
Abstract The rise of large language models (LLMs) has
transformed natural language processing, powering appli-
cations from creative writing to code generation. However,
their vast size and proprietary nature present two major chal-
lenges, including efficient deployment on limited hardware
and secure protection of intellectual property. This work
introduces the Adaptive Knowledge Distillation Framework
(AKDF), a unified training approach that simultaneously com-
presses LLMs and embeds ownership signals for copyright
assurance. AKDF employs parameter-efficient Low-Rank
Adaptation (LoRA) to distill a 1-billion-parameter student
model from an 8-billion-parameter teacher while integrating
an output-level watermarking module directly into the dis-
tillation process. This design reduces trainable parameters
and encodes verifiable ownership signatures without altering
the frozen base weights. Experiments on ARC-Easy, PIQA,
and WMT16 show that the student retains approximately
76% of the teacher’s performance while maintaining com-
petitive reasoning and translation quality under substantial
compression. AKDF also enables secure and communication-
efficient model publishing, providing a practical path to-
ward bandwidth-efficient and ownership-aware deployment
of large-scale language models.

Keywords Knowledge Distillation, Large Language Mod-
els, Copyright Protection, Watermarking, Low-Rank Adapta-
tion

1 Introduction
The rapid evolution of large language models (LLMs) [1] has
driven remarkable advances in natural-language understand-
ing and generation. These models now power systems for

complex question answering, dialogue, and code synthesis.
State-of-the-art models such as GPT-4, LLaMA, and their
derivatives contain billions of parameters trained on massive
corpora with extensive computational resources. However,
this scale introduces major challenges for deployment in
real-world environments. Full-precision models require spe-
cialized accelerators and high-bandwidth infrastructure. Such
demands limit their use on edge devices, mobile platforms,
and latency-sensitive applications. As LLM capabilities con-
tinue to expand, the ability to compress and adapt these
models efficiently without degrading reasoning or generative
quality has become a key research objective.

While much effort has focused on scalability and efficiency,
an equally pressing challenge lies in ownership security. As
LLMs become critical commercial assets, protecting their
intellectual property (IP) is as important as optimizing their
performance [2]. Model weights and generated outputs both
carry proprietary value, exposing systems to model extraction,
replication, and unauthorized redistribution. Addressing effi-
ciency and IP protection together, within a single framework,
is essential for trustworthy and scalable AI deployment.

Knowledge distillation (KD) provides a strong foundation
for model compression. It transfers predictive behavior, or
dark knowledge, from a large teacher model to a smaller
student model. The student is trained using the teacher’s soft
output distributions, which encode richer inter-class relation-
ships and uncertainty than hard labels. This allows the student
to approximate the teacher’s decision boundaries with far
fewer parameters. Modern KD variants go further by incorpo-
rating intermediate-layer representations and attention maps.
These enhancements significantly narrow the performance
gap between teacher and student models and improve transfer
fidelity in transformer architectures.

Recent advances in parameter-efficient fine-tuning, partic-
ularly Low-Rank Adaptation (LoRA), have further amplified
the effectiveness of KD. LoRA introduces low-dimensional
trainable matrices on top of frozen pre-trained weights, reduc-
ing the number of trainable parameters by orders of magnitude
while preserving representational fidelity. The combination of
KD and LoRA thus offers an efficient paradigm for producing
compact, high-performing models that can be deployed on
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constrained hardware without substantial accuracy loss. How-
ever, while such techniques improve computational efficiency,
they do not address the ownership and accountability aspects
essential to secure model deployment.

In parallel, the open availability and rapid commercial-
ization of LLMs have intensified IP-related risks [3]. These
models encode valuable data, architectures, and fine-tuning
strategies. As a result, their outputs can reveal or replicate
proprietary information [4]. Output-level watermarking pro-
vides a practical and efficient way to mitigate this risk. It
embeds subtle, statistically verifiable patterns in generated
text. These watermarks allow post-hoc ownership verification
without modifying model parameters. In practice, watermark-
ing works by slightly biasing token selection probabilities
during generation, embedding covert but recoverable signa-
tures. This lightweight approach provides an effective layer of
attribution and accountability while preserving the naturalness
of generated text.

Despite the individual maturity of KD for compression and
watermarking for copyright protection, these two research
lines have evolved independently. Most current systems em-
ploy a sequential pipeline, either applying watermarking after
distillation or distilling from an already watermarked teacher.
Such two-stage workflows introduce redundancy, validation
overhead, and potential quality degradation. They can also
weaken watermarks during compression or retraining. More-
over, decoupling efficiency and protection limits real-world
applicability, where performance and ownership assurance
must coexist.

