise specified, we set 7 = 1.0 for fine-grained datasets and
7 = 1.5 for ImageNet (Russakovsky et al., 2015) and its variants, and use a batch size of 512 for all
experiments.

D MORE DETAILS OF CARPRT

D.1 CARPRT ALGORITHM

We summarize the overall procedure of our proposed Class-Aware Prompt Reweighting (CARPRT)
in Algorithm 1. As shown in the algorithm, CARPRT begins by encoding both image and text
embeddings using a pre-trained CLIP-liked model. It then computes the relevance score between
image features and prompt-conditioned text features, followed by pseudo-label assignment. Finally, a
class-aware weight matrix is derived based on the computed scores, enabling the construction of a
refined prompt weight matrix that improves zero-shot classification performance.

D.2 CONNECTING CARPRT FORMULATION WITH THE PROBABILISTIC FRAMEWORK

We now detail the correspondence between the CARPRT formulation (Section 4) and the probabilistic
framework established in Section 3.

3We write CARPRT using a black-box scoring function ® since the method only requires access to similarity
scores (or logits) s;,;,. from a forward pass. Explicit access to the image/text encoders (and embeddings) is only
needed if one wishes to optimize alternative objectives beyond such score queries (e.g., non-cosine similarity
losses or representation-level regularizers).
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Algorithm 2 Iterative Class-Aware Prompt Reweighting (iCARPRT)

Input: A pre-trained VLM model ®(x, p;(y.)) that returns a cosine similarity score, a prompt set P, an
unlabeled dataset D, a candidate label space ), the maximum iterations 7,4z, the temperature parameter 7 and
the normalization scale .

1: Generate prompted-class texts p;(yc), Vp; € P,Vy. € V;

2: Obtain the relevance score set S = {sj,i,c};"z‘i’f;lyczl by querying the scorer: s;,,. = ®(x;, pi(yc));

(0)

i,c

3: Initialize the class-aware weights w
fort = 1 to Trnasx do
4: Obtain the pseudo-labels set: Y = {g; }jL1 using Eq. 13;
5: Derive the weight matrix W* by Eq. 14 and Eq. 11;

uniformly;

end
Output: a class-aware prompt weight matrix W* = W Tmax

Concretely, the practical implementation Eq. 9— Eq. 11 align with Eq. 3— Eq. 7 in the following

manner.

Score Calculation. Eq. 9 implements the likelihood term Pr(x;|y., W, P) from Eq. 7 by defining

Sjie = yoblinc/A) o This formulation aligns with the EBM in Eq. 7 by using cosine similarity
yeY Jrise

a;.4,c as the negative energy term and normalizing through softmax to obtain proper probabilities.

Weight Calculation. Eq. 10— Eq. 11 correspond to estimating Pr(WW|P, D) from Eq. 4 through a two-

step process. Eq. 10 first obtains the pseudo-labels for samples as the empirical estimates Pr(y.|W, P)
(i.e., Eq. 5). It then estimates intermediate weights by aggregating SCores across pseudo-labeled
samples by multiplying the scores Pr(x;|y., W,P) (i.e., s;,i ) with Pr(y.|W,P). Eq. 11 applies
softmax to ensure the resulting weights form a valid probability distribution over prompts for each
class, which satisfies the simplex constraint implied by our probabilistic framework.

E DETAILS OF CARPRT WITH ITERATIVE REFINEMENT (ICARPRT)

E.1 METHODS

In this section, we introduce iterative class-aware prompt reweighting (ICARPRT). Unlike the single-
pass approach described in the main text, ICARPRT refines pseudo-labels and class-aware prompt
weights through multiple rounds of alternating updates. The procedure consists of the following two
main steps: pseudo-label generation and class-aware weight estimation.

In pseudo-label generation, the pseudo-label §J; of the image x; is computed using the prompt weights
estimated in the previous iteration, W*~!, as:

n

L t—1_
1; = arg ing% W; " Sjie (13)
c .
=1

where s; ; . is the relevance score computed in Eq. 9. Once the pseudo-labels §j; are updated, the
intermediate weights w/ _ are estimated by:

m
;o 2=t Side Ly =y.
W, = - . (14)
ZJ i =Yec

where 15, is an indicator function that is 1 if §; = y., and O otherwise. Then the final weights
wy . are computed from the intermediate weights w; . using Eq. 11.

These two steps repeat until a predefined maximum number of iterations is reached. By alternating
between pseudo-label prediction and weight re-estimation, iCARPRT creates a reinforcing cycle that
continuously improves both the pseudo-labels and the class-aware prompt weights.
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Table 3: Accuracy (%) comparison between CARPRT and iCARPRT on various fine-grained clas-
sification datasets using CLIP-ViT-B/16 and CLIP-ResNet50 backbones. Bold values indicate the
highest accuracy.
Caltech101 DTD  EuroSAT Aircraft Foodl01 Flowerl02 Pets Cars SUN397 UCFI101 Average
CLIP-ViT-B/16

CARPRT 94.16 48.90 55.56 24.49 86.31 71.36 89.13 66.14 66.93 70.41 67.34

iCARPRT 94.27 48.14 54.79 23.71 87.25 72.01 89.64 67.19 67.28 70.53 67.48
CLIP-ResNet50

CARPRT 88.46 41.31 36.84 16.88 76.88 65.56 85.69 56.44 61.28 63.66 59.30

iCARPRT 89.14 41.83 35.65 15.42 77.96 66.13 86.09 57.28 61.45 64.32 59.53

Table 4: Accuracy (%) comparison between baselines and CARPRT when combined with TDA,
using CLIP-ViT-B/16 and CLIP-ResNet50 backbones. Bold values represent the highest accuracy in
each column

Caltechl01 DTD EuroSAT Aircraft Foodl0l Flowerl02 Pets Cars SUN397 UCF101 Average

