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Abstract

Large Language Models (LLMs) have shown remarkable capabilities; however, their high com-
putational demands present notable challenges for deployment in resource-limited environments,
especially in real-time, domain-specific applications at the German Aerospace Center (DLR). This
thesis tackles this issue by using Knowledge Distillation (KD) to compress a large, powerful teacher

model into a smaller, more computationally efficient student model.

This work proposes a comprehensive framework for distilling knowledge from an 8-billion-parameter
teacher (LLaMA 3.1) to a 1-billion-parameter student (LLaMA 3.2). The methodology is centred
around a DLR-specific use case: an autonomous vehicle system which handles natural language voice
commands in real-time, integrating contextual sensor data to ensure safe and efficient command
execution. For this purpose, a novel synthetic data generation pipeline was created to build a

domain-specific dataset.

The distilled student model was tested thoroughly against the teacher model and also a baseline stu-
dent of the same size. For the DLR-specific task, the distilled model showed better safety-awareness,
with a clear reduction in critical failures compared to the baseline. While the improvements on a
difficult public function-calling benchmark were more modest, the distillation still led to a big
increase in the baseline’s accuracy. These performance gains came together with an eightfold re-
duction in model size and almost a fivefold boost in inference speed, which shows the model’s
potential for on-board deployment. All in all, these results suggest that knowledge distillation is a
valid and practical strategy for building efficient and more reliable LLMs for specialised, high-stakes

use cases.
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1. Introduction

1. Introduction

1.1. Background and Motivation

Large Language Models (LLMs) such as OpenAl’s GPT series [1], Meta’s LLaMA family of open
source models [2], Google’s Gemini models [3] and various other series of large language models [4],
[5] have revolutionized the field of natural language processing (NLP) by providing a wide range of
capabilities for understanding, generating and reasoning about text [6]-[9]. These models, trained
on huge amounts of data, are used in a variety of different use cases. These range from question
answering (QA), machine translation, applications in the medical field, software engineering or
robotics, to applications in the scientific field [6]. The enormous size of the models (for example
LLAMA 405B - 405 billion parameters) and the associated computational effort to train and operate
these models pose major challenges when used in real-world use cases [10]. This is particularly the

case in environments where only limited computing resources are available [11], [12].

The German Aerospace Center (DLR) [13] is Germany’s national research center for aerospace,
energy, transport and security. With over 30 locations and various institutes, the DLR conducts
both application-oriented and basic research. The German Aerospace Center is researching the
integration of foundation models (mainly large language models) in various DLR use cases in
an impulse project called the Foundation Models Project, including use cases in aerospace, in
autonomous vehicles, in robotics, in ship traffic management and in earth observation. In these
use cases, LLLMs offer great potential for improving existing processes. For example, they can
improve human-machine interaction in spacecraft and aircraft or in robotics, enable processing
of speech into commands in autonomous vehicles or be used in the evaluation of protocols in
aviation. Despite these promising applications, the practical use of LLMs remains challenging due
to their high computational requirements, memory requirements, and the need for domain-specific
customization [12]. This is especially the case when local models are to be used (e.g. for safety or
availability reasons). In safety-critical and real-time environments such as autonomous navigation
or space missions, computational power and inference speed are of great importance. Running these
models on edge devices or embedded systems is often impractical due to limited processing power

and energy constraints [11].

In order to use these powerful language models and to overcome the existing barriers to their
use, this work focuses on the method of Knowledge Distillation (KD). KD is a model compression
technique that transfers knowledge from a large, complex teacher model, as referred to in the
literature, to a smaller, more efficient student model [14], [15]. By using KD, it should be possible

to significantly reduce the model size while maintaining a high level of quality and functionality.

The research motivation stems from the increasing need to deploy LLMs in operational applica-
tions. According to Xu et al. [16] the optimization of smaller models through distillation makes
them deployable on hardware systems with limited computing capabilities. The resulting models
become adaptable to specific use case requirements through the incorporation of domain-specific
knowledge [17]. The research evaluates the performance-cost tradeoffs of model compression while

confirming that the distilled models function effectively and reliably in their intended applications.
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1. Introduction

The development of a systematic framework for knowledge distillation in LLMs will help achieve

the goal of deploying advanced AI models in autonomous systems.

This thesis examines knowledge distillation approaches to reduce large language models in particular
resource-constrained domains. The research shows that distilled models deliver strong performance
at lower computational expense through DLR-relevant use cases which makes LLM applications

feasible in aerospace and autonomous systems.

1.2. Problem Statement

The practical deployment of large language models remains difficult because their high computa-
tional needs along with their resulting energy usage. The deployment of these models in real-time
resource-constrained environments such as those found at the German Aerospace Center (described
in section 3.3) becomes especially challenging for autonomous vehicles, robotics and aerospace appli-
cations. The direct deployment of this models on edge devices or embedded systems faces challenges
because of limited computational resources, but is needed, because it ensures reliability, security
and privacy needs. The use of pre-trained smaller language models in a conventional local operation
leads to unsatisfactory performance because of their limited model size according to [11], [12]. The
insufficient performance often creates problems because complex domain-specific tasks require high
quality outputs. A systematic approach to compress and adapt LLMs is needed because specialized
use cases require both efficiency and performance without major performance degradation. Conse-
quently, the main research challenge of this work is: How can large language models be efficiently
adapted for use in resource-constrained, domain-specific environments at DLR through knowledge

distillation without significant losses in accuracy and reliability?

1.3. Research Objectives

The primary objective of this thesis is to systematically apply and evaluate knowledge distillation as
a method for adapting a large language model to the resource-constrained, safety-aware environment
of an autonomous vehicle use case at the DLR. The central aim is to create a computationally
efficient student model that retains a significant portion of a larger teacher model’s performance

while being suitable for on-board deployment.

To achieve this primary objective, this work pursues several interconnected secondary goals. The
first is to define the specific operational and safety requirements for an LLM-based voice command
interface within the DLR’s autonomous vehicle context. Building on this, a key objective is to design
and implement a complete experimental framework, which includes the development of a novel
synthetic data generation pipeline to create a domain-specific, safety-annotated training corpus.
Subsequently, this framework is used to implement a logit-based knowledge distillation strategy,
transferring knowledge from an 8-billion to a 1-billion parameter model. The performance of the
resulting distilled student model is then rigorously evaluated and benchmarked against both the
original teacher and a non-distilled baseline, using metrics for task accuracy, safety-aware rejection,

and computational efficiency. Finally, the empirical findings are synthesized to assess the viability
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1. Introduction

of this approach and to derive practical implications for deploying distilled LLMs in similar high-

stakes, domain-specific applications.

1.4. Contributions of This Thesis

This thesis is making a submissions in the area of applied artificial intelligence. It systematically
undertakes an analysis of the knowledge distillation techniques which are useful for compressing
large language models and concludes with a guide for the implementation of these methods. Also
a pipeline is designed for the generation of synthetic data. This pipeline is capable of producing
accurate training data for an autonomous vehicle use case related to DLR in the absence of any
publicly shared corpus. Moreover, this study will produce a domain-specialized, lightweight model
that has most of the teacher’s accuracy but a reduction in size, and a significantly faster inference
time. Finally, the research offers operational recommendations to support the implementation of
these distillation methods in similar safety-critical domains, thereby advancing the adoption of

efficient, trustworthy AI models in complex real-time systems.

1.5. Thesis Structure

The research follows a seven-chapter structure which leads readers through the entire research
process from basic concepts to final results and their interpretation. The research begins in Chapter
1 by presenting an introduction which explains the background and research motivation and defines
the main problem and outlines the core objectives. The following chapter (Chapter 2) establishes
the theoretical framework through an analysis of Large Language Models and model compression
techniques and Knowledge Distillation principles. The research connects to practical applications
through Chapter 3 which explains the DLR operational context and presents the autonomous
vehicle application as the primary focus of this investigation. Chapter 4 explains the research
methodology and experimental design by presenting research questions alongside experiment design
details and dataset information and model configurations and technical details about the distillation
pipeline implementation. The results appear in Chapter 5 which presents both quantitative and
qualitative assessments of the findings through numerical analysis and descriptive observations
to evaluate student model performance relative to the teacher model and a basic baseline. The
following section presents the results before Chapter 6 interprets their meaning and discusses their
potential applications at DLR and addresses study limitations. The thesis concludes in Chapter 7
by summarizing key findings while proposing potential future research directions that expand upon
this study.
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2. Theoretical Foundations and Related Work

2. Theoretical Foundations and Related Work

Large Language Models have drawn much attention in the Natural Language Processing domain. As
Patil and Gudivada [18] explain, the efficacy of their work is principally down to the fact that they
have been trained on massive text corpora. They deliver strong performance across a wide range
of NLP tasks. Yang et al. [19] note the versatility of the LLMs and apply them to a wide variety
of situations: knowledge-based tasks, natural language understanding and generation. However, as
Min et al. [20] mention, the computational resources required to run these large models present
significant difficulties in real-world implementations, particularly with respect to efficiency, cost,
and latency. In this section, the basics, advantages, and limitations of using LLMs in real-world
applications are explained. First, LLMs are introduced, followed by an explanation of the concept of
knowledge distillation in general and in the context of LLMs. This foundation will serve as the basis
for further investigation of model compression techniques and knowledge distillation techniques in

the following sections.

2.1. Large Language Models: Capabilities and Challenges

Large Language Models are complex neural network architectures that usually have hundreds of
millions to hundreds of billions of parameters based on their design and target application. They
are mainly based on transformer architectures that use self-attention mechanisms to capture de-
pendencies and contextual information in text data for long sequences. LLMs are trained in a two
stage process [7], beginning with self supervised pre-training on huge general purpose text corpora,
followed by task specific fine tuning to particular downstream tasks. Some of the well known LLMs
include the GPT series by OpenAl [1], LLaMA models by Meta [2], Gemini by Google [3] and
Claude by Anthropic [4]. The models have revolutionized the NLP domain in a short time and are
at the forefront of developments in various applications of language understanding, text generation

and reasoning.

The fast evolution of large language models is reflected not only in their capabilities but also
in their increasing scale over time. Figure 2.1 illustrates this growth. The visualization shows
a clear trend toward larger model architectures, with some models now exceeding hundreds of
billions of parameters. To complement this visual overview, a detailed tabular comparison including
model names, developers, release dates, parameter counts, and licensing information is provided in

Appendix A (Table A.1).

2.1.1. Capabilities of LLMs

Recent advances in artificial intelligence have led to the development of this large models, which are
transforming how machines interact with and process human language. The models demonstrate
both text understanding capabilities and text generation abilities while performing complex tasks in

various domains. As shown in Figure 2.2, the capabilities of LLMs can be categorized into four main
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Figure 2.1.: Growth of Large Language Models over time. The number of parameters (in billions,
logarithmic scale) is shown on the y-axis, while the x-axis represents the release date.
Each bubble represents a specific LLM; bubble size encodes parameter count. Data
based on [21]
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fields: natural language understanding and generation, reasoning and decision-making, multimodal

integration, and domain-specific adaptation.

Natural Language Under-
standing & Generation

— QA, summarization
— Sentiment analysis
— Text generation

Reasoning & Decision-Making
— Logic, math problems

— Instruction following

— Policy recommendation

LLM Capabilities

Few-shot & Zero-shot Learning

Multimodal Integration Domain-Specific Adaptation
— Image + text synthesis — Fine-tuning, RAG

— Sensor fusion — Prompt engineering

— Medical imaging — Expert feedback

Figure 2.2.: Overview of the core capabilities of large language models.

