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Abstract—Recently, distillation methods are proposed to bal-
ance performance and parameters of large-scale contrastive
vision-language models, which gains encouraging progress. How-
ever, these distillation methods primarily align the features
between the student network and the teacher network with a
simple projection layer. This approach is prone to overfitting
when fine-tuning on small datasets, leading to degraded distil-
lation performance. To address the limitation discussed above,
this paper proposes a robust CLIP distillation with information
bottleneck (RCDIB) via cascading a contrastive distillation mod-
ule and an information bottleneck distillation module. RCDIB
explicitly constrains the student network to learn a compact and
smooth representation of the teacher’s output by imposing an
approximate distribution from the true posterior over the latent
space, effectively filtering out task-irrelevant noise and enhancing
distillation robustness. Extensive experiments demonstrate that
RCDIB achieves cutting-edge performance on both cross modal
retrieval and zero-shot classification scenarios. The code is
publicly available at https://github.com/10ng1000/RCDIB.

Index Terms—knowledge distillation, CLIP, information bot-
tleneck

I. INTRODUCTION

Large-scale contrastive vision-language models, e.g., CLIP
[1], have demonstrated remarkable capabilities in learning
transferable visual representations by aligning images and
text in a shared embedding space. However, these models
typically require a considerable number of parameters. To
enable efficient deployment on resource-constrained platforms,
model distillation [2] techniques have become critical for
compressing CLIP while preserving its cross-modal alignment
capability. For example, TinyCLIP [3] leverages knowledge
distillation from the teacher CLIP model through affinity mim-
icking and weight inheritance, while employing multistage
progressive distillation to minimize informative weight loss
during extreme compression. CLIP-KD [4] shows that feature
mimicry with Mean Squared Error loss as well as contrastive
learning across teacher and student encoders are useful for
distillation. FineCLIP [5] enables CLIP to further enhance
fine-grained understanding by preserving global contrastive
learning while introducing real-time self-distillation for local
feature refinement and semantically rich regional contrastive
learning with generated region-text pairs.

However, most distillation methods simply mimic the
teacher’s behavior, when fine-tuning on a relatively small
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dataset, it leads the student to overfit to the specific train-
ing detail and inherit the teacher’s feature noise, ultimately
compromising zero-shot generalization. To address these lim-
itations and achieve more robust knowledge transfer, we
turn to principles from information theory which explicitly
manage the information flow during distillation. Recently,
the information bottleneck (IB) principle [6] [7] has been
widely used to balance model compression and prediction
ability by formalizing the trade-off between preserving task-
relevant information and compressing redundant input details.
In this context, we propose RCDIB, a novel CLIP distillation
approach that incorporates an information bottleneck mod-
ule to regularize the student model’s learning process while
improving its task-relevant and zero-shot ability. The main
contributions are summarized as follows:

o We propose a cascaded dual-distillation framework fusing
contrastive and information bottleneck distillation, miti-
gating overfitting in low-data CLIP fine-tuning by cap-
turing discriminative cross-modal knowledge and filtering
task-irrelevant noise.

o A multi-granularity alignment constraint is proposed via
minimizing the divergence of feature distributions and
maximizing the consistency of sample representations
between teacher and student networks, which ensures
unbiased transfer of inherent knowledge.

o Extensive experiments validate that RCDIB achieves
state-of-the-art performance across Flickr30K/MSCOCO
retrieval and ImageNet zero-shot classification, with supe-
rior results for both ViT and ResNet-based student models
compared to SOTA distillation methods.

II. RELATED WORK
A. Contrastive Language Image Pretraining

Contrastive language-image pretraining has become a cor-
nerstone for learning transferable multi-modal representations,
with CLIP pioneering the paradigm by aligning images and
text in a shared embedding space via large-scale contrastive
learning. Subsequent works have advanced this framework:
ALIGN [8] leverages noisy web-scale image-text data and
hard negative mining strategies to strengthen contrastive sig-
nals, mitigating the impact of low-quality supervision on
representation learning. EVA [9] advances contrastive visual-
language pretraining by scaling masked visual representation
learning, optimizing training efficiency, and boosting zero-shot
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Fig. 1: The overall architecture of our proposed RCDIB method illustrated via its image module. We apply the same structure

to the text module to be consistent with the CLIP design.

performance with fewer parameters compared to conventional
CLIP models. MobileCLIP [10] achieves fast inference and
competitive zero-shot performance via multi-modal reinforced
training, boasting fewer parameters and lower latency.