To address these limitations, we propose the Adaptive
Knowledge Distillation Framework (AKDF), a unified solu-
tion that integrates model compression and copyright protec-
tion within a single training process. AKDF combines the
efficiency of LoRA-based parameter adaptation with prob-
abilistic watermark embedding into one cohesive pipeline.
By jointly performing knowledge distillation and watermark
integration at the output-logit level, AKDF maintains model
fidelity while encoding verifiable ownership signatures. This
unified process strengthens resistance to model theft, unau-
thorized redistribution, and adversarial manipulation. At the
same time, it preserves the accuracy and efficiency required
for real-world deployment. Unlike post-hoc watermarking
schemes, AKDF embeds ownership signals directly during
knowledge transfer, ensuring that watermark detectability
persists even after compression or text modification.

The main contributions of this work are as follows:
• Unified framework. We propose AKDF, a single

pipeline that integrates knowledge distillation, low-rank

adaptation (LoRA), and probabilistic watermarking to
jointly achieve model compression and ownership pro-
tection.

• Robust ownership embedding. AKDF embeds veri-
fiable watermark signals during distillation, ensuring
persistent and tamper-resistant ownership verification
under compression and diverse decoding settings.

• Comprehensive evaluation. Experiments on ARC-
Easy, PIQA, and WMT16 show that a 1B-parameter
student retains approximately 76% of the teacher’s per-
formance while maintaining consistent watermark de-
tectability and efficiency.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work on knowledge distillation and
watermarking for LLMs. Section 3 presents the AKDF archi-
tecture. Section 4 describes the experimental setup. Section 5
reports the performance and communication-efficiency ana-
lyzes, followed by a discussion of the key findings. Section 6
concludes the paper.

2 Related Work
This section reviews prior research related to the proposed
Adaptive Knowledge Distillation Framework (AKDF). The
discussion focuses on two major areas: (1) knowledge distil-
lation for large language models, which explores model com-
pression and parameter-efficient learning; and (2) output-level
watermarking for large language models, which addresses
ownership verification and intellectual-property protection in
generative models.

2.1 Knowledge distillation for LLMs

Large language models (LLMs) such as GPT, LLaMA, and
BERT have transformed natural language understanding and
reasoning, yet their immense scale introduces prohibitive
computational and memory costs. Bridging the gap between
capability and efficiency has made model compression a cen-
tral challenge in modern AI research. Knowledge distillation
(KD) has emerged as a leading approach to address this issue,
transferring the predictive behavior of large teacher models to
smaller student networks optimized for efficient deployment.

KD relies on the soft probability outputs, logits, or
temperature-scaled distributions of a high-capacity teacher as
supervisory signals for the student. Unlike hard labels in stan-
dard supervised learning, these soft targets encode nuanced
relationships among classes and uncertainty levels. This “dark
knowledge”, first introduced by Hinton et al. [5], enables the
student to approximate the teacher’s decision boundaries with
far fewer parameters, achieving high accuracy at a fraction of
the computational cost.
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AKDF: Adaptive knowledge distillation for secure, efficient, copyright-protected model publishing 3

Over time, KD has progressed beyond basic output imita-
tion to include intermediate-layer and attention-based distil-
lation [6–9]. These extensions allow the student to internalize
hierarchical and contextual features, capturing richer rep-
resentations from transformer-based architectures [10]. The
choice of transfer signal has itself become a design dimension:
MFD-KD, for instance, transfers knowledge in the frequency
domain rather than the spatial domain, applying a Fourier
transform to isolate informative frequency components while
suppressing noise, and reports consistent gains across both
convolutional and transformer students [11]. Such results
indicate that the representation in which teacher knowledge
is expressed matters as much as the layer from which it is
drawn, which motivates our decision to perform distillation
at the output-logit level, where the watermark bias can be
injected into the same signal. In parallel, parameter-efficient
fine-tuning (PEFT) techniques such as Low-Rank Adaptation
(LoRA) [12, 13] have greatly increased the practicality of KD.
LoRA introduces compact, trainable low-rank matrices on top
of frozen pre-trained weights, significantly reducing trainable
parameters while maintaining expressive capacity. The syn-
ergy between KD and LoRA thus enables efficient adaptation
of large-scale models without compromising performance.

In recent years, KD has been increasingly specialized for
language models [14]. Early work in this direction targeted
encoder architectures such as BERT, showing that linguistic
competence can be retained in a much smaller student [15–
17]. More recent methods extend the idea to generative
LLMs: MiniLLM replaces the forward Kullback–Leibler
objective with a reverse formulation better suited to open-
ended generation [18], and KD-LoRA couples low-rank
adaptation with distillation, reporting accuracy comparable
to full fine-tuning at a fraction of the training and memory
cost [19]. Compact open models such as TinyLlama [20]
demonstrate that architectures at the one-billion-parameter
scale can reach useful quality, although they are pre-trained
from scratch rather than distilled from a teacher. Surveys of
efficient LLMs and of model compression place these lines of
work in a common frame [21, 22]: restricting adaptation to a
carefully selected subset of parameters balances compactness
against fidelity in a way that was previously difficult to achieve.

