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Abstract

Multi-teacher knowledge distillation (KD), a more effective
technique than traditional single-teacher methods, trans-
fers knowledge from expert teachers to a compact student
model using logit or feature matching. However, most ex-
isting approaches lack knowledge diversity, as they rely
solely on unimodal visual information, overlooking the po-
tential of cross-modal representations. In this work, we
explore the use of CLIP’s vision—language knowledge as
a complementary source of supervision for KD, an area
that remains largely underexplored. We propose a sim-
ple yet effective framework that fuses the logits and fea-
tures of a conventional teacher with those from CLIP. By
incorporating CLIP’s multi-prompt textual guidance, the
fused supervision captures both dataset-specific and se-
mantically enriched visual cues. Beyond accuracy, anal-
ysis shows that the fused teacher yields more confident
and reliable predictions, significantly increasing confident-
correct cases while reducing confidently wrong ones. More-
over, fusion with CLIP refines the entire logit distribution,
producing semantically meaningful probabilities for non-
target classes, thereby improving inter-class consistency
and distillation quality. Despite its simplicity, the proposed
method, EnRiching Knowledge Distillation (RichKD), con-
sistently outperforms most of existing baselines across mul-
tiple benchmarks and exhibits stronger robustness under
distribution shifts and input corruptions.

1. Introduction

Knowledge Distillation (KD) [8, 29] has become one of
the most effective strategies for compressing deep neural
networks, enabling lightweight student models to inherit
the representational power of larger teachers. By transfer-
ring knowledge from a well-trained teacher through logit
or feature alignment, KD has achieved success across im-
age recognition, object detection, and many other domains.
Despite these advances, most existing KD methods remain
strictly unimodal, relying solely on visual cues learned from
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Figure 1. Impact of cross-modal teacher fusion on CIFAR-100.
(a) Effect of perturbing the logits of the conventional teacher with
CLIP’s logits across four categories, considering cases where the
teacher’s predictions are correct/incorrect and certain/uncertain.
(b) Effect of fusion with CLIP for two sample cases: when the
teacher is incorrect, and when the teacher is correct but uncertain.

the target dataset. As a result, the distilled knowledge often
inherits the teacher’s task-specific biases and lacks the se-
mantic diversity necessary for broader generalization.
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In contrast, large-scale vision—language models such as
CLIP [35] capture rich cross-modal knowledge by jointly
learning from hundreds of millions of image—text pairs.
CLIP’s training paradigm grounds visual concepts in lin-
guistic semantics, enabling zero-shot classification and ro-
bust generalization across diverse datasets. However, while
CLIP has revolutionized transfer and retrieval tasks, its po-
tential as a cross-modal teacher for knowledge distillation
remains largely underexplored [57]. Integrating CLIP’s
multimodal understanding into a KD framework presents
a promising avenue for transferring both dataset-specific
and semantically enriched knowledge to compact visual stu-
dents.

This paper introduces EnRiching Knowledge
Distillation (RichKD), a novel cross-modal distillation
framework that fuses the loits and features of a conven-
tional teacher with those of a pre-trained CLIP model.
Our key insight is that CLIP’s predictions, though not
tailored to the target dataset, encapsulate complementary
information in their broader semantic space. By fusing
CLIP’s logits and features with those of the primary
teacher, we effectively inject meaningful cross-modal
perturbations into the supervision signal. This fusion acts
as a soft ensemble of two diverse teachers; one grounded
in dataset-specific discriminative patterns, and the other
guided by semantic relationships learned from large-scale
vision—language data. Figure 1(a) illustrates the number of
certain/uncertain and correct/incorrect predictions for the
conventional teacher, CLIP, and their fusion. The fusion
improves overall accuracy, increasing confident correct
predictions by 3.6% and reducing confident mistakes by
7.7%. Figure 1(b) presents two examples illustrating that
perturbing the teacher’s logits with CLIP’s helps correct
wrong predictions and refine the confidence distribution by
better ranking non-target classes.

