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Abstract

Deploying high-performing neural networks in resource-
constrained environments poses a significant challenge due
to the computational demands of large-scale models. We
introduce VL2Lite, a knowledge distillation framework de-
signed to enhance the performance of lightweight neural
networks in image classification tasks by leveraging the rich
representational knowledge from Vision-Language Models
(VLMs). VL2Lite directly integrates multi-modal knowledge
from VLMs into compact models during training, effectively
compensating for the limited computational and modeling
capabilities of smaller networks. By transferring high-level
features and complex data representations, our approach
improves the accuracy and efficiency of image classifica-
tion tasks without increasing computational overhead dur-
ing inference. Experimental evaluations demonstrate that
VL2Lite achieves up to a 7% improvement in classifica-
tion performance across various datasets. This method ad-
dresses the challenge of deploying accurate models in en-
vironments with constrained computational resources, of-
fering a balanced solution between model complexity and
operational efficiency.

1. Introduction

Large-scale Vision-Language Models (VLMs) have signif-
icantly advanced the field by effectively integrating high-
dimensional visual data with rich textual information [1, 2,
23,24,37,44,45, 48, 52]. Trained on extensive multimodal
datasets [8, 40], these models excel in various downstream
tasks, from image recognition [32] to text-to-image genera-
tion [38]. However, their practical deployment is hindered
by substantial computational complexity [50], posing chal-
lenges in real-time applications and resource-constrained
environments like edge devices.

Lightweight neural networks aim to alleviate this is-
sue by reducing computational demands but often suffer
from performance degradation compared to their large-
scale counterparts [9, 50]. Enhancing the efficiency of
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Figure 1. An overview of our proposed method VL2Lite, illustrat-
ing the knowledge distillation from a VLM to a lightweight neural
network. The bar charts on the right demonstrate the task-specific
classification performance improvement.

lightweight models without sacrificing accuracy remains a
critical challenge in computer vision.

Knowledge Distillation (KD) [10, 15, 17, 28] has
emerged as an effective technique to transfer knowledge
from a large teacher model to a smaller student model,
improving performance while maintaining computational
efficiency. Traditional KD methods involve a two-stage
training process—pre-training the teacher model on specific
tasks, followed by distillation to the student model—which
is time-consuming and resource-intensive. Moreover, these
methods risk transferring the teacher’s biases to the student
[34].

In this paper, we propose VL2Lite, a novel one-
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step knowledge distillation framework that directly trans-
fers multimodal knowledge from pre-trained VLMs to
lightweight neural networks during task-specific training.
By leveraging the rich visual and linguistic representations
inherent in VLMs without additional teacher training, our
approach streamlines the training pipeline and enhances the
student model’s representational capacity. This is analogous
to fine-tuning small models using pre-trained Large Lan-
guage Models (LLMs) [18, 20, 46], simplifying the overall
process.

Furthermore, we employ prompt engineering to extract
meaningful text features, augmenting the student model’s
linguistic understanding and improving performance on vi-
sual tasks. The proposed method integrates task loss, vi-
sual KD loss, and linguistic KD loss into a composite loss
function, enabling simultaneous classification and knowl-
edge distillation in a single training phase.

To bridge the gap between the high-dimensional fea-
ture space of VLMs and the lower-dimensional space of
lightweight models, we introduce a knowledge condensa-
tion layer. This layer effectively compresses the rich repre-
sentations from VLMs into a format suitable for the student
model, facilitating efficient knowledge transfer.

Our method outperforms existing supervised and KD
techniques on multiple classification tasks, with gains up
to 7%. This demonstrates the effectiveness of VL2Lite
for real-time deployment on resource-constrained devices
in Fig. 1. Our main contributions are:

1) We introduce a novel approach for direct KD from VLMs
to lightweight models to reduce time and computational re-
sources.

2) Our proposed VL2Lite demonstrates an enhanced ability
to distill extensive multi-modal knowledge more effectively
than existing KD techniques, ensuring that lightweight
models retain a high level of performance while operating
under computational constraints.

3) By employing text representation features obtained via
prompt engineering, we enhance the linguistic comprehen-
sion of lightweight models, which leads to a significant
boost in their visual task performance.

4) The proposed distillation approach surpasses traditional
supervised learning and KD methodologies in various task-
specific classifications, showing up to a 7% higher perfor-
mance across multiple datasets. This demonstrates its ro-
bustness and versatility in enhancing model performance
for real-time processing and on-edge computing devices
with limited resources.

