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ABSTRACT

Deploying deep neural networks on networked edge devices enables low-latency inference without cloud
dependency, yet is constrained by tight computational, memory, and energy budgets. Knowledge distillation
is a widely used approach to compress large models into compact ones suitable for edge hardware, but
conventional methods require labeled data that is often costly or unavailable in practical sensor network
applications. This paper proposes Multi-Level Contrastive Knowledge Distillation (MLCKD), an unsupervised
framework that transfers multi-level relational knowledge from a contrastively pretrained deep teacher model
to a lightweight student using only unlabeled data. Unlike existing self-supervised distillation methods that
operate solely on the teacher’s final embedding, MLCKD attaches lightweight auxiliary branches at multiple
network stages to distill pairwise similarity structures at both intermediate and final representation levels. We
introduce a two-stage offline training procedure which first equips the frozen teacher with contrastively trained
auxiliary branches, and then optimizes the student to reproduce the teacher’s relational structure at every
level via Kullback-Leibler divergence. Evaluation with a ResNet-50-based teacher network and ResNet-18-
based student network demonstrates that MLCKD substantially improves top-1 linear evaluation accuracy over
the SimCLR baseline and nearly closes the performance gap with the full-capacity teacher. Transfer learning
evaluation on eight downstream classification tasks confirms that the distilled representations generalize
broadly, with MLCKD outperforming the self-supervised baseline on all tasks and surpassing supervised training
by a considerable margin. Inference benchmarks on three edge platforms further show that the student achieves
1.6x to 2.8x speedup over the teacher while delivering stronger representations, confirming that MLCKD
enables practical, label-free deployment of resource-efficient visual intelligence on edge hardware.

1. Introduction

complexity of models that can run in real time [5,8]. Deep residual
networks [9] and other high-capacity architectures routinely exceed

Edge visual inference is rapidly becoming a foundational capability
in wireless sensor network systems. Examples such as autonomous
drones conducting infrastructure inspection [1], environmental sen-
sor nodes monitoring biodiversity [2], and robotic agents navigating
unstructured environments [3] all rely on deep neural networks to
transform raw sensor streams into actionable decisions [4,5]. Deploying
and executing these models locally on edge hardware, rather than
offloading computation to remote cloud servers, delivers compelling
operational advantages. It can reduce communication latency, lower
bandwidth consumption across capacity-limited wireless links, stronger
data privacy guarantees, and continued functionality under the in-
termittent connectivity that is inherent to ad hoc deployments [4,6,
71.

However, the computational, memory, and energy constraints of
embedded processors and low-power accelerators sharply limit the
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the resource envelopes of edge platforms, creating a persistent gap be-
tween model capability and deployment feasibility. Model compression
techniques, including quantization [10], pruning [11,12], and compact
architecture design [13], can reduce this gap, but often degrade the
quality of learned representations in the process.

Knowledge distillation (KD) [14,15] provides a complementary and
effective pathway. Rather than modifying the network architecture or
requiring specialized sparse-computation hardware, KD trains a com-
pact student network to reproduce the representational knowledge of
a larger, complex, but more capable teacher, yielding a model that
is directly deployable on edge devices. A rich body of work has ex-
plored different forms of teacher knowledge for distillation, ranging
from softened output logits [14], intermediate feature activations [16],
and pairwise relational structures among samples [17], to contrastive
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objectives applied to the teacher’s representation space [18]. Con-
ventional KD methods, however, rely on labeled data to define the
distillation objective [14,15], an assumption that is frequently violated
in edge and sensor network settings. Annotations for medical imaging
require scarce clinical expertise [19]; labels for remote environmental
monitoring are prohibitively expensive to collect at scale [2]; and
privacy-sensitive domains may preclude centralized data curation alto-
gether [20]. These practical constraints motivate unsupervised knowl-
edge distillation [15], where the teacher’s knowledge is transferred
using only the unlabeled data that edge devices can readily acquire
during normal operation.

Self-supervised learning (SSL) provides a natural foundation for
such label-free distillation [21-23]. SSL methods derive supervision di-
rectly from unlabeled data by designing pretext tasks that exploit intrin-
sic data properties such as spatial structure, temporal continuity, and
instance-level consistency [24,25]. Among the various SSL paradigms,
contrastive learning has emerged as particularly effective for visual
representation learning [26,27]. Methods such as SimCLR [26] and
MoCo [28] learn transferable representations by maximizing agree-
ment between augmented views of the same instance while separating
views of different instances. Subsequent non-contrastive approaches,
including BYOL [29], Barlow Twins [30], and SwAV [31], have demon-
strated that explicit negative pairs are not strictly necessary, and collec-
tively these methods have established that self-supervised pretraining
can match or surpass supervised baselines [26,28,29]. More recently,
self-distillation methods such as DINO [32] and DINOv2 [33] have
scaled self-supervised learning to over one billion parameters, produc-
ing general-purpose visual features that rival supervised models across
diverse tasks.

A consistent finding across all of these studies, however, is that rep-
resentation quality scales with model capacity [26,34]: large encoders
learn substantially richer features than small ones trained under identi-
cal conditions. This creates a fundamental tension for edge deployment:
the models that benefit most from self-supervised learning are precisely
those that are too large to run on resource-constrained hardware, while the
compact models suitable for deployment learn weaker representations when
trained independently.

Recent work has begun to resolve this tension by integrating knowl-
edge distillation with self-supervised learning [15]. In the offline set-
ting, SSKD [35] leverages teacher features over augmented views to en-
rich the student’s training signal, SimCLRv2 [34] uses a self-supervised
teacher to generate pseudo-labels for unlabeled data, and SEED [36]
distills pairwise similarity distributions within a MoCo-style contrastive
framework. In the online setting, DisCo [37] jointly trains teacher and
student with contrastive embedding consistency, and MOKD [38] com-
bines self-distillation and cross-distillation via a cross-attention feature
search strategy. While these methods are effective, they share a fun-
damental limitation: distillation operates exclusively on the teacher’s
final output, discarding the rich intermediate representations that con-
trastive pretraining shapes across the full depth of the network [16,18].
These intermediate features, which span low-level spatial patterns,
mid-level structural cues, and progressively abstract semantic repre-
sentations, carry complementary information that is not fully captured
by the final embedding alone. By ignoring this multi-level structure,
existing methods transfer only a partial view of the teacher’s learned
knowledge [39].

This paper proposes MLCKD (Multi-Level Contrastive Knowledge
Distillation), an unsupervised knowledge distillation framework that
addresses this limitation by transferring relational knowledge from both
intermediate and final representations of a contrastively pretrained
teacher to a lightweight student. Lightweight auxiliary branches, im-
plemented with parameter-efficient depthwise separable convolutions
[13], are attached to selected stages of both networks and project
intermediate feature maps into compact embeddings. The distillation
objective matches pairwise similarity structures between teacher and
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student at every level via Kullback-Leibler (KL) divergence [14], pro-
viding dense, multi-scale supervision throughout the student network.
Training proceeds in two offline stages: the auxiliary branches on the
frozen teacher are first trained with the NT-Xent contrastive loss [26]
to produce well-structured intermediate embeddings, after which the
student backbone, its auxiliary branches, and its projection head are
jointly optimized to reproduce the teacher’s similarity distributions at
all levels. Unlike methods that distill only final embeddings [36,40]
or require computationally expensive online co-training [37,38], ML-
CKD captures the teacher’s full representational hierarchy in an offline
setting that integrates directly into standard self-supervised pretraining
pipelines.

We evaluate MLCKD using ResNet-50 [9] as the teacher and ResNet-
18 [9] as the student on two pretraining benchmarks (STL-10 [41]
and ILSVRC2012 [42]) and eight downstream classification tasks. Un-
der linear evaluation [26], the distilled student improves over the
SimCLR ResNet-18 baseline by 6 and 3 percentage points on STL-
10 and ILSVRC2012, nearly closing the gap with the full-capacity
teacher on STL-10 (0.84 vs. 0.85). We also compare against SEED [36],
a self-supervised distillation method that distills the teacher’s final
embedding only; MLCKD outperforms SEED by 3 and 2 percentage
points on the benchmarks, confirming that the intermediate auxiliary
branches supply structural knowledge that final-embedding distillation
alone cannot convey. Transfer learning across eight downstream tasks
shows that MLCKD outperforms both the standalone self-supervised
baseline and supervised training from random initialization on all eight
tasks, with gains of up to 5 percentage points over the self-supervised
baseline and up to 20 percentage points over supervised training. Few-
shot fine-tuning on CIFAR-100 and Food-101 further confirms that
the advantage persists under limited labeled data, closing within 1
percentage point of the ResNet-50 teacher at the 20% label fraction.
Inference benchmarks on three NVIDIA Jetson edge platforms show
that the ResNet-18 student runs 1.6x-2.8x faster than the teacher.