To enrich the multimodal supervision, we further employ
a multi-prompting strategy, generating multiple textual tem-
plates per class through CLIP’s text encoder and averaging
the corresponding predictions. This multi-prompt ensem-
ble captures different linguistic perspectives, smoothing the
supervision and mitigating overfitting to specific textual for-
mulations. The fused signals are then distilled into the stu-
dent through a logit distillation loss.

In summary, this paper makes the following contribu-
tions:

e We investigate the integration of cross-modal knowl-
edge into conventional knowledge distillation, an under-
explored direction that leverages CLIP’s vision—language
representations to enrich the teacher—student learning
process.

e We propose a simple yet effective logit—feature fusion
mechanism that combines a dataset-specific teacher with
CLIP’s multi-prompt predictions to construct semanti-

cally diverse and informative supervisory signals.

* We provide both theoretical and empirical evidence that
this cross-modal fusion enhances the diversity of teacher
guidance, yielding improved performance and robustness
compared to unimodal KD methods.

2. Related Work

In this section, literature related to this work, including KD
and multi-teacher KD, is presented.

2.1. Knowledge Distillation

Knowledge distillation was popularized by KD [14], who
showed that a compact student can learn from a larger
teacher by matching softened teacher logits. Following
KD, FitNet [36] proposed to distill intermediate features,
while RKD [34] focused on transferring relational knowl-
edge to the student. Subsequent works can be categorized
into three groups: logit-based [6, 9, 11, 22, 30, 38, 45, 47,
56], feature-based [4, 10, 13, 25, 27, 53], and similarity-
based [16, 24, 44, 46, 49, 50] distillation methods. Further-
more, some studies have sought to enhance the distillation
process using various techniques, such as adaptive distilla-
tion [2, 17, 28, 32, 33, 58] or modifying the teacher’s logits
using label information [1, 21, 42, 48].

Although feature-based methods such as CRD [43] and
SimKD [3] have achieved strong performance in KD, the
dominant paradigm for classification remains logit distilla-
tion. Numerous logit-based methods have been proposed to
improve the vanilla KD approach [5, 19, 23, 41, 56]. For
example, DKD [56] decouples the KD loss into target and
non-target class components; MLKD [19] introduces multi-
level logit distillation; and CTKD [23] adopts a curriculum
temperature strategy for logit distillation. More recently,
NormKD [5] customizes the temperature for each sample,
and LSKD [41] applies Z-score standardization to logits be-
fore the softmax operation.

2.2. Multi-Teacher Distillation

Using multiple teachers or auxiliary teacher assistants is a
natural approach to provide richer supervision and to re-
duce the teacher—student capacity gap. Several strategies
have been employed for this purpose, such as averaging
logits [14], using voting strategies [52, 55], perturbing log-
its [15, 39], or assigning teachers that specialize in differ-
ent subsets of the dataset [18]. TAKD [31] was one of
the early works that introduced the concept of a teacher as-
sistant, while CA-MKD [54] proposed a confidence-aware
multi-teacher distillation framework, and DGKD [40] pre-
sented a densely guided multi-teacher approach. More re-
cently, MLDF [18] proposed multi-level feature distillation,
in which each teacher is specialized on a distinct dataset,
and TeKAP [15] introduced an augmentation-based tech-
nique that generates multiple synthetic teacher representa-



Class Prompts

CLIP
_____________ N Text Features A Photo of a 'Dog'
Text : > V
Encoder |
. CLIP Logits
E Feature
Image ! Image Feature . Fused Feature Distillation Feature
—> ] > >@ ) ------------
Encoder ' o —///
: ogit
; y Fused Logits Distillation Logits
____________ S €9_> [
Feature
o
—— Teacher Logits
J
—
| =R
N

Figure 2. Overall diagram of the proposed RichKD distillation method. CLIP’s logits and features are fused with those from the
conventional teacher model. Feature and logit distillation losses are then defined between the fused representations and the student’s
corresponding features and logits. During training phase, the parameters of CLIP and the teacher model are frozen, and the student is
trained using feature and logit distillation losses in addition to the cross-entropy loss. Inconsistencies in feature dimensions are addressed

through a linear layer transformation.

tions by perturbing the knowledge of a single pretrained
teacher.

