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Abstract. Few-shot classification performance of Contrastive Language-
Image Pre-training (CLIP) varies widely across datasets, especially when
class names provide weak or ambiguous semantic priors. This issue is alle-
viated in vision-only fine-grained methods, as they identify discriminative
local features but require training on the full dataset. We thus introduce a
training-free approach that integrates discriminative patches into CLIP
to reduce reliance on textual prompts. Our method identifies patches
with high intra-class consistency and low inter-class ambiguity, forming
a Class-Discriminative Patch Set (CDPS) for each category. Using CDPS,
we enhance the recognition ability of CLIP through a hybrid classifier
combining global image-text alignment with local patch-based similarity.
Extensive experiments on diverse benchmarks show that CDPS injects
fine-grained discriminatory power into CLIP and yields more robust few-
shot recognition performance against ambiguous class names.

Keywords: Vision-Language Model · Few-Shot Recognition · Training-
Free Adaptation

1 Introduction

Learning from limited labeled data is a fundamental requirement for scalable
and label-efficient visual intelligence. Few-shot learning seeks to enable models
to generalize to novel and rare concepts with minimal supervision, thereby reduc-
ing reliance on costly manual annotations. Recent advances leverage large-scale
vision-language models (VLMs), such as CLIP [40], ALIGN [17], and SigLIP [66],
which are trained on web-scale image-text pairs to align visual and textual repre-
sentations in a shared embedding space. Despite strong generalization capability,
VLMs are particularly sensitive to the quality and semantics of textual prompts.

This sensitivity becomes obvious when class names are obscure or lack human-
interpretable meaning. In such cases, textual prompts may misalign with the
pre-trained text encoder, leading to degraded recognition performance. As shown
in Fig. 1, REAL-Prompt [33] demonstrates that replacing Latin bird names in
the Semi-Aves dataset [51] with more common English names exceptionally im-
proves accuracy. Conversely, datasets such as FGVCAircraft [28], whose class
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Fig. 1: Prompt engineering vs. CDPS. Left: Conceptual comparison: standard VLM
(OpenCLIP [40]) uses the class name directly, prompt engineering (REAL-Prompt [33])
uses the synonym, and our CDPS method uses discriminative patches to compensate for
ambiguous prompts. Right: Empirical results show prompt engineering’s effectiveness
is inconsistent (significant gain on common synonyms like Semi-Aves, but limited gain
on technical names like FGVCAircraft). In contrast, our CDPS consistently provides
improvements across both scenarios via patch feature integration.

names consist primarily of technical identifiers (e.g., “727-200 ”), exhibit limited
gains due to the absence of semantically meaningful synonyms.

A natural remedy is to enrich the descriptive quality of textual prompts.
Prompt Engineering methods [29–31, 33, 37, 39] construct manual templates or
leverage Large Language Models (LLM) to generate detailed class descriptions.
However, these approaches often lack sufficient discriminative power for fine-
grained recognition [39] and typically require extensive manual trial-and-error [26].
Prompt Learning [4, 72, 73] automates this process by introducing learnable to-
kens optimized jointly with the model. While circumventing the need of manual
prompting, such methods remain constrained by the representational capacity
of the text embedding space, due to its lack of discriminative granularity that is
critical for subtle, fine-grained features.

These limitations motivate revisiting visual discriminative modeling. Prior to
the emergence of VLMs, extensive research in fine-grained visual classification
(FGVC) [59] focused on discovering discriminative object parts and forming
mid-level representations from localized regions. Such methods employ object
detection [12, 44], segmentation [24, 27, 68], or attention mechanisms [11, 52] to
highlight key semantic regions. Although these vision-only representations avoid
ambiguities introduced by textual prompts, they typically require full-dataset
supervision and intensive dataset-specific training. Consequently, their reliance
on abundant annotations limits their generalization ability in few-shot settings
and complicates integration with multimodal representations [3, 60].

