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Abstract

Beyond the success of Contrastive Language-Image Pre-
training (CLIP), recent trends mark a shift toward explor-
ing the applicability of lightweight vision-language models
for resource-constrained scenarios. These models often de-
liver suboptimal performance when relying solely on a sin-
gle image-text contrastive learning objective, spotlighting
the need for more effective training mechanisms that guar-
antee robust cross-modal feature alignment. In this work,
we propose CLIP-PING: Contrastive Language-Image Pre-
training with Proximus Intrinsic Neighbors Guidance, a
simple and efficient training paradigm designed to boost the
performance of lightweight vision-language models with
minimal computational overhead and lower data demands.
CLIP-PING bootstraps unimodal features extracted from
arbitrary pre-trained encoders to obtain intrinsic guid-
ance of proximus neighbor samples, i.e., nearest-neighbor
(NN) and cross nearest-neighbor (XNN). We find that extra
contrastive supervision from these neighbors substantially
boosts cross-modal alignment, enabling lightweight models
to learn more generic features with rich semantic diversity.
Extensive experiments reveal that CLIP-PING notably sur-
passes its peers in zero-shot generalization and cross-modal
retrieval tasks. Specifically, a 5.5% gain on zero-shot Ima-
geNet1K with 10.7% (I2T) and 5.7% (T2I) on Flickr30K,
compared to the original CLIP when using ViT-XS image
encoder trained on 3 million (image, text) pairs. Moreover,
CLIP-PING showcases strong transferability under the lin-
ear evaluation protocol across several downstream tasks.

1. Introduction
Recent advances in multi-modal contrastive representation
learning [1, 4, 16, 34, 36, 55] have unlocked the potential
of vision-language foundation models to effectively learn
visual concepts from natural language supervision. Lever-
aging the complementary strengths of visual and textual
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Figure 1. Comparison on zero-shot classification and retrieval
performance using the ViT-XS [8] image encoder, trained on
COCO+CC3M [27, 38] dataset with 3 million (image, text) pairs.

data, Contrastive Language-Image Pre-training (CLIP) [36]
swiftly gained notable attention for its impressive zero-shot
generalization capability and excellent transferability to a
wide range of downstream tasks. Yet, despite these strides,
the computational burden and data-hungry nature of CLIP
pose significant challenges to replicate and build upon these
groundbreaking results [23–25, 30, 41], consequently im-
posing a serious barrier to its widespread application in
resource-constrained scenarios.

So far, most studies focus on scaling up models and ex-
panding data volumes to boost performance [16, 42]; how-
ever, these approaches come at the cost of applicability.
This in turn demands substantial computational resources,
leading to quadratic increases in training times across nu-
merous high-powered devices, restricting accessibility to a
limited group of researchers at large institutions and tech
companies [23, 24]. As model sizes grow, hardware re-
quirements also escalate, further narrowing the potential
range of deployment for vision-language models. Addition-
ally, obtaining large quantities of high-quality paired data is
often costly and challenging, particularly in domains where
data privacy and confidentiality are crucial [17]. Evidently,
this general trend toward large-scale language-image pre-
training has become intractable for many practitioners. On
the other hand, standard small-scale language-image pre-
training typically results in suboptimal performance, as it
relies solely on a single image-text contrastive learning ob-
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jective, overlooking additional supervision that can be fur-
ther derived from the data itself. These challenges trigger
our efforts to develop more effective training mechanisms
that strike a balance between model size, computational
efficiency, and data requirements while preserving robust
cross-modal alignment in resource-constrained settings.

To this end, some studies have explored distillation
strategies that enable lightweight vision-language models
(i.e., students) to mimic the learning behavior of larger
pre-trained models (i.e., teachers) [3, 26, 40, 46, 48, 49].
Inspired by this concept, we introduce CLIP-PING: Con-
trastive Language-Image Pre-training with Proximus In-
trinsic Neighbors Guidance, aimed to boost the potential
of lightweight models in resource-constrained scenarios. In
contrast to prior works on CLIP distillation [3, 46, 48, 49],
CLIP-PING leverages features extracted from off-the-shelf
pre-trained encoders, storing them frozen in auxiliary fea-
ture banks to provide intrinsic guidance from proximus
neighbors without the need for explicit distillation. To keep
neighbor retrieval efficient, we maintain two representative
support sets of frozen features—one for each modality—as
manageable subsets of auxiliary feature banks. This enables
lightweight student encoders to capture rich knowledge of
resource-intensive teacher encoders without extra computa-
tional burden or architectural constraints during training.

Beyond the typical image-text contrastive objective,
CLIP-PING incorporates widespread supervision from se-
mantically similar or neighboring samples across modali-
ties. Nearest-neighbor contrastive learning [10, 14, 28, 47]
enables models to leverage supervision from similar sam-
ples within the data. DeCLIP [24] further explores nearest-
neighbor retrieval across modalities for cross-supervision,
based on the notion that one image may have multiple se-
mantically related text descriptions. Building on these in-
sights, CLIP-PING draws on two primary sources of con-
trastive supervision from teacher encoders to boost the
performance of student encoders. First, it obtains intra-
modal supervision through nearest-neighbor (NN) samples
of frozen features within each modality, encouraging fea-
ture alignment of similar images or text descriptions within
the same feature space. Second, it leverages cross nearest-
neighbor (XNN) samples (also from the same modality)
for inter-modal supervision, encouraging indirect align-
ment between semantically related pairs across modalities,
by cross-referencing NN frozen features. For instance, as
shown in Fig. 2, for an image Ik, its XNN is identified as the
image associated with NN text description of its paired text
Tk. This dual-source supervision of CLIP-PING enables
student encoders to learn more generic features with rich
semantic diversity, while minimizing resource demands.

Our experiments show that CLIP-PING achieves supe-
rior performance over its counterparts in zero-shot clas-
sification and cross-modal retrieval tasks. As illustrated

Figure 2. Example of nearest-neighbor (NN) and cross nearest-
neighbor (XNN) samples for (Ik, Tk) pair from COCO [27].

in Fig. 1, using ViT-XS [8] pre-trained on the combined
COCO+CC3M [27, 38] dataset enables CLIP-PING to
reach 22.7% zero-shot top-1 accuracy on ImageNet1K [6],
along with 49.7% I2T and 35.4% T2I retrieval R@1 on
Flickr30K [51]. These results surpass the original CLIP [36]
by 5.5%, 10.7%, and 5.7%, respectively, without extra com-
putational costs. Notably, scaling up computational re-
sources further enhances the performance. In particular,
A-CLIP-PING, which incorporates active teacher encoders
for stronger guidance, delivers additional boosts by 1.4%,
2.9%, and 1.8%, with computational demands comparable
to CLIP-KD [48]. CLIP-PING also demonstrates strong
transferability in downstream tasks under the linear evalua-
tion protocol. Our contributions are summarized as follows:

• We propose CLIP-PING, an efficient training mechanism,
to boost the performance of lightweight vision-language
models in resource-constrained scenarios.

• We leverage extracted features from unimodal pre-trained
encoders, providing intrinsic guidance through nearest-
neighbor (NN) and cross nearest-neighbor (XNN). These
features are frozen in auxiliary feature banks, enabling
lightweight vision-language models to efficiently cap-
ture rich knowledge of pre-trained encoders without extra
computational burden or architectural constraints.

• We explore intra-modal supervision through NN sam-
ples to enhance feature alignment within the same modal-
ity. We also incorporate inter-modal supervision through
XNN samples, encouraging indirect alignment between
semantically similar pairs across modalities.

• Our experiments show efficacy and versatility of CLIP-
PING across several benchmarks, highlighting its poten-
tial for applicability in resource-constrained scenarios.