Despite the advancements in multi-teacher distillation,
existing methods still lack knowledge diversity, as they rely
solely on unimodal visual information. Although works
such as CLIP-KD [51] have explored distilling CLIP it-
self into smaller CLIP model, the use of vision—language
models like CLIP as auxiliary teachers in traditional vi-
sual knowledge distillation remains largely underexplored.
CIKD [57] was the first to investigate the use of CLIP for
knowledge distillation, combining the text features from
CLIP with the intermediate layer features of the student to
generate new logit outputs.

Our work builds upon these lines of research by intro-
ducing a method to inject cross-modal diversity into the dis-
tillation process. Instead of training multiple task-specific
teachers [18] or relying solely on perturbation-based ap-
proaches [15], we fuse the logits/features of conventional
teacher with a frozen CLIP model to construct an im-
plicit multi-teacher approach that integrates both dataset-
specialized and language-grounded knowledge. Further-
more, unlike CIKD [57], which introduces additional loss
terms based on CLIP’s logits, the proposed method jointly

utilizes both the logits and features of CLIP by fusing them
with those of the original teacher.

3. Proposed Method

In this section, the proposed RichKD is presented, a frame-
work that unifies a task-specific teacher 7" and the general-
purpose CLIP teacher C into a single distillation pro-
cess. RichKD leverages the complementary strengths of
T’s dataset-specific discrimination and C’s broad seman-
tic knowledge by fusing their logits and features through
weighted combinations. Figure 2 shows the overall diagram
of the proposed method. This fusion, inspired by ensemble
learning theory, reduces individual biases and enhances the
generalization of the distilled student.

3.1. Multi-Prompt CLIP Logits

Given an input image x, the conventional teacher produces
a logit vector z7(z) € R¥ for K classes. The CLIP model
consists of an image encoder Cin,(-) and a text encoder
Clext(+). For each class ¢ € {1,..., K} and prompt p,,
from a set of M textual templates P = {p1,...,pa}, the
text description is formed



tm(c) = pm(“class ¢”), (1)

and compute the text embedding A, (¢) = Clext(tm(c)).
The CLIP logit for class ¢ under prompt p,,, is

) (Cimg (%), hin(c))
1 Cimg ()ll2 [[7om ()2
where 7 is a learned temperature scaling factor, (-,-) de-

notes the standard inner (dot) product, and || - || denotes the
L2 norm. The final CLIP logit is the mean over prompts:
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This averaging introduces diversity via multiple textual con-
texts, reducing the variance of individual prompt biases and
yielding a smoother, more general prediction distribution.

3.2. Logit Fusion: Perturbed Supervision

The teacher and CLIP logits are fused as

zr(z) = azr(z) + (1 - a) 20(z), @)

where « € [0, 1] controls the strength of the conventional
teacher relative to CLIP. The student logits zg(x) are then
trained to match the fused logits zp () through a softened
Kullback-Leibler (KL) divergence loss:

Liogic = KL (a(“’(‘"”)> |o (ZS(”‘”)» SO
Ttemp Ttemp
where o (-) denotes the softmax and Tiemp is the temperature
for smoothing.
This simple linear combination can be viewed as a
stochastic perturbation of the teacher logits. Because z¢ (z)
comes from a model trained on diverse open-domain data,

it behaves as a low-frequency, semantically meaningful per-
turbation of zp(z):

zr ()
where €(x)

T(mL—)&— e(x), ©

(1 = @) [zo(2) = zr(2)].