To address these challenges, we aim to integrate the capability to identify
discriminative object parts into VLMs to reduce reliance on textual prompts,
while preserving the few-shot and multimodal strengths. Specifically, we ex-
tract patch embeddings from the VLMs image encoder (e.g., the ViT backbone
in CLIP [40]) and select discriminative patches according to two criteria: (1)
high intra-class consistency — patches that frequently occur within the same
class; and (2) low inter-class ambiguity — patches that rarely appear in other
classes. The selected patches constitute the Class-Discriminative Patch Set
(CDPS) for each class. Leveraging CDPS, we construct a patch-based clas-
sifier that measures similarity between the patches of a query image and the
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class-specific CDPS. We further adaptively fuse this patch-level similarity into
text-to-image similarity to form a Hybrid Classifier that remains robust re-
gardless of diverse levels of semantic density in class names. We conduct exten-
sive experiments on fine-grained benchmarks with varying degrees of class-name
ambiguity and demonstrate that our approach consistently outperforms state-of-
the-art training-free baselines and remains competitive to training-based ones.
Note that we use training-free in the sense that no backbone, or adapter param-
eters are optimized.

In summary, our contributions are threefold:

– We introduce a training-free method to adapt VLMs for fine-grained few-shot
recognition by mining discriminative local patches.

– We propose the Class-Discriminative Patch Set (CDPS), which cap-
tures intra-class consistency and inter-class distinctiveness for robust recog-
nition under ambiguous class names.

– We design a hybrid classifier, which integrates CDPS into text similarity,
achieving strong and stable performance across diverse datasets.

2 Related Work

2.1 Vision-language Pre-training and Patch Selection

The study on alignment between pictures and natural languages can be dated
back to early work [48]. The subsequent works on multi-modal alignment fo-
cus on integrating natural language into visual features [10,50] or learning from
interactive natural language feedback [63]. A recent trend on aligning visual
and textual features aims to jointly learn cross-modality encoders from large-
scale image-text pairs, such as CLIP [40], ALIGN [17], and SigLIP [66], showing
impressive perfomance across various tasks including zero-shot image recogni-
tion [38,40], semantic segmentation [25,67,74], text-to-image generation [41,58],
shape generation [46] and video understanding [42,54]. In this work, we focus on
CLIP due to its widespread adoption as a backbone for vision-language tasks.
Mining local patches in CLIP has also been explored in prior studies [35, 62],
primarily to improve pre-training efficiency. In contrast, our method identifies
patches that are discriminative for downstream recognition tasks.

2.2 Mid-level Representations

Before the emergence of VLMs, research in fine-grained classification primar-
ily focused on capturing discriminative semantic parts of objects to construct
mid-level representations. Early methods achieved this part localization through
the integration of external modules. These included using Regional Proposal
Networks [44] to predict object bounds, Fully Convolutional Networks [27] to
transfer learned representations to segmentation masks, and dedicated naviga-
tor networks [65] for locating discriminative regions. To incorporate the correla-
tion between discriminative parts, RACN [11] generates region attention maps
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via a recurrent visual attention model. Subsequent research aimed to further
refine the region attention maps [14, 36, 71] or improve efficiency [70] through
multi-level approaches. Despite their notable performance improvement, these
methods require extensive supervision and a computationally intensive training
for each dataset, limiting their generalizability. While our work shares a similar
intuition, focusing on discriminative local information, we address considerably
more challenging constraints: training-free and few-shot scenarios.

2.3 Few-shot Fine-grained Recognition

The task of fine-grained recognition was introduced decades ago [18]. Various
learning-based methods can be referred to the surveys [59, 61]. Several meth-
ods [3, 53, 55, 60] achieve remarkable results in few-shot scenarios but lack the
cross-dataset generalizability.

Recently, the focus has shifted toward adapting VLMs to few-shot recognition
due to its promising generalizability. Prompt Learning has emerged as a dom-
inant paradigm among training-based approaches. CoOP [73] is the first work
to incorporate the prompt learning into the adaptation of CLIP to downstream
vision tasks, and its successor, CoCoOP [72], extends this capability to unseen
classes. Furthermore, PLOT [4] applies optimal transport to formulate the fea-
tures as a probability distribution, yielding a more robust alignment. MaPLe [19]
further explores the multi-level prompt coupling across both vision and lan-
guage branches. Adapter-based methods [13, 21, 47, 69] is another branch of
training-based methods parallel to prompt learning. It introduces an external,
small set of parameters appended to VLMs and adjusts these small weights to
align image and text embeddings on the distribution of downstream dataset.
For example, CLAP [47] optimizes an adaptation of the general augmented La-
grangian method. LDC [21] learns to eliminate inter-class confusion in logits
with designed modules. Although their success in some datasets is remarkable,
these methods remain fundamentally anchored to the original textual prompts.
Consequently, their effectiveness is bottlenecked when class names in the down-
stream dataset are semantically ambiguous, limiting further performance gains
regardless of how well the prompts or adapters are trained.