Contemporary research has also expanded the focus of
KD toward deployment realism, emphasizing latency, energy
efficiency, and bandwidth optimization for on-device and real-
time inference [23]. In addition, multi-teacher and adaptive
distillation strategies [24–26] have extended the applicability
of KD across architectures and training regimes. Collectively,
these developments have positioned KD as a cornerstone of

scalable and accessible language modeling [27].
However, most existing KD–LoRA frameworks treat com-

pression and adaptation as independent processes, limit-
ing their ability to dynamically adjust during training. To
overcome this limitation, our Adaptive Knowledge Distilla-
tion Framework (AKDF) integrates knowledge transfer and
parameter-efficient adaptation into a single adaptive pipeline.
AKDF preserves the reasoning fidelity of large teacher models
while achieving lightweight, deployable, and robust compres-
sion suitable for diverse, resource-constrained environments.

2.2 Output-level watermarking for LLMs

As LLMs increasingly drive applications from content gen-
eration to automation, ensuring ownership and authenticity
of their outputs has become a critical challenge. The rapid
spread of open-source and commercial LLMs heightens con-
cerns about intellectual-property protection, attribution, and
accountability. To address these issues, watermarking tech-
niques [28, 29] have emerged as essential safeguards, linking
generated text to its source model while preserving usability
and performance.

Watermarking methods for neural models generally fall
into two categories: parameter-level and output-level wa-
termarking. Parameter-level watermarking, first introduced
for convolutional networks by Uchida et al. [30] and since
adapted to language models, embeds identifiable signatures
within model weights through structured perturbations or
fine-tuning, enabling ownership verification at the model
level but often increasing retraining and computational costs.
The same distinction, and the same preference for marking the
artifact rather than the weights, appears in the image domain:
Liu et al. [31] embed an adversarial watermark in the fre-
quency domain so that a single mark both deters unauthorized
use by deep networks and remains accurately extractable for
ownership verification, without degrading perceptual quality.
In contrast, output-level watermarking focuses on embedding
subtle, statistically detectable signals within generated text
[32]. This approach enables post-hoc ownership verifica-
tion without requiring access to internal model parameters,
making it highly practical for deployment in distributed or
privacy-sensitive environments.

Output-level watermarking has become popular for its
flexibility, efficiency, and non-intrusive design [33]. Instead of
altering model parameters, these methods act during inference
by adjusting token selection probabilities [32, 33]. Slight
biases toward predefined vocabulary subsets embed statistical
patterns that are invisible to users but verifiable through
analysis. Detection remains reliable under minor textual
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edits—formally, under corruptions of bounded edit distance
[33]—while the naturalness of the generated text is preserved.
Among the various approaches, one family of algorithms has
proven especially effective: the KGW family, named after the
green-list watermarking scheme of Kirchenbauer et al. [32].

The KGW family exemplifies simplicity and practicality.
KGW selects specific tokens and biases their generation prob-
abilities, creating identifiable statistical fingerprints within
text, and detection is performed by a statistical test on the
token distribution of a suspected corpus [32]; open-source
toolkits such as MarkLLM supply reference implementations
and a common evaluation protocol [34]. KGW retains de-
tectability under token-level perturbations such as reordering
and substitution, but its robustness is not unconditional: be-
cause the green-list partition is derived from the preceding
context, strong paraphrasing attacks can substantially degrade
detection [28, 35]. Complementary cryptographic schemes,
such as the undetectable watermarks of Christ et al. [36],
instead derive the token partition from pseudorandom keys,
providing formal undetectability guarantees.

Closest to our setting, several recent efforts have explored
knowledge distillation itself as a vehicle for copyright protec-
tion. KDGAN trains a distilled surrogate model to stand in for
the original network, enabling secure and communication-
efficient model publishing [37], a lightweight super-resolution
model has been distilled to protect the complete functional-
ity of vision models [38], and KDLLM extends copyright-
preserving distillation to large language models [39]. More-
over, recent evidence shows that output-level watermarks
are themselves learnable by student models during distilla-
tion [40]. These studies, however, still decouple ownership
protection from the compression objective itself.

In this work, we adopt an output-level watermarking algo-
rithm derived from the KGW family, chosen for its proven
robustness, efficiency, and ease of integration [32, 34]. Within
our Adaptive Knowledge Distillation Framework (AKDF),
the watermark is embedded directly into the distillation pro-
cess rather than applied post-hoc. This joint optimization
ensures that ownership signatures persist even after model
compression, preserving verifiable traceability without sac-
rificing performance. Consequently, AKDF offers a secure,
lightweight, and deployable solution for real-world LLMs,
combining interpretability, accountability, and protection of
model provenance in a unified framework.

3 Methods
LLMs deliver strong reasoning and generation quality, but
their scale makes them expensive to train, adapt, and de-
ploy in constrained environments. Our goal is to compress

such models while preserving performance. To this end, we
propose the Adaptive Knowledge Distillation Framework
(AKDF), which integrates knowledge distillation and low-
rank parameter adaptation. AKDF transfers knowledge from a
large teacher model into a significantly smaller student model
while restricting updates to low-rank subspaces for efficiency.
Fig. 1 summarizes the full training and supervision pipeline.

