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Abstract

Visual Language Models such as CLIP excel in image recog-
nition due to extensive image-text pre-training. However, ap-
plying the CLIP inference in zero-shot classification, particu-
larly for medical image diagnosis, faces challenges due to: 1)
the inadequacy of representing image classes solely with sin-
gle category names; 2) the modal gap between the visual and
text spaces generated by CLIP encoders. Despite attempts to
enrich disease descriptions with large language models, the
lack of class-specific knowledge often leads to poor perfor-
mance. In addition, empirical evidence suggests that exist-
ing proxy learning methods for zero-shot image classification
on natural image datasets exhibit instability when applied to
medical datasets. To tackle these challenges, we introduce the
Knowledge Proxy Learning (KPL) to mine knowledge from
CLIP. KPL is designed to leverage CLIP’s multimodal under-
standings for medical image classification through Text Proxy
Optimization and Multimodal Proxy Learning. Specifically,
KPL retrieves image-relevant knowledge descriptions from
the constructed knowledge-enhanced base to enrich semantic
text proxies. It then harnesses input images and these descrip-
tions, encoded via CLIP, to stably generate multimodal prox-
ies that boost the zero-shot classification performance. Ex-
tensive experiments conducted on both medical and natural
image datasets demonstrate that KPL enables effective zero-
shot image classification, outperforming all baselines. These
findings highlight the great potential in this paradigm of min-
ing knowledge from CLIP for medical image classification
and broader areas.

Code — https://github.com/JXLiu-AI/KPL

Introduction
Zero-shot image classification is a crucial task in various do-
mains (Radford et al. 2021; Wang et al. 2022a; Qian, Xu,
and Hu 2024; Ren, Su, and Liu 2024; Zhou et al. 2023;
Jiao et al. 2023; Novack et al. 2023; Ali and Khan 2023),
especially where comprehensive datasets covering all possi-
ble classes are unattainable and annotated images are scarce.
An exemplary application is zero-shot medical image diag-
nosis (Wang et al. 2022b; Liu et al. 2023b; Mahapatra, Bo-
zorgtabar, and Ge 2021; Mahapatra, Ge, and Reyes 2022;
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Figure 1: VCD utilizes a limited number of descriptions that
may be irrelevant to the images, whereas KPL generates
richer descriptions from the knowledge of LLMs. These are
visually-based and retrieved to ensure the descriptions’ rel-
evance to the images (Text Proxy Optimization).

Xian et al. 2018; Lampert, Nickisch, and Harmeling 2013),
which is essential in real-world healthcare settings. Visual
Language Models (VLMs) like CLIP have demonstrated
promising performance in these tasks (Radford et al. 2021;
Liu et al. 2023a; Eslami, de Melo, and Meinel 2021; Gai
et al. 2024; Chen et al. 2024; Wang et al. 2023). After train-
ing CLIP on internet-sourced images with their correspond-
ing captions or descriptions to gain image-text alignment
(Radford et al. 2021; Wang et al. 2023; Esmaeilpour et al.
2022), the CLIP inference procedure utilizes class name fea-
tures as proxies to classify images by comparing the simi-
larity between image features and these text-based proxies
(Radford et al. 2021). While CLIP effectively uses unla-
beled internet data for large-scale training to foster a rich
multimodal understanding, its performance often falls short
in specialized classification tasks, such as the medical do-
main (Liu et al. 2023b; Lai et al. 2024; Liu et al. 2024a,b).
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Figure 2: KPL is designed to leverage CLIP’s capabilities
for medical image classification through Text Proxy Opti-
mization and Multimodal Proxy Learning. First, semantic in-
formation is enriched for the cataract category through Text
Proxy Optimization. Then, Multimodal Proxy Learning gen-
erates a multimodal proxy combining textual semantics and
image knowledge to guide classification.

This has led us to reconsider the existing CLIP inference
paradigm.