In general, the two teachers may have different biases with
respect to the true target distribution, so E[e(z)] need not
be zero. However, as long as the teachers are not per-
fectly aligned, the perturbation €(x) has non-zero variance
and encodes complementary information from CLIP. This
variability acts as a semantically meaningful perturbation of
zr(x), providing a richer and more regularized supervision
signal for the student.

3.3. Feature Fusion

Beyond the output logits, intermediate representations from
both teachers are also transferred. Let fr(z) and fo(z)
denote the feature maps from the last hidden layer of the
supervised teacher and CLIP image encoder, respectively.
The fused feature is defined as

fr() = A fr(z) + (1= A) fo(x), @)

where A € [0, 1] balances task-specific and general repre-
sentations. The student feature fg(x) is trained to approxi-
mate fr(x) through a general feature distillation loss:

Liea = D(fs(), fr(2)) ®)

where D(-, -) denotes a generic similarity or alignment loss
(e.g., cosine distance, attention transfer, or contrastive loss).

3.4. Overall Training Objective

The complete loss combines ground-truth supervision with
fused logit and feature distillation:

L= ECE(y; U(ZS)) + 5 Llogit + Lteat, )
where 3 and ~ weight the respective distillation terms.
3.5. Theoretical Motivation

From a theoretical standpoint, fusing 27 and z¢ can be in-
terpreted as constructing an ensemble teacher Tr whose
predictions are a convex combination of two heterogeneous
teachers. This ensemble can be analyzed using a bias-
variance view. Let Biast and Biasc denote the biases of
the task-specific teacher and CLIP teacher with respect to
the true target, and let Vary and Varc be their prediction
variances. The fused teacher has bias

Biasp = aBiasy + (1 — ) Biasc. (10)

and variance

Var[zr] = o*Vary + (1 — a)*Vare

11
+ 2a(1 — ) Covlzr, 2¢]. (b
The corresponding ensemble error can be written as
&r = (Biasp)” + Var[zp] + 02, (12)

where o2 denotes irreducible noise. When the two teach-
ers have complementary biases (e.g., a task-specific teacher
that may overfit and a CLIP teacher that generalizes more
broadly) and their prediction errors are not highly cor-
related, one can choose o € (0,1) such that £ <
min{&r,Ec}. In the idealized case of two approximately
unbiased teachers with similar variance and weakly corre-
lated errors, the ensemble error £ becomes strictly smaller
than that of each individual teacher. This provides theoret-
ical support for using the fused teacher Tz as a more in-
formative and regularized supervision signal for the student
compared to relying on a single teacher.



Table 1. Top-1 accuracy (%) of different knowledge distillation methods on the validation set of CIFAR-100. The teacher and student share
the same architecture but differ in configuration. We apply our method to both logit-based and feature-based distillation approaches, and
use A to indicate the performance gain. Values in blue represent minor improvements, while those in red indicate significant improvements
of at least 0.15. The best and second-best results are indicated by bold and underlining font, respectively. “L” and “F” denote logit-based

and feature-based methods, respectively.

Type ResNet32x4 VGG13 WRN-40-2 WRN-40-2 ResNet56 ResNetll0 ResNet110
yp ResNet8 x4 VGG8 WRN-40-1 WRN-16-2 ResNet20 ResNet32 ResNet20
Teacher 79.42 74.64 75.61 75.61 72.34 74.31 74.31
Student 72.50 70.36 71.98 73.26 69.06 71.14 69.06
FitNet [36] 73.50 71.02 72.24 73.58 69.21 71.06 68.99
AT [53] 73.44 71.43 72.77 74.08 70.55 72.31 70.65
RKD [34] 71.90 71.48 72.22 73.35 69.61 71.82 69.25
OFD [13] 74.95 73.95 74.33 75.24 70.98 73.23 71.29
SimKD [3] 78.08 74.89 74.53 75.53 71.05 73.92 71.06
LSKD [41] 76.62 74.36 74.37 76.11 71.43 74.17 71.48
KD [14] 73.33 72.98 73.54 74.92 70.66 73.08 70.67
+ RichKD (L) 75.32 73.68 74.17 76.29 71.38 73.86 71.09
A 1.99 0.70 0.63 1.37 0.72 0.78 0.39
CRD [43] 75.51 73.94 74.14 75.48 71.16 73.48 71.46
+ RichKD (F) 76.09 74.22 74.70 75.63 71.64 73.99 71.77
A 0.58 0.28 0.56 0.15 0.48 0.51 0.31
RichKD (L+F) \ 76.72 74.86 74.73 76.35 72.12 74.08 72.11