CLIP-ViT-B/16
MPE 93.18 46.75 60.60 23.37 86.04 65.61 8421 6744 6641 71.48 66.51
WPE 93.49 47.02 62.48 23.09 86.21 68.10 84.12 67.23 66.98 7123 67.00
CARPRT (Ours) 94.62 48.52 63.95 24.05 86.50 70.36 84.50 67.83  68.06 71.85 68.02
Human Selection (TDA) 94.24 47.40 58.00 2391 86.14 71.42 88.63 67.28 67.62 70.66 67.53
CLIP-ResNet50
MPE 92.03 41.77 54.56 19.77 83.41 62.50 80.65 63.55 64.14 68.80 63.12
WPE 91.67 41.89 56.78 19.84 83.21 56.67 81.66 63.43 64.87 68.72 63.45
CARPRT (Ours) 91.75 42.71 57.65 19.98 83.61 62.66 81.38 6598  65.98 68.65 63.76
Human Selection (TDA) 91.42 41.00 56.97 20.55 83.34 62.75 83.62 64.14 6586 68.52 63.82

E.2 EXPERIMENTAL RESULTS

We evaluate the performance of iCARPRT against the single-pass version, CARPRT. As shown
in Tab. 3, the results demonstrate that iCARPRT achieves improvements in mean accuracy across
different backbones. This suggests that the iterative refinement process effectively enhances class-
aware prompt weighting by progressively improving pseudo-label quality and weight estimation.

Quality of Pseudo Labels Matters. In datasets such as EuroSAT and Aircraft, iCARPRT does not
outperform CARPRT. A possible reason is the relatively low initial pseudo-label accuracy in these
datasets. Since iCARPRT updates prompt weights based on pseudo-labels in each iteration, a poor
starting point may lead to reinforcement of incorrect labels rather than improvement. In such cases,
the iterative updates fail to enhance pseudo-label quality, limiting the effectiveness of the approach.

F CoOMBINING CARPRT WITH OTHER VISION-LANGUAGE METHODS

While CARPRT focuses on strict zero-shot image classification with a fixed set of handcrafted
prompts and unlabeled data (Problem 1), it is inherently modular and can be integrated into a wide
range of existing vision-language pipelines. Although direct comparison is not meaningful due to
differing problem assumptions, we show that CARPRT can function as a complementary component
rather than a competing method.

Specifically, we conduct case studies in three representative scenarios. We first combine CARPRT
with a test-time adaptation method, then apply it to augment soft prompt tuning, and finally integrate
it with a recent zero-shot method that leverages LLM-generated prompts. Details and results for each
case are presented in the following subsections.

F.1 COMBINING CARPRT WITH TEST-TIME ADAPTATION METHOD

CARPRT can be integrated with TDA, a state-of-the-art training-free test-time adaptation (TTA)
method for CLIP that enables efficient adaptation without backpropagation (Karmanov et al., 2024).

Our approach is not in conflict with TDA but is orthogonal to it. While TDA uses a human-
selected prompt pool for each task, our method can serve as a complementary module that replaces
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this human selection pool, providing an alternative way of selecting prompts without requiring
human intervention. This allows our method to work alongside TDA, enhancing the adaptability of
vision-language models in a more automated manner. We conduct the experiment to compare the
performance of our method with several baselines, including the human-selected prompts, the equal
weight prompt selection, WPE, all combined with the TDA method. The results are evaluated using
both CLIP-ViT-B/16 and CLIP-ResNet50 backbones across ten fine-grained datasets, as shown in
Tab. 4.

From the result, we can observe that our method outperforms the other baselines in several datasets,
achieving the highest average accuracy of 67.96% for CLIP-ViT-B/16 and 63.76% for CLIP-ResNet50.
Specifically, for datasets like EuroSAT, Food101, and Flower102, our method shows significant
improvements over the human-selected and WPE baselines. These improvements demonstrate that
our approach effectively enhances the performance of TTA methods, by offering a more efficient
prompt selection strategy. However, there are cases where it falls short compared to human-selected
prompts. This may be caused by the limited diversity and smaller size of the template pool, where
automatic reweighting methods may not perform as well as direct human selection. However, the
automated approach significantly reduces the human labor cost. This experiment demonstrates the
promising future of our method—not only in prompt reweighting but also as a technique that can
be integrated into other vision-language model (VLM) transfer learning approaches. The ability
to automatically adjust prompts in a computationally efficient manner paves the way for broader
applications and adaptability in various VLM-based tasks.

Posterior Update with TTA. When prompt weights can be updated continuously, such as in TTA
settings, different priors (e.g., uniform, global Dirichlet, or class-specific Dirichlet) define initial
beliefs about weight distributions before observing test data. In the TTA scenario, test data arrives as
a stream: {m(o), o gty }. Based on Eq. 4, we have a general form of posterior

p(W|z™ | P) o p(x|W,P)p(WP),

where p(W|P) is the prior, p(z(*)[W,P) is the likelihood from test data, and p(WW |x®),P) is the
posterior that guides weight updates sample-by-sample. The posterior updating process follows:

For first test sample 2(%):
Prior : p(W|P)
Likelihood : p(z©|W,P)
Posterior : p(W|z(?), P)  p(z¥ |W, P)p(W|P)
Then, as we observe the second test sample (1), we have
Prior : p(W|z®)P) (previous posterior)
Likelihood : p(zV|W,P)
Posterior : p(W|z@, 2 P) & p(x™M|W,P)p(W|z? P)
This leads to the sequential update scheme, formulated as

p(Wz® .. 2® P) x p(a® W, P)p(W|z®, ..., 2t~V P)
Thus, in TTA settings, these priors can be (1) initialized based on initial test samples; and (2) updated
sequentially as new test samples arrive.
More specifically, choosing different prior distributions would lead to different updating computations.
Uniform Prior. Recall the uniform prior is defined as
1 .
nor W ew
p(W|P) = { WI ]

0 otherwise

By taking log to both LHS and RHS, we will have

—logW| ifWeW

1 WIP) =
og p(WIP) {—oo otherwise
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which then leads to the log posterior to be expressed as

log p(W|z"), P) o« —log [W| +1log > p(@'”|ye, W, P)p(y|W,P)