We question whether the CLIP scheme fully utilizes its
capabilities during inference. We contend that several facets
of the vanilla CLIP inference methodology might substan-
tially constrain the effectiveness of zero-shot image classi-
fication. Firstly, using single class names as standalone rep-
resentatives is questionable (Ren, Su, and Liu 2024; Menon
and Vondrick 2023), as CLIP models are trained to align im-
ages with descriptions, not just single class names (eg, syn-
onyms might show up in the pre-training text). This simplifi-
cation, while practical, is suboptimal and fails to fully lever-
age the rich semantic alignments developed during training.
Secondly, in zero-shot scenarios like medical image diag-
nosis, class names are often abstract, complex, and rarely
present in CLIP’s pre-training data, posing challenges to the
text encoder’s ability to interpret them accurately (Liu et al.
2023b). Thirdly, prior research indicates a persistent dispar-
ity between the text and vision feature spaces in CLIP (Qian,
Xu, and Hu 2024; Liang et al. 2022), suggesting that direct
similarity calculations may not fully capture the nuanced re-
lationships needed for accurate classification.

Recent studies (Menon and Vondrick 2023; Ren, Su,
and Liu 2024; Liu et al. 2023b; Novack et al. 2023; Shi,
Fan, and Yan 2024) have been exploring how to leverage
CLIP’s knowledge. To address the inadequacy of using sin-
gle class names for inference, Menon et al. and Ren et al.
(Menon and Vondrick 2023; Ren, Su, and Liu 2024) pro-
posed description-based classification methods that utilize
large language models (LLMs) to enrich class names with
descriptions to generate more sophisticated text proxies for
conducting similarity calculations with images. In the med-
ical field, Liu et al.(Liu et al. 2023b) enhanced CLIP mod-
els with disease details, mimicking human diagnostics. De-
spite the efforts of unleashing more of CLIP’s textual abil-
ity via providing additional text, current description-based
methods face the issue that the enriched descriptions are not
semantically rich or relevant enough for the image classifica-
tion tasks. For example, VCD (Menon and Vondrick 2023)
often misclassifies semantically similar categories, such as
Siamese, British Shorthair, and Russian Blue in the Ox-
ford Pets dataset (Zhang et al. 2022). This misclassification
stems from its reliance on descriptions like ”short tail” and
”long, slender body” which do not accurately reflect the im-

ages, compounded by the absence of relevant descriptors
like ”round face shape” and ”thick neck”. (see Figure 1)
These observations underscore the urgent need for develop-
ing a more precisely tailored description generation strategy.

To address the modal gap issue, Qian et al. (Qian, Xu, and
Hu 2024) proposed learning proxies on the vision space, and
employing the Sinkhorn to refine pseudo labels computed by
text proxies, generated using the original category names, to
guide the learning. However, current proxy learning meth-
ods, just like the CLIP inference, lacks text semantic rich-
ness, which can lead to inaccurate vision proxies that devi-
ate from the intended optimal in the vision space. Moreover,
as illustrated in Figure 4, the Sinkhorn used for pseudo label
refinement exhibits significant instability for medical image
classification tasks, which highlights the need for a more ro-
bust algorithm in medical imaging to minimize information
loss during the generation of pseudo labels which carry the
knowledge from CLIP to guide the identification of optimal
proxies across the modal gap.

In this paper, we propose a Knowledge Proxy Learning
(KPL) to unlock CLIP’s potential by mining knowledge
from CLIP. Specifically, KPL employs LLMs to build a
knowledge-enhanced base for each category, ensuring se-
mantically rich text resources. Then, KPL enriches semantic
information of category names through multi-level text and
image retrieval for category-specific image-relevant knowl-
edge from these comprehensive databases to optimize text
proxies. Finally, The Stable GreenkHorn (SG) is proposed
to refine the text proxies to guide the learning of multi-
modal proxies, which bridges the modal gap and results in
improved decision boundaries. Comprehensive experimen-
tal results show that our method consistently outperforms
all baseline methods on various datasets for diseases like
pneumonia, glaucoma, cataracts, diabetic retinopathy, and
malaria. Key contributions are summarized as follows:

• Our findings reveal a discernible gap between current
methodologies and the theoretical optimal. This research
advocates for a focused and in-depth exploration into the
generation of multimodal proxy that exploits the existing
capabilities of the CLIP model, with the ultimate goal of
establishing a new CLIP-based inference paradigm.

• We propose a two-step proxy optimization method, KPL.
KPL first builds semantic databases, optimizes text prox-
ies with relevant image descriptions, and reduces se-
mantic ambiguity between categories and images (Text
Proxy Optimization). Afterwards, it optimizes multi-
modal proxies to address modal disparities and reduce
performance degradation in medical contexts (Multi-
modal Proxy Learning).