2. Background and motivation

In this section, we review the evolution of contrastive
language-image pre-training, with a highlight on recent ad-
vances in efficient training strategies. We also discuss the
motivations that led to the development of CLIP-PING.
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2.1. Contrastive Language-Image Pre-training
Learning transferable visual representations directly from
natural language supervision has become increasingly pre-
dominant in computer vision [2, 9, 54]. Early studies
played on semantically dense captions to learn meaning-
ful visual concepts over image-caption pairs [7, 12, 13,
21, 37]. Recent works leverage contrastive learning to
align visual and textual representations in a shared latent
space [16, 34, 36, 55]. Notably, Contrastive Language-
Image Pre-training (CLIP) [36] has gained significant trac-
tion due to its breakthrough in zero-shot multi-modal and
unimodal visual tasks, utilizing the extensive WIT-400M
private dataset. While CLIP-like models benefit from large
datasets containing millions or billions of (image, text) pairs
on the Internet [4, 33, 44, 52, 53], they rely heavily on large-
scale training and typically demands substantial storage and
computational resources, limiting applicability, especially
in scenarios with limited data or resources. Consequently,
there is a growing need for effective training strategies that
optimize the trade-off between performance and efficiency
of CLIP-like models in resource-constrained settings.

2.2. Advances in efficient CLIP strategies
While early iterations of CLIP-like models consistently
yield better performance, they come with significant com-
putational demands, as well as increased costs for large-
scale data collection, storage, and processing [23]. To
address these challenges, recent efforts have focused on
making these models more accessible for widespread use
in resource-constrained settings, like mobile and edge de-
vices [40, 46]. To this point, numerous studies have ex-
plored knowledge distillation as a key compression tech-
nique to enable efficient training of smaller models (i.e.,
students) under the supervision of larger pre-trained mod-
els (i.e., teachers) [11, 22, 43, 46, 48]. For instance, Tiny-
CLIP [46] introduces cross-modal distillation through affin-
ity mimicking and weight inheritance mechanisms, while
CLIP-KD [48] exploits several distillation strategies, in-
cluding relational, feature-based, gradient-based, and con-
trastive paradigms. Additionally, MobileCLIP [40] intro-
duces dataset reinforcement strategy to multi-modal setup,
integrating knowledge from an ensemble of strong CLIP
models and a pre-trained image captioning model to en-
hance learning efficiency. These innovations mark a shift
toward more efficient language-image pre-training, aimed
at improving accessibility for real-world applications.

2.3. Research motivations
Conversely, it is crucial for TinyCLIP [46] to share the
same architectural-style between teacher and student mod-
els, limiting its flexibility for use with diverse architectures
that might be better suited for specific tasks, such as those of
specialized, lightweight student models. Meanwhile, CLIP-

KD [48] involves balancing multiple complex distillation
strategies across high-dimensional, multi-modal represen-
tations, which may lead to substantial computational and
memory demands, posing challenges for implementation in
low-resource settings. Moreover, typical knowledge distil-
lation frameworks require several forward passes through
large pre-trained teacher models, which becomes infeasi-
ble when dealing with models containing billions or tril-
lions of parameters. These limitations raise several open
research questions: 1) How can teacher and student mod-
els be effectively aligned without architectural constraints?
2) Can contrastive losses be optimized for semantic align-
ment across modalities without explicit distillation? and 3)
Is there an alternative to traditional knowledge distillation
that can address these challenges, enabling more resource-
efficient contrastive language-image pre-training?

3. CLIP-PING Method
In response to the above questions, we propose an effi-
cient training strategy that enhances lightweight CLIP-like
vision-language models using Proximus Intrinsic Neigh-
bors Guidance (PING), sourced from off-the-shelf, pre-
trained encoders. Unlike previous approaches, CLIP-PING
uniquely combines intra-modal and inter-modal supervi-
sion of frozen neighbor samples from pre-trained encoders
via auxiliary feature banks. This enables lightweight mod-
els to draw upon rich semantic knowledge of pre-trained
unimodal encoders in a computationally efficient manner,
without architectural constraints or explicit distillation. In
this section, we outline the CLIP-PING framework and
describe its main components. The overall CLIP-PING
pipeline is structured in two stages: unimodal feature ex-
traction and multi-modal training, as illustrated in Fig. 3.

3.1. Unimodal Feature Extraction
Feature extractors. Off-the-shelf encoders, pre-trained
on large amounts of unimodal data, possess a rich seman-
tic understanding of their respective modalities, providing
a strong foundation for generating meaningful feature rep-
resentations that can effectively guide lightweight mod-
els in multi-modal training. As an initial step of CLIP-
PING, we leverage these pre-trained encoders — denoted
as F∗

I and F∗
T — as our image and text feature extrac-

tors (i.e., teachers). Given a dataset of (image, text) pairs,
D = {(Ik, Tk)}|D|

k=1, we compute feature representations
of teacher encoders for each modality prior to the multi-
modal training stage. Specifically, for each Ik, Tk ∈ D,
we obtain image features z̃Ik = F∗

I (Ik) and text features
z̃Tk = F∗

T (Tk). To minimize computational requirements,
we process each modality separately on a single GPU, en-
suring that only one large-scale encoder is loaded into mem-
ory at a time. This preliminary feature extraction process
enables efficient use of features generated by high-capacity
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Figure 3. Overview of the CLIP-PING pipeline. Unimodal feature extraction is performed prior to the multi-modal training, with extracted
features stored frozen in auxiliary feature banks. Each feature support set is a representative of the corresponding auxiliary feature bank.

teacher encoders, containing billions of parameters.

Auxiliary feature banks. Once features are extracted
from teacher encoders, they are frozen in reusable, aux-
iliary feature banks, i.e., B∗I = {z̃Ik}

|D|
k=1 for image and

B∗T = {z̃Tk }
|D|
k=1 for text. These feature banks allow frozen

features to be accessed efficiently for neighbor retrieval, en-
suring intrinsic guidance from the pre-trained teacher en-
coders during the student training. This one-time unimodal
feature extraction significantly streamlines the multi-modal
training process, enabling computational efficiency, mak-
ing CLIP-PING a resource-efficient solution for boosting
the performance of lightweight vision-language models.

3.2. Multi-modal Training

Standard CLIP objective. Following CLIP [36], we con-
sider a dual-encoder architecture, comprising an image en-
coder EI and a text encoder ET , to jointly learn meaningful
feature representations across modalities. For a batch of N
(image, text) pairs, i.e., {(Ik, Tk)}Nk=1, image and text fea-
tures, zIk = EI(Ik) and zTk = ET (Tk), are obtained through
each encoder branch. The objective is to learn the shared
feature space, where corresponding images and texts are se-
mantically aligned. To this end, we employ the standard
CLIP objective [36] that ensures N positive pairs to closely
aligned while N2 −N irrelevant pairs remain apart. Math-
ematically, this can be formalized as a symmetric function
based on the InfoNCE [31, 55] loss, consisting of:

LCLIP
I→T = − 1

N

N∑
k=1

log
exp(S(zIk, zTk )/τ)∑N
j=1 exp(S(zIk, zTj )/τ)

, (1)

and

LCLIP
T→I = − 1

N

N∑
k=1

log
exp(S(zTk , zIk)/τ)∑N
j=1 exp(S(zTk , zIj )/τ)

, (2)

where LCLIP
I→T aligns image feature zIk with its corresponding

text feature zTk by maximizing the similarity in-between,
while LCLIP

T→I mirrors this. The similarity S(·, ·) is typically
measured by the dot product between features, scaled by a
learnable temperature parameter τ . In summary, the overall
image-text contrastive loss, LCLIP, is formulated as:

LCLIP =
1

2
(LCLIP

I→T + LCLIP
T→I). (3)

Intra-modal contrastive supervision through nearest-
neighbors. We leverage frozen features from each aux-
iliary feature bank (either image or text) to encourage each
sample to be in close proximity with its semantically similar
or nearest-neighbor (NN) samples within the feature bank.
To achieve this, we maintain two support sets, QI ⊂ B∗I
and QT ⊂ B∗

T , capturing representative subsets of frozen
features from auxiliary feature banks. Specifically, image
feature support set is QI = {z̃Ik}

|QI |
k=1 , and text feature sup-

port set is QT = {z̃Tk }
|QT |
k=1 . The underlying concept of NN

retrieval is shown in Fig. 4, i.e., NN(z̃) := argmin
q∈Q

||z̃− q||2

for each modality. Mathematically, intra-modal contrastive
supervision through NN samples can be formalized as:

LNNI→I = − 1

N

N∑
k=1

log
exp(S(NN(z̃Ik), z

I
k)/τ)∑N

j=1 exp(S(NN(z̃Ik), z
I
j )/τ)

,

(4)
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Figure 4. Illustrative example for nearest-neighbor (NN) and cross
nearest-neighbor (XNN) retrieval.

and

LNNT→T = − 1

N

N∑
k=1

log
exp(S(NN(z̃Tk ), z

T
k )/τ)∑N

j=1 exp(S(NN(z̃Tk ), z
T
j )/τ)

,

(5)
where both losses are symmetric. Thus, supervision from
image NN is defined by:

LNN
I =

1

2
(LNNI→I + LI→NNI

). (6)

Likewise, supervision from text NN is defined by:

LNN
T =

1

2
(LNNT→T + LT→NNT

). (7)

The overall objective for intra-modal contrastive supervi-
sion through frozen NN samples, LPING

NN , is formulated as:

LPING
NN = LNN

I + LNN
T . (8)

By incorporating intra-modal contrastive supervision in this
way, CLIP-PING enables student encoders to capture rich
semantic features of teacher encoders, which improves the
robustness and strengthens alignment within each modality.

Inter-modal contrastive supervision through cross
nearest-neighbors. We explore cross nearest-neighbor
(XNN) samples within each modality, by cross-referencing
frozen NN features to obtain more diverse supervisory
signals from the dataset. As illustrated in Fig. 4, for a
frozen image feature z̃Ik , its XNN is identified as the im-
age sample associated with NN of frozen text feature z̃Tk ,

i.e., XNN(z̃Ik) := z̃Ii ∈ QI , where z̃Ti = NN(z̃Tk ) for
i-th pair (z̃Ii , z̃

T
i ). Likewise, for a frozen text feature z̃Tk ,

XNN(z̃Tk ) := z̃Ti ∈ QT , where z̃Ii = NN(z̃Ik) for i-th pair
(z̃Ii , z̃

T
i ). Mathematically, inter-modal contrastive supervi-

sion through XNN samples can be formalized as:

LXNNI→I = − 1

N

N∑
k=1

log
exp(S(XNN(z̃Ik), z

I
k)/τ)∑N

j=1 exp(S(XNN(z̃Ik), z
I
j )/τ)

,

(9)
and

LXNNT→T = − 1

N

N∑
k=1

log
exp(S(XNN(z̃Tk ), z

T
k )/τ)∑N

j=1 exp(S(XNN(z̃Tk ), z
T
j )/τ)

,

(10)
where both losses are symmetric. Thus, supervision from
image XNN is defined by:

LXNN
I =

1

2
(LXNNI→I + LI→XNNI

). (11)

Likewise, supervision from text XNN is defined by:

LXNN
T =

1

2
(LXNNT→T + LT→XNNT

). (12)

The overall objective for inter-modal contrastive supervi-
sion through frozen XNN samples, LPING

XNN , is formulated as:

LPING
XNN = LXNN

I + LXNN
T . (13)

By incorporating inter-modal contrastive supervision in this
way, CLIP-PING encourages indirect alignment for seman-
tically similar pairs of frozen features, enabling student en-
coders to capture richer latent features across modalities.

Supervision with PING objective. Together, the intra-
modal and inter-modal supervision enables the learning of
more generic features with enriched semantic diversity. The
overall PING objective can be summarized as:

LPING = (1− α) · LPING
NN + α · LPING

XNN . (14)

Here, α is a tunable hyperparameter to control the weight,
balancing between intra-modal and inter-modal guidance.

Final CLIP-PING Objective. By integrating CLIP ob-
jective with PING supervision, we leverage the strengths
of cross-modal contrastive alignment with rich, diverse su-
pervision introduced by intrinsic neighbors (i.e., NN and
XNN). Thus, the final CLIP-PING objective, LCLIP-PING, is:

LCLIP-PING = (1− λ) · LCLIP + λ · LPING, (15)

where λ is a tunable hyperparameter that controls the
contribution of LPING relative to the standard CLIP loss,
LCLIP. This combined CLIP-PING objective effectively
boosts lightweight models by leveraging knowledge from
pre-trained encoders, while significantly reducing compu-
tational requirements, thus making CLIP-PING ideal for
multi-modal training in resource-constrained settings.
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4. Experiments
In this section, we provide implementation details and
present extensive evaluation results that demonstrate the ef-
fectiveness of CLIP-PING across several benchmarks.

4.1. Implementation Details
We implement our experiments using PyTorch [32] and
the Timm [45] library. Experiments using the dataset of
600K (image, text) pairs are run on a single NVIDIA RTX
A6000 GPU with 48GB memory, while experiments using
the dataset of 3M (image, text) pairs are conducted on a sin-
gle NVIDIA A100 GPU with 40GB memory.

Training datasets. We use the COCO [27] dataset, which
contains 600K (image, text) pairs, i.e., 118K images, each
with 5 text descriptions. We also explore another training
set, where we combine COCO [27] with the Conceptual
Captions 3M (CC3M) [38]. Due to download issues, we
only obtained 2.3M pairs from CC3M, bringing the total
size of the combined dataset to about 3M (image, text) pairs.
As our primary focus is on resource-constrained scenarios,
we intentionally avoid using larger Internet-scale datasets,
commonly employed in several recent works, to prioritize
computational efficiency and reduce storage demands.

Unimodal feature extractors. By default, we use
ResNet-v2-50 [15, 19] for image features and BERT-
Base [18] (with BertTokenizer and a maximum con-
text length of 55) for text, both initialized with
pre-trained weights available on HuggingFace (i.e.,
timm/resnetv2 50x1 bit.goog in21k ft in1k and google-
bert/bert-base-uncased). Feature representations are ex-
tracted without data augmentation and stored in pickle
format for efficient access during training.

Architectures. We consider MobileBERTTINY [39] (with
MobileBertTokenizer and a maximum context length of
55) as our text encoder and explore three variations
of image encoders, each representing different architec-
tural paradigms: ViT-XS [8] (a smaller transformer-based
model), ConvNeXt-Pico [29] (a compact convolutional net-
work), and MNv4-Hybrid-M [35] (a hybrid variant of Mo-
bileNetv4 model). Specifications of encoders are listed
in Table 1. Unless otherwise stated, we use ViT-XS and
MobileBERTTINY as the default pair for ablations and anal-
ysis. Each encoder is paired with a projection head, a two-
layer MLP with GELU non-linearity for the first layer.