Ye.EY
n T 1,
—log |W| + log Z exp (Z (wi,czgc) ’ ZI) ’ Zyl%w
ERY i=1 Jr Yy

Global Dirichlet Prior. The global Dirichlet prior treats all weights across classes as a single vector:

p(W|P) = Dir(vec(W)|a, ..., anc)

where vec(W) € R"C is the vectorization of weight matrix W (here we denote C' = |))| as the
cardinality of label space) Similarly, we will have the log prior and posterior as

log p(W|P) = log Dir(vec(W )|a1,.. anc)

nC
= logI'(avp) Zlogf (o) Z(ak —Dlogwr (ap= Zak
nC C n = C n
= IOgF(Z Oék) - Zzlogr (e—1) n+z + ZZ(a(cflﬁrH - 1) logwi,c
k=1 c=11i=1 c=1 i=1

and

logp(Wl-’B(t)P)0<10gp(W|]P’)+10gp( MW, P)—logp( ®|p)

= logI'(ap) Zlogf (ag) + ZZ (Q(e—1yn+i — 1) logw; ¢

c=1i=1

+log Y p(xlye, W, P)p(ye[W, P)

Ye €Y
C n
=logI'(ayp) Z logT'(ag) + Z Z(a(c_l)nﬂ —1)logw; .
c=1 i=1
T\ _I ]]"gji:yc
+ log Z exp Z (wiezie) -2 |- S 1
yo€Y i=1 25 Lajri=v.
Class-specific Dirichlet Prior. We again start from the prior definition
c
p(W|P) = [ Dir(Welae, .., aen)
c=1
then turn into the log prior and posterior
c
logp(W|P) = Zlongr Welae1, oo Gen)
c=1
C n
Z log I'(ce0) Zlogf(ac,i)-l-Z(a“— ) log wj ¢ aco—Zam
c=1 i=1
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and log posterior

logp(W|iB(t)7 ]P) = logr ac 0 Z IOgF ac 1 Z(ac,i - 1) IOg wi,c

M-
ﬁ
i

[a—

+1og Y p(alye, W, P)p(ye[W, P)

YcEY

n

logT'(e0) ZlogF Q) Z(acyi —1)logw; .

=1

Il
Ma

C

n 1. —
—HogZexp Z wlcz ~zI #
i=1 g Yjri=Yec

Y €Y

1L

However, since Dirichlet priors would introduce additional steps (e.g., estimating concentration
parameters «), in our preliminary investigation, we used uniform prior to keep simplicity. Despite
this simplest setup, our CARPRT prompt reweighting strategy effectively facilitated TTA methods.
We leave more systematic explorations of alternative priors (e.g., Dirichlet) into future work.

F.2 COMBINING CARPRT WITH SOFT PROMPT TUNING

Soft prompt tuning has recently become a powerful technique for adapting CLIP and other pre-trained
vision-language models to downstream tasks. By learning optimal prompts that guide the model’s
understanding of new data, prompt tuning has shown remarkable effectiveness (Zhou et al., 2022b;a;
Khattak et al., 2023b). ProDA optimizes prompt distributions to improve few-shot performance by
training a set of learnable invisible prompt embeddings. While CARPRT is primarily designed to
reweight visible prompt templates, our approach is not restricted to visible prompts. In this section,
we also apply class-aware reweighting to the invisible prompts trained by ProDA, making our method
capable of enhancing performance in various prompt tuning scenarios.

Our CARPRT method could enhance the ProDA framework by introducing a class-aware reweighting
technique that adjusts the influence of each prompt based on the underlying class structure. Specif-
ically, before each iteration of ProDA’s prompt distribution learning, we use CARPRT to update
the weights, which then guide the model’s logit outputs for training the prompts. As the problem
setting transitions from zero-shot to few-shot, our approach adapts by refining the weight estimation.
Specifically, we use ground truth labels instead of the pseudo-labels for weight estimation, as shown
in the following replacement for Eq. 10:

Zwl . ]]_
;o 2aj=1554cty;=ye
Wi e = m

i,c ) s
Z]:l ]lyjzyc

where y; is the ground truth label of the sample j. The results shown in Table F.2 demonstrate that
our method provides notable improvements in most datasets, highlighting the effectiveness of our
class-aware prompt reweighting mechanism.

15)

F.3 CoOMBINING CARPRT WITH MODERN ZERO-SHOT METHODS

Recent zero-shot approaches often rely on large language models (LLMs) to generate class descrip-
tions or prompts. While these methods have shown strong performance, they typically introduce
external information and lack mechanisms to calibrate prompt relevance across classes. CARPRT can
be applied on top of such methods to reweight their prompt pools in a class-aware manner, enhancing
prediction quality without modifying the model or relying on additional supervision.

Beyond prompt-based methods, CARPRT is also compatible with image-centric approaches that
construct classifiers directly from visual features, such as InMaP (Qian et al., 2024a). These two
strategies are complementary: while InMaP builds a vision proxy via clustering, our method provides
high-quality pseudo-labels that can guide its optimization. As shown in Tab. 6, integrating CARPRT
with InMaP consistently improves performance. In particular, refining pseudo-labels using Sinkhorn
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Table 5: Accuracy (%) comparison between our method and the prompt tuning baseline on fine-
grained datasets using the CLIP-ViT-B/16 backbone. Bold values represent the highest accuracy in
each row.

ProDA  ProDA + CARPRT

Caltech101 91.3 95.4
DTD 70.1 69.6
EuroSAT 84.3 83.4
Aircraft 36.6 36.9
Food101 82.4 88.1
Flower102 95.5 95.6
Pets 90.0 93.7
Cars 75.5 78.6
Average 78.2 80.2

distance leads to further gains, validating that better pseudo-labels directly reduce the theoretical
gap between recovered and optimal vision proxies. These results highlight that CARPRT not only
improves zero-shot inference on its own, but also serves as a valuable component within broader
vision-language learning frameworks.

