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Abstract—YVision-Language Models (VLMs) like CLIP have
utilized large-scale pre-training to achieve impressive zero-shot
capabilities. However, adapting these heavy models to down-
stream tasks in data-scarce scenarios remains challenging. While
existing unsupervised self-training methods have shown promise
on Vision Transformers (ViTs), they suffer from catastrophic
performance degradation when applied to Convolutional Neural
Networks (CNNs), even falling below zero-shot baselines. To
bridge this gap, we propose KDKD (Kendall-Driven Knowledge
Distillation), a novel framework designed for robust cross-
architecture adaptation. We introduce a bidirectional adaptive
temperature mechanism guided by the Kendall Correlation
Coefficient, which dynamically aligns the prediction rankings
between teacher and student models. Furthermore, we propose
a soft-weighting strategy, as opposed to hard truncation, to
adjust the loss based on sample quality. Extensive experiments
on 9 downstream datasets demonstrate that KDKD not only
boosts ViT students but effectively rescues ResNet students from
degradation, achieving state-of-the-art performance in few-shot
unsupervised settings with less computational overhead. Our
codes are available at https://github.com/zhuangkailai/ KDKD

Index Terms—Vision-Language Models, Knowledge Distilla-
tion, Unsupervised Adaptation, Few-Shot Learning, Kendall Cor-
relation, Cross-Architecture Transfer

I. INTRODUCTION

Vision-Language Models(VLMs), as an important paradigm
of multimodal learning, achieve cross-modal understanding
by jointly modeling visual and textual information. VLMs,
through extensive pre-training on large-scale image description
datasets, can learn robust visual representations and have
been applied to a wide range of downstream tasks [1]-[3],
covering visual recognition, cross-modal retrieval, multimodal
understanding, and image description. However, the large
number of parameters and complex architecture make training
visual language models resource-intensive. Furthermore, the
availability of large-scale, general, non-fine-grained category
datasets for pre-training leaves significant room for improve-
ment in downstream, more specific tasks such as classification
and image-text retrieval.

Adapters [4]-[7] and Prompt Learning [8], [9] enable do-
main adaptation while preserving pre-trained knowledge, yet
they rely heavily on human-designed modules and abundant
labeled data. In contrast, few-shot unsupervised adaptation
[10], [11] reduces reliance on training data and true la-
bels. However, existing unsupervised self-training(USST) ap-
proaches are limited to Vision Transformer (ViT) architectures
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Fig. 1: Comparison of Student model accuracy between our
proposed KDKD and one Un-supervised Self-training method
and three state-of-the-art KD methods. The initiat baselines
denote the zero-shot performance derived solely from the pre-
trained model’s inherent representational capacity, prior to any
fine-tuning or distillation.

and suffer from catastrophic degradation on convolutional
neural networks (CNNs) like ResNet, even performing worse
than the initial pre-trained model which without any down-
stream adaptation, as shown in the red region of Fig. 1.
Moreover, even encoder modules with the same architecture
have significant differences in the number of parameters and
computational complexity. A lot of exploration and research
aims to solve how to effectively transfer knowledge from
large models to compact models [12]-[15]. While unimodal
distillation operates within a single feature space, distilling
multimodal models requires aligning both visual and textual
representations along with their cross-modal interactions [16],
[17], making the task more complex.

This paper proposes KDKD(Kendall-Driven Knowledge
Distillation), a framework for few-shot unsupervised adap-
tation. We first systematically identify knowledge compo-
nents that are universal, architecture-agnostic, and dimension-
consistent, then introduce an adaptive temperature mechanism
based on Kendall Tau correlation to optimize knowledge prop-
agation by aligning sample-wise prediction rankings between
teacher and student.

Extensive experiments on 9 downstream vision tasks across
ViT and ResNet architectures demonstrate that KDKD effec-
tively compresses large vision-language models in few-shot
scenarios. Our method maintains or surpasses teacher perfor-
mance while drastically reducing parameters and computation,
even under significant teacher-student disparities in architec-



ture, size, performance, and embedding dimensions. Notably,
KDKD resolves the catastrophic degradation of ResNet in un-
supervised adaptation, demonstrating robust cross-architecture
distillation with minimal computational overhead.