Baselines. We compare CLIP-PING against the origi-
nal CLIP [36] and CLIP-KD [48], which combines fea-
ture distillation (FD), interactive contrastive learning (ICL),
and contrastive relational distillation (CRD). For experi-
ments with COCO [27], we include additional comparisons

Image Encoder Type #Params
Text Encoder
Transformer #Params

Total
#Params

ViT-XS [8] ViT 8.3M
MobileBERTTINY

[39] 14.2M

22.5M

ConvNeXt-Pico [29] CNN 8.9M 23.1M

MNv4-Hybrid-M [35] Hybrid 11.7M 25.9M

Table 1. Specifications of image and text encoders.

with traditional CLIP distillation (CLIP-D), and an efficient
CLIP distillation using auxiliary feature banks (CLIP-F).

Training details. All lightweight models are trained from
scratch for 35 epochs, applying a cosine learning rate sched-
uler with a linear warm-up over the first 5 epochs. Training
batch size is 1024 and AdamW optimizer with a weight de-
cay of 1e-5 is used. Initial learning rates of image and text
encoders are 3e-3 and 1e-3, respectively. Input images are
resized to 224× 224, with RandomResizedCrop as the sole
data augmentation during training. We use gradient check-
pointing and automatic mixed precision to improve memory
efficiency and accelerate training. The learnable tempera-
ture τ is initialized at 0.07, and the projection dimension is
256. By default, we set the supervision loss weight values
as α = 0.25 and λ = 0.6. Our support set is implemented
as a first-in-first-out (FIFO) queue, with a size of 32,768.
More details are provided in the supplementary material.

4.2. Evaluation results
Downstream tasks, datasets, and metrics. Models are
evaluated across several downstream tasks, including cross-
modal retrieval, zero-shot classification, and linear evalua-
tion to assess the efficacy of CLIP-PING. For cross-modal
retrieval, we use the CC3M [38] validation set, i.e., 13K
(image, text) pairs, and the COCO [27] validation set, i.e.,
5K images, each with 5 text descriptions. Additionally, we
use the Flickr30K [51] test set, i.e., 1K images, each with 5
text descriptions, for zero-shot cross-modal retrieval. Re-
trieval performance is measured with Recall@K metrics,
i.e., R@1 for image-to-text (I2T) and text-to-image (T2I).
For zero-shot classification, evaluations are conducted on
STL-10 [5], CIFAR-10, CIFAR-100 [20], Stanford 40 Ac-
tions [50], and ImageNet1K [6], while linear evaluation is
performed on STL-10, CIFAR-10, CIFAR-100, and Ima-
geNet1K. We follow the prompt engineering of CLIP, with
specific settings for the Stanford 40 Actions dataset pro-
vided in the supplementary material. Top-1 accuracy (Acc)
is used as the primary metric for classification tasks, and we
report the average across all datasets as “Avg”.

Cross-modal retrieval. Tables 2 and 4 show perfor-
mance comparison on cross-modal retrieval task, highlight-
ing CLIP-PING’s consistent improvements across all three
lightweight vision-language models. Table 2 summarizes
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Method Memory COCO [27] Flickr30K [51]
(MiB) ↓ I2T@1 T2I@1 I2T@1 T2I@1

Model: ViT-XS [8] + MobileBERTTINY [39]

CLIP 11074 20.4 14.3 19.1 14.7
CLIP-D 25032 23.5 16.0 26.4 18.2
CLIP-F 11192 21.2 14.4 23.9 16.5
CLIP-KD 25036 21.4 15.6 22.4 16.1
CLIP-PING (ours) 11580 24.7 18.4 28.1 20.2
A-CLIP-PING (ours) 25370 27.6 20.8 30.3 22.3

Model: ConvNeXt-Pico [29] + MobileBERTTINY [39]

CLIP 16126 21.3 15.9 21.5 16.4
CLIP-D 28456 26.3 18.8 28.1 20.1
CLIP-F 16130 24.2 17.1 25.2 17.6
CLIP-KD 28460 24.7 18.7 24.6 18.7
CLIP-PING (ours) 16874 27.3 20.3 29.6 20.8
A-CLIP-PING (ours) 28792 30.0 22.2 31.9 23.8

Model: MNv4-Hybrid-M [35] + MobileBERTTINY [39]

CLIP 16696 21.7 15.9 21.1 16.9
CLIP-D 31772 27.0 19.8 25.3 20.2
CLIP-F 16696 24.1 18.0 22.7 17.3
CLIP-KD 31780 26.4 19.9 24.2 18.3
CLIP-PING (ours) 17050 27.8 21.1 29.9 21.5
A-CLIP-PING (ours) 32110 31.9 24.1 32.8 24.9

Table 2. Cross-modal retrieval performance for models trained on
COCO [27]. The best results are marked in bold. Memory usage
is recorded on a single NVIDIA RTX A6000 GPU.

Method STL-10 CIFAR-10 CIFAR-100 IN-1K Avg

Pre-training Dataset: COCO [27] (600K)

CLIP 80.6 66.3 39.8 - 62.2
CLIP-D 83.2 68.0 45.8 - 65.7
CLIP-F 82.4 67.6 43.0 - 64.3
CLIP-KD 81.7 66.7 42.4 - 63.6
CLIP-PING (ours) 84.9 69.6 45.9 - 66.8
A-CLIP-PING (ours) 87.9 75.3 50.3 - 71.2

Pre-training Dataset: COCO + CC3M [27, 38] (3M)

CLIP 90.2 75.2 50.5 46.5 65.6
CLIP-KD 91.7 75.2 52.9 50.2 67.5
CLIP-PING (ours) 94.1 80.4 58.1 55.7 72.1
A-CLIP-PING (ours) 95.6 86.7 67.2 58.4 77.0

Table 3. Comparison on linear evaluation performance. The best
results are marked in bold. ViT-XS [8] is the image encoder.

results for models trained on COCO [27], and Tab. 4 pro-
vides results for the combined dataset. Notably, CLIP-
PING demonstrates robustness across various architectures.
The computational overhead of CLIP-PING is minimal
compared to explicit distillation methods like CLIP-D and
CLIP-KD [48], while remaining as efficient as the orig-
inal CLIP [49]. Essentially, CLIP-PING achieves com-
petitive performance without the resource-intensive pro-
cesses required by distillation-based methods. This effi-
ciency likely stems from the way CLIP-PING leverages
frozen pre-trained features, which reduces the need for re-
peated calculations typically associated with training. We
also observed that increasing computational resources fur-

Method Memory CC3M [38] COCO [27] Flickr30K [51]
(MiB) ↓ I2T@1 T2I@1 I2T@1 T2I@1 I2T@1 T2I@1

Model: ViT-XS [8] + MobileBERTTINY [39]

CLIP 11379 23.6 23.9 32.6 22.6 39.0 29.7
CLIP-KD 25305 26.3 26.1 35.1 24.3 44.2 32.6
CLIP-PING (ours) 11885 26.4 26.8 35.0 25.5 49.7 35.4
A-CLIP-PING (ours) 25639 27.9 28.4 37.9 27.0 52.6 37.2

Model: ConvNeXt-Pico [29] + MobileBERTTINY [39]

CLIP 16299 23.1 23.8 35.2 24.8 45.1 33.1
CLIP-KD 28633 28.0 28.3 39.8 28.9 52.1 38.6
CLIP-PING (ours) 18615 28.6 28.9 37.8 27.0 52.7 38.4
A-CLIP-PING (ours) 28965 29.6 29.4 40.0 29.3 54.4 40.6

Model: MNv4-Hybrid-M [35] + MobileBERTTINY [39]

CLIP 15747 23.9 24.3 33.7 24.2 42.0 32.8
CLIP-KD 30831 27.5 27.6 38.6 27.1 49.8 36.1
CLIP-PING (ours) 16101 28.1 28.3 39.4 28.6 52.0 40.2
A-CLIP-PING (ours) 31161 30.5 30.2 41.5 31.3 54.7 41.6

Table 4. Cross-modal retrieval performance for models trained
on COCO+CC3M [27, 38]. The best results are marked in bold.
Memory usage is recorded on a single NVIDIA A100 GPU.