B. Knowledge Distillation

Knowledge distillation (KD) is a core technique for com-
pressing deep neural networks by transferring knowledge from
large teacher models to lightweight student models while
maintaining performance, pioneered by Hinton et al. [2] via
distilling dark knowledge from teacher logits with soft targets.
Follow-up studies have extended transferable knowledge into
three categories: response-based KD matching final outputs
[11] [12], feature-based KD utilizing intermediate layer fea-
tures maps [13] [14], and relation-based KD capturing inter-
feature structural relationships [15] [16]. KD has been broadly
applied in computer vision, natural language processing, and
speech recognition, facilitating efficient deployment of deep
models on resource-constrained devices.

III. METHODS

As illustrated in Fig. 1, our core methodology involves con-
structing a minimal information bottleneck module to extract
essential representations from the teacher model, followed by
precise alignment between the student and teacher IB modules.
This design enables more efficient and accurate knowledge
transfer, as the compressed latent space is inherently more
compact than the original output dimension. To further en-
hance the knowledge distillation process, we incorporated
contrastive learning as a supplementary mechanism, which
strengthens the model’s capacity to assimilate knowledge from
the teacher network.

A. Theoretical Foundation

We propose a robust distillation method which is grounded
in information-theoretic principles and variational inference,
with three core theoretical components:

Information Bottleneck Principle. Information bottleneck
compression learns representations that preserve the funda-
mental trade-off between:

min [(z; h) — BI(2;y) (1)

where I(-;-) denotes the mutual information measure; z
denotes the latent code of the model; h denotes the input
embeddings (i.e., the final embeddings output by the CLIP
model); y denotes the task-specific target labels; and 5 > 0 is a
positive hyperparameter that balances the two competing terms
in the objective function. Specifically, 3 regulates the trade-
off between two objectives: compressing the latent code z (by
minimizing I(z; h) to discard input-irrelevant and redundant
information from the input embeddings h) and preserving
task-relevant information (by maximizing I(z;y) to retain
predictive features that are critical for the task targets y).

Variational Learning. The evidence lower bound [17]
provides a variational approximation for learning the latent
distribution, which can be formulated as:

log g4 (h) > L(¢,6; h)
= Ep, (zjn) [~ log po(2|h) + log gy (h, 2)]
= —Drr(pe(2]h)|q(2)) + Epyzimyllog ge(hl2)]  (2)

where p and ¢ are the variational and generative models,
respectively, # and ¢ are the corresponding parameters, and



q(z) serves as the posterior that regularizes the geometry of
the latent space. By optimizing the lower bound L(6, ¢; h),
we can effectively learn a latent representation that captures
the underlying data distribution.

Sufficient Representation Alignment. In the distillation
paradigm, a core theoretical foundation lies in the decom-
position of mutual information between the student’s output
and its intermediate representations. In this article, we denote
the teacher and student by superscripts 7" and S, respectively.
Specifically, the identity:

Ip(2%; %) = Ig(2%; K |WT) + Ig(2%; hT) (3)

holds true, and we provide a rigorous proof sketch for this
result as follows:
Proof Sketch:

1) Chain Rule Application: By the fundamental chain rule
of mutual information, the joint mutual information can
be decomposed as:

(2% 0%, hT) = Ig(z%; hT) + To (25 W |WT). (4)

2) Distillation Setting Assumption: In the knowledge distil-
lation framework, our primary objective is to train the
student model so that its intermediate representation h*
fully captures all information about the student’s output
2% that is present in the teacher’s representation h7 .

Formally, this means that once hS is known, hT provides

no additional information about 2%, i.e.,
Io(2°; AT |R%) = 0. ©)

Applying the chain rule in reverse to the joint mutual
information Iy(2°; h°, hT), we obtain:

Ip(2%; 05 hT) = Ip(2%; h%) + Io(2%; hT|h%)
= Iy(%; n°). 6)

3) Final Substitution: Substituting the result from Step 2
(Eq. (6)) into the decomposition from Step 1 (Eq. (4)),
we directly derive the desired identity:

Ig(zs;hs) zfg(zs;hs|hT)+Ig(zS;hT). @)

The first term in Eq. (3) represents redundant information
specific to the student, which cannot be predicted from the
teacher’s representation h” and is thus deemed irrelevant to
the distillation task. In our robust distillation framework, this
private student information introduces unnecessary noise and
hinders the transfer of task-relevant knowledge, so we aim to
suppress it. The second term captures task-relevant information
shared with the teacher, which is critical for preserving the
robust, generalizable knowledge encoded in the teacher CLIP
model. To achieve sufficient representation alignment that
retains only the task-relevant shared information, we optimize:

max [—Io(2%; A5 |AT) + Ig(2%; hT)] (3)