II. RELATED WORK
A. Few-Shot Unsupervised Learning for VLMs

MUST [18] employs masked unsupervised self-training, us-
ing both pseudo-labels and original images to jointly optimize
three objectives, thereby learning both class-level global and
pixel-level local features. CALIP [19] strengthens bidirectional
modality alignment via a parameter-free approach that updates
encoded features based solely on intermediate visual-textual
similarity. LaFTer [20] is the first to show how to close the
performance gap between zero-shot and supervised fine-tuned
classifiers using only unlabeled images and LLM-generated
text descriptions, without requiring any labeled or paired
vision-language data. DPA [21] introduces dual prototypes
as distinct classifiers, generates accurate pseudo-labels via
their convex combination, and enhances robust self-training
through ranked pseudo-labels while aligning textual and visual
prototypes to mitigate visual-text misalignment. However, we
observed that existing unsupervised adaptation methods (such
as DPA) are designed and validated only for the ViT (Vision
Transformer) [22] architecture, and applying them to the
ResNet [23] network architecture results in a catastrophic
performance degradation. Methods involving visual prompt
learnable tokens like VPT [24] , MaPLe [25] , and PromptSRC
[26] can only be applied to VLMs equipped with a ViT-based
image encoder [27] .

B. Knowledge Distillation for VLMs

Both CLPI-KD [28] and Multi-modal Cooperative Distilla-
tion [29] employ embedding alignment loss that demonstrates
significant effectiveness. However, the raw model outputs can-
not be directly utilized due to dimension mismatch, necessitat-
ing an additional projection module that introduces substantial
computational overhead. Additionally, the Contrastive Rela-
tional Distillation method introduced in clip-kd incorporates
an extra text-to-image alignment direction compared to Multi-
modal Cooperative Distillation, yet it combines the directional
losses through direct summation: Liora = Leeat—stext + Lrext—sfeat-
Since gradient information reveals how the model’s out-
put changes with respect to inputs, clip-kd exploits this by
proposing gradient distillation, which forces the student to
mimic the teacher’s input-response behavior. KDPL [30] uses
dynamic class sampling, retaining only the Top-K classes for
distillation, focusing on high-confidence classes and avoiding
interference from noisy classes. The above work, in terms of
details, simply averages the KL divergence loss for the current
batch. Assigning uniform weights to all samples might hinder
the adaptive process [21]. Therefore, we calculate a weight
based on the similarity between the pseudo-label yand the
text and image prototypes, and use this weight to average
the loss of the current batch. This is similar to the high-
quality sample filtering function in KDPL, except that KDPL

filters the elements that generate knowledge before distillation,
while our KDKD retains all logits, without discarding any
samples within the batch, and uses weights to adjust after
knowledge generation. Furthermore, maintaining a constant
temperature is usually suboptimal for growing students in the
progressive learning stage [31]. Many works have explored
adaptive temperature selection and adjustment in single-modal
distillation, but existing distillation methods in the multi-
modal distillation field ignore the flexible role of temperature
in the loss function. We adaptively adjust the distillation
temperature between the teacher and student based on the
Kendall correlation coefficient. This mechanism eliminates the
need for manually exploring and fixing a suitable temperature
before training, and can achieve optimal knowledge distillation
within a certain range.

III. METHODOLOGY
A. The Overall Framework

We present the KDKD framework as a three-stage process:
Knowledge Generation, Knowledge Regulation, and Knowl-
edge Transfer. As shown in Fig. 2, the teacher and student
models share the same output, obtain visual features via
their respective visual encoders, obtain text prototypes via
the text encoder, and initialise the classification head. We
generate the raw knowledge (logits) using the visual features
and text prototypes. Then compute the Kendall correlation
coefficient to adaptively adjust the distillation temperature, and
employ sample-level weighting to re-weight the distillation
loss. The modulated knowledge is then transferred to the
student through distinct loss combinations for ViT and ResNet
students respectively. The following subsections detail each of
these components.