• Extensive experiments and ablation studies conducted
on nine datasets substantiate the efficacy of KPL. No-
tably, experiments reveal that KPL can also effectively
mine knowledge from specialized domain CLIP such
as BioMedCLIP (Zhang et al. 2023) trained specifically
on medical data to achieve performance improvements.
These findings underscore the adaptability of the pro-
posed paradigm.
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Preliminaries and Related Work
CLIP Inference Let F,G denote the vision encoder and text
encoder in CLIP (Radford et al. 2021; Wang et al. 2022b;
Zhang et al. 2023; Jeong et al. 2023). Denote the image
dataset for inference as D = {xi}Ni=1, and the category
names as C = {cj}Kj=1, the image and text features can be
represented as {xi}Ni=1, {zj}Kj=1 where xi = F (xi), zj =
G(cj). The prediction of CLIP inference involves taking the
features of category names as proxies wj = zj , j = 1, ...,K
and calculating similarities between the image features and
these proxies for classification ŷi = argmaxj(xi ·wj).

Description-based Zero-shot Classification Method To
leverage CLIP’s comprehension of text, Menon et al.
(Menon and Vondrick 2023) and Ren et al. (Ren, Su, and
Liu 2024) proposed to use LLM-generated category descrip-
tions and a created multilevel knowledge tree as a supple-
ment to category names. Liu et al. (Liu et al. 2023b) have
explored description-based CLIP inference in the medical
domain. These methods built enriched category text C′ =
{C1, ..., CK} for classification based on category names
C = {c1, ..., cK}, where each Cj contains relevant text about
cj , and then took wj =

1
|Cj |

∑
t∈Cj

G(t) as proxies.
Proxy Learning Recent research (Qian, Xu, and Hu

2024; Liang et al. 2022) have shown there is a gap between
the text and vision space learned by CLIP. To reduce the
modal gap, Qian et al. (Qian, Xu, and Hu 2024) introduced a
proxy learning approach InMaP which obtains visual prox-
ies from text proxies for classification via w1, ...,wK =
argmin
w1,...,wK

Ex∼D[KL(P ′(x)||P (x;w1, ...,wK))],

where P (x;w1, ...,wK) =

[ exp(x·w1/τ)∑K
j=1 exp(x·wK/τ)

, ..., exp(x·wK/τ)∑K
j=1 exp(x·wK/τ)

] denotes the

class distribution calculated by the proxies to learn
{wj}Kj=1, and P ′(x) denotes the pseudo ground truth class
distribution generated by text proxies {zj}Kj=1. Specifically,
InMaP obtains the pseudo ground truth by solving the
following optimization problem using Sinhorn algorithm
(Sinkhorn 1964; Altschuler, Niles-Weed, and Rigollet
2017): max

P ′∈P
(⟨M,P ′⟩ + τH(P ′)), P = {P ′|∀i,

∑
j P

′
i,j =

1
n ; ∀j,

∑
i P

′
i,j = qj ; ∀i, j, P ′

i,j ≥ 0}, where Mi,j = xT
i zj ,

H is entropy function of matrices, q ∈ RK is a reference
distribution over classes, and τ ∈ R is the temperature.

IPFP Iterative Proportional Fitting Procedure (IPFP), also
known as biproportional fitting in various fields such as
statistics, economics, and computer science (Stephan 1942;
Bacharach 1965; Idel 2016; Chang et al. 2023), has a rich
history, being reexplored many times since its first appear-
ing in (Yule 1912; Kruithof 1937). The attribution of the
proof for uniqueness and convergence within this process is
credited to Sinkhorn’s seminal work (Sinkhorn 1964), which
subsequently led to the naming of the algorithm in his honor.
Recent efforts to analyze and enhance the Sinkhorn algo-
rithm have led to developments like Greenkhorn (Altschuler,
Niles-Weed, and Rigollet 2017). Studies (Lin, Ho, and
Jordan 2022, 2019; Altschuler, Niles-Weed, and Rigollet
2017) demonstrate that Greenkhorn retains similar theoreti-

cal guarantees and has better performance in practice.