3.1 Teacher–student distillation setup

AKDF consists of three core components: a teacher network
NT , a student network NS , and a Low-Rank Adaptation
module (LoRA). The teacher network NT is a large-scale,
pre-trained language model that serves as the source of super-
vision. Given an input instance x, the teacher produces logits
zT , which capture rich semantic and structural information
learned from large-scale corpora.

The student network NS is a compact model with substan-
tially fewer parameters, intended for efficient inference and
deployment. For the same input x, the student produces logits
zS . The goal of training is to align NS with NT while also
respecting the true task labels y.

Following standard knowledge distillation, the student is
optimized to mimic the teacher’s behavior [5]. In practice,
NS is trained to reduce the discrepancy between zS and zT ,
while staying faithful to the ground-truth labels. This allows
the student to inherit the decision behavior of a powerful
teacher without needing to match its full parameter count.

3.2 Low-rank adaptation

To make training efficient, we equip the student with Low-
Rank Adaptation (LoRA). Instead of updating all parameters
during training, LoRA constrains the trainable parameter
updates to live in a low-rank subspace. Concretely, the change
in weights at step t is written as ∆Wt = AtB

⊤
t , where

At ∈ Rm×r and Bt ∈ Rn×r are low-rank matrices and
r ≪ min(m,n). The effective model weights are then Wt =

W0 +∆Wt, where W0 are frozen pre-trained weights and
∆Wt is the learned low-rank offset.

This design significantly reduces the number of trainable
parameters, improves training speed [12], and lowers memory
requirements while maintaining performance. All symbols
used in this section are summarized in Table 1.

3.3 Unified optimization

We present a unified update view that captures both standard
KD and LoRA-style adaptation. Let Wt = W0 + ∆Wt,
where W0 represents the frozen base weights and ∆Wt the
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AKDF: Adaptive knowledge distillation for secure, efficient, copyright-protected model publishing 5

Fig. 1 AKDF architecture.

Table 1 List of notations used in this paper.
Symbol Description
NT Teacher network
NS Student network
x Input data
y Ground-truth labels
zT Logits from teacher network
zS Logits from student network
Wt Model parameters at step t
W0 Frozen pre-trained base weights
∆Wt Parameter update at step t
At,Bt Low-rank matrices
r LoRA rank
η Learning rate
T Temperature parameter
LKD Knowledge-distillation loss
LCE Cross-entropy loss
LKL Kullback–Leibler divergence
Ltotal Overall training loss
α Loss-balance hyperparameter
λ Regularization weight
δ Watermark logit bias strength
b Watermark logit-bias vector
z̃S Watermark-biased student logits
G(x) KGW key generator (green-list selector)

trainable low-rank update. We write the general update rule
as

Wt+1 ←Wt − η
∂LD

∂
(
W0 + f(∆Wt)

) , (1)

where LD is a loss over datasetD, and f(·) specifies the con-
straint (identity for unconstrained KD, low-rank for LoRA).
This view allows us to express multiple adaptation mecha-

nisms within one update formula.

3.4 Distillation objective

The training signal in AKDF is defined through a compound
loss that balances task supervision and teacher imitation.
Let b denote the KGW watermark bias and z̃S = zS +

b the watermark-biased student logits. Here b is the logit
offset produced by the KGW procedure: a key generator
G(x) maps the current decoding context x to a context-
dependent hash key that deterministically splits the vocabulary
into a pseudo-random “green” list and its complementary
“red” list, and KGWBias(G(x), δ) adds the bias δ to the
green-list logits (and zero elsewhere) to form b, as used
in Algorithm 1. Let p(T )

T = softmax(zT /T ) and p
(T )
S =

softmax(z̃S/T ) denote the temperature-scaled teacher and
student distributions with temperature T . We refer to the
resulting compound objective as the knowledge-distillation
loss

LKD = αLCE

(
y, softmax(z̃S)

)
+ (1− α)T 2 LKL

(
p
(T )
T

∥∥p(T )
S

)
,

(2)

where α ∈ [0, 1] controls the trade-off between ground-truth
cross-entropy and alignment with the teacher’s softened output
distribution, and the T 2 factor follows standard practice in
knowledge distillation [5] so that the gradient magnitude
of the soft-target term remains comparable to that of the
hard-label term across temperatures. Both the task loss and
the distillation loss are computed on the watermark-biased
logits z̃S , so that the LoRA update is aware of the watermark
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6

bias and learns to embed the ownership signal jointly with
knowledge transfer, rather than treating watermarking as a
post-hoc step. This term encourages the student to acquire
information that would not be available from hard labels
alone.