The contributions of this paper are as follows:

1. We propose MLCKD, an unsupervised knowledge distillation frame-
work that distills multi-level pairwise similarity structures from a pre-
trained teacher to a compact student through lightweight auxiliary
branches and a two-stage offline training procedure, enabling the stu-
dent to inherit the teacher’s full representational hierarchy using only
unlabeled data.

2. We conduct comprehensive experiments across two pretr-
aining benchmarks and eight downstream classification tasks, demon-
strating consistent and substantial improvements in both representa-
tion quality and transfer performance over standalone self-supervised
baselines [26] as well as supervised training from random initialization.
3. We profile on three edge platforms spanning a wide range of com-
pute capability, confirming that MLCKD delivers both improved ac-
curacy and 1.6x to 2.8x inference speedup, directly addressing the
resource efficiency requirements of intelligent sensor networks and
edge Al applications.

Paper roadmap. The rest of the paper is organized as follows.
Section 2 reviews related work on self-supervised learning, contrastive
learning, model compression, and knowledge distillation. Section 3
presents the MLCKD framework in detail. Section 4 describes the exper-
imental setup and results. Section 5 discusses limitations and outlines
future directions.

2. Background and related work

This section reviews the technical foundations that underpin the
proposed method. Section 2.1 introduces self-supervised learning,
which enables representation learning without manual annotations.
Section 2.2 focuses on contrastive learning, the SSL paradigm on
which MLCKD is built. Section 2.3 discusses model compression tech-
niques that motivate the need for compact architectures on edge de-
vices, and Section 2.4 examines knowledge distillation, which bridges
high-capacity representation learning and lightweight deployment. We
conclude by identifying the gap that the proposed method addresses.



T. Liang et al.
2.1. Self-supervised learning

Self-supervised learning (SSL) derives supervision signals directly
from unlabeled data, eliminating the need for human annotations [21].
By designing pretext tasks that exploit intrinsic data properties, such as
spatial structure, temporal continuity, and instance-level consistency,
SSL generates pseudo-labels automatically and trains an encoder whose
representations transfer to downstream tasks including classification,
detection, and segmentation [22,23].

The general SSL pipeline comprises three stages: (i) defining a
pretext task that produces pseudo-supervision, (ii) optimizing an en-
coder to learn general-purpose representations, and (iii) transferring
the learned representations to target tasks via linear evaluation or
fine-tuning [24]. The effectiveness of SSL depends critically on the
pretext task: it must be sufficiently challenging to force the encoder to
capture semantic content and spatial regularities that generalize across
tasks [25]. Early pretext tasks for visual SSL include the following:

+ Image inpainting trains the encoder to reconstruct masked or miss-
ing regions from surrounding context, requiring both local texture and
global structural understanding [43].

 Rotation prediction classifies the discrete rotation angle applied to
an input image (e.g., 0°, 90°, 180°, or 270°), encouraging the network
to encode global semantic cues related to canonical orientations [44].
« Jigsaw puzzle solving permutes image patches and trains the model
to recover the original, demanding reasoning about part-whole rela-
tionships and spatial dependencies [45].

- Instance discrimination treats every image as its own class and
distinguishes instances under varied augmentations [46,47], producing
transformation-invariant yet instance-separable representations that
transfer to recognition tasks.

More recently, masked image modeling (MIM) has emerged as a
powerful pretext paradigm that extends image inpainting to patch-level
prediction [48-50]. MAE [48] reconstructs raw pixel values from 75%
masked patches using an asymmetric encoder—decoder. BEiT [49] pre-
dicts discrete visual tokens via a pre-trained tokenizer, bridging BERT-
style pretraining to vision. SimMIM [50] further simplifies the pipeline
with a lightweight linear head and random masking. Compared with
contrastive methods, MIM approaches excel at learning fine-grained
spatial features and scale favorably with Transformer architectures.
Among the paradigms discussed above, instance discrimination is most
directly related to the proposed method, as it provides the conceptual
foundation for the contrastive learning framework described next.

2.2. Contrastive learning

Contrastive learning learns an embedding space in which seman-
tically similar samples are pulled together and dissimilar ones are
pushed apart [26,27]. Two augmented views of the same image form
a positive pair, while views from different images constitute negative
pairs. Letting f(-) denote an encoder with a projection head and sim(:, -)
a similarity metric (e.g., cosine similarity), the contrastive loss maxi-
mizes sim(f(x), f(x*)) for positives while minimizing sim(f(x), f(x7))
for negatives, encouraging representations that are transformation-
invariant yet instance-discriminative [26,28].

A central design dimension is the mechanism for managing negative
samples. SimCLR [26] relies on large batch sizes and a learnable
projection head, whereas MoCo [28] decouples the negative set size
from the batch size via a momentum-updated queue. Subsequent work
has demonstrated that explicit negatives are not strictly necessary.
For example, BYOL [29] eliminates negatives through an asymmet-
ric online-target architecture, Barlow Twins [30] drives the cross-
correlation matrix of twin embeddings toward identity, and SWAV [31]
enforces consistency between online cluster assignments from different
views while introducing the multi-crop augmentation strategy. Collec-
tively, these methods have established that self-supervised pretraining
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can match or surpass supervised baselines [26,28,29]. Building on
these foundations, DINO [32] applies self-distillation to Vision Trans-
formers, revealing emergent scene-layout properties in self-attention
maps, and DINOv2 [33] scales this approach to 1.1B parameters,
producing general-purpose features that rival supervised models across
classification, segmentation, and retrieval.

Data augmentation plays a defining role in contrastive learning be-
cause it specifies the invariances encoded in the representation. SImCLR
shows that combining strong augmentations (e.g., random cropping
with color distortion) improves representation quality by preventing
shortcut solutions [26]. However, overly aggressive transformations
can compromise semantic consistency within positive pairs [51,52].
Tian et al. [53] formalize this trade-off through the InfoMin principle:
optimal views should share minimal mutual information while retain-
ing task-relevant content. These insights underscore that augmentation
strategies must balance transformation robustness against semantic
preservation for a given downstream task.

A recurring observation across these studies is that representation
quality scales with model capacity [26,34]: larger encoders consistently
learn richer and more transferable features than smaller ones trained
under identical protocols. While this is desirable for maximizing accu-
racy, it presents a direct conflict with the resource constraints of edge
deployment, motivating the model compression techniques discussed
next.

2.3. Model compression

Deep neural networks achieve high accuracy at the cost of large pa-
rameter counts and substantial computational demands [9], presenting
barriers to deployment on edge devices with limited compute, memory,
and energy budgets. Model compression addresses these challenges
by reducing model size and inference cost while seeking to preserve
accuracy. This subsection focuses on quantization and pruning, the
two strategies most relevant to edge deployment, although neural
architecture search [54] and low-rank factorization [55] are also active
research directions [8].

2.3.1. Quantization

Quantization reduces model size and accelerates inference by ap-
proximating weights and activations with lower-precision values [10].
Because deep networks are typically over-parameterized and robust to
small perturbations, many models can be converted to FP16, INTS,
or INT4 with marginal accuracy loss [10,56]. At the extreme, binary
neural networks represent weights with single-bit values [57].

Quantization methods differ in what is quantized and when. Weight
quantization lowers parameter precision to reduce storage and band-
width, while activation quantization lowers intermediate tensor pre-
cision to enable efficient integer arithmetic [58]. Regarding timing,
quantization-aware training (QAT) simulates quantization during train-
ing, allowing the model to compensate for discretization errors [10],
while post-training quantization (PTQ) applies quantization after train-
ing using a small calibration set [10]. Recent PTQ methods such as
GPTQ [59] and AWQ [60] have extended low-bit quantization to mod-
els with hundreds of billions of parameters with negligible accuracy
degradation.

2.3.2. Network pruning

Network pruning removes weights or structural components that
contribute minimally to model output, exploiting the substantial redun-
dancy in modern deep networks [11,61]. Unstructured pruning zeroes
out individual weights and can achieve high sparsity, but typically
requires sparse-computation support for real speedups [12]. Structured
pruning removes entire filters, channels, or layers, directly reducing
FLOPs and memory footprint on standard hardware [62,63]. Recent
work such as DepGraph [64] enables fully automatic structural pruning
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across heterogeneous architectures. The importance criterion for select-
ing elements to prune remains a key design choice: magnitude-based
scores are widely used for their simplicity, while regularization-based
methods encourage removable structures during training [12].