Method STL-10 CIFAR-10 CIFAR-100 SA-40 IN-1K Avg

Pre-training Dataset: COCO [27] (600K)

CLIP 66.7 25.1 7.7 32.2 - 32.9
CLIP-D 71.4 41.8 12.1 38.3 - 40.9
CLIP-F 69.2 40.2 11.7 36.1 - 39.3
CLIP-KD 64.9 26.3 7.5 32.2 - 32.7
CLIP-PING (ours) 71.4 41.6 13.0 38.6 - 41.2
A-CLIP-PING (ours) 75.1 50.1 17.3 41.2 - 45.9

Pre-training Dataset: COCO + CC3M [27, 38] (3M)

CLIP 82.7 59.5 24.6 52.3 17.2 47.3
CLIP-KD 83.9 64.8 25.7 57.3 18.6 50.1
CLIP-PING (ours) 87.1 71.9 31.3 61.1 22.7 54.8
A-CLIP-PING (ours) 89.4 76.9 42.0 63.7 24.1 59.2

Table 5. Comparison on zero-shot classification performance. The
best results are marked in bold. ViT-XS [8] is the image encoder.

ther enhances performance. Specifically, we find that Ac-
tive CLIP-PING (A-CLIP-PING) with active teacher en-
coders for stronger guidance during training, replacing the
feature extraction stage, delivers additional performance
boosts, for instance, 2.9% and 1.8% improvements on
zero-shot Flickr30K [51] retrieval for ViT-XS [8] image en-
coder trained on COCO+CC3M [27, 38] dataset with com-
putational demands remain comparable to CLIP-KD [48].

Linear evaluation. We train a linear classifier for 30
epochs with a batch size of 512. The Adam optimizer is
used, with a cosine learning rate scheduler and an initial
learning rate of 1e-2. As shown in Tab. 3, CLIP-PING
outperforms other methods by a notable gap, illustrating
an improvement of 4.6% over CLIP-KD [48] for average
when evaluating the ViT-XS [8] image encoder trained on
COCO+CC3M [27, 38]. Moreover, the A-CLIP-PING vari-
ant delivers an additional 4.9% performance boost.

Zero-shot classification. As shown in Tab. 5, CLIP-
PING consistently outperforms competing methods in zero-
shot image classification across all datasets. Specifically,
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α
Flickr30K [51] ZS

I2T@1 T2I@1 Avg

0 26.4 18.9 38.0
0.25 28.1 20.2 41.2
0.5 27.4 19.2 40.0

0.75 24.9 18.4 36.7
1 20.6 16.5 35.1

(a) The α effect.

λ
Flickr30K [51] ZS

I2T@1 T2I@1 Avg

0.2 23.3 16.9 35.5
0.4 24.9 18.7 39.0
0.6 28.1 20.2 41.2
0.8 24.5 17.2 40.8

(b) The λ effect.

Table 6. Influence of loss weights α and λ on retrieval perfor-
mance for Flickr30K [51] and average zero-shot top-1 accuracy
across four datasets using ViT-XS [8] pre-trained on COCO [27]
dataset. The best results are marked in bold.

|Q| Flickr30K [51] ZS
I2T@1 T2I@1 Avg

8192 25.4 18.9 39.3
16384 27.0 19.7 40.2
32768 28.1 20.2 41.2
65536 25.2 20.0 40.9
98304 24.3 19.1 40.4

(a) Support set size.

k
Flickr30K [51] ZS

I2T@1 T2I@1 Avg

1 28.1 20.2 41.2
2 25.5 19.2 40.6
4 26.2 19.3 38.2
8 24.6 18.7 39.5
16 26.7 18.1 38.7

(b) Top-k neighbors.

Table 7. Impact of support set size |Q| and top-k neighbors on re-
trieval performance for Flickr30K [51] and average zero-shot top-
1 accuracy across four datasets, using ViT-XS [8] pre-trained on
COCO [27] dataset. The bast results are marked in bold.

it achieves an average performance improvement of 4.7%
over CLIP-KD [48] with the ViT-XS [8] image encoder
trained on COCO+CC3M [27, 38] dataset. The A-CLIP-
PING variant provides additional 4.4% performance boost.

4.3. Ablation studies
Influence of α. As shown in Tab. 6a, we explore the effect
of supervision loss weight α in Eq. (14). As α increases,
emphasizing more weight on XNN supervision, the perfor-
mance gradually declines. However, the drop in perfor-
mance saturates at α = 0.25, suggesting that CLIP-PING
benefits both from NN and XNN supervision. This indi-
cates that both forms of supervision contribute positively,
with α = 0.25 being the optimal choice to balance them.

Influence of λ. As shown in Tab. 6b, we examine the ef-
fect of loss weight λ in Eq. (15). Performance gradually im-
proves with increasing λ up to 0.6, after which it plateaus,
indicating that intrinsic neighbors guidance boosts training
while CLIP-PING continues to benefit from foundational
cross-modal contrastive alignment.

Impact of support set size. Table 7a presents the results
of varying the support set size |Q|. As the support set grows,
it increases the chance of retrieving a closer NN within the
dataset. However, increasing the support set size beyond
32,768 does not yield additional performance gains.

Method Flickr30K [51] ZS
I2T@1 T2I@1 Avg

CLIP-D 25.5 16.8 39.1
CLIP-F 20.0 15.8 37.3
CLIP-KD 21.8 15.3 33.5
CLIP-PING 25.1 17.9 39.2
A-CLIP-PING 27.8 19.4 40.7

(a) The ViT-B/16 [8] effect.

Super-
vision

Flickr30K [51] ZS
I2T@1 T2I@1 Avg

both 28.1 20.2 41.2
txt only 22.0 16.8 34.6

img only 23.6 17.7 38.8

(b) Supervision source.

Table 8. Ablation on feature extractor and supervision source on
retrieval performance for Flickr30K [51] and average zero-shot
top-1 accuracy across four datasets using ViT-XS [8] pre-trained
on COCO [27] dataset. The best results are marked in bold.

Impact of Top-k neighbors. In Tab. 7b, we explore the
impact of selecting one random neighbor from the top-k
NN instead of the closest neighbor. We find that increas-
ing k beyond 1 slightly degrades performance, suggesting
that the nearest-neighbor strategy offers clearer guidance,
while other neighbors may introduce noise.

Impact of unimodal feature extractor. In Tab. 8a, we
employ ViT-B/16 [8], pre-trained on ImageNet [6] (i.e.,
vit base patch16 224) as our image teacher or feature ex-
tractor and analyze its effect on performance. Notably, our
CLIP-PING variants still outperform other methods.

Impact of supervision modality. In Tab. 8b, we analyze
the effect of supervision sources: both image and text su-
pervision (default), with only text supervision (w/oLNN

I and
LXNN
I in Eqs. (8) and (13)), and with only image supervision

(w/o LNN
T and LXNN

T in Eqs. (8) and (13)). We observed that
CLIP-PING benefits equally from both supervision.