Training-free methods offer an efficient alternative to downstream tasks.
LLM-based training-free methods focus on improving textual quality with-
out parameter updates. Instead, they usually leverage an additional backbone to
improve the textual prompts. For example, CuPL [37] guides LLMs to generate
category descriptions with designed prompts, while MPVR [31] comprises a sys-
tem prompt, in-context example demonstration and metadata to instruct a LLM
for category-specific descriptions. Similarly, recent work [45] leverages GPT [2]
to construct hierarchical prompts for classification. However, the required LLM
in these methods may suffer from hallucinations [16] or generate descriptions
that lack the discriminative power for fine-grained tasks [39].

Most closely related to our work are the training-free methods without
any additional backbones. Several approaches have explored this paradigm:
TIMO [22] builds a mutual guidance mechanism to align visual and textual
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Fig. 2: Overview of construction and application of CDPS. Left: we utilize the inter-
mediate patch embeddings from a pre-trained CLIP image encoder to construct CDPS
by filtering patches based on the attention map, intra-class consistency and inter-class
ambiguity. Right: CDPS can enhance few-shot classification via hybrid classifier which
combines textual and patch-level logits.

modalities at the same time. GDA [57] applies Gaussian Discriminant Analysis
to refine downstream classification of CLIP. ECALP [23] proposes a graph-based
approach for label-efficient adaptation and inference. However, these methods
remain vulnerable to the semantic ambiguity of class names. When the ini-
tial textual prompts from the downstream dataset lack semantic meanings, the
resulting alignment remains suboptimal. Unlike prior training-free CLIP adap-
tation methods that operate mainly on global image-text embeddings or label
propagation, CDPS explicitly mines local visual evidence that is class-consistent
and inter-class discriminative.

3 Method

The critical concept underpinning our approach is the extraction of CDPS from
the few-shot images, which contains the semantical patch embeddings for each
class. This process is executed without any fine-tuning or parameter updates.
The constructed CDPS then serves as the basis for the hybrid classifier to en-
hance the performance of image recognition. An overview of our approach is
illustrated in Fig. 2.

In the following sections, we focus on CLIP [40] due to its widespread use.
We start with an overview of CLIP in Sec. 3.1, followed by the construction of
CDPS in Sec. 3.2. We detail the hybrid classifier in Sec. 3.3.
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3.1 CLIP Preliminary

We hereby introduce CLIP and define the notations used throughout the sub-
sequent discussion. In the standard zero-shot classification involving C distinct
classes, a text prompt Tc is constructed for each class c ∈ {1, . . . , C}. The model
employs an image encoder E and a text encoder T to map their respective in-
puts into a shared embedding space. The predicted label ŷ for an image x is
determined by selecting the maximum cosine similarity between the class token
embedding and the class text embeddings:

ŷ = argmax
c

zT(x, Tc),where zT(x, Tc) := Softmax(cos(E(x), T (Tc))). (1)

In addition to the class token embedding, the Vision Transformer (ViT) [8]
based image encoder provides patch feature representations and attention maps
that are essential for our method. Considering the final transformer block in ViT,
it outputs a sequence V(x) of feature vectors corresponding to the patch tokens:
V(x) := {vp}Pp=1. Here, each vp ∈ RF is the patch embedding of the p-th patch
token. P is the number of patches, and F is the patch feature dimension (e.g. P =
196, F = 768 in ViT-B-16). The multi-head self-attention mechanism yields an
attention map A ∈ R(P+1)×(P+1). Each entry Ai,j represents the attention score
from token i to token j. In the following discussion, we focus on the attention
map relative to the class token in the final layer. Since the class token in the
final layer aggregates high-level semantic information [40], the corresponding
attention map captures the semantic relevance of each local patch feature to the
global visual concept.

3.2 Construction of CDPS

The central idea of our method is that classification performance should be im-
proved by focusing on discriminative local features. Therefore, instead of relying
on the complete set of local patches, we believe that only a subset of class-
discriminative ones is truly informative to recognize the image x.

The identification of a patch embedding vp as class-discriminative is contin-
gent on two concurrent conditions:

– High Intra-Class Consistency : the patch embedding should appear frequently
within the same class.

– Low Inter-Class Ambiguity : the patch embedding should rarely appear in
images from other classes.