Natural Language Understanding and Generation LLMs demonstrate excellent performance in
both natural language understanding (NLU) and natural language generation (NLG). The pre-
training process on extensive text corpora enables the models to learn these capabilities which
results in the encoding of linguistic structure, contextual relationships and semantic dependencies
that apply to multiple languages and domains. In the aspect of NLU, LLMs can understand com-
plicated textual information, decipher meanings, classify sentiments, and gather information from
unstructured text. Tasks like question answering, named entity recognition, text classification, and
semantic parsing are also advanced by LLM-based methods. It has been proven that models such
as GPT, LLaMA, and Gemini perform exceptionally well in standard tests of machine comprehen-
sion and reasoning capabilities [22]-[24]. In the NLG domain, LLMs are very effective at producing
language that is coherent, relevant to context, and similar to that of a human writer. They are
applied to almost all areas of automated content creation, conversational Al, text summarization,
machine translation, and even code generation. The self-attention mechanism in transformers en-
ables these models to produce smooth and grammatically correct text and ensures coherence over
long passages of text. Nevertheless, together with the benefits of generation, drawbacks like hallu-
cination, bias, and factual errors are major issues when applying LLMs to real-world use cases [25],
[26]. The integration of NLU and NLG capabilities makes LLMs transformative tools used across
diverse sectors such as healthcare (e.g. clinical note summarization), law (e.g. document analysis),

customer service (e.g. chatbots), education, and many others.

Reasoning and Decision-Making Beyond language comprehension and generation, LLMs are
capable of performing complex reasoning and supporting decision-making processes. These models
can interpret complicated instructions and assist in solving problems across various domains. Recent
research [27], [28] demonstrates that transformer-based models can tackle arithmetic word problems,
commonsense reasoning, and probabilistic inference directly from text. Additionally, techniques

such as Reinforcement Learning from Human Feedback (RLHF) have been employed to refine step-
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by-step reasoning and reduce errors [29], [30]. In practical applications, LLMs support decision-
making in areas like medical diagnosis [31], financial analysis [32], and law [33], where they help
synthesize information, weigh alternatives, and provide context-aware suggestions. However, as
Saxena et al. [34] and Chi et al. [35] note, LLMs are not true cognitive agents and may still exhibit
biases, hallucinations, and overconfidence in incorrect predictions. Improving the reliability and

interpretability of LLM-based reasoning remains an active area of research.

Multimodal Integration Incorporating LLMs to handle multiple forms of data is a big advance-
ment in this field. It leads to the capability of understanding and reasoning on various forms of
input, e.g., text, images, and structured data, which is useful in real-world applications. This is
done by unified tokenization that align different modalities into one latent space, and attention
across modalities to enhance contextual inferences. Methods include early fusion that combines
the raw multimodal data before processing [36], and late fusion [37] that combines the outputs of
the modality specific encoders at a later stage. This methods are applied in different practical use
cases. In autonomous systems, for instance, multimodal LLMs make decisions using sensor data,
in medical Al such systems extract information from clinical notes and images for diagnosis, and
in scientific areas, they help to understand structure for drug discovery. In addition, they improve
creative tasks (e.g., text-to-image generation) and human computer interaction (e.g., gesture inter-
faces). Some of the challenges here include e.g. data misalignment, especially when using different
modalities. Also the high computational complexity of training such models or Bias that is likely

to propagate across different modalities, is a problem.

Domain-Specific Adaptation The generalization capabilities of LLMs across many topics do not
guarantee peak performance in specialized fields so domain-specific adaptation might become neces-
sary in some cases. The adaptation/integration of LLMs for specific applications uses techniques like
retrieval-augmented generation (RAG), prompt engineering and continued pre-training on domain-
relevant corpora. The models could achieve a better accuracy and relevance through additional
pre-training on industry-specific texts which helps it learn specialized terminology and context.
They also could achieve precise and context-aware responses through supervised fine-tuning and
reinforcement learning with expert feedback. The adaptation of LLMs to new tasks could also
be done through few-shot [38] and zero-shot [27] learning strategies which require minimal data.
Also the integration of structured knowledge sources including ontologies databases and scientific
literature is an option, to enhance factual grounding and minimizing hallucinations. But the im-
plementation of domain-specific adaptation faces ongoing challenges because it requires balancing
domain-specific knowledge with generalization capabilities while addressing biases in specialized
datasets and ethical issues from proprietary or sensitive data use (e.g., privacy, consent, and data
security) [18]. Research continues to develop better fine-tuning approaches, more efficient resource

usage and effective evaluation metrics for domain-specific LLMs.

Few-shot and Zero-shot Learning The few-shot and zero-shot learning capabilities of LLMs allow
them to perform tasks across different domains using minimal or no task-specific data according

to [27], [38]. he few-shot learning method proves beneficial when there is limited labeled data
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because it allows adaptation through only a few examples. Zero-shot learning enables LLMs to
complete tasks without any examples at all, by relying on a well structured prompt and their
pre-trained knowledge for things like text classification, summarization, and translation. Although
these methods are flexible, they are sensitive to prompt design and may fail in domain specific

cases.

2.1.2. Challenges of LLMs

The deployment of LLMs in real-world applications encounters various technical, ethical, and op-
erational challenges despite their status as the state-of-the-art in NLP. These obstacles need to be

resolved to achieve the complete potential of these advanced systems in different domains.

Balance Between Performance and Efficiency The impressive capabilities of modern language
models come at a substantial cost in computational resources. Finding the best balance between
effectiveness and efficiency remains a challenge for practical applications. The rapid growth in
model size has led to high increases in computing and energy requirements, making inference costs
a significant concern [39]. Interestingly, while much attention has focused on reducing energy con-
sumption during training, inference optimization has been relatively neglected despite inference
being far more frequently performed. Recent research has begun addressing this efficiency gap.
Argerich and Patino-Martinez [39] introduced a methodology for measuring energy consumption
during inference and investigated how factors such as model size, architecture, parallelized atten-
tion, and vocabulary size affect efficiency. Their findings suggest that increasing batch size and
applying quantization techniques can enhance efficiency without significantly compromising model
accuracy. Similarly, Rostam et al. [40] surveyed optimization techniques focusing on approaches like
distributed training, model partitioning, and hardware acceleration. Their work describes methods
such as memory-aware scheduling and model parallelization to improve efficiency, particularly for
very large architectures. These results underscore the importance of designing principles that re-
duce computational complexity while preserving effectiveness, especially when hardware resources
are limited. The efficiency-effectiveness balance thus remains a central concern for both researchers

and practitioners implementing these technologies.

Domain Adaptation versus Generalization Advanced language models face challenges when per-
forming domain-specific tasks despite their general language competence. The process of domain
adaptation faces different essential obstacles which include data scarcity, overfitting and special-
ized knowledge integration. The corpora available for niche domains are usually limited and of poor

quality which makes it difficult to train robust models.

According to Bansal et al. [41] deep learning models require enough data to learn generalization and
limited data can result in overfitting. The process of fine-tuning LLMs with domain-specific data
improves performance in that domain but results in decreased generalization across other domains
because of overfitting or catastrophic forgetting. The problem can be solved by data augmentation
techniques (described later in section 2.3.6) such as synthetic data generation and transfer learn-

ing which improve domain-specific performance while maintaining generalization accuracy. Domain
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specialization introduces new difficulties because of data heterogeneity and knowledge complexity.
Ling et al. [42] explain that general models sometimes cannot be directly applied to specific domains
because each domain functions under its own distinct objectives and constraints which include eth-
ical, cultural and regulatory frameworks. Researchers have investigated knowledge-enriched strate-
gies including knowledge graph embeddings, retrieval-augmented generation and meta-learning to

improve contextual awareness and adaptability in specialized contexts.

Domain knowledge presents a major obstacle because it constantly changes. Medical and legal fields
introduce fresh terminology and concepts which continue to evolve. The research by Ling et al. [42]
shows that models require incremental knowledge updates through structured knowledge integra-
tion and human feedback to stay relevant. The adaptation of domain knowledge across numerous
different domains proves to be a difficult task. The fine-tuning approach succeeds when applied to a
small number of domains yet becomes impractical when dealing with large numbers of domains. The
combination of white-box (full fine-tuning), grey-box (partial adaptation), and black-box (prompt-
ing) methods provides a more adaptable solution according to [42]. Future strategies will probably
implement hybrid methods which combine meta-learning automation with both structured and

unstructured data to achieve domain-specific knowledge and generalization capabilities.

Bias, Hallucination and Interpretability Although these models are developed from state-of-the-
art architectures, they receive their bias directly from their training data. Bias propagation occurs
when training data biases lead to discriminatory outputs that produce unfair results and undermine
model reliability [43]. Also the phenomenon of hallucination, where coherent but incorrect text is
produced, is a problem. Users in high-risk domains such as healthcare, law and aerospace face trust
erosion because hallucinations produces false information. The lack of understanding about the

LLMs decision-making processes creates challenges to identify their conclusion sources.

Integration of Multiple Modalities The upcoming generation of Al systems is moving towards
multimodal capabilities, which means that they are integrating text, images, audio, and structured
data. Although this evolution increases the potential applications of LLMs, it also raises challenges
related to data alignment, computational efficiency, and interpretability. As stated by Li et al. [44],
good multimodal models are supposed to correctly synchronize various data sources in order to
provide useful outcomes. This requires advanced fusion methods, including cross-attention mech-
anisms together with contrastive learning, to establish effective mappings between textual, visual,
and other forms of data. However, there is a problem of semantic consistency across modalities

since, many times, the training data is not well aligned between the different input modalities.

Evaluation and Ethical Considerations Traditional benchmarks often fall short when it comes
to evaluating LLMs, as they don’t really capture the full range of model behavior, like domain-
specific knowledge or how well they understand context [45]. There are several issues that need to
be addressed, including data privacy worries, possible misuse of the technology, and the broader
societal impacts of automated decision-making systems. Developing better evaluation metrics is still
crucial so that assessment frameworks can reflect both general and specialized capabilities of LLMs.

The ethical implications of these models also deserve close attention when putting Responsible
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AT principles into practice. How data is used, how user privacy is protected, and how misuse is
prevented should be priorities to avoid harmful outcomes. These models should be used responsibly

in sensitive areas and stay as transparent as possible.

2.2. Model Compression Techniques

The recent progress in natural language processing described in Section 2.1 of this thesis has led to
highly capable models that perform well in text generation, summarization, and question-answering
tasks. However, the main issue of the computational resources required for training and deploy-
ment remains a challenge, especially for devices with limited capacity. The number of parameters is
large, the memory requirements are high, and the latency is high, which makes direct deployment
unsuitable for applications and edge devices, such as those used in autonomous vehicles, embedded
systems, or in aerospace within DLR. Model compression techniques offer effective solutions to
address these problems by minimizing the dimensions of LLMs without significantly affecting their
performance accuracy. These methods make it possible to create efficient models that deliver suffi-
cient accuracy for various applications despite their reduced computational requirements. Smaller
models can run on low-power hardware, thus reducing the need for high-end GPUs or cloud in-
frastructure. This approach is also essential when time constraints exist (in terms of inference) and

access to large computational resources is either unavailable or restricted.