We derive a tractable lower bound for this objective through
the following steps. For the first term, we have:

— Ig(2°; h®|RT)
po(2°[h°, A7)
po(25[hT)
= —Epus nr [Drr(po(z°|0°, h7) |Ipa(2°R7))]
> —Eps pr [Drcr(po(2°|h%)|lpe (27 |h"))]
= —Dkr(po(2°|h”)|Ipa(z" [nT)) ©)

= _]Ehs,hT,zS log

For the second term, applying the chain rule of mutual
information:

Ig(2%; A7) = Ig(2%; 27) + Ip(2°; hT|27)

I@(ZS; zT)

(10)
(an

We then obtain our distribution alignment lower bound:
max [—Ig(zs; R¥\AT) 4 Ip (2 hT)}

> max [—Dxr(po(2°|h®)|Ipe(z" |hT)) + Ig(2%; 27)]
(12)

This lower bound is computable as it replaces the intractable
conditional mutual information with a KL divergence and
mutual information between latent representations z° and 27

B. Contrastive Distillation

To learn from the teacher in a comprehensive way, we first
train the student model to learn the low-level feature of the
teacher with contrastive learning. We compute the image-to-
text and text-to-image distributions of the teacher:

exp(sim(f (v), f&(c))/7)
Y eec exp(sim(fi (v), f&(<))/7)

exp(sim(f¢ (), [ (v))/7)
Ywev exp(sim(f&(c), f7 (v"))/7)

where V' and C denote the sets of images and texts, re-
spectively; v and c represent a given image sample and a
given text sample; fi (v) and fZ (c) denote the image encoder
and text encoder of the teacher model, respectively; sim(-, )
denotes the cosine similarity function; and 7 is the temperature
parameter. The student’s distributions are calculated in a
similar way, which is denoted by P®(c|v) and Q° (v]c).

We then employ KL divergence to measure the distribution
discrepancy between the student and teacher models:

PT(clv) = (13)

Q" (v]e) =

(14)

L =KL(PT||P%) + KL(Q"]|Q%)

15)



C. Information Bottleneck Distillation

In the limited-data scenario, using contrastive learning alone
is prone to overfitting, because it is easily affected by the spe-
cific training datasets. In order to reduce noise and therefore
address this problem, we train the information bottleneck on
both the student and teacher networks to constrain the model
and learn from the sufficient representations.

For variational learning (Eq. (2)), we reconstruct the original
representation by minimizing the MSE loss of the recon-
structed embedding and the original CLIP embedding:

Lrccon = |17 = a5 I3+ 115 = g3 (zD)I3  (16)

We use the KL divergence term to constraint the model,
ensuring that the distribution of latent embedding is consistent
with their intractable true posterior:

Lx-con = D (P (2107 )lla(2))+Drw (p5 (217°) [la(2)) (17)

To sufficiently transfer knowledge between teacher and
student networks, we implement Eq. (11) by matching their la-
tent distributions using Maximum Mean Discrepancy (MMD)
[18] and KL Divergence. It measures the distance between
distributions in a reproducing kernel Hilbert space:

Ly = ||Elp(z7)] - EW(ZS)]Hi

where ¢(-) is the feature mapping associated with the charac-
teristic kernel k(z;, z;) = (¢(2;), #(z;))». We implement this
with an RBF kernel:

A2
k(ZZ,ZJ) = eXp <_||Zz Zj” >

202

(18)

19)

Additionally, we employ a KL divergence to align the
distribution parameters as in Eq. (9):

Lx1-atign = Drcr.(po(2°[1%)||p (27 |nT))

This combined approach leverages the nonparametric
strengths of MMD for capturing complex distributional sim-
ilarities while utilizing KL divergence for exact probabilistic
alignment, enabling more comprehensive knowledge transfer.
In this approach, we implement Eq. (8) for sufficient repre-
sentation alignment.

(20)

D. Overall Objective

The training objective combines all the aforementioned
components with the balancing hyperparameters Aj—\s:

LrepiB = Lrecon + A1 LKL-con + A2LyvmD

+ )\3 ‘CKLfalign + )\4 Lcontrast (2 1 )

These objectives complement each other by operating in
both the latent bottleneck space and the original output space.