Taking the FGVCAircraft dataset [28] as a case study: a patch capturing the
specific shape of an airplane’s wing should appear frequently in the same cate-
gory. Conversely, a patch representing a generic blue sky could also show high
intra-class consistency, but it must be rejected due to its lack of discriminative
power between different aircraft categories. We now demonstrate the process of
constructing CDPS, which contains patches satisfy these dual criteria.
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(a) Attention Weight (b) Connected Regions (c) CDPS

Fig. 3: Visualization of selected patches in each step. We illustrate the selection process
using two examples: (a) initial patches selected by attention map (blue); (b) extraction
of the connected regions (green) to isolated patches; (c) the final discriminative patches
(red) to construct CDPS.

Preliminary Filtering. As many patches usually are not class-discriminative
or essential for CLIP, we introduce a preliminary filtering step by exploiting the
attention map from the final layer associated with the class token to mitigate
the influence of unnecessary patches. Specifically, the top ρ-percentile patches
with the largest value in the attention map are selected, as they contribute
most significantly to the class token. However, several isolated noisy patches are
retained as shown in Fig. 3 (a). To filter isolated noisy regions, we keep only
the Ncp largest connected regions among the selected patches as shown in Fig. 3
(b). This step removes fragmented areas and preserves spatially coherent regions
that are most relevant to the prediction.

The resulting region comprises patches that are both spatially connected and
highly necessary to the class token, which is denoted as a filter mask M(x). It
is then utilized to prune the complete patch set V(x): VM(x) = V(x)∩M(x). It
is necessary to note that the filter mask M(x) is used only for patch embedding
selection, not direct manipulation of the input image. The complete unmasked
image still passes through the encoder, based on the assumption that the con-
textual information provided by the unnecessary patches is valuable for ViT to
compute context-aware patch embeddings.
Patch Score. After preliminary filtering, we rank the remaining patch embed-
dings based on the two selection criteria (Intra-Class Consistency and Inter-Class
Ambiguity). Considering a specific patch embedding v, its similarity to an image
can be defined as its maximum similarity among all (filtered) patch embeddings
within that image. Intuitively, the value measures whether the image contains
a patch that closely matches v. Based on this, we extend the formulation to a
collection of images Xc = {xi} from the same class c, namely the patch-to-class
(P2C) similarity, which is the average of the patch-to-image similarities across
all images in the class:

simP2C(v,Xc) :=
1

|Xc|
∑
x∈Xc

max
vp∈VM(x)

cos(v, vp). (2)

A high patch-to-class similarity value indicates that patch embedding appears
frequently within the images of class c. This interpretation naturally leads to
the definition of discriminative scores. Given a patch v extracted from an image
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x of class c, its discriminative scores is defined as:

scoreP(v) := simP2C(v,Xc)−
ω

|C|

C∑
c′ ̸=c

simP2C(v,Xc′), (3)

where ω is a weighting parameter used to balance the importance of the two
criteria. The first term promotes features that satisfy the high intra-class con-
sistency criterion, while the second one enacts the penalty if the feature appears
frequently in other classes as well. When the dataset has many categories, evalu-
ating the penalty term across all labels becomes computationally expensive. To
mitigate this, we propose an efficient approximation that focuses on the hard
negative classes. Specifically, we identify a subset of Nc categories that exhibit
high similarity to a target class c, which is determined by the zero-shot classi-
fication in Eq. (1). For each few-shot image, we compute the textual logits zT.
The Nc categories associated with the largest mean logits (excluding the ground
truth c) are selected. This data-driven selection ensures that the discriminative
score penalizes patch features that contribute to high-probability misclassifica-
tions, thereby refining the decision boundaries where the model is most prone
to inter-class interference.
Class-Discriminative Patch Set. Using the derived score, the final Class-
Discriminative Patches for an entire class Xc is the union of the top-K patches
selected from every image in it: Vc

D :=
⋃

x∈Xc
{vp}Kp=1.