B. Knowledge Generation

In the proposed advanced Unsupervised Self-Training
(USST) framework, the Teacher (7)) and Student (S) models
share a unified data augmentation pipeline for processing
unlabeled images. For each image x, this pipeline generates a
weakly-augmented view a(z) and a strongly-augmented view
A(x). These identical views are processed by the respective
image encoders of both models to generate each one’s features:
the weak feature f = F,(a(z)) and the strong feature
F = E,(A(r)), where f,F € R%.

To align these visual representations with semantic con-
cepts, the framework utilizes two distinct sets of prototypes:
Visual Prototypes (P € R“*?) represent the empirical data
distribution. For each class j, the prototype P; is constructed
by averaging the feature vectors of samples assigned to that
class via pseudo-labels :

| X
P;= N ;H(yi =)t (H

where N is the count of samples in class j. Textual Prototypes
(Z € RE*d) provide semantic grounding and are initialized
using the CLIP text encoder. For a specific class c;, represen-
tations from k£ diverse prompt templates are averaged to form a



Knowledge
Distillation

Order — Disorder

Logit_Teacher ; . = i -
Softmax (W) Kendall Correlation Coef ficient Total Check Times — E, — B
Teach o ) Features %
Probabillies T Teacher Logit 2 Calculat tims = Batch Size Student Visual 15
Adjusted g ES Features e
. S o
Lorals X// Temperature for — £ Total check times = Clymber of class — Ly —
Weighted S Cefficient f /gi “ 3 15 FCKD
Ny ket = VIf iSip) sT 'and|Sfp' ss | Order +1
*% Adjusted -§ ! 7
Temperature for i oL
%@ Student l < le.SlTp: > Squ: but |S ' <|S Disorder + 1 a,C,LT'F
— Ef — -1
Weighted Student Logit_Student ) Teacher I :
lose I bard _ Probabilities Softmax (o rudeny)  Student Logit o s “Gradient g
— — - 5
Image i logit from Teacher Image i logit from Student Stugrean;ile::ge m
@ — it Number of Class Number of Class _, — Ej — =~
Teacher text prototypes Teacher visual features 'l'e‘a‘l:‘h‘er logits Sty | S it S . St [ee [ S e [55a] [ 520 . 0501,;?
: & : & 0y GDKD
— @« 5 IE
Student text prototypes sif:isl:xr:icty Student visual features Sttt : _ = &
T ’r i) Sop S +e| she £ (0 7 RS K X
E;F)?Egﬁ EE; * E$ ‘ E;f ‘ Batch logits from Teacher Batch logits from Student w g
i2
T : ® &
a photo of a {label} N N i
a painting of the {label} B features i
...... . Input Image @—>
Prompt StEonal L m — Probabilities 2 [= 5
Same Input Aug:s:sl{d Original [mage Aug;:nt);d Inference text prototype tudent logits Top-K KDPL
Fig. 2: The overall framework of KDKD and three other advanced knowledge distillation methods for VLMs.
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the cosine similarity between the normalized visual features
and the textual prototypes:
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Both models execute this process identically to produce the
student logits 2° and teacher logits z%.
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C. Knowledge Regulation

Our regulation method operates in two aspects: bidirec-
tional temperature adjustment via correlation, and sample-wise
weighting. First, to regulate the stiffness of the probability
distributions, we compute the Kendall Rank Correlation Coef-
ficient between the logits of the teacher 2! and the student z*.
This metric evaluates the similarity of the class ranking order
predicted by the two models. For a prediction over K classes,
the coefficient 7 is defined as:

B C-D

= 3
1Classes(Classes — 1) ©)

where C' is the number of concordant pairs, and D is the
number of discordant pairs. A pair of distinct classes (p, q) is
considered concordant if the sorting order of their logits agrees
between the teacher and student (i.e., (2, —2{)(z5 — 25) > 0),
and discordant otherwise. The term 1C’lasses(Classes -1
represents the total number of unique pairs.