5. Conclusion

In this work, we proposed CLIP-PING: Contrastive
Language-Image Pre-training with Proximus Intrinsic
Neighbors Guidance, an efficient training paradigm, to
boost the performance of lightweight vision-language mod-
els. By leveraging off-the-shelf pre-trained encoders
and incorporating intra-modal and inter-modal supervision
through frozen nearest neighbor samples, CLIP-PING sig-
nificantly improves the representation learning capabilities
of lightweight models, while reducing the computational
and data demands. Extensive experiments demonstrate the
effectiveness of CLIP-PING in zero-shot classification and
cross-modal retrieval tasks, achieving competitive perfor-
mance even with limited resources. Additionally, CLIP-
PING exhibits strong transferability under linear evalua-
tion protocol across several downstream tasks, making it
a promising solution for efficient training of lightweight
vision-language models in resource-constrained scenarios.
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6. Additional Implementation Details
Unimodal feature extractors. Table 9 presents the spec-
ifications of pre-trained unimodal feature extractors used in
our experiments, along with feature extraction time, mem-
ory usage, and feature bank size for each training dataset.
Each process was conducted with a batch size of 2048,
on a single NVIDIA RTX A6000 GPU with 48GB mem-
ory. The extracted features are stored in individual pickle
files for efficient access during the training of CLIP-F and
CLIP-PING. During training, when there is a dimension
difference between frozen features and those of lightweight
encoders, a linear adapter is applied to the frozen features
to match their dimensions.

Feature Extractor Memory
(MiB)

COCO [27]
(600K)

COCO + CC3M
[27, 38] (3M)

Image Encoder Type #Params
Feat.
dim

Size
(GB)

Time
(hours)

Size
(GB)

Time
(hours)

ResNet-v2-50 [15, 19] CNN 23.5M 2048 43734 4.6 0.12 22.1 0.56
ViT-B/16 [8] ViT 85.8M 768 21952 1.7 0.38 8.5 1.85

Text Encoder: Transformer 109.5M 768 7644 1.7 0.13 8.5 0.60BERT-Base [18]

Table 9. Specifications of unimodal feature extractors.

Baselines. For CLIP [36], we employ the standard image-
text contrastive loss, i.e., Eq. (3). CLIP-D and CLIP-F in-
tegrate a distillation loss [40] into the standard contrastive
loss with loss weight set to λ = 0.75, as denoted by:

LCLIP-Distill = (1− λ) · LCLIP + λ · LDistill, (16)

LDistill =
1

2
(LI2T

Distill + LT2I
Distill), (17)

where LI2T
Distill and LT2I

Distill are KL-divergence losses. In
CLIP-F, pre-computed frozen features, similar to those used
in CLIP-PING, are utilized. For CLIP-KD [48], we imple-
ment the objective function as specified in its original paper:

LCLIP-KD = LCLIP + λ · LKD, (18)

where LKD is the combination LFD + LCRD + LICL: Fea-
ture Distillation (FD), Contrastive Relational Distillation
(CRD) and Interactive Contrastive Learning (ICL), with
loss weights set to λFD = 2000, and λCRD = λICL = 1.

Additional baseline. Following the official repository,
we implemented DeCLIP [24] and trained it on the
COCO [27] dataset. Since DeCLIP requires encoding each
(image, text) pair twice and relies heavily on data augmen-
tation, it incurs significantly higher computational costs. To
manage GPU memory constraints, we reduced the batch
size by half, from 1024 to 512. Additionally, due to train-
ing instability, we adjusted the learning rates to 1.5e-3 for
the image encoder and 2.5e-4 for the text encoder. Train-
ing DeCLIP with the MNv4-Hybrid-M [35] image encoder
on the COCO [27] (600K) dataset for 35 epochs required
approximately 24 hours on a single NVIDIA RTX A6000

GPU—2.4× longer than CLIP-PING and 1.5× longer than
A-CLIP-PING. Given the prolonged training duration and
suboptimal performance on cross-modal retrieval tasks, we
limited our experiments with DeCLIP. Notably, while De-
CLIP is designed to learn visual representations through the
use of broader and scalable supervision in data-efficient set-
tings, its performance with lightweight models in our evalu-
ations fell short of CLIP-PING. Table 10 summarizes the re-
sults, highlighting the superior performance and efficiency
of CLIP-PING over DeCLIP.

Method Memory
(MiB)↓

Time
(hours)↓

COCO [27] Flickr30K [51] ZS
AvgI2T@1 T2I@1 I2T@1 T2I@1

Model: ViT-XS [8] + MoblileBERTTINY [39]

DeCLIP512 27080 0.52 7.8 6.5 9.0 7.1 36.7
CLIP-PING (ours) 11580 0.19 24.7 18.4 28.1 20.2 41.2

Model: ConvNeXt-Pico [29] + MoblileBERTTINY [39]

DeCLIP512 31362 0.63 8.7 7.8 7.2 7.1 38.2
CLIP-PING (ours) 16874 0.25 27.3 20.3 29.6 20.8 41.8

Model: MNv4-Hybrid-M [35] + MoblileBERTTINY [39]

DeCLIP512 31320 0.68 11.2 9.8 10.3 8.7 39.0
CLIP-PING (ours) 17050 0.28 27.8 21.1 29.9 21.5 42.3

Table 10. Comparison with DeCLIP [24] on cross-modal retrieval
tasks and average zero-shot top-1 accuracy across four datasets.
DeCLIP is trained with a batch size of 512. The best results are
marked in bold. Memory usage and wall-clock time for training
one epoch are measured on a single NVIDIA RTX A6000 GPU.

Training efficiency. Table 11 reports memory usage and
wall-clock times for training one epoch with a batch size
of 1024. Each epoch comprises 577 iterations for the
COCO [27] (600K) dataset and 2,799 iterations for the
COCO + CC3M [27, 38] (3M) dataset. While CLIP-
KD [48] is approximately 1.3× to 1.8× slower than stan-
dard CLIP training, CLIP-PING maintains a comparable ef-
ficiency. Additionally, A-CLIP-PING strikes a compelling
balance between computational cost and performance gains.

Algorithm of CLIP-PING. We provide a detailed algo-
rithm of CLIP-PING in Algorithm 1.

7. Additional Results

Linear evaluation. In Tabs. 12 and 14, we compare linear
evaluation performance across several downstream tasks,
using ConvNeXt-Pico [29] and MNv4-Hybrid-M [35] im-
age encoders. The reported values represent the average
accuracy over the last 5 epochs of a total 30-epoch training
process. This comparison highlights the relative strengths
of CLIP-PING with different encoder architectures, empha-
sizing its competitive performance and strong transferabil-
ity.

Zero-shot classification. In Tabs. 13 and 15, we compare
zero-shot image classification performance across several
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Algorithm 1 CLIP-PING

Input: pre-trained encoders F∗
I and F∗

T , dataset D = {(Ik, Tk)}|D|
k=1, loss weights (α, λ), batch size N

Output: lightweight vision-language model (EI , ET )

*****/*** Unimodal Feature Extraction ***/*****
1: Initialize: auxiliary feature banks B∗I and B∗T
2: for k in range(|D|) do
3: B∗I ← z̃Ik , where z̃Ik = F∗

I (Ik) # extract image features and store them frozen in image auxiliary feature bank

4: B∗T ← z̃Tk , where z̃Tk = F∗
T (Tk) # extract text features and store them frozen in text auxiliary feature bank

5: end for

*****/*** Multi-modal Training ***/*****
6: Initialize: lightweight vision-language model (EI , ET ), support sets QI ⊂ B∗I and QT ⊂ B∗T
7: while training do
8: for k in range(N ) do
9: zIk = EI(Ik), z̃Ik ← B∗I (Ik) # extract image features and get corresponding frozen features

10: zTk = ET (Tk), z̃Tk ← B∗T (Tk) # extract text features and get corresponding frozen features

