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Abstract

The widespread deployment of large language models (LLMs) in distributed environments
introduces significant vulnerabilities, particularly when knowledge distillation is employed to
compress and transfer capabilities across heterogeneous nodes. Adversarial actors can exploit
the distillation process to inject backdoors or corrupt semantic representations, undermining
the trustworthiness of the student model. This paper proposes a novel defense framework,
termed prototype-constrained semantic defense, that integrates prototype-based representation
learning with semantic consistency constraints to fortify knowledge distillation against such
attacks. The framework operates by establishing a shared semantic anchor space derived from
a small set of clean reference samples, then enforcing that the student model’s internal
representations remain within defined prototype neighborhoods during distillation. We
analyze the architectural trade-offs introduced by this constraint, including its impact on
convergence speed, communication overhead, and model fidelity. Through a system-level
discussion, we examine deployment considerations for federated and peer-to-peer LLM
architectures, addressing governance mechanisms for auditability, fairness in representation
alignment across data silos, and sustainability implications of additional computational
overhead. Empirical evaluations on multi-task text classification and generation benchmarks
demonstrate that the proposed method reduces backdoor success rates by over 85% while
maintaining accuracy within 2% of unconstrained distillation baselines. The paper further
explores policy implications for responsible LLM deployment, arguing that prototype-based
semantic defenses offer a scalable, interpretable path toward robust distributed intelligence.
We conclude with a forward-looking perspective on integrating such mechanisms into
standardized LLM governance frameworks.
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1. Introduction

Large language models have become foundational infrastructure for a wide range of natural
language processing applications, yet their enormous computational and memory
requirements necessitate knowledge distillation for practical deployment in distributed
settings [1], [2]. In this paradigm, a large teacher model transmits its learned representations
to a smaller student model, enabling efficient inference on resource-constrained edge devices,
mobile platforms, or privacy-preserving federated systems. However, the distributed nature of
distillation introduces critical security challenges, as adversaries can inject poisoned samples
during training or manipulate the communication channel to embed hidden backdoors in the
student model [3], [4]. Such backdoors cause the student to behave normally on benign inputs
but to misclassify or generate harmful outputs when triggered by specific patterns. Defending
against these attacks requires mechanisms that preserve the semantic integrity of the distilled
knowledge without sacrificing practical performance.

Existing defenses often rely on anomaly detection or input sanitization, but these approaches
are insufficient in distributed LLM environments where the distillation process itself is
susceptible to subtle perturbations that are invisible to conventional filters [5]. Recent
advances in prototype-based learning have demonstrated that enforcing consistency with class
prototypes can stabilize feature representations and improve robustness against adversarial
examples [6], [7]. Extending this idea to knowledge distillation, we propose a prototype-
constrained semantic defense that defines a small set of clean prototype embeddings as
semantic anchors, then constrains the student model’s intermediate representations to remain
within a bounded distance from these prototypes during distillation. By doing so, the student
is forced to preserve the conceptual structure of the teacher’s knowledge even in the presence
of maliciously perturbed data or corrupted gradient updates.

This paper presents a comprehensive system-level analysis of the proposed defense
framework, examining architectural design choices, communication overhead, convergence
behavior, and the trade-off between security and model utility. We consider deployment
scenarios ranging from centralized distillation with trusted teachers to fully decentralized
peer-to-peer LLM networks where any node could be compromised. The discussion extends
to governance and policy implications, including auditability of prototype selection, fairness
across heterogeneous data distributions, and the environmental cost of additional
computational requirements. Through experimental validation on multiple benchmarks, we
demonstrate that prototype-constrained semantic defense provides a robust and scalable
solution for secure knowledge distillation in distributed LLMs.

2. Background and Related Work

Knowledge distillation has been extensively studied as a technique for model compression
and transfer learning [2]. In the context of LLMs, the teacher model outputs soft logits or
hidden representations that guide the student’s learning process. However, the vulnerability of
this process to backdoor attacks was identified early, with researchers showing that a small
fraction of poisoned training data can cause the student to inherit malicious behaviors [8].
Subsequent works proposed defensive distillation, where the teacher itself is robustified, but
this approach suffers from high computational cost and reduced generalization [9]. More



recent methods employ differential privacy or secure aggregation to protect gradient
exchanges in distributed settings [10], yet these techniques often degrade model accuracy
significantly and do not specifically address semantic-level attacks.

Prototype-based representation learning has emerged as a powerful tool for improving
interpretability and robustness in deep neural networks. By mapping input samples to a set of
learned prototypes, models naturally cluster semantically similar examples, making them
more resilient to adversarial perturbations [6], [7]. In image classification, prototype networks
have been combined with distillation to enhance knowledge transfer under label noise [11].
However, extending these ideas to LLMs presents unique challenges due to the discrete and
high-dimensional nature of text embeddings, as well as the sequential dependencies that must
be preserved. The concept of semantic anchors—prototypes defined in a shared embedding
space—offers a promising direction, but careful consideration must be given to how
prototypes are selected, updated, and communicated across nodes. The framework we propose
draws inspiration from ProtoGuard-SL [12], which demonstrates prototype consistency as a
defense mechanism in vertical split learning scenarios. While split learning involves different
architecture partitioning, the underlying principle of constraining representations to prototype
neighborhoods is directly applicable to knowledge distillation in distributed LLMs.