Methodology
Overview
We focus on zero-shot image classification using
CLIP (Radford et al. 2021). Recognizing the limita-
tions of relying solely on category names and the existing
text enrichment methods, as well as the issue of modality
gaps, we propose a novel CLIP inference paradigm, KPL.
Let F,G denote the vision encoder and text encoder in
CLIP (Radford et al. 2021). Denote the image dataset
for inference as D = {xi}Ni=1, and the class names as
C = {cj}Kj=1. The KPL pipeline, illustrated in Figure 3,
starts with C, processed through a Text Proxy Optimization
(TPO) which leverages CLIP capability, followed by en-
coding via text encoder G to produce semantic embedding
centers. Visual images D are processed by the visual
encoder F to obtain visual features. Subsequently, semantic
embedding centers are employed to guide the Multimodal
Proxy Learning to obtain multimodal proxies:

WKPL(D, C) = argmin
W

Ex∼D[d(QF,G(x;D, C), PF (x,W))],

(1)

PF (x,W)j =
exp(F (x) ·wj/τ)∑K

k=1 exp(F (x) ·wk/τ)
, ∀j = 1, ..., |C|

QF,G leverages CLIP and data to generate pseudo labels,
and d is KL divergence by default.

Generated multimodal proxies WKPL are integrated with
visual features {F (x)}x∈D to produce classification results
ŷ = f(x) = argmax

j∈{1,...,|C|}
F (x) · wKPLj

, ∀x ∈ D. In the

following sections, we introduce in details the Text Proxy
Optimization and the Multimodal Proxy Learning.

Text Proxy Optimization
Knowledge-Enhanced Base (KEB) To overcome the inad-
equacies of current text representations for categories (CLIP
inference or current description-based CLIP inference), we
propose to first utilize LLMs to generate category descrip-
tions C1 = {C1, . . . , CK}:

Cj = {t1Cj
, . . . , tnCj

} = LLM(prompt, cj), (2)

which build our knowledge-enhanced base. These prompts
should be designed to elicit a certain amount of category
descriptions that aid in classification. In our experiments, the
LLM used is ChatGPT, and the prompt for generating these
descriptions is: According to published literature, what are
useful medical visual features for distinguishing [Category]
in an image? List as many features as possible, at least 50.
This approach aims to generate as many features as possible,
while avoiding semantic loss due to the randomness inherent
in LLMs. For instance, for the category of [Cataract], we
utilize LLMs to generate descriptive terms, such as [”Cloudy
or opaque area in the lens”] and [”Vacuoles in the lens”],
which we employ to construct a comprehensive knowledge
base for [Cataract] (Figure 2 and Appendix Figure 6).

18854



……

Similarity
Logits 

Input Data Unimodal
Encoders

Knowledge-
Enhanced Base

Proxy Learning (SG)

Unimodal
Latent Spaces

Cataract
Glaucoma

Normal

Norm
al

Glaucom
a

Cataract

A photo of
cataract

Multimodal Proxy

Text Proxy
Optimization

Category Name 
Embedding

Semantic 
Embedding Center

Text Proxy
Optimization

Visual-based
Retrieve

Figure 3: Overview of KPL. 1) Category texts (e.g., cataract) pass through a Knowledge-Enhanced Base and are encoded by
a text encoder to produce semantic embedding centers via visual-based retrieval. Visual images are processed through a visual
encoder to obtain visual features. 2) CLIP uses the category name embeddings as text proxies to compare with visual features
for classification results. 3) KPL uses semantic embedding centers as text proxies to direct Multimodal Proxy Learning. Final
classification results are obtained via the generated multimodal proxies and visual features.

Visual-based Retrieval Despite having an extensive
knowledge base, not all descriptions within it are directly re-
lated to images. Therefore, we further leverage CLIP’s text-
image alignment capabilities to retrieve descriptions that is
more relevant to images for our classification tasks. Specif-
ically, we select the top k descriptions from the knowledge-
enhanced base with the highest similarity to the image x,
which finally forms C2 = {C ′

1, . . . , C
′
K} (C2 = KEB(C)).

C ′
j = {tσ(1)Cj

, . . . , t
σ(k)
Cj

}, (3)

where {sσ(1), . . . , sσ(n)} = sort↓ ({s1, . . . , sn}) ,

sl = cos⟨ 1

|D|
∑
x∈D

F (x), G(tlCj
)⟩, ∀l = 1, ..., n.

For example, for a cataract image, visual-based re-
trieval can identify from KEB relevant descriptions such as
[”Cloudy or opaque area in the lens”] as shown in Figure 2.