We normalize this coefficient by 7 = (7 + 1)/2 to the
range [0,1] and then bidirectionally adjust the distillation
temperatures (T and T'°) based on 7:

Second, regarding sample selection, prior work like KDPL
utilizes a hard truncation strategy retains only the top-k
logits and masks the rest, decisively removing noise but also
discarding tail-class information. Instead, we propose a soft
weighting mechanism applied after loss calculation, rather
than pre-loss truncation. We compute a confidence weight w
derived from the consistency between the visual features, text
prototypes, and unsupervised cluster centers. For a sample ¢,
the weight is calculated as:

&)

W; = & Peenter + (1 - a) * Ptext

where p denotes the softmax probability derived from visual
feature with different prototypes. This weight w; will modulate
loss distribution during backpropagation, preserving the full
logit structure while rigorously down-weighting low-quality
ambiguous samples.

D. Knowledge Transfer

The strategy depends on the student architecture’s stability
during unsupervised self-training. First, the standard unsuper-
vised loss be defined as Lg = Lyjign + Leos + Lreg. Here,
Laiign aligns visual centers with text, L is the pseudo-label
classification loss, and L., is a fairness regularization loss.
For the distillation component, we define the teacher transfer
loss L7, which comprises a soft KL-divergence term (using



TABLE I: Comparison of Student model accuracy between our proposed KDKD and one Un-supervised Self-training method
and three state-of-the-art KD methods. The initiat baselines denote the zero-shot performance derived solely from the pre-
trained model’s inherent representational capacity, prior to any fine-tuning or distillation.

Downstream datasets

Backbone = Method
Cars DTD  EuroSat FGVC  Flowers Foodl01 Pets UCF101  Caltech  Average

Initiate 54.60 41.14 38.32 16.33 65.99 77.28 85.80 63.13 83.70 58.48
USST 205 28.84 26.48 4.16 22.60 1.45 53.78 49.16 83.57 30.23
ResNets0 ~ USST+FCD 63.92 54.71 87.75 23.34 79.12 81.71 84.93 68.40 91.06 70.55
USST+GD 62.48 53.36 86.35 22.10 78.46 80.30 83.65 67.39 90.68 69.42
USST+KDPL  65.59 5422 87.40 23.29 80.73 82.72 85.41 68.13 91.46 70.99
USST+KDKD  67.76  55.75 89.36 26.17 82.33 84.26 86.75 70.10 93.72 72.91
Initiate 61.07 4357 31.45 18.16 64.52 81.62 87.04 61.03 89.55 59.78
USST 1.28  33.76 31.82 1.92 25.76 1.73 58.15 56.03 87.60 33.12
ResNet101 ~ USST+FCD 68.83 51.36 84.38 24.60 78.03 81.32 84.75 72.14 91.70 70.79
USST+GD 6742  50.17 84.68 23.45 78.64 80.16 83.41 71.35 90.45 69.97
USST+KDPL 7090 51.35 86.42 25.94 80.54 83.90 85.71 72.01 91.46 72.03
USST+KDKD  72.87 53.58 88.54 26.71 82.69 84.51 87.85 74.43 93.62 73.87
Initiate 59.75 4411 44.55 19.19 66.35 81.62 87.55 64.05 90.62 61.98
USST 6238 5596 62.99 20.42 76.41 82.96 89.26 70.09 95.35 68.42
ViT-B/32 USST+FCD 72.87 5845 88.45 26.12 84.61 83.75 90.03 76.94 96.19 75.27
USST+GD 72.60 5832 87.30 25.48 83.90 83.10 89.42 75.47 95.90 74.61
USST+KDPL  73.18  59.10 88.64 26.86 85.47 84.62 90.14 77.90 95.60 75.72
USST+KDKD  76.57 61.44 91.66 29.01 85.62 86.18 92.37 78.86 96.78 717.61
ViT-L/14 Teacher 79.12  60.85 89.77 33.84 82.93 92.57 94.25 79.65 97.57 78.95

the adaptive temperatures regulated in Sec. III-C) and a hard
cross-entropy term using teacher pseudo-labels 7¢:

Laost = (L) KL | ) ©
Ts Tt

»Chard = CE(Zsyyt) (7)