Table 6: Accuracy (%) comparison between our method and the baseline on ImageNet using the
CLIP-ViT-B/16 and CLIP-ResNet50backbone. Bold values represent the highest accuracy in each
Tow.

InMaP  InMaP + CARPRT

CLIP-ViT-B/16

w/o Skinhorn 70.14 71.09
Skinhorn 72.55 72.57
CLIP-ResNet50

w/o Skinhorn 60.83 60.95
Skinhorn 63.74 63.14
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Table 7: Details for the datasets in our experiments.

Dataset Classes Test Size
ImageNet 1000 50,000
Tiny-ImageNet 200 10,000
ImageNet-R 200 30,000
ImageNet-A 200 6862
ImageNet-Sketch 1000 50,889
ImageNet-V2 1000 10,000
Caltech101 100 2465
DTD 47 1692
EuroSAT 10 8100
Aircraft 100 3333
Food101 101 30,300
Flowers102 102 2463
Oxford Pets 37 3669
Cars196 196 8041
Sun397 397 19,850
UCF101 101 3783

Table 8: Accuracy (%) comparison between LLM-based prompt generation baselines and their
combinations with our method on fine-grained datasets using the CLIP-ViT-B/16 backbone. Bold
values represent the highest accuracy in each row.

Method Caltech101 DTD EuroSAT Aircraft Foodl0l Flowerl02 Pets Cars SUN397 UCFI01 Average
CuPL 93.68 50.27 52.69 25.57 86.71 71.31 89.10 65.31 65.13 70.33 67.01
CuPL+Ours 94.27 50.35 56.67 25.42 86.76 71.42 89.24 66.25 67.46 71.28 67.91
MPVR 93.98 50.12 55.47 26.18 86.89 72.14 89.07 66.97 65.24 70.42 67.65
MPVR+Ours 94.23 50.46 56.82 26.09 86.87 72.25 89.24 67.13 67.32 71.37 68.18
VisDesc 94.52 50.59 56.12 25.16 85.75 71.89 88.87 6728  67.87 70.37 67.84

F.4 CoOMBINING CARPRT wiITH LLM-EMPOWERED PROMPT AUGMENTATION METHODS

Although CARPRT and LLM-empowered prompt augmentation methods are conceptually different,
they can be combined in a complementary way. CARPRT is a training-free and inference-only
method, relying solely on a fixed prompt template pool and without using any external knowledge
such as LLMs. By contrast, CuPL (Shtedritski et al., 2023), MPVR (Mirza et al., 2024), and
VisDesc (Menon & Vondrick, 2023b) generate class-specific prompts/descriptors via large language
models and thus address a different setting. Importantly, these approaches are orthogonal to ours:
while direct comparison is not the focus, CARPRT can reweight LLM-generated prompts, and
combining them consistently brings further gains.

As shown in Tab. 8, integrating CARPRT with LLM-based prompt generation methods consistently
improves their performance across datasets. This demonstrates that class-aware reweighting is com-
plementary to LLM-generated prompts, enhancing their effectiveness without altering the underlying
generation process. While VisDesc can be competitive or stronger in some cases, it requires a
more complex pipeline and additional resources, whereas CARPRT provides a lightweight plug-in
alternative.

G ADDITIONAL EXPERIMENTS

G.1 FILTERING LOW-CONFIDENCE PSEUDO-LLABELS

We evaluate whether explicitly filtering low-confidence pseudo-labels improves performance. We
consider two heuristics: (i) confidence-based filtering by thresholding the maximum similarity score,
and (ii) entropy-based filtering by thresholding class-wise prediction entropy. As shown in Tab. 9,
explicit filtering yields only marginal and inconsistent gains across datasets, is sensitive to the choice
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Table 9: Accuracy (%) comparison between confidence-/entropy-based pseudo-label filtering variants and their
combinations with CARPRT on fine-grained datasets. Bold values represent the highest accuracy in each row.

Thresh. Method Aircraft DTD  EuroSAT Foodl01 Pets Caltechl01 Average
Confidence-based filtering (max score)

WPE 2228  47.18 52.37 85.49 81.46 92.62 63.57

0.30 CARPRT 24.10  47.45 58.31 85.16 90.06 94.01 66.52
Filter Ratio 0.51 0.15 0.16 0.53 0.60 0.34 -

WPE 22.11 47.18 51.88 85.34 80.92 94.24 63.61

0.25 CARPRT 2473 4745 54.87 86.29 89.86 94.60 66.30
Filter Ratio 0.98 0.77 0.77 0.97 0.98 0.81 -

0.00 (orig.) WPE 2328  47.18 49.60 86.14 82.38 93.09 63.61

’ &) CARPRT 2449  48.90 55.56 86.31 89.13 94.16 66.43

Entropy-based filtering (prediction entropy)

WPE 2190 44.80 51.92 85.41 92.57 63.11 63.11

2.0 CARPRT 23.21 47.63 53.54 86.31 94.36 65.82 65.82
Filter Ratio 0.18 0.41 0.88 0.91 0.88 - -

WPE 2195 45.85 49.60 85.33 92.61 62.81 62.81

2.5 CARPRT 2420  48.13 55.56 86.27 94.69 66.39 66.39
Filter Ratio 0.38 0.62 1.00 0.97 0.92 - -

max (orig.) WPE 2328  47.18 49.60 86.14 93.09 63.61 63.61

&)  CARPRT 2449  48.90 55.56 86.31 94.16 66.43 66.43

of threshold, and can occasionally lead to performance drops. Overall, these results suggest that
CARPRT is relatively robust to noisy pseudo-labels, and additional filtering heuristics provide limited
practical benefit.

G.2 DETAILED RESULTS FOR HYPERPARAMETER ANALYSIS

In this section, we analyze the impact of key hyperparameters across all fine-grained datasets,
focusing on the temperature parameter 7. In zero-shot classification, where only test data is available,
conventional hyperparameter selection is inherently challenging due to the absence of training or
validation data. Following Shu et al. (2018), we aim to identify hyperparameters that exhibit robust
and consistent performance across diverse datasets.