2.2.1. Motivation of Model Compression

Model compression exists because large language models continue to grow in size (see figure 2.1)
while the applications need to function in environments with restricted computational power. Sev-

eral factors contribute to the importance of efficient LLM deployment:

Latency is the delay between input and response in computational systems. In large-scale neu-
ral networks for natural language processing, high latency hinders timely critical applications like
autonomous systems, where fast responses are important. Mukherjee and Hassan Awadallah [46]
explain that deep neural networks have both high latency and memory requirements which prevent
their use in such applications. Wang et al. [47] explain that higher model complexity creates higher
response time during operation. The solution to this problem involves multiple model compression
approaches which include knowledge distillation alongside structured pruning, quantization and
low-rank factorization (see section 2.2.2). Mukherjee and Hassan Awadallah [46] show that distilla-
tion techniques can reduce inference latency while maintaining high accuracy level of the original
model. Wang et al. [47] demonstrate that structured pruning enables hardware reduced computation
and quantization accelerates processing through precision reduction, without significant accuracy

degradation.
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Memory Footprint The deployment of LLMs in resource-constrained environments faces limita-
tions because of their substantial memory requirements during training and deployment. Memory
footprint refers to the complete model size which includes parameters and activations and optimizer
states. The process of training requires additional memory storage for gradients and optimizer states
and intermediate activations which limits both scalability and accessibility. The memory footprint
of inference requires memory allocation for model weights and activation storage during the infer-
ence process. For example the memory footprint of LLaMA models varies significantly depending
on their model variant. For instance, LLaMA 3-8B (8 billion parameters) requires approximately
21 GB of VRAM to support inference with a context window of 1024 tokens and 10 concurrent
requests. In contrast, LLaMA 3-70B (70 billion parameters) demands at least 140 GB of VRAM
(without additional compression techniques - in full precision) just for model weights, requiring
multiple GPUs (e.g., at least two A100 80GB GPUs) to fit in memory [48].

Energy Consumption The high computational demands and memory requirements of large lan-
guage models translate directly into significant energy consumption. The energy required for LLM
inference is primarily determined by the number of model parameters, memory access patterns,
and the efficiency of the underlying hardware. Recent studies have shown that inference energy
consumption can even surpass that of training, due to the repeated execution cycles required for
serving real-world applications [39]. Profiling of various model architectures reveals that larger
models not only consume more power per query but also tend to do so less efficiently, especially
when deployed at scale [39], [40]. The main contributor to power consumption during inference is
GPU utilization, which can be mitigated through optimizations such as increasing batch size and

reducing model depth.

Model compression techniques, including quantization, pruning, and knowledge distillation, have
proven effective in reducing energy consumption without a significant loss in performance. For
instance, lowering numerical precision (e.g., to 8 or 4 bits) and distributing computations across
optimized hardware accelerators can substantially improve energy efficiency. As highlighted in re-
cent literature, the growing deployment of LLMs across different industries is driving the need for
greener, more energy-efficient inference solutions [39], [40]. This consideration is particularly criti-
cal in applications where onboard Al systems must operate within strict energy budgets to ensure

mission viability [48].

2.2.2. Taxonomy of Compression Techniques

Model compression techniques are essential for reducing the size and computational demands of
large language models [11], [12], [14], [49], [50]. The techniques can be divided into four main
categories: Quantization, Pruning, Knowledge Distillation and Low Rank Factorization (see Figure
2.3). Each method has its own advantages and disadvantages which are relevant to the particular

application task.

Quantization reduces precision of numerical values like weights and activations to reduce memory
and to increase the efficiency of inference. It can be done through post training quantization which

converts pre-trained full precision models into lower precision formats without needing further
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retraining or quantization aware training where quantization effects are incorporated during training
11, [12].

Pruning is used to remove unnecessary parameters of the model in order to decrease computational
costs and model size [11], [47]. Unstructured pruning removes individual weights, resulting in sparse
matrices, while structured pruning removes entire neurons, filters, or layers, making the model more
hardware-friendly. Advanced strategies include dynamic pruning, which adapts pruning rates during
inference based on input complexity, and subnetwork discovery, which seeks efficient subnetworks
within large models [51]-[53].

Knowledge Distillation is a process of transferring knowledge from a teacher model that is gen-
erally large and complex to a student model that is smaller and less complex such that the student
model is able to learn to mimic the behaviour of the teacher model with fewer parameters [14], [15],
[54]. The different types that are used include logit based distillation in which the student learns
from the softened output probabilities of the teacher or feature distillation in which the student
learns to mimic intermediate feature representations. Some forms of distillation are typically task
specific to the particular application. Another type, multi teacher distillation, is used to aggre-
gate knowledge from multiple teachers to improve the generalization and robustness of the student
model [16]. KD will be further explained in Section 2.3.

Low-rank factorization techniques exploit the inherent redundancy in large neural networks
by decomposing weight matrices into low-rank components. A prominent example, “LoRA” (Low-
Rank Adaptation), was proposed by Hu et al. [55] to fine-tune models by injecting trainable low-
rank matrices into otherwise frozen pre-trained weights. Notably, LoRA introduces no additional
inference latency, as the low-rank updates are merged with the base model after deployment.
Building on this idea, Ji et al. [49] employ Bayesian optimization to adaptively select the rank
per layer based on empirical covariance, improving compression effectiveness in large language
models. Another recent approach, CALDERA, introduced by Saha et al. [50], combines low-rank
decomposition with quantization to maximize compression ratios while maintaining competitive

zero-shot performance.

In summary, the different compression techniques present unique trade-offs between model ac-
curacy levels and computational efficiency. The process of quantization decreases memory usage
and computational requirements through precision reduction yet produces minor accuracy degra-
dation. Also pruning leads to a model reduction by removing less important parameters, but model
performance suffers also here. Knowledge distillation method enables smaller models to learn vital
information from larger models, which enables users to choose smaller specialized models. Weight
matrices become more compact through low-rank factorization but this method can generate nu-
merical instability because the approximation produces small errors that grow during computation,

particularly in deep models.

2.2.3. Challenges and Future Directions in Model Compression

The improvements made with quantization, pruning and knowledge distillation techniques still face

multiple significant obstacles that block their adoption and effective deployment. One of the major
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challenges is the balance between the memory footprint and the computational ressources needed,
to apply these methods. Quantization and pruning do reduce model size. However, it often needs
fine-tuning or retraining, which can be costly for large models [11], [12], [56]. Moreover, compressed
models are usually less robust and generalizable than their full-sized counterparts. They work well

with in-distribution data but may not be robust to adversarial perturbations [57].

The deployment of (compressed) models faces an ongoing challenge because of inference latency,
especially on devices that have restricted processing power and restricted memory bandwidth. While
model compression techniques reduce the number of parameters, they do not automatically lower
memory access or data transfer costs, which often become the main bottlenecks during inference
due to bandwidth limitations. The overhead becomes worse because of excessive I/O operations
and poor memory layout designs. The latency problems can be partially solved through intelligent
memory management and dynamic quantization techniques which adapt to runtime conditions and

hardware constraints according to Mao et al. [56].

The main problem in using compressing techniques, is the accuracy deterioration which occurs
when using really strong compression techniques. The methods that decrease model size and com-
putational requirements also lead to reduced representational capacity and a worse generalization
performance. The state-of-the-art techniques AQLM and Sp@QR use learning-based approaches to
maintain accuracy during extreme compression through expressive quantization schemes and sparse
representations according to [58], [59]. The research community continues to investigate how to find
the best tradeoff between model size and latency and a good performance especially in safety-critical
domains like healthcare or robotics where reliability and responsiveness are essential [58], [60]. Also

an interesting direction is the combination of techniques like pruning and knowledge distillation.

Besides model level optimizations, system level improvements like efficient key-value cache man-
agement can boost the inference speed. Integrating these optimizations with model compression
techniques could greatly reduce the computational cost in large scale deployments [61]. Another
promising direction involves combining LLM compression with techniques such as Bayesian opti-
mization for dynamic dimension allocation in low-rank approximations. By adjusting compression
strategies based on empirical performance data, these approaches can produce models that are both

more accurate and computationally efficient [49].

2.3. Introduction Knowledge Distillation

2.3.1. Definition and Concept of KD

Knowledge Distillation (KD) is a technique introduced to reduce the size of large, costly machine
learning models. The core concept of KD is to mimic the role of a larger, more complex network,
called the teacher, to train a smaller, less computationally expensive network, the student. This
transfer enables the student model to produce similar outputs to those of the teacher model at a
reduced computational cost [14]-[16], [62].

The idea behind KD is to use the teacher model’s internal knowledge (good internal representation)

and decision making to train the student model. The student model does not learn only directly
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from hard labels, the outputs or classifications provided in the training data, but also learns from
soft labels, which are the teacher model’s probability distributions over possible outputs. When
probability distributions are softened, richer information, such as the confidence of incorrect classes,
is retained. This allows the student model to learn about the detailed decision boundaries that the
teacher model has learned (and the teacher may also be better able to represent these). A conceptual
overview of this process is illustrated in Figure 2.4, which shows how knowledge is distilled from a
large teacher model and transferred to a compact student model.
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Figure 2.4.: The knowledge distillation process is schematically represented. The teacher model is
trained on the original dataset and generates soft labels. These soft labels are then used
in conjunction with the ground truth to train the student model using a combined loss
function. Figure based on [14].

In practice, the student model is trained by minimizing a composite loss function that elegantly
balances two objectives. The first term is a standard cross-entropy loss (Lcg) that matches the
student’s predictions to the ground-truth “hard” labels (y). The second, and more critical, term is
the distillation loss, which uses the Kullback-Leibler (KL) divergence (Lky,) to align the student’s
output distribution with that of the teacher.

Two key hyperparameters govern this process, as shown in Equation 2.1. The coefficient @ controls
the balance between the two loss components, determining the emphasis placed on mimicking the
teacher versus matching the true labels. Crucially, the temperature (7) is used to soften the output
probability distributions generated from the models’ logits (z; and z,). A higher temperature creates
a smoother distribution that reveals the teacher’s nuanced knowledge about inter-class similarities,
providing a richer training signal for the student. As proposed by Hinton et al., to ensure the
soft and hard targets contribute appropriately to the gradient updates, the distillation loss term is
scaled by a factor of 72 [15].

2t

L=(—-a) Lop(y,0(z)) +a- - L. (a <T> o ()) (2.1)

Konstantin Witossek
3775768

15



2. Theoretical Foundations and Related Work

Knowledge distillation is especially valuable for applications that require efficient models under
strict computational resource constraints, such as edge computing, embedded systems, and real-
time inference tasks. This method makes it possible to deploy high-performing yet compact models,
which increases the accessibility and practical use of advanced machine learning techniques in

diverse environments, including aerospace and autonomous systems [14], [15], [54].

2.3.2. Historical Development of KD

Knowledge Distillation has become increasingly complex in recent years, expanding on basic con-
cepts that have been developed over the past several decades. As described in section 2.3.1, at its
core, KD is the process of transferring knowledge from one model, often a large, complex model
referred to as the teacher model to another model, a smaller, simpler model known as the student
model. The goal of this transfer is to get a similar performance as the teacher model with a much

smaller and more efficient student model.

The idea of KD was first mentioned by Craven and Shavlik in 1996 [63], who suggested using trained
neural networks to create labeled training data for decision trees. This early work showed that it
was possible to transfer knowledge learned by one model to another, and in doing so, it paved the
way for future work on knowledge transfer. The work of Bucila et al. [64] in 2006 marked a major
step forward by making model compression an explicit problem. They proposed a formal approach
to transferring knowledge from a large ensemble model to a single neural network. The possibility
of using the output of one trained model as pseudo-labels to train a smaller model efficiently was

thus clearly established.

The term Knowledge Distillation itself was formally coined by Hinton et al. in 2015 [15], who
provided a comprehensive theoretical and empirical analysis of KD within the context of neural
network compression. Their work demonstrated that softened output probabilities from the teacher
model, obtained through a temperature-scaled softmax function, can serve as richer and more
informative targets compared to conventional hard labels. This seminal paper also made it clear
why soft targets are better than hard labels. Hard labels only provide information about the correct
class, while soft labels also provide information about the probability of the wrong classes, which can
help the student model learn better decision boundaries. This approach made many following KD
researches focus on optimization efficiency and generalization benefits. After Hinton’s influential
formulation, KD was quick to gain popularity as researchers explored applying it across diverse
domains. “FitNets”, introduced by Romero et al. [65], extended the concept with intermediate
feature representations in addition to output logits, so the student could learn deeper structural

knowledge from the teacher model.