LT =w- (Aﬁsoft + (1 - )\)‘Cha,rd) (8)

When the student is a ResNet, standard USST destructively
degrades accuracy even below the initial zero-shot baseline.
Thus, we discard loss from USST Lg entirely and rely solely
on the teacher’s guidance:

Lxr1 = Lkp ©

which is denoted as Knowledge Transfer Method 1 (KT1).
When the student is a ViT, we retain the student’s self-learning
capability while augmenting it with teacher knowledge:

Lixrs=Ls+ Lkp (10)
which is denoted as Knowledge Transfer Method2 (KT2).

IV. EXPERIMENTS
A. Datasets and Baselines

We extensively evaluate on 8 diverse datasets: Standford-
Cars [32], DTD [33], EuroSAT [34], FGVCAircraft [35],
Caltech101 [36], Flowers102 [37], Food101 [38], OxfordPets
[39] and UCFI101 [40]. We perform comparative analysis
with two SOTA knowledge distillation methods designed for
unsupervised adaptive models: CLIP-KD [28], KDPL [30].

B. Implementation Details

We employ CLIP-ViT-L/14 as the Teacher model (7). For
the Student model (S), we evaluate performance across three
distinct architectures: ViT-B/32, ResNet-50, and ResNet-101.

For the knowledge transfer method 1 (KT1), we set the
ratio of soft to hard label losses (Lot : Lhard) to 7 : 3. In
method 2 (KT2), the weight ratio between the self-training loss
(Ls) and the transfer loss (Lr) is set to 1 : 1. The adaptive
distillation temperature ranges are set to [2, 5] for the teacher
model and [3, 7] for the student model. We set both teacher
and student models are trained for 10 epochs each, while the
order of training can be manually flexibly adjusted.

C. Results

Table I and Fig. 1 demonstrate that KDKD successfully res-
cues ResNet from catastrophic accuracy degradation, achiev-
ing average improvements of 40.68% for ResNet50, 40.75%
for ResNet101, and 9.19% for ViT-B/32, which significantly
outperforms other knowledge distillation approaches. The t-
SNE visualization in Fig. 3 further illustrates the enhanced
classification capability of the unsupervised model.
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(a) Train Resnet50 by USST

(b) Train Resnet50 by KDKD

Fig. 3: Comparison of t-SNE projections for student Resnet50
trained by USST and KDKD.

Moreover, as depicted in Fig. 4, the relationship between the
Kendall correlation coefficient and student performance during
training indicate a positive correlation: as training progresses,
both the student’s accuracy and pseudo-label quality rise
in tandem with the Kendall coefficient. This trend suggests



that the student effectively internalizes knowledge from the
teacher, leading to more reliable pseudo-labels compared to
self-training alone.
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Fig. 4: Kendall correlation coefficient in Relation to Student
Accuracy and Student-generated Pseudo-Label Accuracy.

D. Ablation and Analysis Experiments

Weighted and Kendall. We experiment with different
truncation ratios, retaining the top k% of classes for logit
distillation. Performance improves as more classes are in-
cluded, reaching the best result when all classes are used
(100% retention). While full logit distillation appears optimal,
it does not preclude sample quality selection. Instead of
hard truncation (as in KDPL), we apply soft weighting after
computing the full loss, which proves more effective than
class clipping. Furthermore, Kendall correlation consistently
enhances distillation for both truncated and full logits, as
illustrated in Fig. 5.

“1[1 Base Accuracy + Kendall

+ Weighted Teacher

Base Accuracy SN + Kendall
- Teacher

os| |8 + Weighted

Accuracy (%)

Resnet101

‘Resnet50

(b) EuroSat

ViT-B/32 Resnet50 Resnet101

(a) FGVC

Fig. 5: Accuracy Comparison Across Logit Truncation Ratios
with Soft Weighting and Adaptive Temperature Tuning.