11: NN(z̃Ik) := argmin
q∈QI

||z̃Ik − q||2, XNN(z̃Ik) := z̃Ii ∈ QI , where z̃Ti = NN(z̃Tk ) # get image NN and XNN

12: NN(z̃Tk ) := argmin
q∈QT

||z̃Tk − q||2, XNN(z̃Tk ) := z̃Ti ∈ QT , where z̃Ii = NN(z̃Ik) # get text NN and XNN

13: LCLIP = 1
2 [L

CLIP
I→T (z

I
k, z

T
k ) + LCLIP

T→I(z
T
k , z

I
k)] # CLIP loss by Eqs. (1), (2), (3)

14: LNN
I = 1

2 [LNNI→I(NN(z̃Ik), z
I
k) + LI→NNI

(zIk,NN(z̃Ik))] # image NN supervision loss by Eqs. (4), (6)

15: LNN
T = 1

2 [LNNT→T (NN(z̃Tk ), z
T
k ) + LT→NNT

(zTk ,NN(z̃Tk ))] # text NN supervision loss by Eqs. (5), (7)

16: LPING
NN = LNN

I + LNN
T # intra-model contrastive supervision through NN samples by Eq. (8)

17: LXNN
I = 1

2 [LXNNI→I(XNN(z̃Ik), z
I
k) + LI→XNNI

(zIk,XNN(z̃Ik))] # image XNN supervision loss by Eqs. (9), (11)

18: LXNN
T = 1

2 [LXNNT→T (XNN(z̃Tk ), z
T
k )+LT→XNNT

(zTk ,XNN(z̃Tk )] # text XNN supervision loss by Eqs. (10), (12)

19: LPING
XNN = LXNN

I + LXNN
T # inter-model contrastive supervision through XNN samples by Eq. (13)

20: LPING = (1− α) · LPING
NN + α · LPING

XNN # overall PING supervision loss by Eq. (14)

21: LCLIP-PING = (1− λ) · LCLIP + λ · LPING # final CLIP-PING loss by Eq. (15)

22: FIFO UPDATE (QI , z̃
I
k) and FIFO UPDATE (QT , z̃

T
k )

23: UPDATE (EI ,LCLIP-PING) and UPDATE (ET ,LCLIP-PING)

24: end for
25: end while
26: return lightweight vision-language model (EI , ET )

downstream tasks, using ConvNeXt-Pico [29] and MNv4-
Hybrid-M [35] image encoders. This comparison high-
lights CLIP-PING’s competitive performance relative to
other methods, demonstrating its ability to effectively trans-
fer knowledge across tasks with diverse encoder architec-
tures. For the Stanford 40 Actions (SA-40) [50] dataset,

we use the prompt templates "a photo of a person
{label}" and "a photo of people {label}",
while the prompts in the original CLIP paper [36] are used
for other datasets.
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Method COCO (600K) COCO + CC3M (3M)

Memory
(MiB)↓

Time
(hours)↓

Memory
(MiB)↓

Time
(hours)↓

CLIP 11074 0.19 11379 0.86
CLIP-KD 25036 0.35 25305 1.18
CLIP-PING 11580 0.19 11885 0.88
A-CLIP-PING 25370 0.35 25639 1.15

(a) With ViT-XS [8] image encoder.

Method COCO (600K) COCO + CC3M (3M)

Memory
(MiB)↓

Time
(hours)↓

Memory
(MiB)↓

Time
(hours)↓

CLIP 16126 0.24 16299 1.08
CLIP-KD 28460 0.41 28633 1.42
CLIP-PING 16874 0.25 18615 1.13
A-CLIP-PING 28792 0.41 28965 1.39

(b) With ConvNeXt-Pico [29] image encoder.

Method COCO (600K) COCO + CC3M (3M)

Memory
(MiB)↓

Time
(hours)↓

Memory
(MiB)↓

Time
(hours)↓

CLIP 16696 0.28 15747 1.21
CLIP-KD 31780 0.44 30831 1.54
CLIP-PING 17050 0.28 16101 1.24
A-CLIP-PING 32110 0.44 31161 1.52

(c) With MNv4-Hybrid-M [35] image encoder.

Table 11. Comparison on memory usage and training duration per epoch. Experiments for the COCO [27] dataset are run on a single
NVIDIA RTX A6000 GPU, while those for the COCO + CC3M [27, 38] dataset are run on a single NVIDIA A100 GPU.

Method STL-10 CIFAR-10 CIFAR-100 IN-1K Avg

Pre-training Dataset: COCO [27] (600K)

CLIP 83.5 69.5 43.2 - 65.4
CLIP-D 86.3 70.5 44.1 - 67.0
CLIP-F 85.4 67.5 43.0 - 65.3
CLIP-KD 85.4 71.7 46.5 - 67.9
CLIP-PING (ours) 86.1 70.5 44.8 - 67.1
A-CLIP-PING (ours) 89.8 77.9 54.2 - 74.0

Pre-training Dataset: COCO + CC3M [27, 38] (3M)

CLIP 92.5 73.3 48.9 50.8 66.4
CLIP-KD 93.8 77.8 55.1 56.9 70.9
CLIP-PING (ours) 94.7 78.2 55.8 59.8 72.1
A-CLIP-PING (ours) 96.1 87.8 68.7 62.5 78.8

Table 12. Comparison on linear evaluation performance. The best
results are marked in bold. ConvNeXt-Pico [29] is the image en-
coder.

Method STL-10 CIFAR-10 CIFAR-100 SA-40 IN-1K Avg

Pre-training Dataset: COCO [27] (600K)

CLIP 69.7 35.5 9.4 34.6 - 37.3
CLIP-D 73.6 40.7 12.0 41.4 - 41.9
CLIP-F 70.0 35.4 10.8 39.0 - 38.8
CLIP-KD 71.1 35.5 9.2 36.5 - 38.1
CLIP-PING (ours) 71.3 41.6 12.9 41.2 - 41.8
A-CLIP-PING (ours) 77.0 57.2 18.4 44.0 - 49.2

Pre-training Dataset: COCO + CC3M [27, 38] (3M)

CLIP 85.9 52.9 17.4 58.7 18.6 46.7
CLIP-KD 88.4 62.8 22.9 60.2 20.7 51.0
CLIP-PING (ours) 89.0 63.9 27.6 64.0 25.1 53.9
A-CLIP-PING (ours) 91.2 75.3 41.6 66.2 27.1 60.3

Table 13. Comparison on zero-shot classification performance.
The best results are marked in bold. ConvNeXt-Pico [29] is the
image encoder.

Impact of projection dimension. In Tab. 16, we vary the
projection dimension in powers of 2, from 128 to 2048. Our
analysis reveals that a projection dimension of 256 consis-
tently achieves the best trade-off between performance and
computational efficiency across all three model pairs. This
indicates that smaller projection dimensions, such as 128,
may limit the model’s ability to capture rich semantic rep-
resentations, while larger dimensions, such as 2048, intro-
duce unnecessary computational overhead without substan-
tial performance gains. Consequently, we select 256 as the
optimal projection dimension, balancing both performance
and resource efficiency.