As shown in Tab. 10, accuracy peaks at 7 = 1.0 and remains stable across a broad range, with a slight
decline at higher values. A lower temperature, such as 0.5, sharpens focus on the most probable
prompts but reduces distribution spread, limiting the ensemble effect of 247 prompt templates. This
effect is crucial for capturing diverse information cues, and excessive concentration on dominant
prompts may lead to performance degradation. While 7 = 1.0 may not be optimal for every dataset,
it serves as a practical and generalizable choice under zero-shot constraints.

G.3 RESULTS ON IMAGENET‘S VARIANTS DATASETS

We also evaluate the performance of our method across Tiny-ImageNet and its variant datasets
(ImageNet-A, ImageNet-R, ImageNet-Sketch, and ImageNet-V?2), as shown in Tab. 11. The im-
provements on ImageNet and its variants datasets are smaller compared to those observed on the
fine-grained datasets (shown in Tab. 1), for the following reasons. First, frequency bias is likely more
pronounced in ImageNet and its variants. Given our use of a relatively small batch size of 512 and
the exclusion of larger datasets such as LAION-400M for debiasing, the skewed class distribution
may have negatively impacted the results. Second, the quality of the template pool plays a crucial
role in model performance. According to (Allingham et al., 2023), the template pool was constructed
by combining templates from 10 fine-grained datasets and 6 ImageNet and its variants datasets.
Fine-grained datasets benefit more from the pool, as they can exploit class-specific templates. In
contrast, the more diverse categories in ImageNet and its variants find less relevant information in
the fine-grained templates, deriving less benefit from these templates. This mismatch reduces our
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Table 10: Accuracy(%) results for varying temperature settings across fine-grained datasets using
CLIP-ViT-B/16 and CLIP-ResNet50 backbones. Bold value represents the highest accuracy in each

column.
Temperature ~ Caltechl01 DTD  EuroSAT  Aircraft Food101 Flowerl02 Pets  Cars SUN397 UCF101 Average

CLIP-ViT-B/16
0.5 93.45 49.13 53.29 23.97 87.26 71.82 88.69 64.66 66.32 69.68 66.83
1.0 (selected) 94.16 48.90 55.56 24.49 86.31 71.36 89.13 66.14  66.93 70.41 67.34
2.0 94.07 48.54 55.19 24.17 85.87 71.12 88.69 65.67 66.07 70.11 66.95
3.0 93.93 48.27 55.15 24.04 85.74 70.95 88.39 65.29 65.98 70.09 66.78
4.0 93.87 48.16 55.07 23.96 85.69 70.93 88.36  65.21 65.91 69.95 66.71
5.0 93.72 48.09 54.92 23.87 85.62 70.85 88.31 65.14 65.88 69.77 66.62

CLIP-ResNet50
0.5 88.67 38.92 34.31 16.61 77.11 66.05 86.40 56.56 60.47 62.43 58.75
1.0 (selected) 88.46 41.31 36.84 16.88 76.88 65.56 85.69 56.44  61.28 63.66 59.30
2.0 88.64 41.13 35.00 16.54 76.43 64.26 84.07 56.51 61.04 64.09 58.77
3.0 88.29 41.41 32.41 16.50 76.20 64.31 8341 56.35 60.88 63.70 58.35
4.0 88.18 41.30 31.78 16.48 76.08 64.36 82.94 56.34 60.65 63.64 58.17
5.0 88.07 41.20 31.14 16.46 75.96 64.40 8246 56.33 60.64 63.17 57.98

Table 11: Accuracy (%) comparison between baselines and our method on ImageNet and its variants
using CLIP-ViT-B/16 and CLIP-ResNet50 backbones. Bold value represents the highest accuracy on
each column. Standard deviations are shown inline using =+.

ImageNet  Tiny-ImageNet -A -R -Sketch -V2 Average
CLIP-ViT-B/16
MPE 67.59 62.12 49.35 77.33 46.92 61.37 60.51
WPE 68.28+0.01 62.19+0.05 50.07+0.12  77.254003 47.14+002 61.81+0.11  61.12+0.06

CARPRT (Ours)  68.59-+0.01 62.71+0.04 51.60+0.07 77.48+0.04 47.53+0.02 62.11+0.09 61.67+0.05
CLIP-ResNet50

MPE 59.12 43.32 46.25 69.05 39.05 54.05 53.50
WPE 59.78+0.01 43.12+0.08 46.37+0.08 69.27+0.01  39.144007 54.07+0.09 53.7240.06
CARPRT (Ours)  59.98-+0.02 43.45+0.06 46.19+0.09 69.59+001 39.34+0.04 54.26+0.03 53.90-£0.06

method’s effectiveness on ImageNet datasets, as it depends on template-provided information. These
limitations suggest that mitigating frequency bias and enhancing template relevance for broader
datasets could further improve CARPRT’s performance.

G.4 EXPERIMENTS ON IMBALANCED DATASETS

In this section, we evaluate the performance of CARPRT on datasets with class imbalances. Following
Cao et al. (2019), we manually construct an imbalanced CIFAR-10 (Krizhevsky et al., 2009) dataset
using an exponential decay strategy to create various degrees of class imbalance. We use an imbalance
factor (3 to describe the severity of the long-tailed distribution, defined as the ratio between the number
of training samples in the most frequent class and the least frequent class. Specifically, 5 is given by:

Nmax
;
Nmin

8=

where Npax and Ny, represent the number of training samples in the most frequent and least
frequent classes, respectively. We conduct experiments with different imbalance ratios, setting
8 =10, p = 50, and 5 = 100, using the CLIP-ViT-B/16 backbone.