3.3 Hybrid Classifier

Once CDPS Vc
D has been constructed for each class c from few-shot images, we

can leverage these sets to classify a query image x̃. Given any two patch sets V
and Ṽ, analogous to Eq. (2), we can define the set-to-set (S2S) similarity :

simS2S(Ṽ,V) :=
1

|Ṽ|

∑
ṽ∈Ṽ

max
vp∈V

cos(ṽ, vp). (4)

The predicted label ŷ for a query image x̃ is then determined by maximizing the
logits computed from the similarity between its (filtered) patch set and CDPS:

ŷ = argmax
c

zP(x̃,Vc
D),where zP(x̃,Vc

D) := Softmax
(
simS2S(VM(x̃),Vc

D)
)
, (5)

i.e., zP is the logits from patches, analogous to zT in Eq. (1).
In our preliminary experiments, we observed a dependency of this method’s

efficacy on the characteristics of the downstream dataset. When the class names
are ambiguous or when classification relies heavily on subtle local features, the
patch-based classification Eq. (5) outperforms the standard zero-shot approach
from Eq. (1). Conversely, when the class names are easily distinguished by high-
level semantics, the standard zero-shot approach tends to be the better choice.
This observation aligns with the empirical evidence on the Semi-Aves and FGV-
CAircraft datasets in Fig. 1.
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However, quantifying the semantic meaning of class names in a dataset is an
intractable problem, as it is intrinsically tied to the pre-training distribution of
the CLIP backbone. Besides, as the downstream few-shot set scales, the relative
reliability of fixed textual prompt may diminish compared to direct visual evi-
dence. To this end, we propose a hybrid classifier that adaptively combines the
textual prompt and the local patch features:

ŷ = argmax
c

λzT(x̃, Tc) + (1− λ)zP(x̃,VD(Xc)). (6)

Here, λ ∈ [0, 1] balances the contributions of textual semantics and discrimina-
tive patch features. Since the ambiguity of class names varies across downstream
datasets, we determine λ automatically using the available few-shot training set.
Specifically, we adopt a leave-one-out strategy: each few-shot sample is treated
as validation data in turn, and we perform a grid search over λ ∈ [0, 1] with a
step size of 0.1. The value of λ that yields the best average validation accuracy
is selected. This procedure enables the classifier to adapt to different scenarios.
A smaller λ means the prediction relies more on the discriminative patches, in-
dicating that either class names are ambiguous or the discriminative patches are
more reliable due to more available image shots.

4 Experiments

This section introduces the experimental settings, followed by a comprehensive
performance evaluation and ablation analysis of the proposed method. The code
can be found in https://github.com/VICO-UoE/CDPS.

4.1 Experimental Setting

Datasets. As our method is designed to mine discriminative patches to en-
hance the classification, we focus on the challenging real-world tasks requiring
fine-grained visual discrimination. Following prior research [21–23], we conduct
extensive experiments on 12 datasets known for their subtle inter-class differ-
ences: UCF101 [49], Caltech101 [9], SUN397 [64], Semi-Aves [51], Flowers102 [32],
FGVCAircraft [28], EuroSAT [15], DTD [6], OxfordPets [34], Food101 [1], Stan-
fordCars [20], and ImageNet [7]. Additionally, we evaluate the distribution gen-
eralization of the hybrid classifier on ImageNet-V2 [43] and ImageNet-Sketch [56]
as out-of-domain distributions (OOD) benchmarks.
Implementation Details. We utilize the OpenCLIP ViT-B-16 [5] as the frozen
backbone, as its transformer architecture provides the high-resolution patch em-
beddings essential for constructing CDPS. The results from OpenCLIP ViT-L-14
and ViT-B-32 can be found in the appendix. All the hyperparameters are con-
sistent across all the experiments. For CDPS construction, we set ρ = 40% and
Ncp = 2 for preliminary filtering, Nc = 5 and ω = 0.1 for the patch score com-
putation, and select top K = 20 patches from every few-shot image. We present
the performance across {1, 2, 4, 8, 16} shots. It is worth noting that the 1-shot

https://github.com/VICO-UoE/CDPS
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Table 1: The average accuracy over 12 datasets. Bold and underlined values indicate
the best and second-best results respectively.

Shots Training-based Training-free
CLAP LDC TipA GDA ECALP TIMO Ours

1 69.69 70.64 61.23 60.91 61.99 65.29 69.77
2 72.61 72.56 63.46 64.90 62.94 67.20 73.90
4 74.73 75.34 65.26 68.49 64.94 70.33 76.21
8 77.29 77.97 67.34 71.83 67.07 72.84 78.30
16 79.34 80.86 69.11 74.59 69.23 75.52 80.28

setting is challenging for CDPS strategy, as it relies on intra-class consistency,
which requires at least two samples per class. However, we report the results of
this setting for completeness.
Compared Methods. We compare against the state-of-the-art training-free
methods that rely solely on the few-shot downstream images without any addi-
tional backbones, including: TipA [69], GDA [57], TIMO [22] and ECALP [23].
For a comprehensive evaluation, we also include two training-based approaches:
CLAP [33] and LDC [21].