Temperature for Knowledge Distillation. We explored
multiple temperature ranges in our experiments. For each
range, we identified the epoch with the highest student accu-
racy and fixed the corresponding temperatures as T5dn and

peacher - Keeping all other training configurations unchanged,
we then performed an additional 10 epochs of knowledge
distillation using these fixed temperatures. The results are
shown in Fig. 6. Different temperature ranges indeed have a
slight impact on the results. However, regardless of the chosen
range, enabling dynamic adjustment based on the Kendall
correlation coefficient consistently yields better performance
than selecting a fixed value a posteriori within the range.This
demonstrates the flexibility and practicality of our method:
regardless of the initial choice of temperature range, which
is difficult to determine optimally in advance, the dynamic

strategy serves as the most effective companion within any
given range.
I Fixed Temp  E#8 Dynamic Gain  ---
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Fig. 6: Performance Comparison Across Temperature Ranges
and Fixed Values from each one.

Original USST loss for Resnet. Are the three unsupervised
self-training losses really harmful for ResNet? We added the
three USST loss terms separately and found that all three
losses are actually useful. As shown in table II, using all
three original USST losses alone has a negative effect, but
when built on the knowledge distillation from a strong teacher
model, the three losses show a certain positive effect. The
function of these losses relies on the support of a strong
teacher; if trained independently, they are ineffective.

TABLE II: Performance Comparison of ResNet with Different
Loss Configurations. e represents with and o represents with-
out. PLAcc is the accuracy of the pseudo labels generated
by the student, Acc is the highest accuracy achieved by the
student after training.

Backbone  Initiate Lpq Leis Lalign Lreg Kendall 7 PLAcc (%) Acc (%)
38.32 . o o o 0.75 88.00 86.35
38.32 ° . . . 0.78 87.74 89.36
38.32 o . . O 0.21 27.10 26.48
ResNet50 3832 . . o o 0.72 86.52 88.12
38.32 . o . o 0.70 88.13 85.33
38.32 . o o . 0.75 88.40 88.50
3145 . o o o 0.75 88.20 86.17
31.45 . . . . 0.77 86.49 88.54
1.45 S ° . . 0.24 31.03 31.84
ResNetlOl 3145 o o o ° 0.73 86.90 88.04
31.45 . o . o 0.70 88.14 85.17
3145 . o o . 0.76 88.21 87.97

Other sources of knowledge. In addition to weak features,
USST also generates strong features during its forward prop-
agation. We investigate whether these elements also contain
transferable knowledge. As shown in Fig. 7, distilling the
logits derived from the interaction between strong features
with textual prototypes can also improve student performance,
but less effectively than using weak features.
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Resnet50 Resnet101 ViT-B/32 Resnet50 Resnet101 ViT-B/32

Fig. 7: Accuracy Comparison of Knowledge Distillation from
Weak Features vs. Strong Features.



Efficiency comparison. Fig. 8 presents a comparison of
computational resources across methods. Notably, KDKD
achieves the highest distillation performance without introduc-
ing extra parameters and with considerably lower GFLOPs,
underscoring its efficiency.

Ee w*Additional Params: 0 R JAdditional Params: 0

3 >

8 o 8 #Additional Params: 788K
5 Method #Additional Params: 393K 3 Method .

8 8 #Additional Params: 78
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(b) ViT-L/14 train Resnet50

1 2 3 4 5 6 7 8
Additional GFLOPs per batch

(a) ViT-L/14 train ViT-B/32

Fig. 8: Additional Computational Cost Comparison of Three
Knowledge Distillation Methods.

V. CONCLUSION

In this paper, we propose KDKD, a cross-architecture
knowledge distillation framework for Vision-Language Mod-
els under the few-shot unsupervised training scenario,
aimed at bridging the performance gap in unsupervised
adaptation—especially for CNN-based students that suffer
from severe degradation in self-training. By introducing
Kendall-correlation-guided adaptive temperature modulation
and a soft-weighted loss combination, KDKD leverages only
raw, generic inputs without auxiliary modules to project, effi-
ciently generate, regulate, and transfer knowledge. Extensive
experiments demonstrate that KDKD outperforms existing
state-of-the-art methods, enabling robust heterogeneous dis-
tillation without reliance on labeled data.
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