The results shown in Tab. 12 demonstrate that CARPRT significantly outperforms the average
baseline for all degrees of class imbalance. Specifically, CARPRT provides a consistent improvement
in performance over WPE, though the gain decreases as the imbalance factor 5 increases. This
decreasing gain may be attributed to the global nature of the WPE weight estimation, which remains
effective even under a higher imbalance. WPE calculates a single weight for the entire dataset,
capturing the overall distribution and maintaining reasonable performance, even when certain classes
are underrepresented.
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Table 12: Accuracy (%) comparison between our method and baselines on CIFAR-10 using the
CLIP-ViT-B/16 backbone. Bold values represent the highest accuracy in each column.

Balanced Datasets =10 S=50 pS=100

MPE 89.56 89.58 89.57 89.56
WPE 89.55 90.02 90.78 91.07
CARPRT (Ours) 90.82 91.07 91.36 91.70

In contrast, CARPRT uses a per-class weighting strategy, which allows better adaptation to individual
class characteristics, which is highly effective in balanced or moderately imbalanced settings. How-
ever, when the class imbalance becomes severe, the challenge arises for classes with very few samples
(e.g., only 10 samples). In these cases, the reliability of CARPRT’s weight estimates decreases as a
result of insufficient data, impacting performance.

G.5 IMPACT OF TEMPLATE QUALITY

In this section, we investigate the impact of template quality on ImageNet classification tasks.
Specifically, we explore how different prompt template pools influence performance by evaluating
two newly generated template pools alongside the original templates on the ImageNet datasets.
Specifically, Pooll was generated using Claude 3.5 (Anthropic, 2024) to produce 300 templates
tailored to the ImageNet label space. Each category in Pooll consists of 100 prompt templates
structured in descriptive formats, such as "A photo of a ”, A photo of a ”, "The type of ”. These
templates aim to incorporate task-specific context and improve the alignment between the prompts
and ImageNet categories. Pool2, on the other hand, was constructed using Phi 3.1 (Microsoft, 2024)
to create highly descriptive templates. For each ImageNet category, Phi 3.1 generated five detailed
prompts, resulting in a total of 5,000 templates across all categories. These templates focus on
providing class-specific descriptive information, enabling a more precise and nuanced interaction
with the underlying vision-language model. These additional template pools were evaluated on
ImageNet dataset compared to the original templates (Pool0), as shown in Tab. 13.

Table 13: Accuracy (%) comparison across different template pools using WPE and CARPRT
methods on ImageNet classification.

Pool Method ImageNet Acc. (%) Perf. Comparison

poolo . WPE 68.28 -
CARPRT 68.59 +0.31

pool] . WPE 68.35 _
001t CARPRT 68.61 +0.26

pooly . WPE 68.34 -
CARPRT 68.97 +0.63

Pooll targets more task-specific information by generating templates with respect to the ImageNet
label space. This leads to performance improvements for both WPE and CARPRT prompt reweighting
strategies compared to Pool0. On the other hand, the generated templates in Pool2 incorporate more
class-specific descriptive information. CARPRT benefits significantly from these templates, achieving
greater performance gains compared to WPE. This highlights the effectiveness of class-aware prompt
reweighting in leveraging descriptive templates.

Future Work. Results in App. G.5 show that a high-quality prompt template pool significantly
improves performance. Building on these results and the previously discussed limitations, a key
direction for future work is enhancing the quality and diversity of the prompt template pool, which ex-
isting methods often overlook. Future research could focus on cost-effective strategies for generating
and evaluating diverse, representative prompts. This may include developing metrics to assess how
well prompts capture class-specific characteristics and enhancing inter-class distinctions to improve
the model’s ability to differentiate closely related categories.
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Table 14: Comparison of normalization schemes under WPE and CARPRT. Accuracy (%) is reported
on Fine-Grained, ImageNet, and Variant subsets, along with the average across them.

Method Normalization Schemes Fine-Grained ImageNet Variant Average

none 64.82 6828  59.69  64.26

WPE test 64.93 6845 5972 64.37
pre-train 65.01 68.64 59.57 64.41

both 65.00 68.56 5974  64.43

none 67.34 68.59 60.39 65.44

test 67.12 6827  60.18  65.19

CARPRT pre-train 67.45 6872  60.55  65.57
both 67.44 6877 6053  65.58

G.6 ANALYSIS OF FREQUENCY B1AS CORRECTION

To correct potential biases introduced by the class frequency distribution in the pre-training or test-
time datasets, Allingham et al. (2023) applies normalization to the score matrix before computing
the prompt weights. This step ensures that the scale and distribution of class-prompt scores are
consistent across categories and prompts, thereby mitigating dataset-specific artifacts that could affect
final predictions. The scores s; ; . across all images x; predicted to class y. under prompt p; are
normalized as follows:

Sjie = Sjie = My (16)

where ;1 denotes the mean of the scores, computed differently depending on the normalization scheme:
(1) none: No normalization is applied and we set 1 = 0; (2) test:  is computed by the test data scores:

= ptest = ﬁ Z;V:t e;t 5j.i,c; (3) pre-train: p is computed by the data drawn from LAION-400m

(Schuhmann et al., 2021), following Allingham et al. (2023): p = pP™ = N}"'e Z;\Zle 8,5 (4)

both: Combine the two sources by interpolation:yt = (St + pP*¢) /2. These normalized scores are
then used to compute prompt weights.

As shown in Tab. 14, the WPE method benefits noticeably from normalization. All normalization
schemes improve over the unnormalized baseline, with the both setting achieving the best overall
performance. This suggests that WPE is sensitive to distributional bias and gains from explicitly
correcting both pre-training and test-time frequency effects.

By contrast, CARPRT performs robustly across all settings. Even without normalization, CARPRT
outperforms WPE, and gains only slight improvements from applying pre—train or both nor-
malization. Interestingly, test-only normalization slightly reduces performance, indicating that
test-derived statistics may inject noise rather than correct meaningful bias. This robustness likely
stems from the class-aware formulation of CARPRT, which captures prompt-class dependencies
more explicitly.

In summary, while WPE requires normalization to mitigate its reliance on biased score distributions,
CARPRT consistently maintains strong performance, demonstrating its effectiveness as a prompt
reweighting method.