2. Related Work

2.1. Vision-Language Models

Large-scale Vision-Language Models (VLMs) such as
CLIP [37], OpenCLIP [2], GLIP [24], OFA [44], SimVLM

[48], BEIT [45], Florence [52], Flamingo [1], and LLaVa
[27] have significantly advanced multimodal learning by ef-
fectively integrating visual and textual modalities. Lever-
aging massive internet-scale datasets [8, 40], these models
demonstrate exceptional performance across various tasks
such as image classification, object detection, and image-
to-text generation.

Despite their impressive capabilities, VLMs often en-
counter challenges in fine-grained, task-specific distinc-
tions within categories, particularly when such nuances are
subtle or underrepresented in training data. To enhance
task-specific performance, various methods have been pro-
posed [13, 26, 51, 53]. Techniques like prompt engineer-
ing [12, 13] involve designing text prompts to guide VLM
outputs toward desired responses. Moreover, fine-tuning
approaches that integrate vision-language strategies have
proven effective in optimizing VLMs for specialized appli-
cations.

In contrast to these methods, our study introduces a dis-
tillation framework that transfers the rich feature represen-
tations of large-scale VLMs into lightweight neural net-
work architectures. We focus on effectively distilling both
visual and linguistic representations into compact models,
enabling deployment in resource-constrained environments
while preserving the adaptability and robustness inherent in
extensively trained multimodal models.

2.2. Knowledge Distillation to Lightweight Models

Knowledge Distillation (KD) [16, 47] is a technique for
transferring knowledge from a larger, well-trained teacher
model to a smaller, more efficient student model. Tradi-
tional KD approaches align the student’s outputs with those
of the teacher, often using Kullback-Leibler divergence to
match predicted probabilities. Recent advancements extend
beyond output alignment to transferring intermediate fea-
ture representations and relational knowledge [6, 9, 35, 47],
enhancing the student’s ability to replicate the teacher’s data
processing and interpretation mechanisms.

Conventional KD typically involves a two-stage pro-
cess: pre-training a large teacher model and then distilling
knowledge to the student model. This approach is time-
consuming and resource-intensive, and may propagate bi-
ases from the teacher to the student [34]. Our proposed
method deviates from this by employing a single-stage pro-
cess where only the student model is trained, using a fixed
pre-trained teacher model. This strategy prevents bias prop-
agation and allows the teacher’s guidance to regularize the
student model, making the distillation process more re-
silient to biases in the training data.

Unlike two-stage methods that often fine-tune the
teacher on the same target dataset before distilling, our ap-
proach keeps the large VLM frozen, bypassing teacher fine-
tuning. Thus, we only train the student (plus minimal MLP
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layers) in a single step, reducing overhead and risk of over-
fitting the teacher.

This efficiency is crucial for deployment in resource-
constrained environments, setting our approach apart from
traditional methods. By freezing the teacher model,
VL2Lite minimizes computational overhead and reduces
the transfer of dataset-specific biases, ensuring a more bal-
anced learning process.

2.3. Knowledge Distillation from Vision-Language
Models

With the advent of VLMs, knowledge distillation has ex-
panded to encompass multimodal knowledge transfer, in-
tegrating both visual and textual data [5, 49]. This ex-
tension allows for more robust knowledge transfer to stu-
dent models, enhancing performance on tasks such as open-
vocabulary detection. The integration of self-supervised
learning with KD has introduced methods for transferring
relational knowledge across modalities [6, 9], using tech-
niques like contrastive loss to bolster the student’s learning
capacity.

Recent efforts have focused on condensing the extensive
knowledge from large-scale VLMs into lightweight net-
works [25, 50]. Methods like RISE [19] employ CLIP’s
extensive knowledge for domain generalization by aligning
student image representations with teacher-generated tex-
tual embeddings. However, directly minimizing distances
between features from different domains may diverge from
VLMs’ intrinsic contrastive learning framework, potentially
limiting the inherent representational diversity.

In contrast, our proposed VL2Lite emphasizes direct
knowledge transfer within the same domain, aligning with
the foundational principles of contrastive learning in VLMs.
This domain-specific strategy leverages data similarities to
optimize the distillation process. Empirical studies con-
firm that this approach not only preserves the relevance
of transferred knowledge but also enhances student model
performance [50], facilitating the development of efficient
lightweight models for specific tasks.