While quantization and pruning effectively reduce model size, they
operate on an already-trained network and can degrade representa-
tion quality, particularly when applied aggressively to lower-capacity
architectures. Knowledge distillation takes a fundamentally different
approach: rather than compressing an existing model, it trains a com-
pact network from scratch under the guidance of a more capable
teacher, directly optimizing the student’s learned representations.

2.4. Knowledge distillation

Knowledge distillation (KD) transfers the learned representations
of a high-capacity teacher to a smaller student, enabling the student
to approximate the teacher’s performance at lower cost [14,15]. KD
methods are organized by training protocol: offline distillation uses
a fixed pre-trained teacher; online methods train teacher and student
jointly [65]; and self-distillation uses a single network as both teacher
and student [15].

2.4.1. Distillation objectives

The seminal logit-based formulation by Hinton et al. [14] trains
the student to match the teacher’s softened output distribution via
temperature-scaled softmax. These soft targets expose inter-class sim-
ilarity structure absent from hard labels, improving student gener-
alization. Feature-based methods such as FitNets [39] and attention
transfer [16] align intermediate activations between teacher and stu-
dent, demonstrating that knowledge encoded in hidden layers pro-
vides complementary supervision beyond what output logits alone can
convey. Relation-based methods such as RKD [17] take a different
perspective, enforcing consistency in pairwise distance and angular
relations among samples rather than matching individual feature vec-
tors. CRD [18] unifies feature-based and relation-based perspectives
through a contrastive objective applied to the teacher’s representation
space, showing that structural knowledge transfer outperforms stan-
dard KL-divergence distillation on compression, ensemble distillation,
and cross-modal transfer benchmarks. This contrastive formulation
of distillation is particularly relevant to the present work, as ML-
CKD extends it to multiple intermediate representation levels in a
self-supervised setting.

2.4.2. Knowledge distillation in self-supervised learning

A growing body of work integrates KD with contrastive learning,
producing distillation methods that are effective when labeled data
is scarce or entirely unavailable. In the offline setting, SSKD [35]
leverages teacher features over augmented views to enrich the student’s
training signal, SimCLRv2 [34] uses a self-supervised teacher to gener-
ate pseudo-labels for unlabeled data, and SEED [36] distills pairwise
similarity distributions within a MoCo-style contrastive framework. In
the online setting, DisCo [37] jointly trains teacher and student with
contrastive embedding consistency, and MOKD [38] combines self-
distillation and cross-distillation with a cross-attention feature search
strategy. Collectively, these studies demonstrate that integrating distil-
lation with contrastive learning yields effective representation transfer
to compact architectures, especially when strong pre-trained teachers
are available.

2.4.3. Limitations of existing approaches

Despite their effectiveness, the self-supervised distillation methods
reviewed above share a common limitation: they operate exclusively on
the teacher’s final embedding, discarding the intermediate representa-
tions that contrastive pretraining shapes across the full depth of the
network [16,39]. Prior work in supervised KD has convincingly shown
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that intermediate features, spanning low-level spatial patterns to mid-
level structural cues, carry complementary knowledge not captured by
the final output alone [16,18,39]. Yet this insight has not been sys-
tematically exploited in the self-supervised distillation setting, where
the absence of labels makes multi-level knowledge transfer both more
challenging and more valuable, as the student cannot compensate for
missing teacher guidance through task specific supervision.

The proposed MLCKD framework addresses this gap by distilling
pairwise similarity structures at both intermediate and final represen-
tation levels, enabling the student to inherit the teacher’s full repre-
sentational hierarchy. Unlike SEED and SimCLRv2, which are limited
to final-embedding distillation, and unlike DisCo and MOKD, which
require computationally expensive online co-training, MLCKD operates
in an offline setting with lightweight auxiliary branches, making it both
more comprehensive in the knowledge it transfers and more practical
for resource-constrained training environments.

3. Method

This section presents MLCKD, an unsupervised knowledge distilla-
tion framework that transfers multi-level relational knowledge from a
contrastively pretrained teacher to a lightweight student using only
unlabeled data. As established in Section 2.4, existing self-supervised
distillation methods either operate solely on the teacher’s final embed-
ding [34,36] or require computationally expensive online co-training
[37,38], and none systematically exploit the intermediate represen-
tations that contrastive pretraining shapes across the full network
depth [16,39]. MLCKD addresses this gap by distilling pairwise simi-
larity structures at both intermediate and final representation levels in
an offline setting, enabling the student to inherit the teacher’s complete
representational hierarchy.

Below, we formulate the problem in Section 3.1, Section 3.2 de-
scribes the overall framework, Section 3.3 introduces the auxiliary
branches for intermediate-layer distillation, and Section 3.4 details the
two-stage training procedure.

3.1. Problem formulation

Knowledge distillation requires two design decisions: what knowl-
edge to extract from the teacher, and how to transfer it to the student.
In supervised settings, the teacher’s softened logits provide natural
supervision targets [14], optionally complemented by intermediate-
layer hints [16,39]. In the unsupervised setting considered in this
paper, no ground-truth labels are available and the downstream task
is unknown at training time. This makes rendering task-specific signals
such as classifier logits unsuitable. Therefore, the distillation process
must instead rely on task-agnostic relational knowledge that captures
transferable structure in the unlabeled data.

Let D denote a large unlabeled dataset and let 7 denote a high-
capacity teacher encoder pretrained on D with a self-supervised con-
trastive objective (e.g., SimCLR [26]). The goal is to train a lightweight
student encoder fS using only D and the representational guidance
provided by 7, such that the student satisfies three requirements:

R1. The learned representation space of the student preserves the pair-
wise similarity structure captured by the teacher at multiple network
depths.

R2. The resulting representations transfer effectively to diverse, a priori
unknown downstream tasks.

R3. The student operates at substantially reduced inference cost in
terms of memory, computation, and latency, enabling deployment on
edge devices.

3.2. Framework overview

Fig. 1 illustrates an overview of the proposed framework. A teacher—
student architecture is adopted in which the teacher encoder f7 is
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Fig. 1. Overview of the MLCKD framework. Task-agnostic relational knowl-
edge is transferred from a frozen, contrastively pretrained teacher to a
trainable, lightweight student at two complementary levels: the final embed-
ding (via projection heads) and intermediate representations (via K auxiliary
branches). The teacher remains fixed throughout distillation. Both levels are
matched using KL divergence on pairwise similarity distributions.

pretrained on D using SimCLR [26] and subsequently kept fixed thro-
ughout distillation. The student encoder [ receives the same aug-
mented inputs and is optimized to align its representations with those
of the teacher.

Distillation is performed at two complementary levels, addressing
requirement R1:

Final-embedding level. Each encoder is followed by a projection
head (g” for the teacher, g% for the student) that maps the encoder out-
put to a latent space where pairwise similarity is measured. The teacher
projection head is inherited from contrastive pretraining and remains
frozen; the student projection head shares the same architecture but is
randomly initialized. Matching the teacher’s final similarity structure
encourages the student to preserve the global geometry and semantic
organization of the representation space.

Intermediate-embedding level. Lightweight auxiliary branches
are attached to K selected stages of both encoders (Section 3.3). These
branches project intermediate feature maps into compact embeddings,
enabling cross-network comparison even when teacher and student dif-
fer in capacity or channel dimensionality. Intermediate representations
capture complementary information — from low-level spatial patterns
to mid-level structural abstractions — that is shaped by contrastive
pretraining [16,39] but is not fully reflected in the final embedding
alone. Distilling at both levels allows the student to inherit the teacher’s
full representational hierarchy rather than only its output behavior.

For each input sample x € D, a stochastic augmentation module
samples two transformations ¢,/ ~ 7 and produces two views, x(I) =
t(x) and x® = ¢(x). These paired views form the basis of instance
discrimination and provide shared input to both teacher and student
during distillation. The framework components are:

+ Pretrained teacher encoder f” is a high-capacity backbone pre-
trained via SimCLR and frozen during distillation, providing supervi-
sion through its final embedding and intermediate-layer representa-
tions.
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Fig. 2. Architecture of an auxiliary branch c¢,. The branch consists of multi-
ple DSC blocks (left), each containing two depthwise separable convolution
modules [13] (center). Each module comprises a 3 x 3 depthwise convolution
followed by a 1x 1 pointwise convolution, with batch normalization and ReLU
after each convolution (right).