H DISCUSSION OF PRIOR DISTRIBUTION OF THE PROMPT WEIGHTS Pr(W|P)

We extend the discussion of the proposed probabilistic interpretation (Sec. 3) to the weights prior
Pr(W|P). In the current zero-shot classification scenario addressed by CARPRT, there is no
optimization-based process for “estimating” the weights, and as such, the weight prior Pr(W|P)
does not play a role in the methodology. Nevertheless, our probabilistic framework is flexible enough
to accommodate more general trainable settings, such as active learning and few-shot estimation,
where the probabilistic formulation becomes particularly beneficial. In these cases, a discussion of
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the weight prior would provide valuable insights and contribute to a more complete understanding of
the framework’s advantages.

Suppose there is a label space ) with size |)| = C. Let P = {p;}}_, be a pool of n independent
prompt templates. Let W = {W, .}, be our weight matrix. Recall that W, € A"~! is the
(n — 1)-dimensional probability simplex, representing the weights for class y. across all prompts.

We consider three choices of priors: uniform prior, global Dirichlet prior, and class-specific Dirichlet
priors.

Uniform Prior. The uniform prior assumes all valid weight configurations are equally likely a priori.

1 .
0 otherwise

where W = {W € R"™C : W, € A" L forallc € {1,...,C}}.

The uniform prior is the easiest setup to implement and does not introduce bias towards any particular
weight configuration. However, the uniform prior does not leverage any prior knowledge about the
prompts, which is prone to overfitting with limited data (when adapted to trainable setting).

Global Dirichlet Prior. This defines a single Dirichlet distribution over all weights, treating them as
a single vector.
p(W|P) = Dir(vec(W)|a, ..., anc)

where vec(W) is the vectorization of W, and «; > 0 are concentration parameters of the Dirichlet
distribution.

Compared to uniform prior, Dirichlet prior can encode varying degrees of certainty about different
weights. Moreover, it is conjugate to multinomial likelihood, allowing for closed-form posterior
updates for certain model setup. This can also align with WPE-like class-shared-weighting strategies.
However, it ignores the class structure and treats all weights as part of a single distribution, potentially
missing class-specific patterns.

Class-specific Dirichlet Prior. This strategy sets an independent Dirichlet distribution for each
class’s weight, and stacks a product of C' classes’ Dirichlet distributions.

C
p(WIP) = [ [ Dir(Welac,1, ... cre,n)

c=1
where o ; > 0 are class and prompt-specific contenration parameters.

Currently, this setup best suits our class-aware prompt reweighting mechanism, as it allows for
different prior beliefs about weight distributions for each class, class-specific modeling. Compared
with global Dirichlet, it reduces dimensionality - each Dirichlet distribution is over n parameters, not
n x C anymore. More importantly, it aligns with the per-class simplex constraint of the weight space.

Entropy Analysis. Different prior choices lead to different entropy results. The uniform prior has an
associated entropy as
H[p(W‘P)}uniform = log ‘W‘v

where |W| is the volume of the weight space.
As for global Dirichlet prior, we have

nC

H[p(W|P)] = log B(e) + (a9 — nC)p(ax0) — Y _(ev; — 1)ap(evs),

i=1
where B(+) is the multivariate beta function, and ¢ (+) is the digamma function.
The entropy for class-specific Dirichlet priors is

C

H[p(WP)] =" (log B(ac) + (aco — n)ih(aco) — 3 (aei — Dib(ac,)),

c=1 i=1
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where a. = (a1, oy Q) @and e g = Yoy i for each class c.

When we are setting the equal concentration parameters, such that a; = « for all 7 in the global
Dirichlet, and o, ; = « for all ¢, i in the class-specific Dirichlets, and let o = 1, the uniform prior
has the highest entropy (uninformative), while the class-specific Dirichlets having the lowest entropy.
This is because the class-specific Dirichlets with o« = 1 are equivalent to independent uniform
distributions over smaller simplices, further concentrating the probability.

I DETAILED PROOFS

Lemma 2 (Relative Likelihood ¢f. Lemma 1). The likelihood of an image x, given class c, prompt
weights W and a prompt pool P, following the EBM defined in Eq. 6, is proportional to:

Pr(x;|ye, W,P) o exp {sim(z}7 ch)} X exp {Z(wlc ZEC)T ) ZI} ) (17)

=1

where z% = f(x;) and z}jc = g(pi(y.)) are image embeddings of sample x; and text embeddings of
class y. under prompt p;, respectively.

Proof. Similarity as Negative Energy. As with (LeCun et al., 20006), a general form of EBMs is
given by Py(x) = exp(—SEg(x))/Z(0), which enables us to define unnormalized energy function
with a partition function for normalization. Therefore, in our zero-shot classification context, we
define the energy function with respect to the score function of the CLIP.

E(wjv Yoy W, P) = Sim(Z;, w'cl“)

This score function measures the compatibility between the image embedding z} and the text

embedding embedding = of class .. higher compatibility corresponds to lower energy, aligning
with the EBM principle that more likely configurations (of model) have lower energy.

Intractable Partition Function. Computing the partition function is intractable since we need to
marginalize over the image space. However, what we care about is the relative relation between
Pr(z;|y., W,P) and Pr(x,;|y., W, P), we can safely drop off the partition function in our relative
likelihood.