4.2 Validation of CDPS

In this section, we demonstrate that the patches identified by CDPS contain non-
trivial and semantic features that are effective for the downstream recognition
task. We validate their utility in the hybrid classifier through extensive quanti-
tative and qualitative analyses on few-shot recognition tasks, complemented by
a stability test on OOD datasets.
Quantitative Validation. The hybrid classifier provides a rigorous approach
to verify if CDPS are sufficiently discriminative to compensate for the ambiguous
textual prompt. We summarize the average results over 12 datasets in Tab. 1.
Overall, our approach consistently outperforms the training-free baselines across
all shot settings. When compared to training-based approaches, our method
achieves superior results in the low-shot settings while remaining highly com-
petitive as the number of available samples increases. As illustrated by the per-
dataset accuracy in Fig. 4, CDPS successfully captures fine-grained visual cues,
bolstering the overall robustness of the hybrid classifier.

CDPS compensates for the ambiguous textual prompt. Our method achieves
notable accuracy improvement on FGVCAircraft, StanfordCars, DTD and Cal-
tech101, superior to both training-free and training-based counterparts as shown
in Fig. 4. These gains are due to the datasets whose class names are highly techni-
cal or semantically sparse, such as “Audi V8 ” versus “Audi 100 ” in StanfordCars,
where textual prompts provide insufficient discriminative information. On the
other hand, CDPS addresses the issue of polysemous class names, i.e., one name
might encompass different concepts. For instance, “banded ” in DTD or “tick ”
in Caltech101 can refer to multiple visual interpretations. By integrating patch-
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Fig. 4: Few-shot recognition results across 12 datasets. CLAP and LDC are training-
based, while the rest are training-free.

level visual features, the hybrid classifier can easily figure out the specific visual
concept. These results substantiate that the patch features from CDPS serve as
a vital compensation for textual limitations.

CDPS is consistent across informative semantics. Even in datasets where
class names are highly descriptive, our method still outperforms other training-
free methods. Comparing to training-based approaches, our hybrid classifier
maintains a highly competitive performance with the singular exception of the
Food101 dataset. We hypothesize that the class names in Food101 are sufficiently
descriptive and semantically distinct, providing a strong textual prior. Conse-
quently, the marginal utility of CDPS is reduced in such semantics-meaningful
scenarios. While training-based methods naturally exhibit better performance as
the shot count increases, our method remains a highly efficient and robust alter-
native, circumventing the high computational cost associated with fine-tuning.
Qualitative Demonstration. We present visual evidence of CDPS in Fig. 5
where we select a few-shot image from each dataset and present the identified
patches in CDPS under 4-shot setting.

CDPS successfully identifies discriminative patches satisfying the dual crite-
ria. For instance, our method consistently locates features critical for fine-grained
distinction, such as identifying an aircraft by the specific shape of its engine or a
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Fig. 5: Visualization of CDPS across different Datasets. The top-K discriminative
patches are highlighted by red boxes.

car by its unique front grille design. It also effectively filters the patches violating
our dual criterion. Patches corresponding to pommes frites within the “pork rib”
category from Food101 are rejected, as other categories also contain fries. Simi-
larly, human-related patches in UCF101, ImageNet and Sun397 are ignored due
to low intra-class consistency. While they are visually prominent, they lack the
intra-class consistency required to define the corresponding categories like “play-
ing piano”, “vespa” or “cabin”. Instead, CDPS correctly prioritizes the semantic
patches for these classes. Our method also demonstrates versatility on different
levels of abstraction. In EuroSAT, our method manages to locate patches related
to the river, which are the essential markers as the primary discriminative fea-
tures. It also identifies the corner- and edge-like structure in the texture dataset
DTD, a common discriminative feature consistent with conventional computer
vision. These qualitative results validate that CDPS successfully leverages patch
embeddings to locate the discriminative features.