4. Experiments

In this section a complete discussion of the experiments,
including datasets, baselines, implementation details, and
results is provided. In addition, further experiments, ab-
lation studies, and visualizations, such as class imbalance
evaluation, Grad-CAM analyses, training time complexity,
prompt templates, and experiments with transformer-based
architectures, are also presented in the supplementary ma-
terial.

Datasets. Experiments are conducted on the CIFAR-
100 [20] and ImageNet [37] datasets. The CIFAR-100
dataset consists of 50,000 training and 10,000 validation
images across 100 classes, with each image having a reso-
lution of 32x32 pixels. The ImageNet dataset is a large-
scale benchmark for image classification, containing ap-
proximately 1.28 million training and 50,000 validation im-
ages from 1,000 categories. To evaluate the generaliza-
tion capability of the proposed method, additional experi-
ments are performed on the corrupted versions of CIFAR-
100 dataset [12],designed to assess model robustness under
distributional shifts.

Baselines. The effect of the proposed method is evalu-
ated across multiple logit-based and feature -based distilla-
tion approaches, including KD [14], FitNet [36], AT [53],
RKD [34], OFD [13], SimKD [3], LSKD [41], CRD [43],

DKD [56], MLKD [19], NormKD [5], and RLD [42].
Comparisons are also made with various multi-teacher
KD methods, including TAKD [31], CA-MKD [54],
DGKD [40], CIKD [57], and TeKAP [15].
Implementation Details. The same experimental settings
as previous works [4, 19, 41, 56] are followed. For experi-
ments on CIFAR-100, the optimizer is set to SGD, and the
number of training epochs is 240, except for MLKD, which
is trained for 480 epochs. The initial learning rate is set to
0.01 for MobileNets and ShuffleNets, and 0.05 for other
architectures, including ResNets, WRNs, and VGGs. All
reported results are averaged over four independent trials.
More detailed experimental configurations are provided in
the supplementary materials.

All hyperparameters were fine-tuned to select optimal
values. We set « in Eq. (4) to 0.7, Tiemp in Eq. (5) to 3,
AinEq. (7)t0 0.7, 8 in Eq. (9) to 3, and -y in Eq. (9) to 0.8.

4.1. Main Results

Results on CIFAR-100. The proposed method is compared
with several prominent feature- and logit-based approaches
using different teacher and student architectures. Table |
shows the results of our method when the teacher and stu-
dent share a similar architecture, while Table 2 presents the
results for cases where the teacher and student have distinct



Table 2. Top-1 accuracy (%) of different knowledge distillation methods on the validation set of CIFAR-100. The teacher and student
have different architectures. We apply our method to both logit-based and feature-based distillation approaches, and use A to indicate the
performance gain. Values in blue represent minor improvements, while those in red indicate significant improvements of at least 0.15. The
best and second-best results are indicated by underlining and bold font, respectively. “L” and “F” denote logit-based and feature-based

methods, respectively.