3. Methods

In this section, we introduce the comprehensive methodol-
ogy of our proposed VL2Lite framework, designed to refine
lightweight neural networks through task-specific training,
visual comprehension, and linguistic understanding. The
overall architecture of VL2L.ite is depicted in Figure 2.

3.1. Overview

Our VL2Lite framework aims to distill knowledge
from large-scale Vision-Language Models (VLMs) into
lightweight neural networks to improve their performance
on task-specific classification tasks, particularly in fine-
grained domains and with limited data availability. The

key idea is to leverage the rich multimodal representations
of VLMs without incurring significant computational over-
head during deployment.

The framework involves training a lightweight student
model with guidance from a pre-trained VLM, using both
visual and linguistic knowledge distillation techniques.
During training, the VLM’s parameters are kept frozen to
preserve their learned representations.

3.2. Task-Specific Classification

To ensure that our lightweight model is effectively tailored
to the classification tasks at hand, we define the task-specific
classification loss L. This loss function is computed using
the cross-entropy between the predicted probabilities and
the ground truth labels.

For an input image x and its corresponding ground truth
label y, the lightweight model processes = through its en-
coder to extract feature representations. These features are
then passed through a fully connected layer with a softmax
activation to produce class probabilities.

The task-specific classification loss for a single observa-
tion is mathematically defined as:

Nis

Lcls = - Z Yo,c log(p(yo,c|x))a (1)
c=1

where: - N is the number of classes, - y, . is a bi-
nary indicator for the correctness of class ¢ for observation
o (i.e., Yo, = 1 if the ground truth class is ¢, and y, . = 0
otherwise), - p(yo .|z) is the predicted probability of class ¢
given input z.

This loss encourages the lightweight model to produce
high probabilities for the correct classes, improving its clas-
sification accuracy on the task-specific datasets.

3.3. Visual Knowledge Distillation

The objective of the visual knowledge distillation stage is
to effectively transfer the visual representation capabilities
from the VLM to the lightweight model within the con-
straints of its reduced complexity. This is achieved through
a dimensional reduction mechanism known as the conden-
sation layer, which serves as the knowledge projection
layer. Additionally, the preservation of relational feature
integrity is ensured by employing a dedicated loss function
called Relational Knowledge Distillation (RKD) [35].

The condensation layer, designated as cdimg(~), converts
the VLM’s high-dimensional feature outputs into a lower-
dimensional space suitable for the lightweight model, while
the original high-dimensional features from the VLM re-
main static due to the encoder being frozen. This step is
crucial to ensure that the distilled model retains the essen-
tial visual information for task-specific classification:

! = Cdimg (VLMimg (LL')), (2)

vim
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Figure 2. A detailed architecture of the proposed VL2Lite framework. The framework comprises three key components: (1) a lightweight
model that learns task-specific classification (L), (2) a visual knowledge distillation component (L.is) that aligns the image representa-
tions of the lightweight model with those of the VLM, and (3) a linguistic knowledge distillation component (L) that harmonizes the
lightweight model’s representations with the VLM’s text encoder outputs.

where I/, represents the transformed feature vector of
the VLM after the condensation projection.

Similarly, the lightweight model produces its own fea-
ture representation:

I = LW(z), 3)

where LW(z) is the output of the lightweight model’s
encoder for input x.

We compute the pairwise Euclidean distances dj,, in the
lightweight model’s feature space as:

i (4, ) = [T (i) — T ()11 )
This metric reflects the spatial relationship between fea-
tures as captured by the lightweight model.
Similarly, the pairwise Euclidean distances d.,,, between
the transformed VLM feature vectors are:

dvlm(z .]) - ||Ivlm('r1) _ICIm(‘rj)” ) (5)

The visual knowledge distillation loss L, is defined as

the sum of discrepancies between the pairwise distances of

the lightweight model and those of the transformed VLM

features, using the smooth L1 loss function for robustness
against outliers:

1 N N

m Z Z Llsmooth(dlw(iaj) - d(,lm(i7j)), (6)

i=1 j=1

ﬁvis =

where the smooth L1 loss function L1gpnem(9) is defined
as:

0.502,
16] — 0.5,

if 9] < 1,
otherwise.

Llsmoolh(é) = { (7)

By minimizing Ly;s, we align the lightweight model’s
feature space with the relational knowledge structure of the
VLM, enabling it to perform complex visual task interpre-
tation efficiently.

3.4. Linguistic Knowledge Distillation

The objective of linguistic knowledge distillation is to en-
able the lightweight model to comprehend and process tex-
tual data, as encoded by the frozen VLM text encoder. This
is achieved by aligning the feature space of the lightweight
model with that of the VLM using a condensation layer
cdix ().