The security literature also highlights the importance of adversarial robustness in transfer
learning and fine-tuning. Backdoor attacks on LLMs can be classified into data poisoning and
model poisoning categories [13]. Data poisoning attacks inject trigger-containing examples
into the training dataset, while model poisoning attacks directly modify the teacher’s
parameters or the distillation protocol. Both types can be mitigated by our prototype-
constrained approach, as it enforces semantic consistency independent of the injection method.
Nevertheless, the overhead of maintaining prototype constraints across distributed nodes must
be weighed against the security benefits, particularly in latency-sensitive applications. Our
system-level analysis will examine these trade-offs in depth.

3. Architecture and Design of Prototype-Constrained Semantic Defense

The proposed defense mechanism integrates two core components: a prototype generation
module and a semantic constraint enforcement module. The prototype generation module
operates on a small, clean reference dataset that is assumed to be uncontaminated and
representative of the downstream task distribution. From this dataset, a set of prototype
embeddings is computed, typically using k-means clustering or a supervised prototype
learning algorithm on the teacher model’s hidden representations [6]. Each prototype
represents a cluster of semantically similar samples, forming a conceptual anchor in the
representation space. The number of prototypes is a design parameter that balances
granularity of semantic coverage with computational overhead; too few prototypes may
oversimplify the decision boundaries, while too many may cause overfitting to the reference
set and degrade generalization.

The semantic constraint enforcement module operates during the distillation process, which
can be performed centrally or in a distributed fashion. For each batch of training data, the
student model’s intermediate representations are extracted at a chosen layer (typically the
penultimate layer). The distance between each representation and its nearest prototype is
computed using a metric such as cosine similarity or L2 distance. A regularization term is
added to the distillation loss that penalizes representations that deviate beyond a predefined
threshold from their nearest prototype. This threshold, or margin, controls the strictness of the
constraint: a small margin enforces tight clustering but may hinder learning of subtle task-



specific features, while a large margin provides weaker defense. The overall loss function
becomes a weighted combination of the standard knowledge distillation loss (e.g., Kullback-
Leibler divergence between teacher and student logits) and the prototype consistency loss.

In distributed settings, additional considerations arise. When the teacher and student reside on
different nodes, as in federated knowledge distillation [14], the prototype set must be
transmitted from the teacher to each student node before training begins. Alternatively, if each
node can maintain a local prototype set computed from its own clean data, cross-node
consistency must be ensured through periodic synchronization or federated averaging of
prototypes. The communication cost of transmitting prototypes is negligible compared to the
gradient updates typically exchanged in distributed training, making this approach practical
for bandwidth-constrained environments. However, the computational cost of computing
distances to multiple prototypes at each iteration can increase training time by 10-20%,
depending on the dimensionality of the representation and the number of prototypes.

A critical architectural decision is the layer at which prototype constraints are applied. In
LLMs, earlier layers capture syntactic features, while later layers encode higher-level
semantics. For defense against backdoor attacks targeting task-specific behavior, constraining
the final layer representations is most effective, as these are directly used for classification or
generation. Nevertheless, applying constraints at multiple layers can provide hierarchical
semantic consistency, further hardening the model against attacks that perturb multiple levels
of abstraction. The trade-off is increased computational overhead and potential over-
regularization.

4. Deployment Considerations and System-Level Trade-Offs

Deploying the prototype-constrained semantic defense in real-world distributed LLM systems
involves navigating several structural trade-offs. First, the selection of the clean reference
dataset is a governance challenge. In many applications, a small held-out set can be assumed
to be clean, but in federated environments where data is siloed and privacy-sensitive,
obtaining a universal reference set may be infeasible. One solution is to use a synthetic
reference dataset generated by the teacher model itself, which eliminates the need for external
clean data while preserving the semantic structure [15]. However, this approach risks
amplifying biases present in the teacher model, potentially leading to fairness issues.

Second, the same prototype set must be used for all student nodes to ensure that semantic
anchors are consistent across the distributed architecture. In peer-to-peer networks where
nodes have different data distributions, using a universal prototype set may introduce
misalignment, causing the constraint to penalize legitimate variations that are important for
local performance. A domain-adaptive prototype mechanism can mitigate this issue by
allowing each node to fine-tune the prototypes on its local clean data, while maintaining a
global prototype-initialization that is then periodically merged to preserve common semantics
[16]. This federated prototype averaging approach incurs additional communication rounds
but improves fairness across heterogeneous data silos.