OOD task. To evaluate distributional robustness, we construct CDPS using 16-
shot samples from ImageNet and evaluate performance of the hybrid classifier on
ImageNet-V2 and ImageNet-Sketch with results in Tab. 2. Our method general-
izes well to ImageNet-Sketch but shows modest comparison on ImageNet-V2. We
hypothesize that this behavior stems from the shape bias inherent in high-level
embeddings extracted from the final ViT layers. While such structural features
are well suited to stylized images in Sketch, they may insufficiently capture
the textural cues needed to handle the distribution shift in ImageNet-V2. To
verify this assumption, we extract and fuse features from intermediate layers.
Specifically, we obtain attention maps and features from layers 2, 6, and 12, and
combine them using a simple linear combination. This straightforward strategy
yields a 1.32% improvement. A more systematic investigation of feature-fusion
strategies may further improve performance.



Training-free Discriminative Patch Mining 13

Table 2: Comparison of generalization ability.
All methods use the 16 shots from ImageNet
and test on ImageNet-V2 and ImageNet-
Sketch.

Tar. Train.-based Training-free
CLAP LDC TipA GDA ECALP Ours

V2 64.06 65.52 63.31 65.04 65.72 63.66
S 47.66 49.11 48.69 48.96 54.66 56.03

Table 3: Ablation study on prelimi-
nary filter (Fil.) and adaptive combina-
tion (Adp.) in the hybrid classifier.

Fil. | Adp. Air Car UCF SAT
- - 31.41 86.85 69.23 76.80
✓ - 32.52 86.87 75.95 80.67
- ✓ 38.47 88.08 71.05 77.80
✓ ✓ 39.84 88.46 77.24 80.89

4.3 Ablation Studies

Contribution of Key Components. We investigate the individual contribu-
tions from two core components: preliminary filtering and adaptive combination.
To evaluate preliminary filtering, we bypass it and perform a direct top-K se-
lection based on the score over the entire patch set. To assess the adaptive
combination, we replace it with a static λ = 0.5, assigning equal importance
to textual and patch-based logits. Experiments in Tab. 3 are conducted across
FGVCAircraft, StanfordCars, UCF101, and EuroSAT in a 4-shot setting.

Our analysis reveals that the impact of these components is dataset-dependent,
implying the semantic ambiguity from their class names. When the datasets have
semantically informative class names (e.g., UCF101 and EuroSAT), the prelim-
inary filtering is more impactful. In these scenarios, classification often centers
on localized entities instead of complex backgrounds. Filtering the spatial noise
can help CDPS to focus on the primary semantic regions. Conversely, if the
datasets contain technical class names with limited semantic textual prompts
(e.g., FGVCAircraft and StanfordCars), the adaptive combination contributes
more performance gains. This empirical result suggests that our adaptive λ en-
ables the classifier to rely more on visual features when textual prompts are
less discriminative. By integrating these complementary strategies, the hybrid
classifier achieves an adaptive balance between textual prompts and visual dis-
crimination, ensuring robust performance across diverse downstream datasets.
The selection of λ. The λ is determined through a cross-validation grid search
on available few-shot samples. We further validate that this simple strategy
provides an interpretable and near-optimal selection of λ.

The selected λ successfully balances the relative reliability of textual prompts
and visual discrimination. We report the λ values across four representative
datasets and different shot settings in Tab. 4. For datasets involving techni-
cal names (e.g., FGVCAircraft) or those exhibiting highly localized visual pat-
terns (e.g., Flowers102), the selected λ is lower, emphasizing on the discrimina-
tive patches from CDPS. In contrast, textual prompts become more reliable for
datasets with high semantic class names (e.g., Food101 and UCF101), consistent
with the observed higher λ value. Furthermore, as the number of shots increases,
the value of λ tends to decrease. This trend suggests that with a larger few-shot
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Table 4: The λ selected by the
hybrid classifier.

Shots Air Flower Food UCF
2 0.5 0.5 0.9 0.7
4 0.6 0.5 0.8 0.7
8 0.4 0.4 0.7 0.5
16 0.1 0.3 0.6 0.4

Table 5: Comparison between emperically optimal
λ and the selected λ. We present the absolute differ-
ence between them and the accuracy improvement
(%) by using emperically optimal λ.

Shots 2 4 8 16 Avg.
λ Difference 0.09 0.07 0.13 0.11 0.10
Acc. Improv. 0.81 0.47 0.28 0.32 0.47

set, the patch-based logits become increasingly reliable, allowing the classifier to
shift its confidence toward localized visual features over textual prompts.