During standard LoRA-style fine-tuning without KD, the
update would be driven only by cross-entropy:

Wt+1 ←Wt − η
∂LCE(x, y)

∂
(
W0 +AtB⊤

t

) . (3)

In AKDF, we replace this with an update on the full AKDF
objective Ltotal defined in Eq. (5):

Wt+1 ← Wt − η
∂Ltotal

∂∆Wt
, (4)

where the gradient flows through the watermark-biased logits
z̃S in both the cross-entropy and the KL term of Eq. (2), so
the low-rank adapter parameters are jointly optimized for task
fidelity, teacher alignment, and watermark embedding within
a single update.

3.5 Overall objective

To regularize the adaptation and promote compact, efficient
updates, we define the overall training loss as

Ltotal = λLKD + (1− λ) ∥∆Wt∥2F , (5)

where λ ∈ [0, 1] balances fidelity to the teacher with a
Frobenius-norm penalty on the magnitude of the low-rank
update. This encourages stable, low-overhead adapters that
can be deployed or transmitted efficiently.

In summary, AKDF trains a compact student model by
combining (i) supervision from a powerful teacher, (ii) low-
rank parameter adaptation for efficiency, and (iii) a loss that
explicitly constrains adaptation strength. The full optimization
loop is given in Algorithm 1.

4 Experiment Settings
Fig. 2 provides task-level examples on the three benchmarks
used in our evaluation. The trained AKDF student (1B,
orange) integrates LoRA adapters and an output-level water-
mark module (WM), and is evaluated on three benchmarks:
ARC-Easy (logical reasoning, accuracy), PIQA (physical
commonsense, accuracy), and WMT16 De→En (translation,
BLEU). Bars report relative performance normalized by the
Teacher (8B = 100%); absolute scores are shown beneath
each pair. AKDF retains approximately 76% of the teacher’s
performance on average across the three tasks (77%, 72%, and
80% respectively) while using one eighth of its parameters.
Detailed comparisons against Untrained Student (1B), Vanilla
KD, and MARKLLM (KGW)—with the Teacher as upper
bound—are given in Table 4 and Fig. 4.

Algorithm 1 Adaptive Knowledge Distillation
Framework (AKDF).

Input: batches {(x, y)}, teacher NT , student NS ,
key-generator G(x), temperature T , weights α,
λ, and δ, learning rate η.

Output: trained student parameters WNS
.

Freeze base weights of NS ; enable LoRA adapters; set
NT to evaluation mode; initialise AdamW on LoRA
parameters with learning rate η;

for each minibatch (x, y) do
zT ← NT (x) ; // teacher forward, no

gradient

zS ← NS(x) ; // student forward

b← KGWBias
(
G(x), δ

)
;

z̃S ← zS + b ; // watermark-biased logits
p
(T )
T ← softmax(zT /T );

p
(T )
S ← softmax(z̃S/T );
LKD ← αCE

(
y, softmax(z̃S)

)
+ (1−

α)T 2 KL
(
p
(T )
T ∥p(T )

S

)
;

Ltotal ← λLKD + (1− λ) ∥∆Wt∥2F ;
Update LoRA parameters using ∇Ltotal;

end for
return WNS

;

4.1 Datasets and evaluation benchmarks

We fine-tune the student model under the AKDF frame-
work using the BAAI Infinity-Instruct dataset, comprising
approximately 80 000 instruction–response pairs. To assess
the generalization and effectiveness of AKDF, we evaluate
the distilled model across three diverse benchmarks: ARC-
Easy for logical reasoning, PIQA for physical-commonsense
reasoning, and WMT16 for German–English translation. Per-
formance is measured using accuracy for the multiple-choice
tasks and BLEU for the translation task, collectively capturing
the model’s reasoning and generative capabilities.

4.2 Hyper-parameter settings

To identify optimal hyper-parameters for AKDF, we fine-
tune the student model (Llama-3.2-1B-Instruct) distilled
from the teacher (Llama-3.1-8B) using LoRA adapters. A
systematic grid search explores LoRA ranks from 2 to 256
and learning rates between 1 × 10−4 and 1 × 10−3. Fig. 3
shows that increasing the LoRA rank improves accuracy up to
rank 64, which offers the best balance between performance
and efficiency. Learning rates near 2 × 10−4 yield stable
convergence, whereas higher values (e.g., 1× 10−3) lead to
degraded performance, particularly at larger ranks.
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AKDF: Adaptive knowledge distillation for secure, efficient, copyright-protected model publishing 7

Fig. 2 Experimental setup overview.

Fig. 3 Grid-search results over LoRA ranks (2–256) and learning
rates (1 × 10−4–1 × 10−3). Each cell reports the average of 10
reasoning metrics on our internal evaluation set; darker shades
indicate better performance. The best configuration, rank 64 with
η = 2× 10−4, is outlined. The same values are listed numerically
in Table 5.