As depicted in Figure 3, the core of the Text Proxy Opti-
mization involves constructing an extensive knowledge base
(by setting the number requirement of descriptions in the
prompts to LLMs) that encompasses detailed descriptions
of each class, and leveraging CLIP’s existing alignment to
identify the descriptions most helpful for classifying dataset
D. While 1

|C′
j |
∑

t∈C′
j
G(t) can function as text proxies for

classification by itself, the presence of a modal gap neces-
sitates a more nuanced approach. Therefore, we propose to
utilize it to guide the Multimodal Proxy Learning, leverag-
ing it in a more effective manner.

Multimodal Proxy Learning
Following previous work on proxy learning, we use the so-
lution of the optimization problem in the following to guide
the learning of Eq1:

QF,G(D, C) = argmax
P :Pi,j≥0,

∑
j Pi,j=

1
|D| ,

∑
i Pi,j=qj

(< M,P > +τH(P )) ,

Mi,j = F (xi) ·
1

|C ′
j |

∑
t∈C′

j

G(t), C ′
j ∈ KEB(C),

∀i = 1, . . . , |D|, ∀j = 1, . . . , |C| (4)

H denotes the entropy function, q in R|C| is the reference
distribution over classes, and τ in R is the temperature.

Note QF,G(x;D, C) indicates the row of QF,G(D, C) cor-
responding to image x.

Proposition 1 The optimization problem in Eq4 has a
unique solution of the form

P = diag(u)Adiag(v), (5)

where diag(u), diag(v) are two diagonal matrices with di-
agonals taken from vectors u, v, and A = e

M
τ . See proof in

Appendix.

Consider jointly the form of matrix P from Proposition 1
and the constraint on its rows and columns as delineated in
the optimization problem, the optimization task essentially
equates to estimate matrix P given matrix A = e

M
τ such

that Pi,j = uiAi,jvj ,
∑

j Pi,j =
1
N ,

∑
i Pi,j = qj . This can

be commonly achieved by the Sinkhorn algorithm (η is iter-
ation index of Sinkhorn) (Kruithof 1937; Sinkhorn 1964):

Set P
(0)
i,j = Ai,j , and for all η ≥ 1, (6)

P
(2η−1)
i,j =

P
(2η−2)
i,j ∗ 1

N∑K
k=1 P

(2η−2)
i,k

, P
(2η)
i,j =

P
(2η−1)
i,j ∗ qj∑N
k=1 P

(2η−1)
k,j

. (7)

However, our empirical experiments indicate that pseudo
labels generated by Sinkhorn did not consistently improve
medical image classification performance, highlighting po-
tential limitations in its efficacy (see Appendix Figure 5).
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Notably, prior research has explored the Greenkhorn algo-
rithm (Altschuler, Niles-Weed, and Rigollet 2017), a greedy
variant of Sinkhorn which maintains similar theoretical
guarantees to Sinkhorn but has been shown to significantly
outperform it in practice (Lin, Ho, and Jordan 2022, 2019;
Altschuler, Niles-Weed, and Rigollet 2017). Additionally,
the traditional Sinkhorn algorithm faces computational chal-
lenges like underflow and overflow issues. Computing in
logarithmic space can improve stability and increase error
tolerance (see Appendix Proof), which is essential for han-
dling the high dynamic range and potential extremes in med-
ical imaging (Karim et al. 2004; Hung et al. 2013). There-
fore, we proposed the SG algorithm for Multimodal Proxy
Learning:

Set log(P
(0)
i,j ) =

Mi,j

τ
, and for all 1 ≤ η ≤ Nmax,

if max
i

|
∑
j

P
(η−1)
i,j −

1

N
| > max

j
|
∑
i

P
(η−1)
i,j − qj | :

r = argmax
i

|
∑
j

P
(η−1)
i,j −

1

N
|,

log(P
(η)
r,j ) = log(P

(η−1)
r,j ) + log

(
1

N

)
− log

(
K∑

k=1

P
(η−1)
r,k

)
,

elif max
i

|
∑
j

P
(η−1)
i,j −

1

N
| ≤ max

j
|
∑
i

P
(η−1)
i,j − qj | :

r = argmax
j

|
∑
i

P
(η−1)
i,j − qj |,

log(P
(η)
i,r ) = log(P

(η−1)
i,r ) + log(qr) − log

(
N∑

k=1

P
(η−1)
k,r

)
.