The KD framework was further enriched through techniques like “deep mutual learning” proposed
by Zhang et al. [66], in which multiple student models simultaneously teach and learn from each
other, eliminating the need for a single predefined teacher. Additionally, more recent developments,
such as “Reinforcement Learning from AI Feedback” (RLAIF) [67], have employed reinforcement

learning paradigms to refine student models dynamically based on feedback from the teacher.
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Knowledge Distillation was quickly extended to a variety of specific application areas, and its
usefulness was demonstrated in a broad range of tasks. For example, Yao et al. [68] proposed the
“Adapt-and-Distill” method that combines domain adaptation and KD to train smaller, faster,
and more efficient models for particular tasks like biomedical and computer science tasks. The
approach successfully resolved the weak performance problems in specific domains when using
general-purpose pre-trained models which demonstrated KD’s ability to optimize and minimize

models for particular applications.

2.3.3. KD in the Context of LLMs

The development of KD has been influenced by LLMs such as GPT-4 and LLaMA. The evolution
of distillation techniques for LLMs has progressed from basic output logits and intermediate fea-
ture representations to transfer advanced cognitive abilities and reasoning patterns. At first, the
KD methods were designed to perform simple compression and replication of the outputs of large
models to smaller, more efficient models. However, recent research shows a shift toward transferring
complex reasoning and cognitive patterns from LLMs. For instance, Hsieh et al. [69] introduced the
“Distilling Step-by-Step” approach using rationales created via chain-of-thought (CoT) prompt-

ing.

Furthermore, Gu et al. [54] also solved some specific problems of KD in the context of genera-
tive language models by suggesting a reverse Kullback-Leibler divergence objective. The proposed
approach enhanced distilled generative models by mitigating exposure bias and preventing overfit-
ting to low-probability regions, which are common challenges faced by conventional KD methods.
Consequently, it enhances accuracy and reliability in various language tasks. The use of KD in a
domain-specific area, e.g. biomedical NLP, shows that it can be successfully applied and adjusted
for new tasks. Gu et al. [70] showed that distilling a large model into a domain-specific model such
as PubMedBERT not only reduced the size of the model but also improved the performance on
the biomedical tasks. These results show that Knowledge Distillation is not only a tool for model
compression, but also a powerful tool for transferring domain-specific knowledge and improving

task-specific performance.

Recent surveys have methodically investigated Knowledge Distillation approaches which are de-
signed for Large Language Models. Xu et al. [16] present a detailed analysis through different KD
mechanisms and vertical domain applications to explain methodological progress in this area and
also practical applications. Zhu et al. [11] focus on model compression techniques for LLMs in
general, and they discuss new distillation approaches such as Chain-of-Thought prompting. The
survey by Wan et al. [71] reviews methods to enhance the efficiency of LLMs through KD, dividing
the approaches into white-box and black-box methods. These surveys collectively underscore the

growing importance of KD.

Necessity of Knowledge Distillation for LLMs The growth of LLMs has resulted in increased
computational complexity, latency, and energy usage. Although these models are successful in
many NLP tasks, their accessibility is often limited to high-performance computing environments.

Knowledge Distillation addresses these challenges by distilling essential knowledge into compact
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models that maintain performance while requiring fewer resources. This is especially useful in
domain-specific tasks that require fast inference, e.g. aerospace, autonomous systems, mobile Al

apps [72].

Differences from Traditional KD Approaches While the classical KD paradigm often relies on
soft-label supervision via output logits, applying KD to LLMs presents additional challenges due
to their open-ended, multi-task nature. LLMs are expected to handle complex reasoning, long-form
generation, and diverse domains, which requires distillation methods to go beyond output-level
matching. Contemporary approaches therefore integrate feature-based guidance, attention transfer,
and instruction-level supervision to help preserve nuanced behaviours and high-level reasoning
capabilities within the student mode [73]. These adaptations enable KD to support not only model
compression, but also performance enhancement in e.g. logical reasoning or domain specialization
[16].

Categorization of Knowledge Distillation Methods for LLMs KD techniques for LLMs can be
classified into three main approaches of KD: white-box, black-box, and hybrid methods.

1. White-Box Distillation: These methods require access to the internal representations of
the teacher model, allowing for detailed knowledge transfer. Techniques such as logit-based
distillation (DistilBERT [74]), feature-based distillation ( TinyBERT [75], MobileBERT [76]),
and self-attention distillation (MiniLM [77]) fall under this category.

2. Black-Box Distillation: If the teacher model is a proprietary one and there is no access to its
internal states then black box approaches are based only on the teacher’s output. In-context
learning distillation, instruction tuning (LaMini-LM [78]), and chain-of-thought distillation
[79] enable student models to perform similar to that of closed source LMs without requiring

parameter-level insights.

3. Hybrid Distillation: Hybrid distillation is a intermediate between white box and black
box approaches, which focuses on optimizing the tradeoff between knowledge fidelity and
accessibility. Techniques like multi-teacher distillation and self-alignment strategies have been

found to improve model robustness and performance across different application domains [16].

2.3.4. White-box Distillation Methods

White-box methods differ from black-box approaches because they provide the student with deeper
insights into the teacher’s decision-making process through internal representations such as logits,
attention maps or hidden states. White-box KD techniques for LLMs are typically categorized
into two main categories: logits-based distillation and hint-based distillation. This section examines

these two types of distillation.
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Logits-based Distillation is a fundamental knowledge distillation technique widely used to com-
press large language models. In this approach, the student model is trained to approximate the
softened output distribution of a more complex teacher model by minimizing the divergence be-
tween their predicted class probabilities. This method requires access to the teacher model’s logits,
making it a white-box distillation approach. As illustrated in Figure 2.5, the student model is

supervised by both the ground-truth labels and the teacher’s soft output distribution.

&
Q000
e=r® ' 0 ' O v
QurOWO
s OQUOND O .
e 888 0 — > Logits
(OSN'e 8 O~ 0
' 'a
O~ v
O
Training Teacher Model Distillation Loss
Dataset
A
Q
Q8880 ,
} .
8 8 8 > Logits
: !
Student Model

Training Loss

Figure 2.5.: Illustration of logits-based knowledge distillation. The teacher model generates output
logits based on a shared training dataset. The student model minimizes a combined
loss: a classification loss using ground-truth labels and a distillation loss aligning its
outputs with the teacher’s. Figure inspired by [80].

The objective is to align the student’s probability distribution with that of the teacher, using a
temperature-scaled softmax transformation applied to the teacher’s and student’s logits. The overall

loss function is typically expressed in the following compact form:

T S
Liogits = 72 - KL <a (i) o (i)) (2.2)

where 2T and z° represent the logits of the teacher and student models, o(+) is the softmax function,
and 7 is a temperature parameter that controls the smoothness of the resulting probability distri-

2

butions. The scaling factor 7 is introduced to adjust the magnitude of gradients during training,

as proposed in the work by Hinton et al. [15].

To make this formulation more explicit, the loss can be rewritten in terms of the Kullback—Leibler

(KL) divergence between the softened output distributions:
Liogits = D (v || p°) (2.3)
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The KL divergence is a statistical measure that quantifies how one probability distribution diverges
from a second, expected distribution. Mathematically, it is originally defined by Kullback and
Leibler [81], [82] as:

D (P | @) = ¥ Pla)tog () ) (2.4
reX

where P and @ are discrete probability distributions defined over a common support X. In the
context of knowledge distillation, P corresponds to the teacher’s softened output distribution p’,

and @ corresponds to the student’s output distribution p°.

The softened probabilities themselves are derived by applying a temperature-scaled softmax to the

logits:

T = exp(z;fF/T) S = eXp(ZJS/T)
’ chzl eXP(ZJ?/T)’ ’ chzl exp(2;] /7)

(2.5)

Substituting these into the KL divergence yields the full expression of the logits-based distillation
loss [73]:

T
Eloglts - ij IOg <;7§> (26)
]

This formulation enables the student model to learn not only from the hard targets (i.e., ground-
truth labels) but also from the richer information captured by the teacher’s class-wise output
distribution. This includes knowledge about class similarities, uncertainty, and inter-class structure
that would otherwise be lost with standard supervised learning. Logits-based distillation serves as
a common method in LLM compression and has been demonstrated through DistilBERT [74] and
MiniLM [77] which modified the basic approach according to different architectural constraints and

application scenarios.

Hint-based Distillation The logits-based distillation method only focuses on matching output
distributions between teacher and student models but it does not capture the matching of complex
internal representations found in large language models. The proposed solution to this limitation
is hint-based distillation which is also known as intermediate feature-based distillation. The method
enables the student model to align its internal layer-wise representations with those of the teacher

so it can replicate the teacher’s behavior at both the outcome and reasoning levels.

Formally, hint-based distillation works by aligning the activations (i.e., intermediate feature rep-
resentations) of the student and teacher models at selected layers. Let F* € RIXWxCs and
Ft ¢ REXWXCt denote the intermediate feature maps (activations) of the student and teacher,
respectively, where H and W represent spatial or sequence dimensions, and Cs and C} denote the

channel or embedding dimensions.
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Since the student and teacher models often have different architectures, these representations may
differ in dimensionality. To address this, a learnable transformation function ¢ : RFTXWxCs _
RH*WxCt ig applied to project the student’s features into the same space as the teacher’s. The hint-
based distillation loss is then defined as the Mean Squared Error (MSE) between the transformed

student features and the teacher features [73]:

2
Liini = H(F*, F') = |[F' = o(F)|

2.7)

This additional loss encourages the student model to mimic not only the final outputs but also
the teacher’s internal processing steps, providing richer supervision signals during training. This
approach was first formalized by Romero et al. [65] in the context of convolutional neural networks,
introducing the notion of a learnable transformation function to match intermediate representa-

tions.

Several successful implementations of hint-based distillation have been proposed. Patient Knowledge
Distillation (PKD) [83] introduces two learning strategies: PKD-Last and PKD-Skip, that enable
the student to learn from the last k layers or every k-th layer of the teacher model. These strategies

promote progressive, layer-wise learning and have been shown to improve performance.

Loxn = 3 [[H! — o) (28)

i€l

where H! and H} denote hidden representations of the teacher and student at layer i, and Z is the

set of aligned layer indices.

The concept of hint-based distillation is further developed through TinyBERT [75] which adds mul-
tiple internal signals such as embeddings and hidden states and attention matrices. The student
model learns to match both attention distributions and hidden state representations between corre-
sponding layers during training. More recently, Task-aware Layer-wise Distillation (TED) [84] ad-
dresses the challenge that not all intermediate knowledge is relevant for a specific downstream task.
TED introduces task-aware filters, learned during a separate training phase, to extract only task-
relevant knowledge from intermediate teacher and student representations. By removing redundant
or irrelevant information, TED helps more precise and targeted knowledge transfer, particularly in

fine tuning or domain adaptation tasks.

In summary, hint-based distillation enables student models to benefit from intermediate guidance,
ensuring that they reproduce not only the teacher’s predictions but also its decision-making process.

This fosters improved generalization, stability, and adaptability across various tasks.

2.3.5. Black-box Distillation Methods

While white-box distillation methods need complete access to internal representations of teacher
models including hidden states, logits and architectural configurations, black-box distillation works

without such access. Instead, the student model learns exclusively from the observable input-output
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behavior of the teacher model, which is treated as an opaque or black-box system. This has become
increasingly important with the rise of proprietary LLMs like GPT-4, Claude and Gemini, which

are often available only via limited API access.