Training is performed for two epochs with an effective
batch size of 64 (per-GPU batch size of 2 and gradient
accumulation of 16). Input sequences are truncated or padded
to a maximum length of 2048 tokens, and the distillation and
classification losses are equally weighted. All experiments are
conducted on a workstation with four NVIDIA Tesla V100
GPUs (32 GB each) using the Hugging Face Transformers
and PEFT libraries.

4.3 Baselines

We compare AKDF against four representative baselines to
ensure a fair and comprehensive evaluation. The Teacher
(8B) baseline uses the original Llama-3.1-8B model as an
upper bound, representing the full-capacity system before

compression. The Untrained Student (1B) baseline employs
a randomly initialized student model of equivalent size (1B
parameters) to provide a lower bound without knowledge
transfer. The Vanilla Knowledge Distillation (KD) baseline
trains the student using traditional KD to capture the benefits
of standard distillation without watermark integration. Fi-
nally, the MARKLLM (KGW) baseline applies the green-list
watermarking scheme of Kirchenbauer et al. [32], using the
reference implementation provided by the MarkLLM toolkit
[34]; the teacher’s outputs are embedded with KGW-style
statistical watermarks before distillation, so this baseline rep-
resents the state of the art in output-level ownership protection.
For brevity we label it MARKLLM (KGW) in the tables and
figures, with the understanding that KGW is the method and
MarkLLM the implementation. Together, these baselines pro-
vide a comprehensive foundation to assess the effectiveness
of AKDF in terms of model compression, knowledge-transfer
fidelity, and watermark robustness. The architectural con-
trast between the teacher and the LoRA-enhanced student is
summarized in Table 2.

4.4 Model-architecture comparison

Table 2 highlights the architectural contrast between the
teacher (Llama-3.1-8B) and the LoRA-enhanced student
(Llama-3.2-1B-Instruct). The teacher is a full-capacity
decoder-only transformer with 8 billion parameters and no
constraints during inference. In contrast, the student integrates
Low-Rank Adaptation (LoRA, rank = 64), yielding roughly
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Table 2 Architectural comparison of teacher and student models.
Component Teacher (Llama-

3.1-8B)
Student (Llama-
3.2-1B-Instruct)

Model size 8B parameters 1B parameters
LoRA applied No Yes (rank = 64)
Trainable parameters Full ∼10M LoRA

params
Token limit 2048 2048
Architecture type Decoder-only Decoder-only
Embedding & vocabu-
lary

Shared Shared

Distillation loss – CE + KL divergence
Watermarking Logit bias

(MARKLLM)
Embedded in outputs

ARC accuracy 59.52% 45.7%
WMT16 BLEU 9.22 7.38

Table 3 Teacher–student performance retention per benchmark.
Retention is the ratio of the AKDF student score to the teacher score;
the mean is the unweighted average over the three benchmarks.

Benchmark Teacher AKDF student Retention
ARC (accuracy) 59.52% 45.7% 76.8%
PIQA (accuracy) 72.36% 51.96% 71.8%
WMT16 (BLEU) 9.22 7.38 80.0%
Mean 76.2%

10 million trainable parameters while keeping the base weights
frozen.

Despite the drastic reduction in trainable parameters, the
student preserves the teacher’s 2048-token context window,
shared vocabulary, and transformer backbone, ensuring struc-
tural alignment for effective knowledge transfer. It also em-
beds output-level watermarking during distillation, providing
verifiable ownership and traceability.

The student retains approximately 76% of the teacher’s
performance on average across the three benchmarks (Table 3),
demonstrating the ability of AKDF to achieve substantial
compression with minimal loss in reasoning and translation
quality.

5 Results and Discussion
5.1 Performance evaluation

We evaluate AKDF against the four baselines introduced
above (Teacher (8B), Untrained Student (1B), Vanilla KD,
and MARKLLM (KGW)) to ensure a fair and comprehensive
comparison. Table 4 reports results on three benchmarks: ARC
for reasoning accuracy, PIQA for commonsense inference, and
WMT16 (German–English) for translation quality measured
by BLEU score.

The teacher model, with 8 billion parameters, achieved the
best performance across all tasks. It reached 59.52% accuracy
on ARC, 72.36% on PIQA, and a BLEU score of 9.22 on

Fig. 4 Performance comparison of different models across the
three benchmark tasks: ARC (logical reasoning), PIQA (physical-
commonsense reasoning), and WMT16 (German-to-English trans-
lation).

WMT16. These results confirm the advantage of large-scale
models in capturing complex linguistic and semantic patterns.

The untrained student model performed significantly worse,
illustrating the limits of smaller models without knowledge
transfer. It achieved 41.8% on ARC, 47.62% on PIQA, and
a BLEU score of 5.23 on WMT16. This gap highlights the
need for effective distillation to transfer capability from large
teachers to compact students.

Training the student with vanilla KD led to small but con-
sistent improvements. It achieved 42.23% on ARC, 49.34%
on PIQA, and a BLEU score of 6.24. These gains indicate
that traditional KD helps transfer some generalization ability
but fails to fully capture fine-grained linguistic and reasoning
features.