The VLM’s text encoder is frozen to maintain the in-
tegrity of its pre-trained language representations. To facil-
itate compatibility with the lightweight model, we employ
the condensation layer:

Tvlm = VLM (Prompt(y))7 (8)

;lm = Cdtxt(Tvlm)7 (9)

where prompt(y) converts class labels into text prompts
(e.g., “A photo of a [class name]”).

We compute the cosine similarities between the image
features and the textual features:
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IT] Tvlm
COSy|m = —————— (10)
||Iv1m||||Tvlm||
| A
COSpy = —— W _vim __ (11)
[T [[[[ Tl

The linguistic knowledge distillation loss function is for-
mulated as:

COS}yw coSy
Lo =T? KL (softmax (Tl> , softmax ( T““)) ,

where T is the temperature parameter that softens the
probability distributions, facilitating the distillation of com-
plex linguistic patterns into the lightweight model.

To clarify, each dot product cos,y, or cosyy, is computed
per class/prompt, resulting in a vector of length N.s. We
then apply softmax over this vector to obtain a distribu-
tion, which ensures alignment between teacher and student
across classes (Eq. (12)).

By minimizing L, the lightweight model learns to align
its visual features with the VLM’s textual representations,
enhancing its semantic understanding.

3.5. Overall Objective Function

The total loss Ly for the training phase is defined as:

Etotal = )\clchls + )\ViSLViS + /\lxtﬁtxla (13)

subject to A + Avis + At = 1, where Ags, Avis, and A
are hyperparameters controlling the relative importance of
each loss component.

In our experiments, we initialized Aqs = 0.01, and
Avis = At = 0.495. During training, A\gs gradually in-
creases, amplifying the importance of the classification loss.
This dynamic weighting strategy ensures an initial focus on
distilling knowledge from the VLM, followed by a refined
emphasis on task-specific accuracy as the model evolves.

The training process involves backpropagating the gra-
dients of Lo, through both the lightweight model and the
condensation layers while keeping the VLM’s parameters
static. This ensures that the distilled knowledge is effec-
tively embedded within the lightweight model’s parameters.

3.6. Implementation Details

Vision-Language Model (VLM): We employed the
ConvNeXt-XXLarge network [30] from OpenCLIP
[2], which provides a 1024-dimensional feature output.
For transformer-based lightweight models like Swin
Transformer-Tiny, we used the ViT-Large model [4] to
maintain architectural compatibility.

Lightweight Models: We used architectures such as
ResNet-18 [14], ResNet-34 [14], EfficientNet-BO [41],
MobileNet-V2 [39], ShuffleNet-V2 [31], and Swin

Transformer-Tiny [29]. These models were initialized with
ImageNet-pretrained weights. Additionally, we included
models pre-trained with self-supervised learning methods,
such as SEED [6] and DisCo [9].

Condensation Layers: For knowledge projection, we used
dual condensation layers. Each condensation layer consists
of two fully connected layers with activation functions for
nonlinear dimension reduction. Through experimentation,
we found that a two-layer MLP provided the best balance
between complexity and performance. The layers are not
pre-trained and are randomly initialized (Xavier).

Training Details: Models were trained using stochastic
gradient descent with momentum. The batch size was set
to 256. The temperature parameter 7' was set to 2. Data
augmentation techniques consistent with those used in the
experiments were applied.

Self-Supervised Pre-training: VL2Lite was applied to
models pre-trained with SEED and DisCo to enhance per-
formance.

Training with Limited Data: To assess learning efficiency
under data shortages, models were trained with 30%, 50%,
and 100% of the training data.

Code availability. The official implementation is available
at https://github.com/jsjang AI/VL2L.ite.

3.7. Training Procedure

The training procedure is as follows:

1. Initialization: Initialize the lightweight model and
condensation layers.

2. Freeze VLM Parameters: Keep the VLM’s parame-
ters frozen.

3. Dynamic Weighting: Set initial values of A, Avis,
and A\, adjusting them dynamically during training.

4. Training Loop: For each epoch: - Compute L5, Lyis,
and L. - Update the lightweight model and condensation
layers. - Adjust the weighting hyperparameters.

5. Inference: After training, deploy only the lightweight
model and condensation layers.

3.8. Hardware and Computational Resources

All experiments were conducted on machines equipped
with four NVIDIA A4000 GPUs. The models were trained
with a batch size of 256, allowing efficient use of GPU
memory and reducing training times, particularly when han-
dling large-scale VLMs and performing knowledge distilla-
tion across multiple lightweight architectures.