+ Student encoder f° is a lightweight network whose parameters,
along with those of its projection head g5 and auxiliary branches, are
jointly optimized during distillation.

« Projection heads g7, g5 are non-linear multilayer perceptron net-
work (MLP) heads mapping final encoder outputs to a 128-dimensional
contrastive latent space.

* Auxiliary branches {¢]}X , {Cks}kK=1 are lightweight convolutional
subnetworks projecting intermediate features into embeddings suitable
for cross-network comparison (Section 3.3).

- Distillation losses: the student is trained to reproduce the teacher’s
pairwise similarity structure at every level via KL divergence (Sec-
tion 3.4).

3.3. Auxiliary branches

A key technical challenge in multi-level distillation is comparing
intermediate representations across architectures that may differ in
channel dimensionality, spatial resolution, and semantic abstraction
level. To address this, a set of lightweight subnetworks, referred to
as auxiliary branches, are attached to K selected stages of both the
teacher and student encoders. Each branch receives a stage’s inter-
mediate feature map and projects it into a compact embedding that
can be directly compared between teacher and student. Functionally,
these branches serve the same role as the projection head in standard
contrastive learning [26], which maps features into a space where a
relational objective operates, but they do so at intermediate network
depths rather than at the final output.

As shown in Fig. 2, each auxiliary branch is implemented as a small
convolutional network composed of multiple blocks, where each block
contains two depthwise separable convolution modules (DSC) [13].
Depthwise separable convolutions factorize a standard convolution into
a depthwise spatial filtering step followed by a pointwise (1 x 1)
channel-mixing step, reducing parameter count and computational cost
by a factor proportional to the kernel size [13]. Stacking two such
modules per block increases nonlinearity and representational capacity
while maintaining efficiency. This convolutional design was chosen
over simpler alternatives (e.g., linear projections or standard MLPs)
because the intermediate features are spatial feature maps whose local
structure benefits from convolutional processing; flattening them into
vectors for an MLP would discard spatial relationships that are precisely
the information MLCKD aims to transfer.

An auxiliary branch is attached after each convolutional stage of the
encoder, yielding K branches in total (K = 4 for both ResNet-50 and
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Stage 1: Training teacher auxiliary branches
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Fig. 3. Stage 1: Training teacher auxiliary branches. The teacher backbone
(gray, frozen) produces intermediate feature maps at each stage. Auxiliary
branches {c] }}_, project these feature maps into compact embeddings {v] };_,
which are trained independently with the NT-Xent contrastive loss [26].
Gradients flow only through the auxiliary branches; the backbone remains
fixed.

ResNet-18 in our experiments). Because features at deeper stages are
more abstract and semantically compact, the branch depth is varied
across stages following an inverse-depth principle: shallower branches
(fewer blocks) are used for deeper stages where the feature maps are
already highly processed, and relatively deeper branches are used for
earlier stages where the feature maps are larger, higher-dimensional,
and less abstract. This design balances alignment quality against com-
putational overhead. For the ResNet-50 teacher, a 1 x 1 convolution
is additionally applied at the input of each branch to reduce the
channel dimensionality of bottleneck features before projection. The
exact branch configurations are specified in Section 4.

3.4. Training procedure

Our training proceeds in two sequential stages, as summarized in
Fig. 3 (Stage 1) and Fig. 4 (Stage 2). Both stages operate on the same
unlabeled dataset D with the same augmentation pipeline 7.

3.4.1. Stage 1: Training the teacher auxiliary branches

The teacher backbone f7 and its projection head g’ are pretrained
using SimCLR [26]. Unlike the conventional SimCLR protocol, in which
the projection head is discarded after pretraining, g’ is retained for use
in Stage 2. The purpose of Stage 1 is to train auxiliary branches that pro-
duce well-structured intermediate embeddings suitable for distillation.
The teacher backbone is frozen throughout this stage to preserve its
learned representations; only the auxiliary branch parameters {Ck}kK= )
are optimized. Each branch is trained independently with the NT-Xent
contrastive loss [26] applied to its own output embeddings, encour-
aging each intermediate level to develop a discriminative similarity
structure.

Given a mini-batch of N samples {xi}ﬁ \» two augmentations #,¢' ~
T are sampled per sample to produce 2N augmented views:

Koy = H(x;), %o =1 (x)), i=1,...,N. (€]

For each sample, its two views form a positive pair; all other 2(N-1)
views in the mini-batch serve as negatives. Let f,(-) denote the frozen
teacher backbone output up to stage k, and let ¢, (-) denote the kth
auxiliary branch. The branch embedding for an augmented sample %,
is:

pe{l,....2N},

Vi = el fi(F)). ke{l....K}. @

Pairwise similarity is measured via cosine similarity, defined once
here and used throughout the remainder of this section:

llTW

llully Iwll, "

3

sim(u, w) =
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Algorithm 1 Stage 1: Training the teacher auxiliary branches

Input: Batch size N, temperature 7, frozen teacher backbone { f, k}kK=1,
auxiliary branches {Ck}kK=1’ augmentation distribution 7
Output: Trained auxiliary branches {c;}K_

1: for each mini-batch {x;}"  do

fori=1to N do
Sample 1,1' ~ T; construct %,;,_; = 1(x;), X5; = '(x;)
end for

for k=1 to K do
Compute {Vp,k}iivl via Eq. (2)
Compute £, via Egs. (4)-(5)
end for
9:  Update {c;}K by minimizing £,z = X, Ls
10: end for

return Trained auxiliary branches {¢; } ]’f=1

For the kth branch, the contrastive loss for a positive pair (p,q)
follows the NT-Xent formulation [26]:
exp(sim(vpyk,vq’k)/r)
Zfijl L,z exp(sim(v, 4.V, )/ 7)

where 7 > 0 is a temperature parameter controlling the sharpness of the
similarity distribution. The loss for branch k averages over all positive
pairs in the mini-batch:

(€3]

fk,p,q =—log

N
1
Le=3§ D NCkrimr2i + Crniniat]» ©

i=1

and the total Stage-1 objective sums over all K branches:

K
‘Cslugel = z Ek' (6)
k=1

The training procedure is summarized in Algorithm 1. Upon com-
pletion, each auxiliary branch produces embeddings that encode a
well-structured similarity space at its corresponding network depth,
providing the multi-level supervision signal used in Stage 2.

3.4.2. Stage 2: Knowledge distillation to the student

With the teacher encoder and its auxiliary branches fully trained,
Stage 2 transfers the teacher’s relational knowledge to the student. A
critical design choice in this stage is what to distill. Rather than match-
ing individual feature vectors, which would tightly couple the student
to the teacher’s specific activation patterns and may not generalize well
across tasks, MLCKD distills the pairwise similarity structure produced by
the teacher at each representation level. This relational formulation,
inspired by RKD [17] and CRD [18], ensures that the student learns
the geometric organization of the teacher’s embedding space, which has
been shown to be more transferable than point-wise feature alignment.

The student is equipped with the same auxiliary-branch configu-
ration as the teacher (K branches at corresponding stages). During
training, the same augmented mini-batch is forwarded through both
networks. The teacher remains fixed, while the student backbone £,
student auxiliary branches {c; }X_ , and student projection head g5 are
jointly optimized. This joint optimization allows gradients from the
intermediate-level losses to flow back through the student backbone,
providing dense supervision at multiple depths rather than only at the
final layer.

For a given auxiliary branch or projection head, let z; and z; denote
the output embeddings for two augmented samples from either the
teacher or student network. The pairwise similarity matrix is computed
via the cosine similarity defined in Eq. (3):

A, ; =sim(z;, z)). (2]
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Stage 2: Knowledge distillation to the student
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Fig. 4. Stage 2: Knowledge distillation to the student. The frozen teacher
(gray, top) and its trained auxiliary branches produce intermediate embed-
dings {VZ} and a final representation z'. The trainable student (dashed,
bottom) is equipped with the same auxiliary-branch configuration and pro-
duces corresponding embeddings {vf} and z5. At each level, the student is
trained to match the teacher’s pairwise similarity structure via KL divergence.
The total loss aggregates all intermediate-level losses {7, } and the final-level

loss £,;-

A row-wise softmax with temperature r converts the similarity
matrix into a probability distribution over sample relations:

o P/ .
T2 exp(A,,/7)

Each row of P describes the relational profile of one sample with

respect to all others in the mini-batch, capturing which samples are

mapped close together and which are separated in the teacher’s (or

student’s) embedding space.