MARKLLM, which applies KGW-style watermark em-
bedding, reached 44.48% on ARC, 48.04% on PIQA, and
6.52 BLEU on WMT16. It therefore improved over vanilla
KD on ARC and WMT16 but fell slightly below it on PIQA,
suggesting that watermarking adds minor gains overall while
introducing trade-offs that can affect downstream accuracy.

AKDF achieved the best overall performance among stu-
dent models. It obtained 45.7% on ARC, 51.96% on PIQA,
and 7.38 BLEU on WMT16. Compared with vanilla KD and
MARKLLM, AKDF improved reasoning accuracy and trans-
lation quality while maintaining stable performance across all
benchmarks. Fig. 4 shows consistent gains under all evaluation
settings.

The improvements of AKDF likely stem from combining
low-rank parameter adaptation with softened teacher super-
vision. This setup enhances knowledge-transfer efficiency
while avoiding the performance degradation often caused by
watermark embedding. The framework effectively balances
compression, fidelity, and ownership signaling.

In summary, AKDF approximates the teacher’s perfor-
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Table 4 Performance comparison across baselines and AKDF.
Metric Teacher (8B) Untrained student KD MARKLLM (KGW) Ours (AKDF)
Accuracy (ARC) 59.52% 41.8% 42.23% 44.48% 45.7%
Accuracy (PIQA) 72.36% 47.62% 49.34% 48.04% 51.96%
BLEU (WMT16) 9.22 5.23 6.24 6.52 7.38

Table 5 Average score (%) by LoRA rank and learning rate,
averaged over the 10 reasoning metrics of our internal evaluation
set. These are the values plotted in Fig. 3.

LoRA rank η = 1× 10−4 η = 2× 10−4 η = 5× 10−4 η = 1× 10−3

2 66.5 67.2 66.8 65.1
8 68.4 69.1 68.7 67.0
16 70.2 71.0 70.5 68.9
32 73.5 74.3 73.8 71.1
64 75.8 76.5 75.9 73.0
128 75.4 75.9 74.8 71.9
256 74.2 74.6 73.0 70.5

mance despite a major parameter reduction. It surpasses
conventional KD and watermarking baselines in maintaining
semantic integrity and computational efficiency, making it a
practical solution for secure and resource-aware deployment.

5.2 Ablation study

We performed an ablation study to analyze how architectural
and training hyper-parameters affect the AKDF framework.
The analysis focused on two main factors: (1) the choice of
LoRA rank and learning rate, and (2) the influence of distil-
lation temperature and the loss-balancing factor on student
performance.
5.2.1 Effect of LoRA rank and learning rate
We varied the LoRA rank from 2 to 256 and the learning
rate from 1 × 10−4 to 1 × 10−3, performing a grid search
to identify optimal settings. As shown in Fig. 3, increasing
the LoRA rank improves performance up to rank 64 because
of the greater expressive capacity of the adapter, after which
performance declines slightly. Rank 64 therefore provides the
best trade-off between efficiency and accuracy. A moderate
learning rate of 2× 10−4 is best at every rank, outperforming
both the smaller 1×10−4 and the larger 5×10−4 and 1×10−3

settings; the degradation at 1× 10−3 is most pronounced at
larger ranks, suggesting that aggressive updates can harm
generalization during low-rank adaptation.

Table 5 lists the same grid numerically. The best configu-
ration is LoRA rank 64 with a 2× 10−4 learning rate, which
attains an average score of 76.5%; the weakest setting, rank 2
with 1×10−3, reaches 65.1%. Learning rates above 5×10−4

consistently reduce stability and accuracy.
5.2.2 Effect of temperature and loss balancing
We next analyze the effect of the temperature T in the softmax
operation and the weighting factor α in the distillation loss

Table 6 Student performance under different distillation tempera-
tures.
Temperature ARC accuracy PIQA accuracy WMT16 BLEU

2 44.5 50.0 6.80
5 45.3 51.2 7.12

10 45.7 51.96 7.38
20 44.9 50.9 7.10
30 44.3 49.8 6.95

5 10 15 20 25 30
Temperature

10

20

30

40

50

Sc
or

e

Effect of Temperature on Student Model Performance

ARC Accuracy
PIQA Accuracy
WMT16 BLEU

Fig. 5 Effect of distillation temperature on ARC and PIQA accuracy
and on WMT16 BLEU score. Temperature T = 10 provides the
best trade-off.

LKD defined in Eq. (2). A moderate temperature (T = 10)
gave the best trade-off across all benchmarks, improving
BLEU scores and accuracy on ARC and PIQA, as visualized
in Fig. 5. Low temperatures (T = 2) made the soft labels too
sharp and reduced diversity, while high values (T = 20 or 30)
blurred probability distributions and weakened supervision.