Type ResNet32x4 ResNet32x4 ResNet32x4 ResNet32x4 WRN-40-2 VGG13 ResNet50
yp SHN-V2 SHN-V1 WRN-16-2 WRN-40-2 ResNet8x4 MN-V2  MN-V2
Teacher 79.42 79.42 79.42 79.42 75.61 74.64 79.34
Student 71.82 70.50 73.26 75.61 72.50 64.60 64.60
FitNet [36] 73.54 73.59 74.70 77.69 74.61 64.16 63.16
AT [53] 72.73 71.73 73.91 77.43 74.11 59.40 58.58
RKD [34] 73.21 72.28 74.86 77.82 75.26 64.52 64.43
OFD [13] 76.82 75.96 76.17 79.25 74.36 69.48 69.04
SimKD [3] 78.39 76.31 77.17 79.29 75.29 69.44 69.97
LSKD [41] 75.56 - 75.26 77.92 7711 68.61 69.02
KD [14] 74.45 74.07 74.90 77.70 73.97 67.37 67.35
+ RichKD (L) 75.68 75.04 75.39 77.82 75.77 69.03 68.07
A 1.23 0.97 0.49 0.12 1.80 1.66 0.77
CRD [43] 75.65 75.11 75.65 78.15 75.24 69.73 69.11
+ RichKD (F) 76.49 75.65 76.53 78.67 76.28 69.87 69.81
A 0.84 0.54 0.88 0.52 1.04 0.14 0.70
RichKD (L+F) \ 76.95 76.13 76.58 78.76 76.31 70.03 70.15

Table 3. Top-1 accuracy (%) comparison with existing multi-
teacher distillation methods on the CIFAR-100 validation set.

ResNet32x4 WRN_ 402

Method ResNet8x4 WRN_40_1
Teacher 79.42 75.61
Student 72.50 71.98
TAKD [31] 73.93 73.83
CA-MKD [54] 75.90 74.56
DGKD [40] 75.31 74.23
CIKD [57] 74.79 74.32
TeKAP [15] 75.98 74.41
RichKD ‘ 76.72 74.73

architectures. It can be seen that RichKD can be combined
with KD for logit distillation and CRD for feature distilla-
tion, and that their combination consistently achieves com-
parable or better results to existing methods on different ar-
chitectures.

As RichKD employs an auxiliary teacher model, it in-
herently follows a multi-teacher distillation framework. Ta-
ble 3 presents the results of our method in comparison with
existing multi-teacher approaches. It can be seen that our

method outperforms popular and recently proposed multi-
teacher methods across two different teacher—student archi-
tecture settings. It should be noted that although RichKD
adopts a multi-teacher framework by incorporating CLIP in
addition to the primary teacher, CLIP has not been trained
specifically on the target dataset and is merely utilized to
inject general knowledge into the teacher.

Furthermore, Table 4 presents the results of combining
our method with recent logit-based distillation approaches,
namely DKD, MLKD, NormKD, and RLD, across two dif-
ferent teacher—student architecture settings. It can be seen
that RichKD can be seamlessly integrated into each of these
methods, further improving their performance.

Results on ImageNet. To validate the scalability of the
proposed method, the results on the large-scale ImageNet
dataset are reported. Table 5 presents the results of RichKD
in comparison with the KD baseline and the recent TeKAP
method, where ResNet-34 and ResNet-18 are used as the
teacher and student models, respectively.

4.2. Generalization Comparison

To validate the effectiveness of the proposed method, gen-
eralization ability of students trained using vanilla KD and
RichKD are compared. Table 6 presents the results on ad-
versarially perturbed data generated by two well-known at-
tack methods, FGSM [7] and PGD [26], with different noise



Table 4. Impact of integrating the proposed method with recent
logit-based distillation methods in terms of Top-1 accuracy (%) on

the CIFAR-100 validation set.

ResNet32x4 WRN_40_2
Method ResNet8x4 WRN _40_1
Teacher 79.42 75.61
Student 72.50 71.98
DKD [56] 76.32 74.81
+ RichKD (L) 76.78 (+0.46) 75.49 (+0.68)
MLKD [19] 77.08 75.35
+ RichKD (L) 77.41 (+0.33) 75.82 (+0.47)
NormKD [5] 76.57 74.84
+ RichKD (L) 76.73 (+0.16) 74.99 (+0.15)
RLD [42] 76.11 74.58
+ RichKD (L) 76.45 (+0.34) 74.84 (+0.26)

Table 5. Scalability comparison on ImageNet. Lower is better
(error %).