4. Experiments

4.1. Experimental Datasets

For our model’s validation, we selected a range of datasets
that challenge both task-specific and general classification
skills. These datasets include CUB-200-2011 [43] for bird
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species categorization, FGVC-Aircraft [33] for identify-
ing aircraft models, and NABirds [42] for species recog-
nition. The DTD dataset [3] tests texture recognition abil-
ities, while Oxford-IIIT Pet [36] and Stanford Dogs [21]
provide a basis for breed identification in pets and dogs,
respectively. The Stanford Cars dataset [22] requires de-
tailed distinctions among car models. Our primary objec-
tive is task-specific, fine-grained classification tasks, which
reflect a significant demand in practical applications, par-
ticularly when dealing with small-scale data. To assess the
model’s general classification process, we incorporated the
well-known Caltech-101 [7] and Caltech-256 [11] datasets,
which offer a broad array of object recognition challenges.
We adhered to established dataset splits to maintain consis-
tency with conventional studies.

4.2. Comparisons Studies

Comparisons with models w/o KD. The data presented in
Table | demonstrate a consistent increase in the accuracy
of lightweight models through the application of KD from
VLMs. Every model, without exception, showed perfor-
mance improvements, indicating the successful integration
of knowledge from VLMs. For “w/o KD,” we set both Ay;s
and Ayt to zero, keeping all other hyperparameters (opti-
mizer, batch size, etc.) identical to the KD setting. Hence,
any performance difference is attributed purely to the distil-
lation process.

The improvement is more pronounced in simpler models
like ResNet-18 and MobileNet-V2, which benefitted signif-
icantly from KD. For instance, ResNet-18 showed a 6.43%
increase in accuracy on the CUB-200-2011 dataset, as de-
tailed in Table 1. These results suggest that KD is particu-
larly beneficial for tasks requiring fine-grained feature dif-
ferentiation.

On the other hand, the advanced Swin Transformer
model, despite its inherent complexity and strong learn-
ing capability, also demonstrated noticeable improvements
through our proposed VL2Lite method. These results high-
light the versatility and effectiveness of VL2Lite, under-
scoring its ability to enhance even the most sophisticated
and high-performing models.

Task-specific datasets showed larger gains from KD, re-
flecting their direct relevance to the distilled knowledge.
General-purpose tasks also improved moderately, confirm-
ing the broader utility of KD.

In conclusion, the evaluation evidenced by Table I
shows the efficacy of KD in improving the performance
of lightweight models across a range of tasks. The con-
sistent improvements noted across various models and
datasets validate KD’s utility as a tool for optimizing var-
ious lightweight models’ accuracy.

Comparisons with other methods. The evaluation pre-
sented in Table 2 shows the effectiveness of VL2Lite in

enhancing the performance of lightweight models through
knowledge distillation. By comparing VL2Lite with tradi-
tional KD methods using teacher model as ResNet152 and
CLIP, it is evident that VL2Lite achieves superior perfor-
mance, underscoring its efficacy in distilling complex visual
and linguistic knowledge into more compact models.

Significantly, when contrasting VL2Lite with recent ap-
proaches like RISE and BorLan, VL2Lite exhibits notable
improvements. This is particularly remarkable against the
backdrop of RISE, which was among the first to directly
distill knowledge from large-scale VLMs for domain gen-
eralization. VL2Lite’s approach, which focuses on within-
domain feature alignment and leveraging contrastive learn-
ing principles similar to those in CLIP, demonstrates a more
refined strategy. This method ensures a more effective
transfer of knowledge, crucial for maintaining the integrity
of learned representations in lightweight models.

Furthermore, RISE directly minimizes the distance be-
tween embedding features from different domains, a pro-
cess that recent empirical studies [32] in VLM distillation
have suggested might not be as effective as maintaining or
contrasting similarities within the same domain. In contrast,
our proposed VL2Lite conforms to this latest understand-
ing, optimizing distances more effectively within the same
domain and utilizing contrastive learning principles used in
CLIP [37] for managing cross-domain variance.

4.3. Ablation Studies

The efficacy of different loss components. In our abla-
tion study, as detailed in Table 3, we studied the effect of
various loss functions on the performance of a ResNet-18
model across various datasets designed for task-specific im-
age classification. Adding visual knowledge distillation loss
L,is has led to some improvements, especially in datasets
that require attention to task-specific details, such as CUB-
200-2011 and FGVC Aircraft. This suggests that visual KD
is important for the model to effectively utilize the fine vi-
sual features that differentiate classes.