Method STL-10 CIFAR-10 CIFAR-100 IN-1K Avg

Pre-training Dataset: COCO [27] (600K)

CLIP 80.4 49.0 20.4 - 49.9
CLIP-D 82.9 53.1 24.8 - 53.6
CLIP-F 80.3 50.0 21.7 - 50.7
CLIP-KD 82.5 53.2 24.5 - 53.4
CLIP-PING (ours) 84.1 55.4 27.9 - 55.8
A-CLIP-PING (ours) 85.9 66.7 40.6 - 64.4

Pre-training Dataset: COCO + CC3M [27, 38] (3M)

CLIP 79.9 50.3 23.5 49.6 50.8
CLIP-KD 86.2 58.8 32.5 54.5 58.0
CLIP-PING (ours) 90.6 58.1 36.4 61.8 61.7
A-CLIP-PING (ours) 92.9 69.2 43.4 64.4 67.5

Table 14. Comparison on linear evaluation performance. The best
results are marked in bold. MNv4-Hybrid-M [35] is the image
encoder.

Method STL-10 CIFAR-10 CIFAR-100 SA-40 IN-1K Avg

Pre-training Dataset: COCO [27] (600K)

CLIP 69.4 24.6 6.1 35.7 - 34.0
CLIP-D 73.4 39.5 11.1 42.9 - 41.7
CLIP-F 70.1 37.8 8.7 39.6 - 39.1
CLIP-KD 70.4 26.4 5.8 36.9 - 34.9
CLIP-PING (ours) 73.2 42.1 12.0 41.7 - 42.3
A-CLIP-PING (ours) 79.7 58.5 19.8 47.4 - 51.4

Pre-training Dataset: COCO + CC3M [27, 38] (3M)

CLIP 85.1 52.3 20.4 58.1 18.3 46.8
CLIP-KD 88.3 63.4 24.8 61.1 20.6 51.6
CLIP-PING (ours) 89.1 72.9 34.1 66.6 26.2 57.8
A-CLIP-PING (ours) 92.7 81.0 46.8 68.5 28.6 63.5

Table 15. Comparison on zero-shot classification performance.
The best results are marked in bold. MNv4-Hybrid-M [35] is the
image encoder.

Random support set. We further explore the impact of
support set update strategies by comparing the default first-
in-first-out (FIFO) with a random update strategy. We find
that the FIFO approach consistently outperforms random
updates. Detailed results are presented in Tab. 17.

Impact of supervision modality. In Tab. 18, we inves-
tigate the impact of different supervision sources on per-
formance using ConvNeXt-Pico [29] and MNv4-Hybrid-
M [35] image encoders. The analysis includes three setups:
(1) the default configuration with both image and text super-
vision, (2) with only text supervision (w/o LNN

I and LXNN
I
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d
Flickr30K [51] ZS

I2T@1 T2I@1 Avg

128 26.3 19.1 39.7
256 28.1 20.2 41.2
512 28.5 20.8 39.2

1024 25.3 19.5 40.8
2048 25.9 20.2 39.4

(a) With ViT-XS [8] image encoder.

d
Flickr30K [51] ZS

I2T@1 T2I@1 Avg

128 28.1 20.7 40.6
256 29.6 20.8 41.8
512 28.2 20.8 41.8
1024 27.2 22.2 43.2
2048 27.6 21.3 44.1

(b) With ConvNeXt-Pico [29] image encoder.

d
Flickr30K [51] ZS

I2T@1 T2I@1 Avg

128 27.4 21.0 40.3
256 29.9 21.5 42.3
512 28.4 20.9 42.2
1024 28.8 21.1 41.5
2048 28.7 21.6 41.9

(c) With MNv4-Hybrid-M [35] image encoder.

Table 16. Impact of projection dimension (d) on retrieval performance for Flickr30K [51] and average zero-shot top-1 classification
accuracy across four datasets, using the image encoders pre-trained on COCO [27] dataset. The best results are marked in bold.

Support Set
Update

Flickr30K [51] ZS
I2T@1 T2I@1 Avg

FIFO 28.1 20.2 41.2
Random 27.1 19.1 39.6

(a) With ViT-XS [8] image encoder.

Support Set
Update

Flickr30K [51] ZS
I2T@1 T2I@1 Avg

FIFO 29.6 20.8 41.8
Random 26.6 20.9 41.4

(b) With ConvNeXt-Pico [29] image encoder.

Support Set
Update

Flickr30K [51] ZS
I2T@1 T2I@1 Avg

FIFO 29.9 21.5 42.3
Random 25.7 19.8 40.4

(c) With MNv4-Hybrid-M [35] image encoder.

Table 17. Impact of support set update strategy on retrieval performance for Flickr30K [51] and average zero-shot top-1 classification
accuracy across four datasets, using the image encoders pre-trained on COCO [27] dataset. The best results are marked in bold.

Super-
vision

Flickr30K [51] ZS
I2T@1 T2I@1 Avg

both 29.6 20.8 41.8
txt only 19.1 15.8 40.5

img only 25.6 18.4 42.2

(a) With ConvNeXt-Pico [29].

Super-
vision

Flickr30K [51] ZS
I2T@1 T2I@1 Avg

both 29.9 21.5 42.3
txt only 21.2 17.2 37.5

img only 25.4 18.4 39.4

(b) With MNv4-Hybrid-M [35].

Table 18. Ablation on supervision sources for retrieval perfor-
mance on Flickr30K [51] and average zero-shot top-1 accuracy
across four datasets, using the image encoders pre-trained on
COCO [27] dataset. The best results are marked in bold.

in Eqs. (8) and (13)), and (3) with only image supervision
(w/o LNN

T and LXNN
T in Eqs. (8) and (13)). We find that

CLIP-PING benefits equally from both sources of supervi-
sion.

Impact of unimodal feature extractor. In Tabs. 19
and 20, we employ ViT-B/16 [8], pre-trained on Ima-
geNet [6] (i.e., vit base patch16 224) as our image teacher
or feature extractor and analyze its effect on performance.
This analysis reveals that CLIP-PING variants consistently
outperform competing methods. Table 19 summarizes re-
sults for models trained on COCO [27] and Tab. 20 provides
results for the combined dataset.
8. Discussion on Limitations and Future Work
The absence of explicit distillation in CLIP-PING may limit
its ability to directly leverage real-time knowledge from
larger pre-trained models. To fill this gap, we introduced
A-CLIP-PING, a variant that integrates teacher-student
learning into the framework. A-CLIP-PING achieves a

Method Flickr30K [51] ZS
I2T@1 T2I@1 Avg

CLIP-D 25.1 19.1 42.6
CLIP-F 24.9 17.4 41.6
CLIP-KD 28.0 21.2 40.4
CLIP-PING 27.9 20.0 41.5
A-CLIP-PING 29.4 21.9 45.6

(a) With ConvNeXt-Pico [29].

Method Flickr30K [51] ZS
I2T@1 T2I@1 Avg

CLIP-D 22.6 17.4 38.2
CLIP-F 19.6 14.2 33.4
CLIP-KD 27.2 21.0 39.0
CLIP-PING 27.3 20.5 39.3
A-CLIP-PING 30.8 22.5 42.8

(b) With MNv4-Hybrid-M [35].

Table 19. Effect of ViT-B/16 [8] on retrieval performance for
Flickr30K [51] and average zero-shot top-1 accuracy across four
datasets, using image encoders pre-trained on COCO [27] dataset.
The best results are marked in bold.

compelling balance between computational efficiency and
performance gains, making the choice between CLIP-PING
and A-CLIP-PING dependent on the specific trade-offs re-
quired by different applications. Our findings show that
CLIP-PING excels in resource-constrained settings, offer-
ing an effective solution for efficient multi-modal learn-
ing. However, its scalability for large-scale pre-training
on excessively large multi-modal datasets remains unex-
plored due to computational limitations. Our study aims
to provide valuable insights and encourage further explo-
ration into lightweight and efficient vision-language mod-
els. Future research could extend CLIP-PING to additional
modalities beyond image and text, as well as fine-tune it for
diverse on-device tasks to further unlock its potential.
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