Input—Output Response Distillation

Black-box distillation primarily relies on Input—QOutput Response Distillation as its fundamental
method. The technique operates by studying only the teacher model’s observable input—output
responses, rather than using internal representations, which white-box methods typically employ.
The student model duplicates teacher responses through this method while remaining unaware of

the teacher model’s internal parameters and architectural structure.

The distillation process begins with creating a prompt set that successfully represents the target
domain or task. The student model receives training to produce teacher-like responses for identical
input data over time. The training objective relies heavily on alignment metrics to determine the
degree of output similarity between student and teacher responses. Currently, the field continues
to use BLEU [85] and ROUGE [86] as its preferred metrics. However, the main drawback of these
metrics is their restricted ability to detect n-gram overlaps at the surface level and their failure to
recognize deeper semantic relationships. address this limitation. BERTScore [87] uses contextual
embeddings to assess token similarity, which produces better semantic alignment results. Large
language models have started to replace traditional evaluation tools in the field. GPT-4 represents
a state-of-the-art model that can receive prompts to evaluate generated text through assessments

of coherence and relevance, as well as factual accuracy.

In some cases, APIs expose token-level probability distributions over vocabulary tokens. While
still lacking structural access to the model, this additional information allows for more precise
supervision. This variant, often considered grey-box distillation, enables the use of standard cross-

entropy loss to align the student’s predictions with the teacher’s soft output distribution:
N V
Loutput - CE(pstudenta pteacher) = - Z Z y;r 1Og(y']5) (29)
i=1j=1

where ij and yJS denote the output probabilities of the teacher and student for token j, respectively,
V is the vocabulary size, and N the sequence length. This approach improves fidelity to the teacher’s

behavior, but still lacks deeper supervision signals such as intermediate feature alignment.

Proxy-based Knowledge Distillation

Proxy-based Knowledge Distillation (Proxy-KD) introduces an intermediate white-box proxy model

to mitigate the information loss in direct black-box distillation [88]. The process consists of:

1. Aligning the proxy model with the black-box teacher through output matching.

2. Performing white-box distillation from the aligned proxy to the student model.
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The alignment is achieved by minimizing a combined objective:

Lproxy = Q- Lproxy-nll + Lpref (210)

where Lproxy-nn is the negative log-likelihood loss and Lyt is a preference-based loss promoting

high-quality generations. The student model is then trained using a weighted KL divergence loss:

Lstudent = LWeight—KL (pproxy) pstudent) (2 1 1)

Proxy-KD [88] has shown superior performance on complex reasoning tasks like BBH (BIG-Bench
Hard)[89] and GSMS8K [90] [88].

In-Context Learning Distillation

In-Context Learning (ICL) Distillation is designed to transfer the teacher model’s ability to adapt
to new tasks using only natural language demonstrations, without changing its internal parame-
ters [91]. In this approach, the teacher model first receives prompts that include example demon-
strations for a specific task (for instance, solving arithmetic word problems step by step). It then
generates a response that not only provides the final answer but also shows its reasoning process
in context. These input—output pairs, including the original prompt and the teacher’s detailed re-
sponse, are collected as training data. The student model is then fine-tuned on this data to reproduce
both the reasoning steps and final answers. In this way, the student learns to imitate the teacher’s
in-context reasoning behavior directly, without needing explicit demonstrations at inference time.
This strategy enables smaller models to acquire few-shot and zero-shot adaptation abilities more
effectively, helping them generalize to new tasks with much less task-specific data [91], [92]. It has
proven useful for tasks that benefit from step-by-step explanations, such as logical reasoning, math

problems, and instruction following.

Instruction Tuning via Black-box Distillation

Instruction tuning via black-box distillation is a practical method for transferring a teacher model’s
instruction-following abilities to a smaller student model when only API access is available [78].
The main goal is to align the student’s behavior with user expectations by learning how the teacher
responds to various natural language instructions. In this setup, a diverse set of instructions is
first collected to represent different user queries and tasks. These instructions are then sent to the
black-box teacher model (for example, a proprietary API like ChatGPT) to generate corresponding

high-quality responses. The resulting instruction-response pairs form a synthetic training dataset.

During fine-tuning, the student model is trained to reproduce the teacher’s responses given the
same instructions. This is typically done by minimizing the negative log-likelihood of the teacher’s
outputs:

Linst = - Z lOg Pstudent(r ‘ Z) (212)
(¢,r)eD
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Aspect

White-box Distillation

Black-box Distillation

Access Requirements
Knowledge Transfer Fidelity
Implementation Complexity

Practical Applicability

Computational Efficiency

Full access to teacher internals
High (internal alignment)
Requires architectural com-
patibility

Limited to open-source/self-
owned models

Often more efficient

API-level access only
Limited (output-only)
Model-agnostic

Works with proprietary mod-
els
May need more data

Table 2.1.: Comparison of white-box and black-box distillation methods

where D is the dataset of instructions ¢ and teacher responses r.

To improve generalization and learning efficiency, advanced approaches like TAPIR [93] add a
curriculum: they start with easier instructions and gradually introduce more complex tasks based
on how well the student performs. This way, the student model learns robust instruction-following

abilities even with limited access to the teacher’s internals.

Chain-of-Thought Distillation

Chain-of-Thought (CoT) distillation aims to transfer not only the teacher model’s final predictions
but also its intermediate reasoning steps, often called rationales [69], [94]. This approach helps the
student model learn to mimic the teacher’s problem-solving process rather than just its outputs.
The process works in two phases. First, the teacher is prompted to generate explicit step-by-step
reasoning traces together with the final answers. Then, the student is trained to reproduce both
the reasoning and the output simultaneously. This is typically achieved by minimizing a joint loss

function:

LCOT - >\1Loutput + )\2Lreasoning (213)
where A1 and Ao balance the emphasis between accurate predictions and faithful reasoning repli-
cation. Recent research shows that CoT distillation can significantly improve student performance
on complex multi-step reasoning tasks such as BBH and GSMS8K [69], [94].

The main distinctions between white-box and black-box distillation methods are presented in Ta-
ble 2.1 which shows their access requirements, knowledge transfer fidelity, implementation com-

plexity, and practical applicability.

2.3.6. Data Augmentation and Generation in Black-box Knowledge Distillation

This section investigates data augmentation and generation methods in knowledge distillation
frameworks especially in black-box scenarios where the internal parameters of the teacher model are
inaccessible. The most effective approach in these situations involves using large language models
for data augmentation. An LLM can produce large amounts of high-quality task-specific examples

through minimal seed information input. Xu et al. [16] present a four-stage pipeline for generating
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distillation data in black-box contexts. First, the target domain or skill is defined (e.g. reasoning
capabilities or summarization) by crafting instructions or prompts that steer the teacher model
toward that area of expertise. Next, a limited set of seed examples or clues is injected. These seeds
act as minimal inputs that steer the teacher model to produce more elaborate responses aligned
with the intended skill. In the third stage, the teacher processes these instructions and seeds to
generate outputs. This outputs are often in the form of question—answer pairs, explanations, or
textual completions, so that they reflect the teachers internal knowledge. Finally, these synthe-
sized examples are parsed into training pairs and used to fine-tune the student model under an

appropriate supervised objective.
Formally, the first three stages can be described as the knowledge elicitation process:

ngd) = {Parse(o,s) | o ~pr(o| I®s), s ~ S}, (2.14)
where I represents the instruction or template used to guide the teacher, S denotes the distribution
of seed knowledge, and s ~ S is a sample drawn from that distribution. By concatenating I and
s (written as I @ s) and querying the teacher model pr, an output o is produced. The function
Parse(o, s) then transforms this output, possibly combined with the seed, into a training example,

such as pairing a prompt with a corresponding answer or explanation.

After collecting a set of such distillation examples DE—kd), potentially covering multiple instructions

I, the student model is trained by minimizing the total loss

£=3£;(DF; 05), (2.15)
I

where L7 is the task- or skill-specific objective (such as cross-entropy or a ranking loss) associated
with instruction I, and fg denotes the parameters of the student model [16]. In this way, the student
learns to reproduce both the surface-level patterns and the underlying semantic capabilities present

in the teacher’s outputs, without requiring access to the teacher’s internal representations.

Data Augmentation Strategies

In black-box knowledge distillation, five strategies for generating or augmenting data have emerged:
labeling, expansion, data curation, feedback methods, and self-knowledge generation [16] (Figure
2.6). Each strategy differs in how it elicits or refines training examples, but all ultimately aim to
produce high-quality (z,y) pairs (or (z,y, ¢) tuples, when feedback signals are included) that allow

the student to approximate the teacher’s performance.

Labeling is perhaps the simplest approach and can also be seen as Input-Output Distillation
(described in 2.3.5): given an input x drawn from some distribution X, the teacher is prompted
with an instruction I (and optionally a few demonstrations ¢) to produce an output y. Formally,

the resulting distillation set can be written as [16]

DY) = L(zy) [z~ X, y~prly| I®cdz)}. (2.16)
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‘ Expansion ‘

[ Labeling } [ Curation }

(Data Augmentation Strategies for KD}

[Feedback Methods} [Self—Knowledge Generation}

Figure 2.6.: Data Augmentation Strategies for KD

In practice, x may be drawn from existing NLP benchmarks such as classification or summarization
datasets, or it can come from real user queries like ShareGPT conversations. The instruction [
specifies how the teacher should produce its responses, for example by prompting it to explain
its reasoning step by step in the case of chain-of-thought tasks. The demonstration set ¢ typically
includes a small number of (z;,y;) examples that help define the desired style or level of difficulty.
By collecting (x, y) pairs in this way, one creates synthetic supervision data that can be used to train
the student model. Many recent systems, including FLAN [95], Alpaca [96], and CodeAlpaca [97],
make extensive use of this strategy: the teacher model labels the inputs with matching answers,
explanations, or code, which allows its reasoning patterns and instruction-following skills to be

transferred to a smaller, more efficient student network.

Expansion methods generate both inputs and outputs from a small seed of demonstrations, rather
than relying on an existing input set. In other words, starting from a handful of example pairs c,
one first prompts the teacher to produce a new input x, and then immediately asks it to generate

the corresponding output y. The formal description of this procedure is [16]:

D) = {(a,y) |e~pr(z|I@c), y~pr(y| [&a)}. (217)

This strategy makes use of the LLM’s in-context learning ability to bootstrap additional data. For
example, Self-Instruct [98] starts with a small collection of human-written instruction—output pairs
(z,y) that prompt the teacher to create new instructions. These newly generated instructions are
then reused in multiple rounds, producing a much larger and more varied set of machine-labeled
instruction—output examples. Alpaca [96] applied a similar two-step expansion process: it first
generated instructions x and then the corresponding responses y, ultimately collecting over fifty
thousand instruction—response pairs from tezt-davinci-003. Follow-up work like Evol-Instruct [99]
showed that asking the LLM to vary the difficulty and subject matter of the generated instructions
can further expand the coverage of the resulting dataset. However, the teacher’s biases can limit
this expansion: if the seed examples ¢ are too narrow or the teacher’s outputs become repetitive,

the final dataset may lack diversity, which calls for careful filtering or several refinement cycles.

Data Curation seeks finer-grained control over both inputs and outputs by relying on explicit
meta-information m rather than only on examples. One provides the teacher with an instruction

and a metadata tag m, which encodes a topic (e.g., “legal contracts”), a difficulty level, or a required
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subskill, and asks the model to produce an input z fitting to m. The teacher then generates the

corresponding output y. Formally,
D) = {(ay) |z ~pr(e| Tom), y~pr(y| [ ©)}. (2.18)

Because m can be drawn from a large bank of topics, function names, or knowledge points, this
approach can yield highly targeted, “textbook-quality” data [16]. For example, UltraChat [100]
collects metadata across domains like “Technology” and “Health”, then guides GPT-4 to create
over 1.5 million multi-turn dialogues spanning those topics; the distilled UltraLLaMA model sub-
sequently outperforms many larger open-source LLMs. In the coding domain, the Phi series [101]
picks random function names or programming concepts as m, prompting the teacher to generate
clear, self-contained exercises along with solutions. Even though curation requires more upfront de-
sign, because one must compile relevant metadata, it often produces datasets that are both cleaner

and more diverse than simple expansion.