The results demonstrate that the performance gains de-
rived from linguistic knowledge distillation loss are notably
more significant than visual distillation loss. This indicates
that the knowledge distilled from the language encoder of
VLMs is rich in semantic and structured information. Such
text-based knowledge offers robust supervision, effectively
guiding the learning process of lightweight models. Conse-
quently, this leads to enhanced generalization capabilities,
emphasizing the importance of linguistic knowledge in the
distillation process.

Using all three losses together has consistently in-
creased accuracy across all datasets, confirming that a
multi-component loss structure is beneficial. Our proposed
integration method ensures the comprehensiveness of the
distilled knowledge from the teacher model, encompassing
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Table 1. Quantitative performance improvements of VL2Lite on various task-specific classification datasets, comparing models before and

after applying our proposed KD method. Performance enhancements are highlighted to emphasize the impact of the VL2Lite approach.

Datasets

Model Method ;5 500  FGVC NABirds DTD  Oxford Pet SfDogs SfCars Ct101  Ci-256
wioKD  6495%  5098% 57.01% 67.25%  85.82%  67.80% 70.03% 90.45% 77.58%

R-18 VL2Lite 71.38% 5587% 63.26% 71.78%  $8.72%  72.40% 71.09% 92.33% 79.28%
Diff. 16.43%  +4.89% +625% +453%  42.90%  +4.60% +7.06% +1.88% +1.70%

wioKD  69.64%  58.09% 63.05% 70.99%  89.34%  74.10% 7475% 92.06%  80.99%

R-34 VL2Lite 7620% 61.60% 68.85% 7291% 91.30% 77.30% 81.83% 93.24% 83.27%
Diff. +656% +351% +535% +1.92%  +1.96%  +320% +7.08% +1.18% +2.28%

wioKD  66.89%  48.66% 62.91% 69.94%  8727%  73.80% 66.60% 92.49%  84.38%

Eff-BO VL2Lite 7387% 52.18% 69.78% 7213%  90.02%  77.68% 75.00% 93.19% 85.55%
Diff. +6.98%  +3.52% +6.87% +2.19%  +275%  +3.88% +8.40% +0.70% +1.17%

wioKD  64.13%  4854% 57.79% 67.07%  85.66%  68.14% 68.52% 89.37% 76.13%

Mob-V2  VL2Lite 71.02% 53.82% 64.21% 69.95%  88.06% 7324% 74.99% 91.15% 78.44%
Diff. 16.89%  +528% +642% 42.88%  42.40%  +510% +647% +1.78% +2.32%

wioKD  69.40%  50.49%  63.05% 7221%  8721%  72.61% 69.34% 92.22% 81.19%

Shuf-V2  VL2Lite 74.99% 54.88% 69.78% 74.22%  89.86% 76.59% 7811% 93.35% 84.04%
Diff. +5.59%  +439% +6.71% +2.01%  +2.65%  +3.98% +8.77% +1.13% +2.86%

wioKD  80.68%  6693% 76.11% 77.96%  93.40%  8520% 81.79% 95.65% 89.28%

Swin-Tiny VL2Lite 83.83% 7093% 8025% 79.94% 94.52%  86.76% $6.39% 96.14% 90.41%
Diff. +3.15% +4.00% +3.83% +2.44%  +1.12%  +1.56% +4.60% +0.49% +1.13%

Table 2. Comparative analysis of classification performance on various datasets using ResNet-18 and MobileNet-V2 models with vari-
ous KD methods. While most of the KD methods enhance performance, VL2Lite excels by leveraging domain-specific distillation and

contrastive learning for improved cross-domain variance management.