The distillation loss between the teacher’s probability matrix P
and the student’s probability matrix P* is computed using the
Kullback-Leibler (KL) divergence, scaled by 72 to ensure that gradient
magnitudes remain stable across different temperature settings [14]:

2N 2N (T)

p
=2 Y 3P (S). ©

i=1 j=1 ,j

The total Stage-2 loss aggregates the KL-divergence losses across all
K auxiliary-branch pairs and the projection-head pair:

K
2
k=1

intermediate levels

L + Coei » (10)

stage2 — proj

final level

where ¢, and fpmj are computed using Egs. (7)—(9) with the embed-
dings from the corresponding teacher-student branch or projection-
head pair. The intermediate-level and final-level losses are summed
with equal weight. This design follows standard practice in feature-
based knowledge distillation. FitNets [39] and attention transfer [16]
both sum per-layer distillation terms uniformly, as do the layer-wise
transformer distillation methods Patient-KD [66] and TinyBERT [67].
Moreover, since every term in Eq. (10) is a KL divergence between
row-normalized similarity distributions over the same mini-batch, so all
K+1 losses share the same scale and units by construction. There is no
a priori reason to weight one level over another. However, the alterna-
tive, i.e., learning per-layer weights through a meta-network or similar
machinery [68], is itself a non-trivial design that introduces additional
training and hyperparameters, which conflicts with the unsupervised
setting we target. We therefore use uniform weighting throughout.
The complete Stage-2 procedure is summarized in Algorithm 2. After
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Algorithm 2 Stage 2: Student distillation
Input: Teacher (f7, {cZ}le,gT), student (f5, {c }k -&%), batch size
N, temperature 7, augmentation distribution T
Output: Trained student encoder /%
1: for each mini-batch {x;}"  do

1
2: Sample 7,1’ ~ T per sample; construct 2N augmented views

3: Forward both teacher and student on the augmented mini-batch
4: for k=1to K do

5: Compute similarity matrices A;(T), A;{S) via Eq. (7)

6: Compute probability matrices P,ET), P;S) via Eq. (8)

7: Compute ¢, via Eq. (9)

8: end for

9: Compute ¢,,,; analogously from projection-head outputs

10:  Update /5, {c}. g5 by minimizing Ly,eer = Xt £x + Cproj
11: end for
return Trained student encoder %

Table 1
Number of residual blocks per stage for the teacher (ResNet-50, bottleneck
blocks) and student (ResNet-18, basic blocks) encoders.

Network Stage 1 Stage 2 Stage 3 Stage 4
ResNet-50 (teacher) 3 4 6 3
ResNet-18 (student) 2 2 2 2

training, the auxiliary branches and projection heads are discarded;
only the student backbone f¥ is retained for downstream deployment.

4. Experiments

In this section, we evaluate the proposed MLCKD framework. We
first describe the datasets, network architectures, and training configu-
rations in Section 4.1. Section 4.2 defines the evaluation protocols and
baseline methods. We reports linear evaluation results in Section 4.3,
followed by Sections 4.4 and 4.5 presenting transfer learning and few-
shot experiments results. Section 4.6 provides ablation studies, and
Section 4.7 analyzes system efficiency when deployed on edge devices.

4.1. Experimental setup

4.1.1. Datasets

Pretraining datasets. Two datasets are used for self-supervised
pretraining and distillation. STL-10 [41] contains 100,000 unlabeled
images alongside 5000 labeled training and 8000 labeled test images
distributed across ten classes. Its dedicated unlabeled split makes it
well suited for evaluating unsupervised methods. ILSVRC2012 [42]
comprises 1.28M training images and 50K validation images spanning
1000 categories, and serves as the primary large-scale benchmark.

Transfer learning datasets. To assess downstream transferabil-
ity, the pretrained models are evaluated on eight classification tasks:
Food-101 [69] (101 classes), Oxford 102 Flowers [70] (102 classes),
DTD [71] (47 classes), Oxford-IIIT Pets [72] (37 classes), CIFAR-10 and
CIFAR-100 [73] (10 and 100 classes), and Leaf [74] evaluated on both
a binary health classification task (2 classes) and a multi-class species
classification task (12 classes). For DTD, the first official train/test split
is used. For Leaf, 80% of the data is randomly selected for training and
20% for testing.

4.1.2. Network architectures

Backbones. ResNet-50 [9] serves as the teacher encoder and
ResNet-18 [9] as the student encoder in all experiments. Giving K = 4
branches per network in our current design, we divide the convolu-
tional layers into four stages of residual blocks with an auxiliary branch
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Fig. 5. Architecture of auxiliary branches for the first three intermediate
stages of the teacher encoder. Each branch begins with a 1 x 1 convolution to
reduce channel dimensionality, followed by depthwise separable convolution
(DSC) blocks and global average pooling. Channel dimensions (C,, - C,,) are
annotated below each layer. The stage-4 branch shares the same single-DSC-
block topology as stage 3 and is therefore not shown separately; it differs only
in input channel dimensionality (C;, = 2048 vs. C;, = 1024).

attached after each stage. Table 1 lists the block counts. ResNet-18
stacks two basic residual blocks per stage uniformly (2-2-2-2), while
ResNet-50 uses bottleneck blocks in a 3-4-6-3 arrangement. The two
backbones also differ in channel width: ResNet-50 produces 256, 512,
1024, and 2048 channels at stages 1-4 due to the bottleneck expansion,
whereas ResNet-18 produces 64, 128, 256, and 512 channels. Following
the standard SimCLR design [26], a two-layer MLP projection head
maps the backbone output to a 128-dimensional latent space. The same
projection-head architecture is used for both teacher and student to
ensure a fair comparison.

Auxiliary branch configurations. The branches follow the inverse-
depth design described in Section 3.3: earlier stages receive deeper
branches (more DSC blocks) and later stages shallower ones. This
depth decreases monotonically until it reaches a minimum of one DSC
block at stages 3. Stage 4 shares the same single-DSC-block topology
as stage 3, differing only in input channel dimensionality (Cin=1024
vs. Cin=2048 for the ResNet-50 teacher; Cin=256 vs. Cin=512 for
the ResNet-18 student). The complete branch configurations for both
encoders are illustrated in Figs. 5 and 6. Because ResNet-50’s bottleneck
layers produce high-channel feature maps (up to 2048 channels), a
1 x 1 convolution is prepended to each ResNet-50 branch to reduce
the channel dimensionality before the DSC blocks; ResNet-18 branches
receive stage outputs directly. The same configurations are used for
both STL-10 and ILSVRC2012 experiments.

4.1.3. Training configuration

Self-supervised pretraining. Both teacher and baseline student are
pretrained using SimCLR. On ILSVRC2012, models are trained for 100
epochs with a batch size of 256, using the LARS optimizer [75] with
an initial learning rate of 0.6, weight decay of 10~6, a 10-epoch linear
warmup, and cosine annealing. The contrastive temperature is set to
7 = 0.1. The same optimizer and schedule are used on STL-10.

Data augmentation. The augmentation pipeline follows the stan-
dard SimCLR protocol: random resized crop (scale range [0.08,1.0],
aspect ratio range [3/4,4/3]), random horizontal flip (p = 0.5), color
jittering (p = 0.8), random grayscale (p = 0.2), and Gaussian blur
(p = 0.5, kernel size 10% of the image dimension). The crop size is
96 x 96 for STL-10 and 224 x 224 for ILSVRC2012.

Teacher auxiliary branch training (Stage 1). The teacher back-
bone is frozen and only the auxiliary branches are optimized using the
same optimizer, schedule, and contrastive temperature as pretraining.
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Fig. 6. Architecture of auxiliary branches for the first three intermediate
stages of the student encoder. The stage-4 branch shares the same single-DSC-
block topology as stage 3 and is therefore not shown separately; it differs only
in input channel dimensionality (C;, = 512 vs. C;, = 256).

Student distillation (Stage 2). The distillation temperature is set
to ¢ = 0.5; the effect of this choice is analyzed in the ablation
study (Section 4.6). The auxiliary-branch and projection-head losses are
summed with equal weight.

4.2. Evaluation protocols and baselines

We consider both linear evaluation and fine-tuning settings.

Linear evaluation. The pretrained backbone is frozen and a linear
classifier is trained on top of the extracted features. On STL-10, the
classifier is trained for 100 epochs with SGD (learning rate 0.0003,
momentum 0.9, batch size 256); input images are randomly cropped
to 96x96 with horizontal flipping during training and resized to 96 x96
during testing. On ILSVRC2012, the classifier is trained for 100 epochs
with SGD (learning rate 0.8, momentum 0.9, batch size 2048); images
are randomly cropped to 224 x 224 during training, and resized to 256
pixels on the short side followed by a 224 x 224 center crop during
testing.