IV. EXPERIMENTS

A. Experimental Setup

Datasets and Metrics. We adapt the widely used Flickr30K
[19] and MSCOCO [20]datasets for distillation training, fol-
lowing the common practice in CLIP distillation literature.
Specifically, we sample 50,000 image-text pairs for training,
simulating a low-resource fine-tuning scenario. For cross-
modal retrieval, we report results on the full test splits of
Flickr30K and MSCOCO (1,000 test images for Flickr30K and
5,000 test images for MSCOCO). For zero-shot classification,
we evaluate on ImageNet-1K [21] and its variants, including
ImageNet-V2 (IN-V2) [22], ImageNet-Sketch (IN-S) [23], and
ImageNet-R (IN-R) [24], to comprehensively assess model
generalization.

Training Settings. All experiments use the ViT-L-14 model
pre-trained on DataComp-1B [25], [26] as the teacher. The
visual and text encoders use the default configurations of
open_clip [26] codebase setting. We set the hyperparameters
for the loss function as follows: A\; = 1, Ay = 0.01, A5 = 10,
and Ay = 1. We train the student model for 30 epochs using
a total batch size of 64 (on 2 V100 GPUs) with the AdamW
optimizer [27]. The learning rate is set to le-6 with a cosine
decay schedule and a weight decay of 0.1.

MSCOCO recall@1 (%)

(a) Text-to-image retrieval (b) Zero-shot classification

Fig. 2: Results against training epochs.

B. Comparisons with State-of-the-arts

We compare our distilled models with state-of-the-art CLIP
variants in both the retrieval and zero-shot classification tasks.
As shown in Table I, under 50,000 training data, our distilled
CLIP models gain significant improvement in task-specific
cross-modal retrieval while maintaining zero-shot classifica-
tion ability, better than the SOTA methods. Specifically, the
ViT-based variants not only attain the most significant im-
provement in task-specific retrieval, but also performs better
than the student CLIP in ImageNet zero-shot classification.
We do not provide the results of ResNet [28] for TinyCLIP,
as it requires the teacher and student networks to share the
same encoder architecture. While featuring a different image
encoder architecture from the teacher model, our approach
brings the model with ResNet encoder close to the zero-shot
classification capability of the base CLIP model. Notably, our
approach incorporates lightweight IB modules with merely SM
parameters, which is significantly smaller than the ViT-B/16
student with 155M parameters. This minimal architectural
addition incurs only marginal computational and memory



TABLE I: Performance comparisons with the state-of-the-art methods. We evaluate cross-modal retrieval by Recall@1 (R@1)
and zero-shot classification by top-1 and top-5 accuracy. The best results for each image encoder are in bold.

Method Image Encoder MSCOCO Flickr30K ImageNet-1K ImageNet-R ImageNet-S ImageNetV2

& [-T T—=I | I-T T—=I | Topl TopS5 | Topl TopS5 | Topl TopS5S | Topl Top5
CLIP ViT-L-14 | 7422 68.06 | 97.20 97.40 | 78.11 9551 | 9030 97.70 | 66.89 8873 | 70.79 9230
CLIP ViT-B/16 53.10 46.32 | 82.70 80.40 | 64.42 89.72 | 73.51 9099 | 4421 72.08 | 57.86 85.02
CLIP-KD ViT-B/16 70.62 6644 | 92.80 8930 | 38.09 67.97 | 47.54 73.85 | 23.17 47.07 | 33.63 61.67
TinyCLIP ViT-B/16 7540 67.34 | 9550 9520 | 6529 90.03 | 7480 9091 | 4544 73.10 | 59.56 85.68
RCDIB(Ours)  ViT-B/16 76.04 68.32 | 96.20 9540 | 67.05 91.54 | 76.18 92.48 | 46.29 7455 | 60.57 87.16
CLIP ViT-B/32 50.16 4224 | 7440 7250 | 59.59 86.34 | 67.06 87.18 | 3893 6690 | 52.87 80.89
CLIP-KD ViT-B/32 66.70 61.80 | 88.80 86.80 | 30.46 59.08 | 37.40 61.80 | 18.62 40.41 | 2630 52.71
TinyCLIP ViT-B/32 71.56 63.78 | 92.10 89.80 | 60.11 86.32 | 66.11 85.73 | 3893 66.39 | 5298 81.05
RCDIB(Ours)  ViT-B/32 7372  67.26 | 93.60 91.00 | 61.32 8791 | 67.53 87.40 | 40.33 68.04 | 54.02 82.68
CLIP RESNET101 58.50 44.86 | 86.30 79.10 | 60.45 87.31 | 67.64 87.76 | 39.83 67.75 | 5424 82.28
CLIP-KD RESNET101 67.56 60.66 | 90.60 88.40 | 39.86 70.44 | 48.53 7429 | 23777 4858 | 35.13 64.78
RCDIB(Ours) RESNET101 7298 65.36 | 94.00 92.30 | 60.69 87.67 | 6732 87.68 | 40.29 68.10 | 54.38 82.35
CLIP RESNETS50 5278 46.32 | 85.50 89.40 | 5790 85.50 | 60.26 83.14 | 34.61 62.54 | 50.85 80.35
CLIP-KD RESNETS50 66.54 57.28 | 90.40 88.40 | 41.70 72.18 | 4224 69.86 | 20.59 4533 | 3642 66.66
RCDIB(Ours) RESNET50 7040 62.44 | 92.80 95.00 | 5821 86.10 | 59.51 83.10 | 3479 62.94 | 51.15 80.76

overhead, while contributing meaningfully to the retrieval
performance and zero-shot generalization.