By selectively updating rows or columns with the great-
est deviation from the target distribution, SG can address
the inherent non-uniformity and complexity of medical
datasets more effectively, thereby ensuring the preserva-
tion of knowledge mined from CLIP (see further analysis
in Appendix). Consequently, the pseudo labels QF,G(D, C),
which encapsulate this knowledge, guide the learning in Eq1
to bridge the modal gap and establish multimodal proxies
WKPL. Finally, the classification is conducted on the image
dataset D: ŷ = f(x) = argmax

j∈{1,...,K}
F (x) ·wKPLj , ∀x ∈ D.

Experiments
Experimental Setup
To validate KPL in medical zero-shot scenarios, we utilized
several datasets including Shenzhen (Jaeger et al. 2014),
IDRiD (Porwal et al. 2018), MalariaCell (Hassan et al.
2022), Cataract (Rokhana, Herulambang, and Indraswari
2022), and Montgomery (Jaeger et al. 2014). These datasets
cover a diverse range of diseases (Appendix Table 1), which
align with previous research (Liu et al. 2023b). Addition-
ally, to test the versatility of KPL, we applied it to a wider
array of natural image datasets including CUB (Wah et al.
2011), Places365 (López-Cifuentes et al. 2020), Oxford Pets
(Zhang et al. 2022), and ImageNet (Deng et al. 2009). Clas-
sification accuracy is used as the evaluation metric in our
experiments (Liu et al. 2023b; Guo et al. 2024).

(a) (b) (c)

Figure 4: PCA Visualization on the IDRiD with CLIP: (a)
CLIP using text proxies for feature visualization shows
that the features of ”no apparent retinopathy” are very dis-
persed and difficult to distinguish. (b) Using Sinkhorn for
Multimodal Proxy Learning, the features of ”no apparent
retinopathy” are slightly more clustered. (c) Using the SG
for Multimodal Proxy Learning, the features of ”no appar-
ent retinopathy” are tightly clustered into a distinct group.

To ensure the applicability across different domains, we
employed various pre-trained CLIP vision encoders for dif-
ferent datasets. For the medical image datasets, we used ViT-
L/14 and ViT-L/14@336px. For the natural image datasets,
we utilized RN-50, ViT-B/16, and ViT-L/14. For the deter-
mination of key hyper-parameters, please refer to Appendix
Figure 2. We construct the KEB using LLMs (GPT-3.5-
turbo) to generate as many descriptions as possible for each
category name, ensuring a minimum of n ≥ 50 descriptions.
The parameters k, Nmax, and τ are determined through Grid
Search (Apendix Figure 1). Pseudocode is provided in Algo-
rithm 1 and 2. We perform experiments in PyTorch frame-
work on NVIDIA GEFORCE RTX 3090 GPU.

Main Results
For medical datasets, we evaluate KPL and compare it to the
state-of-the-art (SoTA) zero-shot image classification meth-
ods, including CLIP (Radford et al. 2021), VCD (Menon
and Vondrick 2023), CMD (Liu et al. 2023b), and InMaP
(Qian, Xu, and Hu 2024), with two backbones on five
datasets. Results are presented in Table 1. We observe that
our method consistently and significantly outperforms the
baselines across all datasets and with any backbone used,
demonstrating its effectiveness and robustness in medical
image classification. This performance extends across var-
ious medical disease datasets, including tuberculosis, di-
abetic retinopathy, malaria cells, glaucoma, and cataracts.
Notably, on the MalariaCell dataset, traditional methods
struggled to accurately identify malaria cell images. How-
ever, KPL manages to effectively mine CLIP’s knowledge
to increase the accuracy by 50.83% to 80.86%. This sig-
nificant improvement transformed previously unrecogniz-
able images into highly accurate identifications, suggesting
KPL’s potential as a new paradigm of employing VLMs for
zero-shot medical image classification.

To validate the efficacy of the KPL paradigm, we com-
pared KPL (with Sinkhorn) with SoTA methods such as
CLIP (Radford et al. 2021), VCD (Menon and Vondrick
2023), Hierarchical (Ren, Su, and Liu 2024), and InMaP
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Shenzhen IDRiD MalariaCell Cataract Montgomery

ViT-L/14

CLIP (Radford et al. 2021) 50.76 06.80 48.53 16.64 60.14
VCD (Menon and Vondrick 2023) 64.65 18.45 49.97 16.64 63.77

CMD (Liu et al. 2023b) 68.13 20.38 49.88 16.64 59.42
InMaP (Qian, Xu, and Hu 2024) 69.79 32.75 50.29 34.44 68.12

KPL (Ours) 75.38 44.77 77.64 37.10 71.74

ViT-L@336px

CLIP (Radford et al. 2021) 50.76 11.65 50.83 16.64 57.97
VCD (Menon and Vondrick 2023) 69.94 18.45 50.00 16.80 62.32

CMD (Liu et al. 2023b) 68.88 13.59 49.92 16.80 57.97
InMaP (Qian, Xu, and Hu 2024) 73.72 38.37 54.66 31.11 60.87

KPL (Ours) 78.55 47.09 80.86 44.43 70.29

Table 1: Comparison of KPL with baselines across different backbones on medical image datasets.