Fine-tuning. The entire network (backbone + classifier) is jointly
optimized on the target task for 200 epochs with SGD (Nesterov mo-
mentum 0.9, batch size 256). The learning rate is selected via grid
search over [0.001,0.1] (log-spaced) and weight decay over [10~¢,1073]
(log-spaced). Training augmentation consists of random resized crops
to 224 x 224 and horizontal flips; test images are resized to 256 pixels
on the short side and center-cropped to 224 x 224.

Baselines. The proposed MLCKD uses a pretrained ResNet-50
teacher to distill knowledge to a ResNet-18 student. We compare
MLCKD against baselines in three groups: (i) SimCLR (ResNet-50)
represents the upper bound of the teacher architecture, and (ii) Sim-
CLR (ResNet-18) and MoCo-V2 (ResNet-18) represent standalone
self-supervised learning on the student architecture without distil-
lation. MoCo-V2 [28,76] is a momentum-based contrastive method
trained directly on the student; (iii) lastly, we consider SEED [36],
a self-supervised distillation method that, similar to MLCKD, transfers
knowledge from the same ResNet-50 teacher to the ResNet-18 student,
but distills only the teacher’s final-embedding similarity structure.
Comparing MLCKD against the standalone ResNet-18 baselines isolates
the contribution of distillation; comparing against SEED isolates the
contribution of multi-level transfer, since SEED shares MLCKD’s final-
level objective and differs only in the absence of intermediate-level
distillation; and comparison against the ResNet-50 baseline shows how
closely the student can approach the teacher’s representation quality.
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Table 2

Top-1 accuracy under linear evaluation. The best student result is highlighted
in bold. We consider two standalone self-supervised baselines, i.e., SimCLR
and MoCO-V2 with ResNet-18, and one final-embedding self-supervised distil-
lation baseline, i.e., SEED. The reported improvements and gaps are absolute
percentage points (pp), i.e., the arithmetic difference between two top-1
accuracies.

Method Backbone STL-10 ILSVRC2012
SimCLR (teacher) ResNet-50 0.85 0.58
Standalone self-supervised (no distillation)

SimCLR ResNet-18 0.78 0.46
MoCo-V2 ResNet-18 0.76 0.44
Self-supervised distillation (ResNet-50 — ResNet-18)

SEED ResNet-18 0.81 0.47
MLCKD (ours) ResNet-18 0.84 0.49
Improvement over SimCLR ResNet-18 +6 pp +3 pp
Gap with SimCLR ResNet-50 -1 pp -9 pp
Improvement over SEED +3 pp +2 pp

4.3. Linear evaluation results

Table 2 reports the top-1 classification accuracy under the linear
evaluation protocol on STL-10 and ILSVRC2012.

Compared with the SimCLR ResNet-50 teacher, the MLCKD-trained
ResNet-18 student closes the accuracy gap to within 1 percentage
point on STL-10 (0.84 vs. 0.85), nearly matching the teacher despite
having 2.25x fewer FLOPs and 2.19x fewer parameters (as reported
later in Table 5). On ILSVRC2012, a larger gap of 9 percentage points
remains (0.49 vs. 0.58). This disparity between the two datasets can
be attributed to the difference in task complexity and data scale. STL-
10 contains 100K unlabeled images across a relatively small number
of visual categories, and the teacher’s representational advantage over
the student is modest to begin with; multi-level distillation is sufficient
to transfer nearly all of this advantage. ILSVRC2012, by contrast, spans
1000 fine-grained categories over 1.28M images, placing substantially
greater demands on model capacity. In this setting, the architectural
bottleneck of the smaller ResNet-18 backbone limits how much of
the teacher’s knowledge can be absorbed, regardless of the distillation
strategy. Nevertheless, the 3 percentage point improvement over the
ResNet-18 baseline demonstrates that MLCKD extracts meaningful addi-
tional knowledge from the teacher even on this challenging benchmark.
We note that further gains may be achievable by extending pretraining
beyond the 100 epochs used in our experiments (compared with the
800-1000 epochs typical in the SimCLR literature), or by employing a
more expressive student architecture, both of which would narrow the
remaining capacity gap.

For the self-supervised distillation baseline SEED, it distills the
similarity structure of the teacher’s final embedding alone, whereas
MLCKD distills relational structure at both intermediate and final lev-
els. SEED is therefore a direct ablation of the multi-level design. As
shown in Table 2, MLCKD improves over SEED by 3 and 2 percent-
age points on STL-10 and ILSVRC2012 linear evaluation, respectively,
confirming that intermediate-level transfer supplies complementary
structural knowledge that the student cannot recover from output-
level distillation alone. The two standalone self-supervised baselines,
SimCLR and MoCo-V2, cluster within 2 percentage points of each
other on both datasets, indicating that the weak representations of the
compact student arise from standalone contrastive pretraining on a low-
capacity backbone rather than from any property specific to SimCLR.
Between the two standalone baselines, MoCo-V2 trails SimCLR by 2 pp
on both datasets. This is because MoCo-V2 relies on a momentum-
updated memory queue whose stored features must stay consistent with
the slowly evolving encoder, a condition that is only met after long
pretraining (the original setup uses 800 epochs). Under our 100-epoch
budget the queue is comparatively stale, weakening the contrastive
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signal, whereas SimCLR draws negatives from the current batch and
is less affected by the shortened schedule.

4.4. Transfer learning results

Table 3 reports fine-tuning accuracy across eight downstream tasks
(i.e., the eight transfer learning datasets mentioned in Section 4.1.1)
for models pretrained on ILSVRC2012.

Comparison with the Baseline (SimCLR ResNet-18). MLCKD out-
performs the SimCLR ResNet-18 baseline on all eight transfer learning
tasks. These consistent gains across datasets that differ substantially
in scale (from 2040 training images for Flowers to 50,000 for CIFAR-
100), granularity (fine-grained species and texture recognition versus
coarse object classification), and visual domain (natural scenes, tex-
tures, medical leaves) confirm that multi-level relational distillation
produces representations with broad downstream transferability. The
improvements are notably larger on tasks that demand fine-grained
discrimination, i.e., DTD (textures), CIFAR-100 (100 categories), and
Leaf-Species (12 species), each see +5 percentage point gains, suggest-
ing that the intermediate-layer knowledge distilled by MLCKD captures
mid-level spatial patterns and structural cues that are particularly
valuable when downstream categories share similar global appearance
and must be distinguished by subtle local differences.

Comparison with the Teacher (SimCLR ResNet-50). The gap be-
tween the MLCKD-trained ResNet-18 student and the ResNet-50 teacher
varies across tasks. On CIFAR-10, Leaf-Binary, and Leaf-Species, the
student comes within 1 percentage point of the teacher, effectively
closing the capacity gap on these benchmarks. On CIFAR-100 and DTD
the gap narrows to 2-3 percentage points, and on Oxford Pets and
Food-101 it remains at 3-4 percentage points. The largest residual gap
appears on Flowers (8 percentage points, 0.74 vs. 0.82). We can see
that the student recovers a larger fraction of the teacher’s accuracy on
tasks with fewer categories or with categories that are visually distinct
(e.g., CIFAR-10 with 10 broad classes, Leaf-Binary with 2 classes),
whereas the gap persists on tasks that require finer inter-class discrim-
ination across many visually similar categories (e.g., Flowers with 102
species). This is consistent with the capacity bottleneck observed in the
linear evaluation results (Section 4.3): the ResNet-18 backbone has lim-
ited representational bandwidth, and fine-grained distinctions among
a large number of categories are the first to suffer when capacity is
reduced. Importantly, MLCKD consistently narrows this gap relative to
the SimCLR ResNet-18 baseline. On Flowers, for instance, the baseline
trails the teacher by 10 percentage points, whereas MLCKD reduces this
to 8. This indicates that multi-level distillation partially compensates
for the architectural limitation even on the most challenging tasks.

Comparison with Supervised Training. MLCKD surpasses super-
vised training from random initialization (Supervised™) on all eight
tasks, with margins ranging from +8 percentage points (Flowers) to
+20 percentage points (CIFAR-10). This result underscores two prac-
tical advantages for edge deployment. First, self-supervised pretraining
with distillation provides a stronger initialization than random weights
even when labeled data is subsequently available for fine-tuning, con-
firming that the teacher’s relational knowledge transfers complemen-
tary information beyond what task-specific supervision alone can pro-
vide.