Feedback Methods go beyond simple one-way imitation by adding a second loop in which the
teacher reviews and critiques the student’s outputs. In practice, the student first generates an
answer y for a given input z. The teacher is then asked to provide a feedback signal ¢g,(x,y) based

on the quality of the student’s response. This creates a feedback dataset of the form [16]:

D™ = {(z,y, dm(w,y:07)) |z~ X, y ~ps(y | ©)}. (219)

In practice, ¢g, can take different forms. For example, the teacher may provide preferences by
indicating which of two answers is better, or offer detailed step-by-step critiques that highlight
errors in a generated solution, such as marking mistakes in a mathematical proof. RLAIF [29]
and UltraFeedback [102] generate pairs of candidate responses and rely on the teacher to rank
them based on helpfulness, factual accuracy, or consistency with human values. Other approaches
extend this idea by identifying inputs where the student performs poorly and then synthesizing more

challenging or corrective examples to improve the student’s robustness and reasoning capabilities.

Self-Knowledge Generation Self-knowledge generation lets the student create its own outputs
and then evaluate them without needing an external teacher. In practice, the student generates
an output y for a given input z and applies a self-evaluation function ¢g(x,y), which could be
a simple heuristic or an internal reward model. Only the (z,y) pairs that pass a certain quality
threshold are kept. In notation [16],

DS = {(z,y, da(2,y)) |2~ S, y~ps(y| I B )} (2.20)

Self-knowledge approaches can range from simple filtering methods, such as keeping only summaries
that meet certain length or format criteria, to more advanced strategies where the model generates
additional instructions and responses for its own training. Since these approaches do not depend
on a proprietary teacher, they offer greater autonomy for the student model. However, they may
require more training cycles to reach strong performance, especially if the student starts with

limited initial capabilities.
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2.3.7. Distillation Learning Objectives in Black-Box Settings

Once a sufficiently large and diverse set of training examples has been generated, whether through
labeling, expansion, curation, feedback, or self-knowledge, the final step is to select an appropriate
learning objective for the student. In black-box distillation, the teacher’s logits and hidden represen-
tations are unavailable, making direct KL-divergence minimization on full distributions impossible.

So the most common objectives include:

Supervised Fine-Tuning (SFT) trains the student model by treating each generated pair (x,y)

as a true input-output example and minimizing the cross-entropy loss

Lspr = — Z logps(y | z). (2.21)
(z,y)eD

This objective is used whenever the teacher provides clear target outputs. It is one of the most com-
mon approaches for learning from synthetic data because it directly aligns the student’s predictions

with the teacher’s examples [15].

Reinforcement Learning from Al Feedback (RLAIF) Instead of merely imitating the teacher’s
exact outputs, Reinforcement Learning from AI Feedback (RLAIF) fine-tunes the student model
based on the teacher’s judgment. This is a two-step process. First, a separate “reward model” is
trained to understand the teacher’s preferences (e.g., which of two responses is better). Then, the
student model is trained to generate responses that would receive a high score from this reward
model. To ensure the student does not become repetitive or unstable, the training process includes a
penalty that discourages the student from deviating too far from its original, natural-sounding lan-
guage patterns. This method aligns the student’s behavior with the teacher’s nuanced preferences,

rather than just its exact words.

Ranking-Based Objectives As a more direct and often more stable alternative, Ranking-Based
Objectives train the student to simply distinguish between “good” and “bad” responses. This
approach, which is the foundation of modern methods like Direct Preference Optimization (DPO)
[103], works with preference pairs where the teacher has labeled one response as better than another.
The training objective is then straightforward: it directly adjusts the student model to increase the
probability of generating the preferred response while decreasing the probability of the dispreferred
one. This method is highly efficient because it bypasses the need to create and train a separate

reward model, teaching the student about preferences directly.

Hybrid Objectives In many state-of-the-art pipelines, supervised fine-tuning is performed on gen-
erated (z,y) pairs. This is followed by applying either RLAIF or ranking optimization to further
refine the student model. This two-stage procedure uses the strengths of both imitation learning (to
acquire basic skills) and preference alignment (to refine the model), resulting in students that closely

approximate the teacher’s performance in both raw accuracy and alignment with user intents.
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3. DLR Context and Use Cases

This chapter provides an overview of the DLR and its engagement with foundation models such as
Large Language Models. It introduces the organizational context, outlines current challenges and
opportunities in adapting such models, and presents selected use cases that highlight the potential

and requirements for deploying LLMs.

3.1. Overview of the German Aerospace Center

As described in the introduction, the German Aerospace Center (Deutsches Zentrum fiir Luft-
und Raumfahrt, DLR) functions as Germany’s national research institution dedicated to aerospace
together with energy, transport and digital topics. DLR operates through more than 30 locations

while using multiple research institutes to perform both fundamental and applied research [13].

DLR functions as the main force that drives digital transformation in aerospace and transport
system development. The organization has expanded its research of artificial intelligence tech-
nologies during the past few years. The models deliver significant benefits for automation and
human-machine interaction as well as data interpretation and decision-making support throughout
DLR’s application domains. The DLR initiated the DLR Foundation Models Project as an inter-
disciplinary initiative to assess and modify open-source foundation models before deploying them

across different applications.

The project addresses the pressing need for domain-specific, secure, and resource-efficient Al so-
lutions. Foundation models provided by commercial companies, operated through cloud services,
have restricted customization options and there could be privacy issues when processing sensitive
research or mission data. DLR plans to implement foundation models on its own infrastructure and
also performing local fine-tuning and modular integration of data sources. The project enables DLR
institutes to work together while linking research needs to operational requirements and developing

standard methods for generative Al throughout the organization.

3.2. Foundation Models at DLR: Challenges and Opportunities

The DLR can bring their research projects further through the implementation of Foundation
Models which include large language and vision-language models. Foundation Models demonstrate

broad generalization abilities and are adaptable to a wide range of tasks ( Section 2.1.1).

Their implementation within DLR has major implementation hurdles (Section 2.1.2. The main
barrier stems from the high resource requirements of these models. The large models need large
computational infrastructure to operate and are usually available only through commercial cloud
platforms. The cloud usage of these models creates privacy issues with data. Local deployment

creates high operational costs. The majority of DLR use cases presented in the project are using
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domain-specific sensitive data (e.g. mission telemetry or aerospace protocols) so therefore they

demand local solutions.

The DLR Foundation Models Project aims to deploy open-source models on internal infrastructure
which enables data sovereignty alongside additional fine-tuning of models. The development of
lightweight alternatives through knowledge distillation, model pruning and quantization techniques
aims to support applications which have limited computational resources and strict latency or

energy constraints.

3.3. Use Cases in the DLR Foundation Models Project

The participating use cases, which include autonomous vehicles, space robotics, aviation, and mar-
itime traffic management, share a common interest in foundation models but differ significantly in
their operational constraints, data modalities, and safety-critical requirements. This section pro-
vides a brief overview of these diverse applications to highlight the range of challenges they pose

and to clarify the specific focus of this thesis on the autonomous vehicle domain.

Autonomous Vehicles and Human—Al Interaction (TS)

The “vStop” scenario represents the Transportation Systems (TS) pilot use case within the DLR
Foundation-Models project. Its objective is to realise a voice-based human—vehicle interface that
converts free-form passenger utterances, together with real-time environment perception, into exe-
cutable manoeuvre commands for a highly automated vehicle. Figure 3.1 summarises the end-to-
end information flow; the individual processing stages and their implications for knowledge-distilled
LLMs are outlined below.

Problem context. Passengers of autonomous vehicles frequently issue ambiguous, context-dependent
requests such as “Please stop here on the left, immediately” or “Slow down and move into the left
lane”. A robust dialogue system must (i) comprehend natural language with colloquial variations,
(ii) fuse linguistic intent with situational context (current speed, distance to vehicle ahead ...),
and (iii) return a machine-readable command that can be validated and executed by the vehicle’s
tactical planner. All components must run locally on the in-vehicle embedded platform, where com-
pute, memory and energy budgets are tightly constrained by the automotive hardware and where

real-time deadlines and functional-safety requirements exist.

System architecture. Figure 3.1 illustrates the modular information flow from passenger input
to vehicle control. Spoken commands are captured via onboard microphones and transcribed by a
compact, locally deployed speech recognition model. The system combines the generated text with
system data from the vehicle about the current speed, distance to the goal, and distance to the
vehicle ahead and creates a structured prompt. This prompt is processed by a (knowledge-distilled)
LLM, fine-tuned for vehicle-control dialogue, which emits either a structured JSON command or a

rejection. This output is passed to the vehicle control system for execution or clarification.

Konstantin Witossek
3775768

30



3. DLR Context and Use Cases

,,,,,,,,,,,,,,,,,,

speech waveform

transcribed text prompt + context

On-device Speech
Recognition

Distilled Local LLM | execute command Vehicle Control
(~ 1 B Params) System

JSON output

Context & Prompt
Builder

Passenger Voice
Command

matches command structure
! Structured Vehicle !
! Command (JSON) !

Figure 3.1.: System architecture of the T'S voice-command pipeline. Passenger speech is transcribed
locally, fused with real-time sensor context, and converted by a knowledge-distilled
LLM into a structured JSON command that is forwarded to the vehicle control system
for execution.

A safety-filter is also partly integrated: the distilled LLM must either (i) produce a command that
is provably safe under the supplied context, or (ii) return a structured rejection with a reason
code (e.g. unknown_command). This “speak-or-refuse” behaviour follows recent recommendations
for LLM deployment in safety-critical domains [104]-[107].

Synthetic data generation for domain adaptation. No corpus exists that links voice commands
to structured driving manoeuvres for this specific vehicle system (to fine-tune a model for this

task). Accordingly, a two-stage pipeline was implemented (Section 4.3.2):

1. Scenario sampling. Vehicle-centred states (speed, distance ...) and target manoeuvre classes
(e.g. stopPark, change_lane) are drawn from empirically motivated distributions. Rule-based

validators mark each tuple as positive, negative (unsafe), or unknown (out-of-schema).

2. Utterance synthesis. A large teacher model (gemma3:27b) is prompted to paraphrase each
scenario into diverse user commands (imperative, polite, indirect). The result is a paired

dataset:
(user command, context) — structured__command or rejection

comprising = 30k positives, 10k negatives and 1k unknowns.

This corpus is employed for (i) supervised fine-tuning of the teacher on the target output format,

and (ii) subsequent knowledge distillation into a smaller student model.

Role of Knowledge Distillation. Initial profiling shows that for example using directly a bigger
model as a translator (e.g. LLAMA 8B), requires ~ 21 GB of VRAM without additional compres-
sion techniques during inference (shown in Section 4.8.3). This is far beyond the capabilities of
current automotive ECUs. By contrast, the distilled 1B student fits into < 5 GB, reduces average
latency by a factor =~ 4-5, Distillation therefore provides the decisive leverage to enable on-board
deployment without off-loading to cloud infrastructure, eliminating bandwidth, privacy and avail-

ability concerns.
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Research relevance. The TS scenario aligns with emerging literature that frames planning and
control as language-conditioned reasoning tasks (e.g. DriveGPT-4 [107], GPT-Driver [108], Agent-
Driver [109]) and highlights the need for compact, domain-aligned LLMs in autonomous driving. By
focussing on voice-to-command translation under stringent compute budgets, this use case serves as
a realistic example for evaluating KD techniques. In summary, the T'S use case provides (i) a clearly
defined transformation task, (ii) an end-to-end pipeline that can be quantitatively analyzed, and
(iii) operational constraints that make model compression essential. Together, these factors make it

an effective experimental test-bed for the knowledge distillation framework proposed in this work.