Model Method . Datasets
CUB-200 FGVC NABirds DTD Oxford Pet SfDogs SfCars Ct-101 Ct-256
w/o KD 64.95% 5098% 57.01% 67.25% 85.82% 67.80% 70.03% 90.45% 77.58%
KD (T: R-152) 65.43%  51.94% 57.05%  66.38% 85.99% 6737% 72.07% 91.90% 77.86%
RKD (T: R-152)  66.49%  54.58%  58.87%  70.82% 86.74% 68.80% 72.96% 92.22%  78.59%
R-18 KD (T: CLIP) 7095%  53.83% 62.22%  66.72% 86.74% 68.80% 74.99% 90.28%  77.43%
RKD (T: CLIP)  6831%  5098% 61.16%  68.80% 86.94% 69.03% 72.19% 90.93%  77.98%
RISE 69.69%  54.81% 59.00% 67.33% 86.81% 68.72% 72.45% 91.68% 78.12%
BorLan 66.79%  51.14% 59.94%  68.64% 87.28% 69.25% 70.711% 90.50%  78.64%
VL2Lite 71.38%  55.87% 63.26% 71.78% 88.72% 72.40% 77.09% 92.33% 79.28%
w/o KD 64.13%  48.54% 57.79%  67.07% 85.66% 68.14% 68.52% 89.37% 76.13%
KD (T: R-152) 63.48%  4952% 5741%  68.12% 86.39% 69.02% 6931% 89.97% 77.31%
RKD (T: R-152)  66.09%  52.39%  59.23%  69.47% 86.48% 69.55% 70.89% 90.50% 77.46%
Mob-V2 KD (T: CLIP) 68.00%  48.78% 63.81% 67.90% 86.07% 73.02% 68.74% 88.02%  76.60%
RKD (T: CLIP)  67.95%  50.29% 60.93% 66.81% 86.56% 69.45% 71.23% 89.48%  76.94%
RISE 6751%  52.44% 60.43%  66.64% 86.03% 69.28% 72.67% 89.710% 76.25%
BorLan 67.38%  52.69% 62.16%  69.60% 87.58% 70.62% 69.08% 90.50% 78.82%
VL2Lite 71.02%  53.82% 64.21% 69.95% 88.06% 73.24% 74.99% 91.15% 78.44%

Table 3. The efficacy of different loss components in our proposed
KD from VLM to ResNet-18 across various datasets

Loss Dataset

Lgs Lys Lix CUB-200 FGVC DTD Oxfords SfDogs  Sf Cars
v 64.95%  50.98% 67.25% 85.82% 67.80%  70.03%
v v 68.50%  53.31% 68.46% 87.32% 68.85% 71.86%
v v 71.03%  54.84% 69.42% 87.98% 71.86% 76.68%
v v v 71.38% 55.87% 71.78% 88.72% 7240% 77.09%

visual, semantic, and class-related information.
In conclusion, our study supports the importance of com-

bining different loss functions in KD. The collaborative im-
pact of L, Lyis, and L, provides the lightweight models
with a richer understanding, enabling them to make more
accurate predictions. This approach of integrating multi-
ple forms of knowledge into a single distillation process
enhances the student model’s learning, offering a robust
method for knowledge transfer and model refinement.

The number of layers in condensation projection. In
our additional ablation study, we investigated the impact of
varying the number of layers in condensation projection on
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Table 4. Comparative analysis of the effect of the different number
of knowledge projection layer configurations on the classification
performance using ResNet-18 across various datasets.

# of layer Dataset
CUB-200 FGVC DTD Oxfords SfDogs  Sf Cars

Single layer 71.38%  55.65% 70.12% 88.28% 72.36% 71.22%
Multi 2 layers  71.38%  55.87% 71.78% 88.72% 72.40% 77.09%
Multi 3 layers  71.57%  55.78%  70.55% 88.36% 72.22%  76.10%

Table 5. Performance comparison of ResNet-18 models pre-
trained using self-supervised learning methods SEED [6] and
DisCo [9], with and without additional KD from VLMs

Datasets
Oxford Pet SfDogs  Sf Cars

Model  Method CUB-200 DTD

wioKD  63.16%  72.12% 84.51% 66.30%  73.24%

SEED VL2Lite 69.99% 74.13% 87.24% 70.78%  77.85%
Diff. +6.83%  +2.01% +2.73% +4.48% +4.61%

w/oKD  59.13%  68.38% 79.88% 62.10%  70.19%

DisCo VL2Lite 64.19% 72.21% 84.00% 68.71% 71.23%
Diff. +5.06%  +3.83% +4.12% +6.61% +1.04%

the classification performance. As indicated in Table 4, the
number of layers does not significantly affect the KD ef-
ficacy. However, a two-layer MLP condensation was ob-
served to yield the best performance across the majority of
datasets. Consequently, the two-layer MLP was adopted for
its optimal balance of complexity and performance.