Comparison with MoCo-V2 (ResNet-18). MoCo-V2 falls below
SimCLR (ResNet-18) on seven of eight tasks, with the largest deficits on
Leaf-Species (=6 pp), CIFAR-10 (-5 pp), and Oxford Pets (-3 pp). As
discussed in Section 4.3, this is because MoCo-V2’s momentum queue
requires long pretraining to maintain consistent encoder representa-
tions, which is beyond the 100-epoch budget we considered in our
setting.

Comparison with SEED (ResNet-18). SEED improves over the
SimCLR (ResNet-18) baseline on all eight tasks by 1-4 pp, showing
that final-embedding distillation alone is already beneficial. MLCKD
improves further over SEED on every task, with margins of 1 pp on
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Table 3
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Fine-tuning accuracy on transfer learning tasks. Best student results are in bold.

Dataset Sup.” (R18) SimCLR (R50) SimCLR (R18) MoCo-V2 (R18) SEED (R18) MLCKD (R18)
Food-101 [69] 0.65 0.81 0.73 0.72 0.75 0.77
Flowers [70] 0.66 0.82 0.72 0.70 0.73 0.74
DTD [71] 0.50 0.64 0.56 0.54 0.60 0.61
Oxford Pets [72] 0.61 0.78 0.71 0.68 0.72 0.75
CIFAR-10 [73] 0.75 0.96 0.90 0.85 0.92 0.95
CIFAR-100 [73] 0.64 0.79 0.72 0.70 0.73 0.77
Leaf-Binary [74] 0.89 0.99 0.94 0.94 0.95 0.98
Leaf-Species [74] 0.75 0.94 0.88 0.82 0.89 0.93

2 Supervised training from random initialization. R50/R18: ResNet-50/ResNet-18.
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Fig. 7. Few-shot fine-tuning accuracy on CIFAR-100 with 5%, 10%, and 20%
of labeled data.
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Fig. 8. Few-shot fine-tuning accuracy on Food-101 with 5%, 10%, and 20%
of labeled data.

Flowers and DTD rising to 4 pp on CIFAR-100 and Leaf-Species. Because
SEED and MLCKD share the same frozen teacher, the same student
backbone, and the same final-level distillation objective, this consis-
tent gap is attributable solely to the intermediate auxiliary branches
introduced by MLCKD. The gains are largest on fine-grained tasks,
i.e., CIFAR-100, Leaf-Species, and Oxford Pets, where mid-level spatial
and structural cues matter most, and smallest on coarser tasks such
as Leaf-Binary and CIFAR-10 where global semantics already provide
sufficient discriminative signal. This pattern directly supports the claim
that intermediate-level transfer captures complementary knowledge
that the final embedding alone cannot convey.

4.5. Few-shot fine-tuning results

To evaluate representation quality under limited labeled data, we
fine-tune on CIFAR-100 and Food-101 using 5%, 10%, and 20% of the
labeled training data. Results are illustrated in Figs. 7 and 8. On CIFAR-
100, MLCKD outperforms the SimCLR ResNet-18 baseline at 10% and
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Table 4

Effect of temperature hyperparameters (z,, 7,) on linear evaluation accuracy
(with STL-10 dataset). Lower 7, sharpens auxiliary-branch contrast; higher z,
softens the distillation target, allowing the student to capture finer relational
structure.

7, (Stage 1) 7, (Stage 2) Top-1 Acc.
0.1 0.1 0.74
0.1 0.5 0.82
0.5 0.1 0.81
0.5 0.5 0.79

20% label fractions. On Food-101, MLCKD matches or exceeds the
baseline at 5% and 20%, and is underperformed only in the 10% setting
(0.47 vs. 0.46). However, given the overlapping error bars, suggests
this reflects run-to-run variance rather than a systematic failure of the
proposed distillation strategy. With 20% labeled data MLCKD surpasses
the baseline on and closes within 1 pp of the ResNet-50 teacher in
both datasets, which confirms that the distilled representations gener-
alize effectively once a modest amount of task-specific supervision is
available.

4.6. Effect of temperature hyperparameters

The proposed method uses two temperature parameters: 7; for
training the teacher auxiliary branches (Stage 1) and z, for student
distillation (Stage 2). Their effects are evaluated on STL-10 under the
linear evaluation protocol, with results shown in Table 4. The two
temperature parameters serve distinct roles, and the ablation reveals a
clear asymmetry in their optimal settings. The Stage-1 temperature 7,
controls the sharpness of the contrastive signal used to train the aux-
iliary branches. A lower 7, concentrates gradients on hard negatives,
producing more discriminative intermediate embeddings. The Stage-2
temperature 7, governs how the teacher’s similarity matrix is softened
before the student matches it. A higher z, flattens the distribution, ex-
posing subtler inter-instance relations and providing richer supervision.
The strongest effect in the ablation is the 8 percentage point gain from
raising 7, from 0.1 to 0.5 at fixed r; = 0.1 (0.74 — 0.82), confirming
that a soft distillation target is critical when branch embeddings are
already sharp.

The worst configuration (r; = 0.1, 7, = 0.1, accuracy 0.74) collapses
both stages to near-one-hot similarity distributions, discarding the re-
lational structure that distillation is designed to transfer. Conversely,
the symmetric soft setting (r; = 0.5, 7, = 0.5, accuracy 0.79) under-
sharpens the branch embeddings, reducing their discriminability. The
optimal configuration is therefore asymmetric: sharp branch training
(r; = 0.1) paired with soft distillation (z, = 0.5). This is consistent
with the dark-knowledge principle of Hinton et al. [14], i.e., higher
temperature during distillation reveals richer teacher knowledge. Our
results extend it to relational distillation at intermediate representation
levels.
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Table 5

Model complexity comparison between teacher and student. The ResNet-
18 student requires 2.25x fewer FLOPs and 2.19x fewer parameters than
the ResNet-50 teacher for a single 3 x 224 x 224 input, enabling practical
deployment on resource-constrained edge devices.
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Table 7

Average inference latency (ms) per sample on three NVIDIA Jetson edge
platforms, measured over 50 forward passes with a 3 x 224 x 224 input. The
ResNet-18 student achieves 1.6x-2.8x speedup over the ResNet-50 teacher,
with the largest gain on the most resource-constrained device.

Model FLOPs (G) Parameters (M) Device ResNet-50 (SimCLR) ResNet-18 (MLCKD) Speedup

ResNet-50 (teacher) 4.09 25.56 Jetson Nano 32.1 11.5 2.79%

ResNet-18 (student) 1.82 11.69 Jetson Xavier NX 4.8 2.7 1.77x

Reduction 225% 2.19% Jetson AGX Orin 3.2 2.0 1.60x
Table 6

Specifications of the edge devices used for inference benchmarking. The
three platforms span a wide range of compute capability, from the resource-
constrained Nano to the high-performance AGX Orin.

Device CPU Cores CPU Freq. RAM GPU Cores  GPU Freq.
Jetson Nano 4 1.43 GHz 4 GB 128 0.91 GHz
Jetson Xavier NX 6 1.90 GHz 16 GB 384 1.10 GHz
Jetson AGX Orin 12 2.20 GHz 32 GB 2048 1.30 GHz

4.7. System efficiency on edge devices

A central motivation for this work is enabling the deployment
of high-quality self-supervised representations on the resource-con-
strained hardware found in ad hoc and sensor network nodes. While the
preceding sections demonstrate that MLCKD improves representation
quality, practical deployment additionally requires that the distilled
model fits within the compute, memory, and energy budgets of edge
platforms. This subsection quantifies these deployment characteristics
by comparing the ResNet-18 student against the ResNet-50 teacher in
terms of model complexity and measured inference latency on three
NVIDIA Jetson edge devices that span a representative range of edge
computing capability.

4.7.1. Model complexity

Table 5 compares the computational cost of the teacher and stu-
dent architectures. The ResNet-18 student requires 2.25x fewer FLOPs
and 2.19x fewer parameters than the ResNet-50 teacher. In absolute
terms, this corresponds to a reduction from 4.09G to 1.82G FLOPs and
from 25.56M to 11.69M parameters. These are savings that directly
translate to lower memory footprint, reduced storage requirements, and
lower per-inference energy consumption on edge hardware. Crucially,
these savings are achieved while improving representation quality over
the SimCLR ResNet-18 baseline (Section 4.3), confirming that MLCKD
does not merely compress the model but actively enhances the stu-
dent’s learned features relative to what the same architecture can learn
independently.