CUB Places365 Pets ImageNet

RN50

CLIP 49.02 32.48 74.60 54.85
VCD 49.10 35.79 78.58 60.20

Hierarchical 49.86 36.83 79.99 60.63
InMaP 47.38 40.21 86.08 63.17

KPLs(Ours) 50.50 41.60 88.81 63.83

ViT-B/16

CLIP 56.66 38.21 81.68 63.53
VCD 58.85 40.87 86.56 68.43

Hierarchical 59.25 41.52 87.19 68.95
InMaP 57.31 43.79 91.79 71.92

KPLs(Ours) 59.49 44.56 92.67 72.43

ViT-L/14

CLIP 63.46 38.65 87.92 76.60
VCD 65.02 40.13 92.10 75.36

Hierarchical 65.45 41.13 92.84 79.64
InMaP 64.06 44.15 94.80 78.46

KPLs(Ours) 67.82 45.59 95.06 79.26

Table 2: Comparison of KPL with baselines across different
backbones on nature image datasets. KPLs denotes Multi-
modal Proxy Learning of KPL with Sinkhorn.

(Qian, Xu, and Hu 2024), using three backbones on four
natural image datasets, as shown in Table 2 (The reason for
using KPL with Sinkhorn is explained in the Appendix).
To ensure a fair comparison, we did not use any designed
prompts as templates for the comparative methods. We ob-
served that in most cases, KPL outperforms the baselines
across all datasets and backbones, demonstrating its high
generalizability in various image domains.

To demonstrate the improvements in representation learn-
ing brought by KPL, we perform PCA visualization (Abid
et al. 2018) according to the predictions of the model with
CLIP (ViT-L/14@336px) on dataset IDRiD and compare the
effects in Figure 4. Subfigures (a), (b), (c) denote our mod-
els with different learning scheme versions, as described
in the caption. We can observe from the visualization that
KPL complete model (c) has distinct improvements over the
model with naive learning schemes (b). As shown in Figure
4 (c), the individual characteristics of the same type of dis-
ease are closer, and the feature distinction of different clus-
ters of disease categories is more obvious, which shows the

KEB Ret. SG Shenzhen IDRiD Mal. Cataract Mon.

✓ ✓ 76.13 39.15 31.00 31.78 68.12
✓ ✓ 72.81 32.36 60.02 32.45 68.84

✓ 76.13 46.51 60.98 31.11 63.77
✓ ✓ ✓ 78.55 47.09 80.86 44.43 70.29

Table 3: Ablation study on different components with CLIP
(ViT-L@336px) backbone on five datasets. Note that when
operating without KEB and using visual-based retrieval with
VCD descriptions (Menon and Vondrick 2023), k = 5. Note
that operating without SG denotes using KPL with Sinkhorn.

effectiveness of our designs for feature learning.

Ablation Studies
Effects of KPL in Domain-Specific CLIP We applied KPL
to BioMedCLIP (Zhang et al. 2023), trained specifically for
the medical domain, with results shown in Table 4. Across
all datasets and regardless of the domain knowledge used
to train the CLIP (Radford et al. 2021) models, applying
KPL with a training-free approach resulted in substantial im-
provements. This underscores the potential of KPL’s infer-
ence paradigm to become a mainstream method for mining
knowledge in future CLIP applications. It is noteworthy that
the CLIP (ViT-L/14), trained on internet data, surpassed the
performance of BioMedCLIP (trained extensively on med-
ical images) when enhanced with KPL. Furthermore, ap-
plying KPL to BioMedCLIP still significantly improves its
classification performance. Besides, as shown in Figure 6,
whether in medical datasets or natural image datasets, VCD
experiences a performance leap after the application of Text
Proxy Optimization, followed by another leap after Multi-
modal Proxy Learning.