KD to Self-supervised Pre-trained Weights Our study ex-
tends the capabilities of ResNet-18 models pre-trained with
self-supervised learning techniques, SEED [6] and DisCo
[9]. These techniques initially adapt the architecture from a
ResNet-50x2 backbone to a streamlined ResNet-18 frame-
work, setting a strong foundation for knowledge assimila-
tion. By integrating KD from VLMs, we sought to en-
hance the pre-trained networks’ representational capacity.
As indicated in Table 5, integrating VLM-based distilla-
tion with SSL pre-training not only reinforces the efficacy
of the SSL models but also has the adaptability of these
models to additional knowledge enhancement. This strat-
egy of enriching SSL pre-trained weights with VLM knowl-
edge exhibits consistent performance boosts across diverse
datasets. It emphasizes the importance: both SSL and other
pre-training paradigms benefit from the infusion of VLM
knowledge, suggesting an effective approach for advancing
lightweight model performance. This result suggests that
the proposed method could be a standard strategy for im-
proving various pre-trained models, marking a substantial
step forward in the development of efficient models used
for practical applications.

Learning Efficiency in data shortages. The quantity of
training data is important factor that significantly influ-
ences model performance. However, in practical appli-
cations, there can be a possibility of facing data scarcity
which can cause low performance. To address this, our
research presents some evaluations of the performance of

Table 6. Quantitative analysis of ResNet-18 with 30%, 50% and
100% training data, showing enhanced performance through our
proposed VL2Lite across various datasets.

Ratio  Method Datasets
CUB-200 FGVC DTD Oxford Pet SfDogs  Sf Cars
w/oKD  39.61%  26.82% 58.88% 59.75% 59.75%  32.84%
30%  VL2Lite 50.32% 33.72% 61.15%  83.43%  6541% 43.36%
Diff. +10.71%  +6.90% +2.27% +3.58% +5.66% +10.52%

w/oKD  51.22%  39.33%  60.88% 80.21% 63.54%  50.06%
50%  VL2Lite 60.87% 45.18% 62.63% 84.93% 69.13%  60.41%
Diff. +9.65%  +5.25% +1.75% +4.72% +5.59% +10.35%

wioKD  6495%  50.98% 67.25% 85.82% 67.80%  70.03%
100% VL2Lite 71.38% 55.87% 71.78% 88.72% 7240%  77.09%
Diff. +643%  +4.89% +4.53% +2.90% +4.60%  +7.06%

Table 7. Comparative Performance with other visual distillation
loss: L2 Norm, Cross-modal loss. The backbone is ResNet-18

Method Datasets

CUB-200 FGVC DTD  Oxford Pet SfDogs Sf Cars
L2 Norm 71.35%  56.80% 69.60% 88.38% 72.12%  76.57%
Cross-Modal loss ~ 67.43%  53.92% 69.69% 86.56% 69.52%  71.45%
VL2Lite 71.38%  55.87% 71.78% 88.72% 72.40% 77.09%

the proposed method with limited training data, as shown
in Table 6. We assessed the impact of training ResNet-
18 with only 30%, 50%, and the full extent of training
data, implementing VL2Lite to evaluate its robustness in
data-deficient environments. The results indicate that our
proposed VL2Lite substantially enhances task-specific per-
formance even when the available training data is defi-
cient. For example, with 30% of the training data, VL2Lite-
enhanced ResNet-18 backbone shows over a 10% increase
in accuracy on the CUB-200 dataset. These improvements
with reduced data are consistent across various datasets,
with the Stanford Cars dataset experiencing an increase of
more than 10% in accuracy.

These improvements can show the efficiency of VL2Lite
in knowledge retention and transfer from VLMs, allowing
the model to maintain high performance with less data. The
adaptability of VL2Lite to various data scales presents its
potential as a solution for scenarios with limited data avail-
ability, positioning it as a beneficial approach for maintain-
ing model efficacy in data-constrained environments.
Other loss studies. Regarding the use of visual distil-
lation loss such as L2 Norm minimization, we evaluated
its impact in comparison to our proposed L1-based
approach. Our empirical results, summarized in Table
7, indicate that while L2 loss performs comparably,
VL2Lite generally achieves higher accuracy across mul-
tiple datasets. Due to the robustness of L1 loss against
outliers, which might be more prevalent in the visual
features represented in high-dimensional space. Furthe-
more, we diverge from RISE by focusing on image—text
cross-modality relationships. Table 7 shows our method
achieving a performance boost of 1.9% to 5.6% over
cross-modal loss across various datasets. This indicates
that utilizing similarities within the same modality can
be more effective than direct image-text knowledge
transfer, highlighting a simpler yet powerful approach.
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