4.7.2. Inference latency on edge devices

To validate that the theoretical complexity reduction translates to
real-world speedups, we benchmark inference latency on three NVIDIA
Jetson platforms that represent distinct points on the edge computing
spectrum: the Jetson Nano (128 GPU cores, 4 GB RAM), the Jetson
Xavier NX (384 GPU cores, 16 GB RAM), and the Jetson AGX Orin
(2048 GPU cores, 32 GB RAM). Device specifications are listed in Table
6, and latency results are reported in Table 7.

The ResNet-18 student achieves 1.60x to 2.79x inference speedup
over the ResNet-50 teacher across the three platforms. Two observa-
tions are worth highlighting. First, the speedup is most pronounced on
the Jetson Nano (2.79x), the most resource-constrained device in the
evaluation. On this platform, the ResNet-50 teacher requires 32.1 ms
per sample, exceeding the 33 ms budget required for 30 fps real-
time processing only marginally. By contrast, the ResNet-18 student
completes inference in 11.5 ms, comfortably meeting the real-time
constraint. This demonstrates that MLCKD enables real-time visual
inference on ultra-low-cost edge hardware where the teacher model
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would be borderline infeasible. Second, even on the high-end Jetson
AGX Orin, where both models run in under 4 ms, the student still
provides a 1.60x speedup (3.2 ms — 2.0 ms). In latency-sensitive
applications such as multi-sensor fusion in autonomous systems, these
per-frame savings compound across thousands of inferences per second,
reducing both cumulative latency and energy consumption.

4.7.3. Energy efficiency and memory footprint

Beyond inference latency, two further operational metrics are rel-
evant for resource-constrained deployment: energy consumption per
inference and peak memory usage.

Energy per inference. On Jetson devices the GPU draws power
at approximately its configured Thermal Design Power (TDP) ceiling
during active inference, regardless of which model is running [77,78].
The instantaneous power is therefore a property of the device and
its power mode rather than the model, i.e., the Jetson Nano operates
at 5-10 W [79] and the AGX Orin at up to 60 W [78], with the
power draw remaining approximately constant across models on the
same platform under the same power-mode setting [80]. Since power
is approximately fixed during inference and only inference time differs,
energy per inference (Joules = Watts x seconds) scales proportionally
with latency. Therefore, the 1.6x-2.8x latency reduction reported in
Table 7 implies a corresponding reduction in per-inference energy,
with the largest gain on the Jetson Nano (2.79x), where the resource
constraints make energy efficiency most critical.

Peak memory footprint. Inference memory consists of two compo-
nents: weight storage and intermediate activations. In FP32, ResNet-50
requires approximately 150-200 MB (weights ~102 MB plus peak
activations) and ResNet-18 approximately 70-110 MB (weights ~47 MB
plus peak activations), reflecting the 2.19x parameter reduction re-
ported in Table 5. Both models fall well within the 4 GB unified
memory of the most constrained platform tested, the Jetson Nano,
confirming that memory is not the binding deployment constraint on
any of the three platforms. Nevertheless, the student’s ~2x smaller
memory footprint, which follows directly from the 2.19x parameter
reduction reported in Table 5, provides meaningful memory saving for
concurrent processes such as sensor data acquisition and communi-
cation stacks that run alongside the inference pipeline in real sensor
network deployments.

Training cost. MLCKD introduces two additional training stages be-
yond standalone SimCLR pretraining. In Stage 1, the teacher backbone
is kept fully frozen; only the K = 4 auxiliary branches, each a small
stack of depthwise separable convolution blocks, are trained. The per-
iteration cost is therefore a single forward pass through the ResNet-50
teacher (4.09G FLOPs, no backward) plus the forward and backward
passes through the four compact branches. In Stage 2, the teacher
again remains frozen, so the per-iteration cost is one forward pass
through ResNet-50 (4.09G FLOPs, no backward) plus the full forward
and backward pass through the ResNet-18 student backbone, its four
auxiliary branches, and its projection head (~2x 1.82G = 3.64G FLOPs).
Stage 2 therefore adds approximately the forward cost of the ResNet-
50 teacher on top of baseline SimCLR ResNet-18 training, resulting in
roughly 2x the per-iteration compute of standalone student pretraining.
However, it is important to note that this overhead is a one-time offline
expense: training is performed once on a server, and the auxiliary
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branches and projection heads are discarded afterwards. The deployed
model is an unmodified ResNet-18 whose inference cost is identical to
the standalone baseline.

Summary. Taken together, these results establish that MLCKD
achieves a genuine accuracy-efficiency trade-off rather than merely a
compression of the teacher. The distilled ResNet-18 student delivers
stronger representations than standalone self-supervised learning, ap-
proaches the teacher’s accuracy on most benchmarks, runs 1.6x-2.8x
faster, consumes proportionally less energy per inference, and occupies
roughly half the memory — all without changing the deployed archi-
tecture beyond a standard ResNet-18. For sensor network and ad hoc
deployments, where inference must run continuously on fixed hardware
budgets, this combination of properties matters more than any single
metric in isolation.

5. Discussion and conclusion

This paper presented MLCKD, an unsupervised knowledge distilla-
tion framework that transfers multi-level relational knowledge from a
contrastively pretrained teacher to a lightweight student using only
unlabeled data. The preceding experiments establish that multi-level
distillation consistently outperforms both standalone contrastive learn-
ing and final-embedding-only distillation (SEED), with the largest gains
on fine-grained tasks where intermediate spatial and structural cues are
most discriminative, and that these accuracy gains transfer directly to
the edge hardware setting as a 1.6x-2.8x inference speedup without
modifying the deployed architecture.

5.1. Limitations and future directions

The edge evaluation in this work focuses on high-performance edge
platforms, i.e., the Jetson family, which are representative of capable
edge devices but sit at the upper end of the embedded computing
spectrum. In practice, wireless sensor network deployments are dom-
inated by far more constrained hardware, i.e., microcontrollers such
as ESP32 or ARM Cortex-M4 class devices with 512 KB to 8 MB of
RAM and no floating-point GPU acceleration [81]. On these platforms
a 47 MB ResNet-18 model is infeasible without aggressive compression.
A single distilled student is therefore unlikely to be Pareto-optimal
across a heterogeneous node population; different node classes would
require models of different capacity, which the current single-student
design cannot accommodate directly. Combining MLCKD with post-
training quantization [82,83], heterogeneous and architecture-specific
distillation [84,85], or input-side optimization [86,87], are promis-
ing directions for making MLCKD applicable across the full hardware
diversity of real sensor network deployments.

The current framework assumes homogeneous architectures in
which teacher and student share the same backbone family to enable
straightforward stage-wise alignment of auxiliary branches. However,
the most capable self-supervised teachers available today are Vision
Transformers (DINO [32], DINOv2 [33]), and a CNN student cannot
straightforwardly benefit from them under the current design. Ex-
tending MLCKD to heterogeneous teacher-student pairs would require
architecture-agnostic alignment strategies [84,85] and is an active
open problem in the knowledge distillation literature [15]. The main
difficulty is that ViTs produce sequences of patch tokens with global
receptive fields, while CNNs produce spatially organized feature maps
with local structure, so the branch-matching approach that MLCKD
relies on does not transfer directly. Recent work on cross-architecture
KD addresses this through several strategies. One approach introduces
dedicated projectors that map CNN feature maps into spaces compatible
with the transformer teacher’s token representations [88]. Another line
of work targets the stage-to-layer correspondence problem directly.
Rather than assuming a fixed, hand-defined mapping between teacher
stages and student layers, cross-layer attention mechanisms dynami-
cally determine which teacher representations are most informative for
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each student stage at training time [84,88]. However, these methods
have so far been studied in supervised settings; whether they can be
adapted to the relational, label-free, unsupervised setting in MLCKD is
an open question.

Third, the equal weighting of auxiliary-branch and projection-head
losses in the current formulation follows the default design choice used
in feature-based knowledge distillation literature [16,39,66,67]. Equal
weighting is defensible in the current design because every term is a
KL divergence over the same mini-batch, so the losses are already com-
mensurate. But it assumes each stage contributes equally transferable
knowledge, which is unlikely to hold across tasks. Developing adaptive
or learned weighting schemes could improve the distillation efficiency
further. For stance, one solution is loss-proportional weighting [89],
where the weight assigned to each stage at each training step is
proportional to its current KL divergence, so supervision concentrates
on whichever branch is furthest from the teacher. Another option is
to learn the stage weights through a meta-network [68], which can
discover cross-stage importance patterns that are not predictable from
loss magnitudes alone. However, these schemes are used for supervised
learning, and whether any of these gains carry over from supervised to
the relational, label-free objective in MLCKD is an open question for
future work.
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