Set Teacher Student ‘ KD TeKAP RichKD (L)

Top-1 26.69 30.25 29.59 29.33 29.10
Top-5 8.58 10.93 10.30 10.08 9.85

Table 6. Adversarial robustness of the proposed method. Top-
1/Top-5 accuracy are reported for FGSM and PGD attacks with
different attack parameters.

FGSM Attack
Method ‘ e =0.001 e = 0.005 e =0.010
KD 23.51/45.68 21.91/43.86 19.99/41.89
RichKD (L) 25.75/49.21 23.68/47.44  21.70/45.30
PGD Attack
Method ‘ e =0.001 e = 0.005 e =0.010
KD 22.13/44.43 15.25/38.57 10.61 /32.60
RichKD (L) 24.30/48.03 17.72/41.55 12.61/35.66

parameters. Both the teacher and the student are trained
on the clean CIFAR-100 dataset, using ResNet-32x4 and
ResNet-8x4 architectures, respectively. The results demon-
strate that our method achieves higher top-1 and top-5 accu-
racy, benefiting from the inclusion of CLIP, which provides
general knowledge not limited to the target dataset images.

Furthermore, Table 7 shows the reulst of vanilla KD and
RichKD on several corrupted versions of the CIFAR-100.
All the models are trained on clean CIFAR-100, and teacher
and student architecters are ResNet-32x4 and ResNet-8x4,
respectively. Similar to Table 6, it can be observed that
the student trained with RichKD is more robust to dif-
ferent types of corruption. The proposed method consis-

Table 7. Robustness comparison (accuracy %) on corrupted ver-
sions of the CIFAR-100 dataset.

KD RichKD (L)
Top-1 Top-5 Top-1 Top-5
gaussian noise 14.42 34.70 15.02 35.87

Corruptions

motion blur 48.45 4934 49.34  75.96
Snow 48.22 7493 51.03 77.76
jpeg compression  45.34  73.16 46.99 75.18
spatter 51.16 78.00 55.04 81.43
average 41.51 62.02 4348 69.24

tently improves the top-1 and top-5 accuracy of the baseline
method and achieves a significant performance margin over
the baseline for certain corruption types.

4.3. Ablation Studies

To further validate the effectiveness of the proposed
method, a series of ablation studies are conducted. Since
RichKD employs CLIP as an auxiliary teacher to perturb
the logits of the primary teacher, the choice and perfor-
mance of the CLIP model play an important role in our
framework. Table 8 presents the results of our method us-
ing different variants of CLIP, compared to the vanilla KD
method, across three different teacher—student architecture
pairs. It can be seen that ViT-L/14 improves the distillation
performance more than the other CLIP variants, as it em-
ploys a more powerful image encoder and contains a larger
number of parameters.

Moreover, Figure 3 illustrates the effect of different
prompting strategies on the distillation results. We eval-
uate three types of prompts for CLIP’s text encoder: (1)
single prompting, where a single template containing the
class name is used; (2) multi-prompting, where multiple
templates are used with the class name; and (3) complex
prompting, where, in addition to multiple prompt templates,
several synonyms of each class name are incorporated to
further enrich the text embeddings. As shown in the figure,
both multi-prompting and complex prompting improve the
zero-shot performance of CLIP, which subsequently leads
to better distillation results. The detailed prompt formula-
tions are presented in the supplementary material.

4.4. Qualitative Results

In addition to the quantitative comparisons, qualitative re-
sults are also presented. Figure 4 shows the feature repre-
sentations projected into a 2D space using t-SNE. The final
feature layer of each model is used, taken before the classi-
fication head. As can be observed, the embeddings of dif-
ferent classes are more clearly separated in the feature space
for the student model trained with RichKD compared to the



Table 8. Impact of different CLIP variants on distillation perfor-
mance on the CIFAR-100 validation set; zero-shot accuracy for
each CLIP model is shown in parentheses.