Effects of KEB We compared the performance of de-
scriptions from VCD with those from the KEB, as shown
in Figure 5. On five medical datasets, the best performance
of visual-based retrieval enhanced by VCD descriptions still
falls short compared to the performance of the KEB. This
underscores the limitations of VCD’s knowledge descrip-
tions and highlights the superior guidance for classification
learning provided by the KEB due to its richer knowledge
content. Table 3 also shows that KPL outperforms VCD in
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Model Shenzhen IDRiD MalariaCell Cataract Montgomery

CLIP (Radford et al. 2021) 50.76 06.80 48.53 16.64 60.14
KPL (CLIP) 75.38(+24.62) 44.77(+37.97) 77.64(+29.11) 37.10(+20.46) 71.74(+11.6)

BioMedCLIP (Zhang et al. 2023) 67.98 43.02 72.13 16.47 84.06
KPL (BioMedCLIP) 77.79(+9.81) 48.45(+5.43) 91.61(+19.48) 51.25(+34.78) 89.86(+5.8)

Table 4: KPL on Medical-Domain CLIP.

（a） （b） （c） （d） （e）D D D D D D D D D D

Figure 5: Ablation studies with the KEB show that Multimodal Proxy Learning with KPL descriptions (KPLD) outperforms
VCD (VCDD), highlighting KEB’s effectiveness.

(a)

(b)

（k=3）

(c)

MalariaCell

Oxford Pets

Figure 6: (a) Ablation study for visual-based retrieval at
k = 3 show that descriptions obtained through visual-based
retrieval outperform randomly selected descriptions across
five datasets. (b),(c) On the MalariaCell and the Oxford Pets
dataset, VCD performance significantly improves after Text
Proxy Optimization (KPL Text) and again after Multimodal
Proxy Learning (KPL).

retrieval scenarios when k = 5. Furthermore, in the Ap-
pendix Figure 3, grid search experiments for all k parame-
ters in the Oxford Pets dataset between VCD and KPL fur-
ther demonstrate the effectiveness of the KEB.

Effects of Visual-based Retrieval Within the KEB, we
compared the experimental results of selecting retrieval de-
scriptions with k = 3 versus selecting three descriptions
at random, as shown in Figure 6. It is evident that on
all medical imaging datasets, the performance of enhanced
visual-based retrieval outperforms random selection. No-
tably, on the MalariaCell, Montgomery, and Cataract, the
performance of randomly selected descriptions was very
low. This could be due to the selection of descriptions irrel-
evant to the disease category in the image or even related to
other diseases, leading to a significant drop in performance.

This demonstrates the effectiveness of visual-based retrieval.

Effects of SG We also compared the Sinkhorn (Sinkhorn
1964) with the proposed SG, as shown in Table 3 and Ap-
pendix Table 3. Replacing SG in KPL with the Sinkhorn re-
sulted in performance declines across all datasets. The pa-
rameters for the Sinkhorn were set according to the refer-
ence (Qian, Xu, and Hu 2024), demonstrating that stable up-
dates to the most imbalanced rows and columns can preserve
more knowledge and better guide the learning of multimodal
proxies for medical image classification. Furthermore, we
also conduct PCA Visualization (Abid et al. 2018) to visu-
alize features under three settings (original CLIP, Sinkhorn-
guided proxy learning, and SG-guided proxy learning), as
shown in Figure 4. It can be observed that the PCA Vi-
sualization features of CLIP’s text proxy remain dispersed
and do not effectively distinguish between normal (blue) and
diseased retinal features. Using the Sinkhorn-guided multi-
modal proxy, features of the normal retina show some clus-
tering. Finally, the SG-guided multimodal proxy allows the
normal retinal features to cluster into a distinct group, as
shown in Figure 4 (c).

Conclusion

In this work, we focus on mining CLIP’s knowledge for
zero-shot classification across multiple image domains. Our
analysis reveals that the main obstacles to current classifica-
tion performance are semantically insufficient text descrip-
tions that are unrelated to the images and the modal dispar-
ity between visual and textual data. To address these chal-
lenges, we introduced a Text Proxy Optimization to generate
more accurate descriptions, and then stabilize the pseudo la-
bel generation process by utilizing Multimodal Proxy Learn-
ing to reduce the modal gap more effectively. With KPL, the
zero-shot accuracy of CLIP has been significantly enhanced
on both medical image datasets and natural image datasets.
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