Other use cases inside the DLR project for future work
Space Robotics and Onboard Assistance Systems (RM)

DLR’s space program demonstrates the potential of Large Language Models to help with autonomy
and human-machine collaboration in extraterrestrial missions through the “ActGPT” and “METIS”
use cases. The ActGPT scenario requires LLMs to convert high-level astronaut commands into ex-
ecutable action sequences for planetary surface robots. The models need to understand complex
ambiguous instructions while evaluating environmental conditions to create physically feasible be-
havior plans which creates substantial challenges regarding safety and transparency and multimodal
reasoning. The system focuses heavily on explainability because it needs to provide natural language
explanations for its decision-making process. The METIS project investigates how LLMs can assist
spacecraft crews in autonomous operations during Mars missions with delayed ground communi-
cation. The evaluation of LLMs takes place as a potential replacement for knowledge-graph-based
case-based reasoning (CBR) methods. The ESA Protection Level 2 classification of mission data
demands local model deployment alongside strict data governance which strengthens the need for

lightweight privacy-compliant models that remain controllable.

Earth Observation and Multimodal Scene Understanding (MF)

The Earth observation use case aims to utilize LLMs and Visual Language Models (VLMs) to
enhance satellite data interpretation and accessibility through semantic analysis. The models are
used for three tasks: generating textual metadata from hyperspectral and SAR imagery, natural
language-based image search and free-form user queries for scene interpretation. The combination of
text and visual elements should enable users to explore datasets through human-friendly interfaces

that would benefit urgent applications including disaster response and environmental monitoring.

Aviation and Intelligent Cockpit Assistance (FL)

The FOCUS project extension in the aviation sector evaluates how LLMs can be implemented in
cockpit systems to enable future operational concepts including FEzxtended Minimum Crew Opera-
tions (eMCO) and Single Pilot Operations (SiPO). The operational requirements of these settings

demand advanced automation assistance and pilot confidence systems. The proposed Al assistant
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combines voice command comprehension with technical documentation retrieval through RAG
methods and decision support during crucial flight phases. The implementation of aviation-specific
terminology processing for spoken language represents a major technical hurdle. The assistant needs

to perform factual question answering while generating context-specific validated output.

Maritime Traffic Management and Explainable Recommendations (SE)

The maritime use case operates under the NextGen-VTS initiative to enhance wvessel traffic ser-
vices (VTS) through LLM-based explanation and interaction capabilities. The project aims to
establish proactive Al-supported traffic coordination. The system should employ LLMs to analyze
and explain optimization results for the maritime traffic management produced by machine learn-
ing models or rule-based systems. The LLM needs to explain rerouting recommendations in natural
language while responding to the ship operator inquiries and providing alternative solutions when
original recommendations become impractical. The system should improve transparency, trust lev-
els and user acceptance rates. The model needs to know maritime terminology and operational

scenarios.

3.4. Requirements for Deploying LLMs in DLR Applications

DLR applications need to implement LLMs that fulfill multiple requirements because of their
mission-critical nature and resource limitations and data sensitivity needs. The use cases require
models which function under restricted computational power while maintaining low latency and
conserving energy. The creation of lightweight models requires model compression techniques in-
cluding knowledge distillation, pruning and quantization. The processing of classified or sensitive
data including mission telemetry, satellite imagery, and operational protocols needs internal de-
ployment of LLMs to ensure data sovereignty and privacy. Cloud-based solutions are generally
unsuitable due to the risk of data exposure and limited control over model behavior. Multiple
application face time constraints. The DLR Foundation Models Project works to overcome these
challenges by developing shared infrastructure and methods to deploy foundation models across

different domains while maintaining control, efficiency and domain relevance.
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4. Methodology and Experimental Framework

The chapter describes the experimental setup and methodology which was used to evaluate knowl-
edge distillation as a method for deploying large language models at the DLR. The research pipeline
is described in full detail, including the datasets, model architectures, and the specific implemen-
tation of the distillation framework. Here also the metrics and baselines are defined used for a
comparative analysis of the resulting models, ensuring that the findings are both robust and repro-
ducible

4.1. Research Questions and Hypotheses

The primary objective of this thesis is to investigate and validate Knowledge Distillation as a
method for adapting powerful but resource-intensive LLMs for practical use in the domain-specific,
computationally constrained environments of the DLR. The central research question guiding this

work is:

How can large language models be efficiently adapted for use in resource-constrained,
domain-specific environments at DLR through knowledge distillation without significant

losses in accuracy and reliability?

To address this question, this research is built upon three core hypotheses that will be empiri-
cally tested through the experimental framework detailed in this chapter. The first of these is the
performance recovery hypothesis, which posits that knowledge distillation can effectively transfer
the nuanced, task-specific capabilities of a large teacher LLM to a significantly smaller student
model. It is hypothesized that the resulting distilled student model will substantially outperform
a baseline student of the same size that is trained only on ground-truth labels, thereby recover-
ing a majority of the performance lost due to model compression. Building on this, the efficiency
gain hypothesis suggests that this performance recovery will be accompanied by significant gains in
computational efficiency. Specifically, the distilled student model is expected to have smaller mem-
ory requirements and lower inference latency, rendering it viable for deployment on the embedded
and edge-computing hardware used in DLR applications. Finally, the domain-specific adaptation
hypothesis proposes that a synthetic data generation pipeline, leveraging a teacher model to create
realistic and safety-aware training examples, can effectively adapt the distilled model to a specialized
domain. This approach is hypothesized to enable the student model to achieve high performance
on a niche DLR task—such as autonomous vehicle command interpretation—for which large-scale,
human-annotated datasets are not available. The successful validation of these hypotheses would
demonstrate that knowledge distillation is a critical enabling technology for deploying advanced Al

capabilities in real-world, safety-critical aerospace and autonomous systems.
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4.2. Overall Experimental Design

To systematically investigate the research questions, a multi-stage experimental design was im-
plemented. The workflow enables direct evaluation between a large-scale teacher model and both
the baseline student model and the student model that received knowledge distillation enhance-
ments. The end-to-end pipeline follows a conceptual design as shown in Figure 4.1 and includes

four essential stages.

The process began with the selection and preparation of the models. A powerful, pre-trained LLaMA
3.1 8B model was selected as the teacher due to its high performance on complex reasoning tasks.
A significantly more compact LLaMA 3.2 1B model was chosen as the student. Subsequently, for
dataset curation and generation, the models were evaluated on two distinct corpora. The first was
the public zLAM Function Calling dataset [110], which served as a general-domain benchmark.
The second was a novel, domain-specific synthetic dataset generated to simulate the autonomous
vehicle voice-command use case at DLR. This custom pipeline utilized the teacher model to generate

realistic natural language queries paired with structured commands and rule-based safety labels.

The cornerstone of the methodology was the knowledge distillation process itself. In this core
experimental stage, the 1B student model was trained to mimic the output behavior of the 8B
teacher model. This was achieved using a logit-based distillation approach, where the student is
trained on a composite loss function combining standard cross-entropy with the Kullback-Leibler
divergence loss from the teacher’s softened probability distributions. The final stage comprised a
comprehensive evaluation, where the performance of the distilled student model was rigorously
benchmarked against the teacher and a baseline student (trained without distillation). The evalu-
ation protocol was designed to measure both task performance (e.g., function accuracy, Fl-score)
and computational efficiency (e.g., inference latency, memory footprint), providing a holistic view

of the trade-offs involved.

This structured approach ensures that the experimental results are directly comparable and provide
clear, empirical evidence to address the core research hypotheses. The key experimental conditions
are summarized in Table 4.1, which outlines the distinct roles and training methodologies for the

primary models compared in this study.

4.3. Datasets and Domain Adaptation

The performance and generalization capabilities of any machine learning model are fundamentally
shaped by the data upon which it is trained and evaluated. To ensure a robust and comprehensive
assessment of the knowledge distillation framework, this work employs a dual-dataset strategy. The
approach combines a widely-used public benchmark to evaluate the model’s general function-calling
competence with a novel, domain-specific synthetic dataset designed to test its adaptability and
performance within the unique operational context of the DLR. This section details the character-

istics of both datasets and the pipeline developed to generate the latter.

Konstantin Witossek
3775768

35



4. Methodology and Ezxperimental Framework

(xLAM)

LLaMA 3.1 8B

‘ ‘ Teachef Model

Baseline Student Training
(Supervised Fvi‘ne—Tuning)
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Comparative
Evaluation

LLaMA B.

Student|Model ’ E

KD-Student Training
(Knowledge Distillation)

Figure 4.1.: Overview of the experimental design. The pipeline begins with data curation from both
public and synthetic sources. A student model is then trained in two configurations:
a baseline fine-tuned on hard labels and a KD-student trained to mimic the teacher’s
soft labels. Finally, all models are evaluated to compare task performance and compu-

tational efficiency.

Table 4.1.: Summary of experimental model configurations. Each model serves a distinct role in the

comparative evaluation.

Role Model Name Params Training Method Key Purpose

Teacher LLaMA 3.1 8B N/A (Inference only) Provide soft labels for
distillation and establish
the performance upper
bound.

Baseline St. LLaMA 3.2 1B Supervised Fine-Tuning Establish a performance

KD-Student LLaMA 3.2 1B Knowledge Distillation

baseline for a compact
model trained without
knowledge distillation.

The primary
experimental model,
trained to measure the
efficacy of knowledge
distillation.
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4.3.1. Public Benchmark: xLAM Function Calling

A standardized benchmark must be established before evaluating the knowledge distillation frame-
work on a specialized synthetically generated dataset. The framework’s core performance needs to
be evaluated through standardized open-domain tasks which provide transparent and reproducible
measures that isolate the distillation process from custom dataset characteristics. The model’s
knowledge retention after compression receives rigorous testing in a generalizable context through
this method. The thesis establishes credibility for its domain-specific analyses through standard
validation which strengthens the overall research findings. The Salesforce xLAM Function Calling
Dataset [110] served as the chosen evaluation platform. The large-scale publicly accessible bench-
mark assesses language models for their ability to function as agents that interact with external
tools. The examples in this dataset include natural language user queries together with JSON
schema definitions for available functions and machine-readable function calls as expected outputs.
The xLAM benchmark is particularly well-suited for this study for several reasons. First, its core
task of translating unstructured natural language into structured, executable commands closely
matches the main challenge in the DLR autonomous vehicle use case, providing a robust testbed
for the capabilities targeted for compression and deployment in this work. The model must not
only infer user intent but also map that intent to the correct function within a given schema and
accurately extract all necessary parameters from the query. This level of complexity makes xLAM
an excellent benchmark for evaluating how well a model’s sophisticated reasoning abilities are pre-
served after distillation. In addition, as a well-structured and widely recognized dataset, xLAM
provides a standardized environment for clear, empirical comparisons between the teacher, baseline
student, and distilled student models. Demonstrating the effectiveness of the distillation framework
on this general-purpose benchmark allows for a more confident assessment of its performance on
the more specialized synthetic DLR dataset described in the following section. This two-pronged
evaluation strategy ensures that the findings are both broadly applicable and directly relevant to

the specific challenges associated with the DLR use case.