From a sustainability perspective, the additional computational load of distance calculations
and prototype updates must be weighed against the security benefits. For energy-constrained
edge devices, the 10-20% increase in training time may be unacceptable, especially if the
LLM is continuously fine-tuned over long periods. A possible compromise is to apply the
prototype constraint selectively during the early phases of distillation when the student is
most vulnerable to backdoor injection, and then relax it once the model converges. Adaptive



margin scheduling, where the threshold is gradually increased as training progresses, can
reduce computation without compromising final robustness.

Another important system-level consideration is auditability. The prototype set provides a
human-interpretable summary of the semantic space the student model has learned.
Regulators and system operators can inspect the prototypes to verify that no unintended
correlations or biases have been introduced. This transparency aligns with emerging Al
governance frameworks that require explainability and accountability in deployed models
[17]. Moreover, prototypes can serve as a tool for detecting distribution shift or concept drift
after deployment: if new inputs consistently map far from existing prototypes, the system can
trigger a retraining or alert.

5. Experimental Evaluation and Results

We evaluated the proposed prototype-constrained semantic defense on two widely used LLM
benchmarks: GLUE (General Language Understanding Evaluation) tasks for text
classification and the XSum dataset for abstractive summarization. The teacher model was a
350M-parameter transformer, and the student model was a 60M-parameter variant.
Distillation was performed in a simulated distributed environment with four worker nodes,
each holding a distinct non-overlapping partition of the training data. Backdoor attacks were
implemented by injecting a trigger phrase into 5% of the training samples, with the target
label flipped to a malicious class (e.g., classifying a trigger-containing news article as
“technology” regardless of actual content). The attack was applied both before distillation
(data poisoning) and during distillation by corrupting the teacher’s logits on poisoned batches
(model poisoning).

Three baselines were compared: standard knowledge distillation without defense, distillation
with differential privacy (epsilon=8.0) using gradient clipping, and distillation with
adversarial training (PGD-based, epsilon=0.1). Our prototype-constrained defense used 50
prototypes computed from a clean set of 1000 reference samples per task, with a margin of
0.3. Results showed that the backdoor success rate (i.e., accuracy on trigger-injected test
samples) for standard distillation reached 92% for classification tasks and 81% for
summarization (measured by successful generation of the target phrase). Differential privacy
reduced success rates to 54% and 47% respectively, but caused accuracy drops of 12% on
clean test data. Adversarial training lowered success rates to 38% and 31%, with a 6% clean
accuracy drop. Our prototype-constrained defense achieved backdoor success rates of only
7% for classification and 11% for summarization, while maintaining clean accuracy within
2% of the unconstrained baseline. This demonstrates superior robustness with minimal utility
loss.

Communication overhead was measured as the total bytes exchanged during distillation. The
prototype set (50 embeddings of dimension 768) required only 150 KB per node for initial
transmission, negligible compared to the several gigabytes of gradient updates. However, the
per-iteration computation time increased by 18% on average due to prototype distance
calculations. In a federated setting with 10 nodes and 100 communication rounds, the total
added latency was approximately 2.1 hours over a baseline of 12 hours, which is acceptable
for many deployment scenarios. We further evaluated fairness across data silos by measuring
per-node accuracy variance. The prototype constraint reduced variance from 0.08 to 0.04,
indicating more consistent semantic learning across heterogeneous partitions.

6. Conclusion



The prototype-constrained semantic defense framework presented in this paper offers a robust
and practically deployable solution for securing knowledge distillation in distributed LLM
systems. By enforcing that student representations remain close to semantic prototypes
derived from clean data, the method effectively prevents backdoor injection while retaining
high task accuracy. Our system-level analysis highlights the architectural trade-offs between
computational overhead, communication cost, convergence speed, and fairness, and proposes
adaptive mechanisms to balance these factors in different operational contexts. The
framework also supports governance objectives through interpretable prototypes that enable
auditability and bias detection.

Looking forward, several research directions merit exploration. First, the automatic selection
of prototypes using meta-learning could reduce dependence on manually curated clean
datasets. Second, extending the defense to generative tasks beyond classification and
summarization, such as dialogue or code generation, requires careful handling of sequential
semantic anchors. Third, integrating prototype constraints with other security primitives, such
as secure multi-party computation or zero-knowledge proofs, could provide comprehensive
protection against a wider range of adversarial strategies. Finally, the broader policy
implications of embedding semantic anchors into LLM governance—particularly in sectors
like healthcare, finance, and public administration—should be studied to ensure that robust
distillation aligns with regulatory standards for trustworthy Al

The increasing scale and distribution of LLMs demand defenses that are not only effective but
also economically and environmentally sustainable. Prototype-constrained semantic defense
meets this need by leveraging the inherent structure of semantic spaces to provide a
lightweight, scalable barrier against adversarial interference. As LLMs become integral to
critical infrastructure, such defense mechanisms will be essential for building resilient and
responsible distributed intelligence.
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