The selected λ is close to the empirically optimal. We compare the cross-
validated λ against an empirically optimal one, obtained through an exhaustive
grid search (step size 0.01) directly on the test set. This configuration serves as
the empirical performance upper bound for our method. As reported in Tab. 5,
the gap between our cross-validated λ and the optimal is marginal across all
shots. This proximity suggests that our selection strategy consistently identifies
a near-optimal weighting parameter. While a slight performance degradation is
observed, it remains within a negligible value, only 0.47% difference on average.

These two findings validate our intuition regarding the role of λ and verify
the efficacy of the leave-one-out cross-validation strategy in adapting the hybrid
classifier to diverse settings and downstream datasets.
Sensitivity Analysis of Hyperparameters. The construction of CDPS re-
quires 5 hyperparameters: the attention percentile ρ, the connected region num-
bers Ncp, the potential misclassification subset size Nc, the weighting parameter
ω for inter-class penalty, and the final discriminative patch number K. We show
the ablation on ρ, Ncp and K for FGVCAircraft in Fig. 6, with remaining abla-
tion results provided in Appendix.

As illustrated in Fig. 6, performance fluctuations in the 2-shot setting are
more pronounced due to the limited number of few-shot images. When more im-
ages are available, we observe that both low and high attention percentile (ρ) or
number of connected regions (Ncp) cause a performance degradation. While con-
sidering the number of discriminative patches K, increasing the number generally
yields higher accuracy as CDPS captures more comprehensive visual patches.
However, this results in increased computational overhead and the improvement
becomes limited with K = 30 due to the inclusion of non-discriminative patches.
We identify K = 20 as the optimal point, providing a robust balance between
classification performance and inference efficiency. These results demonstrate
that while CDPS is robust across a range of values, moderate constraints on
parameter selection are essential to maintain high-fidelity semantic focus.
Ablation on Intra-/Inter-class Similarity. We demonstrate the importance
of both terms in Eq. (3) through the results in Tab. 6. As shown, using either
term alone leads to degraded performance, whereas combining them achieves
the best results. This confirms the necessity of jointly considering intra-class
consistency and inter-class ambiguity when computing the patch score.
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Fig. 6: Sensitivity analysis of key hyperparameters under different shots settings. We
report the accuracy change relative to our default configuration (ρ = 40%, Ncp = 2,
K = 20). Left: Impact of the attention percentile ρ. Middle: Impact of the connected
region number Ncp. Right: Impact of the discriminative patch number K.

Table 6: Ablation of intra-/inter-class
similarity; values show accuracy drop.

Shots w/o DTD Air Pet Bird Avg. Drop

4 inter 2.06 5.15 2.27 2.78 3.07
intra 1.40 6.98 3.73 6.57 4.67

8 inter 2.06 3.22 1.62 3.62 2.63
intra 1.36 6.05 3.65 5.81 4.22

Table 7: Time and memory comparison
on ImageNet. Time includes the prepara-
tion and inference.

Shots Metric TipA GDA TIMO Ours

8 Time(s) 799.7 317.2 305.7 80.6
Mem.(G) 16.0 16.2 18.2 29.0

16 Time(s) 876.6 512.6 522.5 120.8
Mem.(G) 17.7 18.4 18.5 31.4

Time and Memory Overhead. Tab. 7 compares the preparation time, in-
cluding CDPS construction for our method and augmentation for GDA and
TIMO, as well as the inference time on ImageNet. For GDA and TIMO, infer-
ence accounts for only about 1% of the total runtime. In contrast, our set-to-set
similarity computation compromises approximately 70% of the total runtime.
Nevertheless, this computation is highly parallelizable. By leveraging additional
memory, our approach achieves faster overall runtime.

5 Conclusion

We addressed the performance degradation of CLIP when the class names do
not provide sufficient semantic information by identifying discriminative patches
from few-shot samples. CDPS enables a training-free hybrid classifier combining
textual prompts and local patch features. We demonstrated that CDPS improves
few-shot performance and complements textual prompts, especially in scenarios
where class names are ambiguous. Our classifier is limited to employing individ-
ual patches, does not model spatial layouts of patches, though some contextual
information is encoded in individual patches due to the global attention mecha-
nisms in ViT. Finally, our method could fail when the attention map is unable
to locate the correct region, leading to non-discriminative patch selections.
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