We also varied the distillation weight α from 0.1 to 0.9.
The balanced setting α = 0.5 performed best, indicating that
equal weight on ground-truth labels and teacher guidance
yields stable learning. Very small or large α values caused
under-utilization of teacher knowledge or overfitting to noisy
soft labels.

Table 6 shows that a moderate temperature (T = 10)
achieves the best results on ARC, PIQA, and WMT16. Low
temperatures (T = 2) make distributions overly sharp, while
high temperatures dilute the information in teacher signals.

Overall, AKDF achieves its best performance with LoRA
rank 64, a learning rate of 2 × 10−4, temperature T = 10,
and loss-balancing factor α = 0.5. These settings maximize
compression and transfer efficiency, making AKDF suitable
for deployment in environments with limited computational

Ju
st

 A
cc

ep
te

d



10

Table 7 Model-publishing time at different bandwidths.
Bandwidth Llama-3.1-8B MarkLLM Ours (AKDF)
0.5MB/s 61 248 s 61 248 s 9 426 s (−84.6%)
1MB/s 30 624 s 30 624 s 4 712 s (−84.6%)
2MB/s 15 312 s 15 312 s 2 357 s (−84.6%)

and bandwidth resources.

5.3 Communication efficiency

We analyze the communication cost of publishing each model
by projecting its upload time directly from its checkpoint size.
A checkpoint of fixed size s takes s/B seconds to upload at
bandwidth B, so once B is fixed the publishing time follows
deterministically from the model’s on-disk footprint. We
report this projection for the teacher model (Llama-3.1-8B),
the watermarking-based model (MARKLLM), and the AKDF-
compressed student model at three representative upload
speeds, 0.5MB/s, 1MB/s, and 2MB/s.

As shown in Table 7, the AKDF-compressed checkpoint
requires about one-sixth of the teacher’s projected upload time.
Because MARKLLM embeds an output-level watermark without
changing the parameter count, its checkpoint footprint—and
hence its projected upload time—coincides with the teacher’s,
so AKDF attains the same 84.6% reduction relative to both.
This reduction is a property of the checkpoint-size ratio rather
than of the link: the bandwidth B cancels in the ratio, which
is why the projected saving is identical at 0.5, 1, and 2MB/s.
The distilled student’s smaller footprint therefore translates
directly into proportionally faster publishing under any fixed
bandwidth, which is most beneficial in bandwidth-constrained
settings.

5.4 Discussion

AKDF provides a unified approach for compressing LLMs
while embedding copyright-protecting watermarks during
training. The framework integrates knowledge distillation
with low-rank parameter adaptation (LoRA), reducing model
size substantially while maintaining competitive performance.
Experiments show that AKDF consistently improves over
traditional distillation and watermarking baselines, preserv-
ing approximately 76% of the teacher’s performance across
benchmark tasks.

The approach benefits from the parameter-efficient de-
sign of LoRA and the use of Kullback–Leibler divergence
as a stable distillation objective under moderate tempera-
ture scaling. This configuration enables effective knowledge
transfer without significant computational overhead, mak-
ing AKDF practical for deployment in bandwidth-limited or
latency-sensitive environments.

This study focuses on classification and translation tasks.
Extending AKDF to generative applications such as dialogue,
summarization, or long-form text generation will require
addressing additional challenges, including sequence-level
coherence and contextual consistency. Potential directions
include integrating sequence-level objectives, teacher-forcing
strategies, or reinforcement-learning-based distillation.

Future work may explore alternative LoRA configurations
and watermarking strategies to enhance robustness against
adversarial modifications. Applying AKDF to federated or
multimodal learning systems offers a promising path toward
secure, distributed deployment where model ownership and
data privacy are critical.

Overall, AKDF demonstrates that compression and copy-
right preservation can be jointly optimized, paving the way for
more accessible and trustworthy language-model deployment.

6 Conclusion
This paper introduced the Adaptive Knowledge Distillation
Framework (AKDF), a unified approach for compressing
large language models while preserving intellectual prop-
erty through embedded watermarking. AKDF integrates
parameter-efficient low-rank adaptation (LoRA) with an
output-level watermarking mechanism during distillation,
enabling high-capacity teacher models to be compressed
into smaller student models. This design facilitates deploy-
ment in resource-constrained environments while embedding
copyright protection directly into the model outputs. Compre-
hensive evaluations on ARC, PIQA, and WMT16 show that
AKDF outperforms traditional knowledge-distillation and wa-
termarking baselines. The 1-billion-parameter student model
retains approximately 76% of the teacher’s performance across
tasks, achieving competitive accuracy and translation quality.
AKDF also reduces communication overhead by about 84%,
demonstrating its practical efficiency for model publishing
under limited bandwidth. Overall, AKDF provides a scalable
and secure framework for deploying compressed language
models without compromising performance or ownership
integrity. Future work will focus on strengthening watermark
robustness against adversarial manipulation and extending
AKDF to broader domains such as generative and multimodal
systems.
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