Similarity Computation. Consider a general linear combination of similarities for a prompt ensem-

ble:
sim(, =7) = he ({fsim(=", 210} )

{S i= 1 ZQZCSZ—'_/BC

where h. : R? — R is a function that linearly comblnes the similarities over all prompts p; € P for a
specific class y.. o; . € R and 5. € R are weights and bias terms. Substituting s; = sim(zl, z;»r)c) =

2TT . L1 .
zi. *z,weget

I
snnz z E a;c(z Zc ~zj+ﬂc

We can then absorb the bias term (3. into the exponennal function,
Pr(x;|y., W,P) exp(sim(z;-7 zgc))

=exp() aie(zl) " 2]+ 6)

n
= exp(Be) exp(>_ aio(2l,)" - 21)
=1
n

x exp(Z(ai,CzEC)T . zg)

i=1
By setting w; . = o ., we arrive at the formulation in Lemma 1. L]
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Proposition 3 (cf. Proposition 2). Let X' be the image space, Y be the class space. Given a set of
prompts P, for any prompt weighting scheme S (cf. Eq. 1), define the representable likelihood set Fg
as:

Fs ={f: X x Y > RL[TW € Wg, P, s.t. f(z,yc) o< Pr(z|y., W, P)},

where Wg is the weight space under the scheme S. Let F¢; and Fcs be the representable likelihood
set induced from class-independent weighting and class-aware weighting (cf. Eq. 1) schemes. Then,
we have: 3f* € Fes such that V¥ fcy € Fer, I € X, y. € Y where f*(x,y.) # fa(x, ye).

Proof. We prove this by constructing a specific function in F¢s and showing it cannot be represented
by any function in F¢y. For simplicity, we consider a toy setting with three classes ) = {y1, y2, y3 }
and two prompts P = {py,p2}. For any & € X, the function under class-aware weighting for
Yy. € {y1, Y2, ys3} takes the form:

IP|

Fr(@,ye) = D wie Pr(alye, pi)

=1
= wi,c Pr(x|ye, p1) + wa,c Pr(x|ye, p2).

where w; ; € R are class-aware weights for prompt ¢ and class j. For ease of notation, we denote
the prompt-conditional likelihood by a; . £ Pr(x|y., p;). This way f* € Fcs can be expressed as

ffx,y1) = wi101,1 +wanaz
(@, y2) = wi2a1,2 + w2022
[ (x,y3) = wi,301,3 + w2 3a2.3

We then consider a specific instance” of this function by choosing:

w1 =2, we;=1
wip =1, wpo =2
w3 =3, wg3=3
This leads to
[ (x,y1) = 2a1,1 +az;
I (®,y2) = a12 + 2a22
[ (x,y3) = 3a1,3 + 3az,3
Now, suppose for contradiction that Ifc; € Fcy such that f* = f¢r. By definition of F¢y, fcr takes
the form fci(x, y.) = wia1,c + waasg,c, where wy, we € Ry are class-independent weights.

If f* = fci, then for all classes y. € {y1,¥y2,ys}, we must have the following equations to hold
simultaneously:
2a1,1 + ag,;1 = wiar,1 +waagy  (for yp)
a1,2 + a2 = wiai 2 + waag s (for yo)
3a1,3 + 3a23 = wia1,3 +waaz3  (for ys)

From these equations, we can deduce that

w1 = 2 and wy = 1 must hold for any a;,1,a21 >0 (fory;)
w1 = 1 and wo = 2 must hold for any a;.2,a22 > 0 (for y2)
w; = 3 and wy = 3 must hold for any a; 3,a23 >0 (fory;)

Thus, we need w; = 2 for y; while w; = 1 for y2, immediately leading to a contradiction as w;
cannot simultaneously equal 1 and 2.

Therefore, no class-independent weighting scheme can represent the function f* we constructed.
We have proven that 3f* € Fcs such that Ve € Fep, 3 € X,y. € gY where f*(x,y.) #
O

fa(z, ye).

*unnormalized weights, just for illustration
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(a) Truncated Class-Prompt Weights Heatmap  (b) Per-Class Weight Distribution for “a low
resolution photo of a {}.”

Figure 6: Visualization of the class-aware prompt weights estimated by CARPRT on the Caltech101 dataset.
(a) The heatmap shows the prompt weights across a subset of classes and prompts, revealing diverse weight
patterns and confirming class-specific preferences. (b) The bar plot displays the distribution of prompt weights
assigned to the prompt “a low resolution photo of a {}” across all classes.

J ADDITIONAL VISUALIZATIONS OF PROMPT WEIGHTS

To provide qualitative insight into CARPRT’s mechanism, we first visualize the learned class-specific
prompt weights on the Caltechl01 dataset. Fig. 6(a) shows the fruncated weight matrix for a subset of
prompts (n’ < n columns) and classes (C’ < C' rows) from the full matrix W € R™*¢ where clear
differences in the weights assigned to the same prompt across different classes are evident. Fig. 6(b)
further illustrates this class-dependency by plotting the weights of a single prompt template—“a
low resolution photo of a {}”—across all classes, demonstrating that the contribution of this prompt
is tailored to each class. These visualizations corroborate our quantitative results, confirming that
CARPRT prioritizes prompts differently for each class.

In addition, we include additional visualizations of the CARPRT-generated prompt weights across
all ten fine-grained datasets in the supplementary material (due to file size, these figures are not
embedded in the main PDF). Each visualization is presented as a heatmap, where the vertical axis
corresponds to the prompt index and the horizontal axis to the class index.

These heatmaps consistently reveal the class-specific nature of the learned weights: the columns
exhibit noticeable variation across prompts rather than remaining uniform, indicating that different
prompts are emphasized for different classes. Moreover, for most fine-grained datasets, only a small
subset of prompts receive high weights across classes, while the majority are down-weighted—this
sparsity manifests visually as a few strong horizontal lines. This trend is particularly evident
on Food101, where the semantic homogeneity of the dataset leads to more consistent prompt
preferences across classes.

Nevertheless, even within Food1 01, the highest-weighted prompt still varies across classes, demon-
strating that class-aware prompt weighting remains essential. These results collectively support the
effectiveness of WPE (Allingham et al., 2023) in highlighting useful prompts for the dataset, while
also confirming the necessity of CARPRT’s class-aware weighting to fully capture intra-dataset
variation.

K USE OF LARGE LANGUAGE MODELS (LLMS)

In preparing this submission, we used LLMs solely as writing aids to improve readability. Specifically,
LLMs were employed to correct grammar errors and polish the text. No part of the scientific
content—including problem formulation, method design, experiments, or analysis—is generated by
LLMs. All technical contributions and claims were conceived, implemented, and evaluated by the
authors.
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