ResNet32x4 ~ WRN-40-2  WRN-40-2
Method CLIP Model ResNet8x4 ~ WRN-16-2  ResNet32x4
Teacher — 79.42 75.61 75.61
Student — 72.50 73.26 72.50
KD — 7333 74.92 73.97
RNI101 (41.54) 74.89 75.03 7534
) RN50x64 (52.15) 74.98 75.37 75.63
RichKD (L) | it g3 (61.68) 7475 75.79 75.49
VIT-L/14 (73.27) 75.32 76.29 75.77
S (] CLIP (zero-shot) () RichkDW) } ........
=3
: — )
S SO UUUURRPRTRRRRRRTTOY A Y —
Y-S PUURUURUURUUS [ SURUTPUS B B PUUP
[0 H
o H
a 74 :. .................................
Q H
< H
- T R R T S L () MR ..
5 : 75.23 75.32
s : ———| 74.96 74.88 75.04
= TRYEETTTTT! I ) UDSRRPRN il B ST
725 EA ....... v [ARREREN | AR
S SUVPN IR I EUUUUION! B B S

Single Prompt Multiple Prompt Complex Prompt

Figure 3. Impact of different types of prompting on CLIP’s zero-
shot performance and the student’s performance. The teacher and
student architectures are ResNet-32x4 and ResNet-8x4, respec-
tively.
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Figure 4. t-SNE visualization of features.

one trained without CLIP.

Furthermore, Figure 5 presents a comparison of inter-
class correlations between vanilla KD and RichKD. It is
evident that inter-class correlations are lower in RichKD,
which can be attributed to the influence of CLIP’s log-
its, which can alter the ranking of the top probabilities,
thereby helping to reduce inter-class correlations and im-
prove class separability. For both experiments, ResNet-
32x4 and ResNet-8x4 were used as the teacher and student
models, respectively.

KD RichKD (L)

i : g
2 oy -2
© ok 3 .
O -"'\-\._‘ (@]
'H...\'. “'

i TP g T

Class Index Class Index
Figure 5. Inter-class correlation matrices on the CIFAR-100
dataset.

5. Discussion

Limitations. Using CLIP during training introduces a
modest computational overhead due to additional forward
passes. Although this occurs only during training, RichKD
requires longer training time than standard KD. To re-
duce this cost, CLIP’s logits and features are cached and
reused across epochs, making the extra overhead negligi-
ble (see supplementary material for details). Moreover,
while RichKD benefits from CLIP’s broad visual-language
knowledge, its effectiveness may diminish in domains un-
derrepresented in CLIP’s pretraining (e.g., medical im-
agery). In such cases, domain-specific CLIP variants can
be seamlessly integrated into our framework.

Future Work. RichKD illustrates the promise of incorpo-
rating CLIP’s cross-modal knowledge into knowledge dis-
tillation, yet several directions remain open. Our framework
currently depends on hand-crafted prompts to query CLIP;
integrating advanced techniques such as prompt tuning or
dataset-specific textual descriptions could yield stronger su-
pervision. Furthermore, since CLIP provides knowledge
complementary to the in-domain teacher, developing adap-
tive strategies that selectively exploit CLIP’s information
per input sample is a promising avenue for future research
toward more context-aware distillation.

6. Conclusion

In this work, we demonstrated that incorporating CLIP’s
cross-modal knowledge as an auxiliary teacher significantly
enhanced conventional knowledge distillation. The pro-
posed framework effectively combined dataset-specific and
semantically enriched cues, leading to improved student
performance, better robustness, and greater generalization.
These findings underscored the potential of leveraging vi-
sion-language models to enrich traditional visual knowl-
edge distillation approaches.
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