To further validate the training dynamics and stability of
RCDIB, we plot the top-1 accuracy on ImageNet-1K zero-
shot classification and Recall@1 on MSCOCO text-to-image
retrieval against training epochs, with ViT-B/16 as the baseline
model, as shown in Fig. 2. In the early training epochs, the
model prioritizes the improvement of task-specific retrieval
capability, which is accompanied by a temporary decline
in zero-shot classification performance. As the training pro-
ceeds, the information bottleneck module gradually exerts
its regularization effect, effectively alleviating the overfitting
phenomenon. Consequently, the zero-shot classification perfor-
mance of RCDIB rebounds and surpasses the baseline model
in the later epochs. This training behavior demonstrates that
RCDIB can dynamically balance the learning of task-specific
knowledge and generalizable representations, achieving su-
perior overall performance in both cross-modal retrieval and
zero-shot classification tasks.

C. Ablation Study

We analyze the contribution of each loss of RCDIB with
ViT-B/16 as the student image encoder. Table II shows that
the addition of L onst brings substantial gains in retrieval,
confirming its role in transferring discriminative knowledge.
Further incorporating the other loss components brings addi-
tional gains in zero-shot ability, indicating that the IB module
complements the contrastive loss by enhancing the feature
alignment and generalization capability.

Notably, removing Lkp con causes a slight degradation in
zero-shot accuracy, suggesting that the variational constraint
is essential for learning smoother and more robust latent
representations, which in turn improves out-of-distribution
generalization. When Ablating L onast, although the student
remains a strong zero-shot capability, it only has limited im-

TABLE II: Ablation study on the objective components.

L:recon CKL-con EMMDﬁKL»alignCcomrast MSCOCO ImageNet-lK

I-T T—=I Topl Top5

v 7538 67.64 65.10 90.54

v v v v 75.10 67.72 66.96 91.46
v v v v 7586 6796 6634 91.03
v v v v 7596 68.04 6590 90.34
v v v v 7594 68.02 66.76 91.34
v v v v v 7604 6832 67.05 91.54

provement in the retrieval task. Using only Lki-align 0f Lvmp
for alignment also weakens the performance. The complete
combination of losses proves essential, enabling the student
to achieve strong performance in both retrieval and zero-shot
tasks while maintaining high generalization capability.
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Fig. 3: Model performance on datasets in three different scales.

D. Comparisons on Scaled Dataset

To further validate the scalability and robustness of our
proposed RCDIB method under different data scales, we
conduct extensive experiments by varying the number of
training samples from 10,000 to 110,000, with ViT-B/16



as the student model. As depicted in Fig. 3, our RCDIB
method consistently outperforms all competing methods across
different training data scales. For zero-shot classification on
ImageNet-1K, RCDIB maintains the highest top-1 accuracy
even when the training data is limited to 10,000 samples.
As the number of training samples increases, the performance
gap between RCDIB and other methods remains stable, which
demonstrates the effectiveness of our information bottleneck
module in preserving task-relevant knowledge and avoiding
overfitting. For text-to-image retrieval on MSCOCO, RCDIB
achieves the best Recall@1 scores across all data scales. The
advantage is particularly significant in the low-data regime,
which verifies that our contrastive distillation combined with
information bottleneck can effectively transfer discriminative
cross-modal alignment capabilities from the teacher model to
the student model.

V. CONCLUSION

In this paper, we proposed RCDIB, a novel CLIP dis-
tillation framework that leverages information bottleneck to
preserve the generalization capabilities of the larger CLIP
model. By cascading contrastive distillation and information
bottleneck modules, our method effectively filters out task-
irrelevant noise and mitigates overfitting issues in low-data
fine-tuning scenarios. Extensive experiments show that the
distilled models perform strongly in retrieval and zero-shot
tasks with limited training data, outperforming state-of-the-
art distillation methods. This provides an efficient solution for
deploying lightweight yet robust vision-language models on
resource-constrained platforms.
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