4.3.2. Domain-Specific Synthetic Dataset for DLR Use Case

A core methodological contribution of this thesis is the development of a domain-specific synthetic
dataset tailored to the unique operational requirements of the DLR. While large, open-source
datasets provide broad linguistic coverage, they lack the specificity needed for the specialized,
safety-critical applications at DLR. This data gap is particularly evident in the Transportation

Systems (TS) use case, which explores the human-machine interface for autonomous vehicles.

The system requires reliable interpretation of diverse natural language instructions from passengers
which include formal commands and colloquial or indirect requests. The system needs to convert
user intent into machine-readable commands that match the vehicle’s command system structure.
The translation process needs to occur within real-time sensor data integration of vehicle speed and
obstacle proximity to perform safe and appropriate command execution. The absence of real-world
annotated dialogue data for this domain required the development of synthetic data as an essential
necessity. The main difficulty surpasses basic data scarcity because it demands effective handling

and rejection of faulty or ambiguous or unsafe inputs. Real-world autonomous system models
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need to translate commands accurately while simultaneously refusing to execute instructions that
are uninterpretable or dangerous to safety. The essential negative cases required for operational
safety are not properly addressed by standard language model benchmarks. The synthetic dataset
incorporated multiple essential design principles to directly tackle these challenges which resulted
in a rigorous training and evaluation foundation for safety-aware models. The development of the
synthetic dataset was guided by several essential design principles intended to address the specific

needs of this research.

A fundamental consideration was the pursuit of contextual realism and comprehensive functional
coverage. To this end, each data instance was grounded in an operational scenario generated from
plausible, domain-specific distributions for sensor values, such as vehicle speed or object proximity.
These realistic contexts were then paired with a wide-ranging fixed catalog of control actions, en-
compassing lane keeping, turning, parking, and various anomaly-handling maneuvers. This ensures
the resulting dataset adequately represents the spectrum of conditions and system capabilities
relevant to the use case. Furthermore, a crucial aspect of the design was the incorporation of
security-aware supervision. A rule-based validation layer was integrated into the generation process
to classify commands as either valid or invalid. This classification identifies actions that would be
contextually impermissible or dangerous, thereby systematically embedding both positive and neg-
ative examples into the data. The presence of these safety-related cases is vital for the training and
evaluation of models intended to exhibit robust rejection behavior. The pipeline was designed to
support linguistic diversity through LLM-assisted generation, enabling the system to handle vari-
ability in human expression. The LLM paraphrased structured scenarios to produce a wide range of
queries that included formal, colloquial, and ambiguous linguistic styles. This process prepares the
distilled models to manage the inherent unpredictability of natural language input. The entire data
generation pipeline was also designed to be fully automated and scalable to ensure reproducibility.
The programmatic nature of the system allows for the creation of distinct training, validation, and
test splits in a controlled and consistent way. This level of automation supports both experimental
reproducibility and systematic performance evaluation of models within specific sub-regions of the

functional space.

The synthetic dataset serves as a methodological solution that goes beyond simply addressing data
scarcity. The combination of realistic simulation, safety-focused annotation, and linguistic diversity
provides a solid foundation for studying knowledge distillation techniques and evaluating domain-

specific model adaptations within an authentic operational context.

Synthetic Data Pipeline Architecture

The synthetic data generation pipeline implemented in this thesis enables the construction of re-
alistic, semantically annotated, and structurally rich datasets tailored for the DLR’s autonomous
system interfaces. It comprises two principal components: (i) a structured parameter and context
sampling module, and (ii) a language model-based natural language generation component. This
separation ensures both control over operational plausibility and flexibility in linguistic variation.
The implementation is modular and reproducible, and the complete codebase is made available in

the accompanying code folder (see /src/synthetic-data-generation/).
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Structured Parameter and Context Sampling The first stage of the pipeline is responsible for pro-
ducing context-action pairs that are plausible within the DLR use case environment. This is achieved
through stochastic yet constrained sampling routines implemented in python code. Each sample is
initialized by randomly selecting a scenario type (urban, suburban, highway) based on pre-defined
priors. Subsequently, sensor parameters such as vehicle speed, inter-vehicle distance, and goal prox-
imity are drawn from empirically motivated distributions—primarily truncated normal and log-
normal distributions—to ensure that the values remain within realistic operational boundaries.
These distributions are defined and sampled in dedicated functions such as _draw_speed_kmh()

and _draw_distance_ahead().

After the context is sampled, a command is selected from a predefined schema of autonomous ve-
hicle functions. These include maneuvers like change_lane_left, turn_right, stop_board, and
perform_u_turn. Associated parameters such as target speed, urgency, or exit number are instanti-
ated through scenario-aware samplers implemented in generate_command_parameters (). The full
command-action space is defined in a central schema dictionary (COMMAND_SCHEMAS), allowing for

flexible extension and task-specific customization.

To enforce operational safety and realism, the pipeline applies a rule-based validation layer imple-
mented in is_command_safe(). This function codifies domain-specific safety constraints, such as
legal speed limits, safe boarding conditions, and minimal time-to-collision requirements. Samples
that pass all constraints are labeled as positive, while those violating any rule are marked nega-
tive and supplemented with an explanatory rejection_reason. Additionally, unknown samples are
synthesized to model inputs that do not correspond to any valid command. The result is a dataset of

machine-readable context-command tuples labeled for classification and rejection training tasks.

Natural Language Query Generation via LLMs The second pipeline stage augments each struc-
tured command-context pair with a realistic, linguistically diverse natural language query. This
is achieved through prompt-based generation using large language models. The query generation
process transforms structured data into passenger-style instructions, simulating real-world human-

machine interaction.

Prompt templates are defined in prompts.py and include imperative, interrogative, and colloquial
styles. For each structured sample, a prompt is dynamically assembled and passed to the LLM
backend using generate_chat_completion(). The system supports both cloud-based endpoints
(e.g., OpenAl GPT-4) and local secure inference via the Ollama interface, ensuring reproducibility
across infrastructure. The generated queries reflect the variability and ambiguity typical of real-
world user inputs, which is critical for evaluating generalization. Negative and unknown samples
are deliberately paired with prompts designed to provoke infeasible or ambiguous requests. For
instance, an unsafe manoeuvre might be expressed through a query like “Can I perform a U-turn?”
when the current speed sensor indicates 80 km/h. Such examples are essential for fostering robust
rejection behaviour in the distilled models, as they expose the system to edge cases that help it

learn to identify and decline inappropriate actions reliably.

The final output of this stage is a structured JSON or JSONL file containing: (i) a unique iden-

tifier, (ii) sensor context, (iii) structured command and parameters, (iv) the generated natural
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language query, and (v) the categorical validity label. These outputs are then used by downstream

tokenization and fine-tuning components for knowledge distillation training and evaluation.

Technical Rationale and Integration The way the data generation pipeline is structured is key
to why it works well. It is split into two main parts: first, a rule-based system creates realistic
driving scenarios, and second, a language model writes natural-sounding user requests for those
scenarios. Separating these steps ensures the situations are realistic while also providing enough
variety in language to train a robust model. This design allows for the creation of large, task-specific
datasets without needing to use sensitive real-world data. Importantly, by combining rule-based
safety checks with LLM-generated text, the pipeline provides a structured way to create examples of

valid, unsafe, and irrelevant user commands, which is essential for training a safety-aware model.

Example Synthetic Sample

To make this two-stage generation process concrete, the following is an example of a single data
sample. The first part shows the output of the structured scenario sampling, where the context
and a candidate command are created according to safety rules. The second part shows the result
of the natural language query generation, where a large language model produces a realistic user

request for that scenario.

Positive Sample

1 A

2 "id": "de933eec-447e-4595-83e7-a06c49bcedlc",
3 "timestamp": "2025-06-01T23:18:54.558074+00:00",
4 "sensor_inputs": {

5 "scenario": "urban",

6 "current_speed": 18.3,

7 "distance_to_vehicle_ahead": 11.2,

8 "distance_to_goal": 1813.1

9 X,

10 "command": "stop_park",

11 "parameters": {

12 "parking_ type": "parallel"

13 I

14 "label": "positive"

15 7

Listing 4.1: Example JSON - Positive Sample -Step 1 — Structured Sampling

Here, the vehicle is moving slowly in an urban setting, a valid parallel-parking spot is detected,

and the command “stop_park” with parking_type: parallel passes all safety checks.

1 A
2 "id": "de933eec-447e-4595-83e7-a06c49bcedlc",
3 "timestamp": "2025-06-01T23:18:54.558074+00:00",
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4 "sensor_inputs": {...},

5 "command": "stop_park",

6 "parameters": {...},

7 "label": "positive",

8 "generated_query": "Oh, actually, could you try and parallel park up ahead when
you get a chance? There seems to be a spot opening up."

9 3}

Listing 4.2: Example JSON - Positive Sample - Step 2 — LLM-Generated Query

The generated query (synthetic data) uses a polite, conversational tone (“Oh, actually, could

you...”) to mirror real passenger speech.

Unknown-Command Sample

1 {

2 "id": "cbOcb691-94a8-4a93-bbf2-5b2af2801£f74",

3 "timestamp": "2025-06-01T23:18:55.337631+00:00",

4 "sensor_inputs": {

5 "scenario": "urban",

6 "current_speed": 29.5,

7 "distance_to_vehicle_ahead": 11.0,

8 "distance_to_goal": 6308.3

9 e

10 "attempted_command": null,

11 "attempted_parameters": {7},

12 "rejection_reason": "Request could not be classified into any known vehicle
behavior",

13 "label": "negative_unknown_command"

14 ¥

Listing 4.3: Example JSON - Unknown-Command Sample - Step 1 — Structured Sampling

No valid command is proposed—this simulates a user request that doesn’t map to any supported

function.

1 A

2 "id": "cbOcb691-94a8-4a93-bbf2-5b2af2801£74",

3 "timestamp": "2025-06-01T23:18:55.337631+00:00",

4 "sensor_inputs": {...},

5 "attempted_command": null,

6 "attempted_parameters": {},

7 "rejection_reason": "Request could not be classified into any known vehicle
behavior",

8 "label": "negative_unknown_command",

9 "generated_query": "Do you think this route is the most scenic?"

10 ¥

Listing 4.4: Example JSON - Unknown-Command Sample - Step 2 — LLM-Generated Query
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Here, the user’s question (“Do you think this route is the most scenic?”) doesn’t correspond to any

driving command, yielding an “unknown” label.

Negative (Unsafe) Sample

© 00 N O U = W N

= = = = s e
DU e W N = O

3

"id": "ad498d51-697a-4da6-abc9-afd45b633620",
"timestamp": "2025-06-01T23:18:55.154394+00:00",
"sensor_inputs": {
"scenario": "highway",
"current_speed": 123.7,
"distance_to_vehicle_ahead": 40.0,
"distance_to_goal": 23889.8
,
"attempted_command": "drive_sportier",
"attempted_parameters": {
"acceleration_mode": "aggressive"
1,
"rejection_reason": "Exceeded speed limit for command 'drive_sportier'",
"label": "negative"

Listing 4.5: Example JSON - Negative (Unsafe) Sample - Step 1 — Structured Sampling

An “aggressive” sport-driving request on the highway exceeds the permitted speed envelope, so it’s

flagged as unsafe.

© 00 N O O = W NN =

10

{

}

"id": "ad498d51-697a-4da6-abc9-afd45b633620",
"timestamp": "2025-06-01T23:18:55.154394+00:00",
"sensor_inputs": {...},

"attempted_command": "drive_sportier",

"attempted_parameters": {...J},

"rejection_reason": "Exceeded speed limit for command 'drive_sportier'",
"label": "negative",
"generated_query": "Seriously, can you please pick up the pace? We're barely

moving faster than everyone else! Just a little more sporty, give it some
pep, you know? Like, drive a little sportier? Come on, it's a straight
shot, what's the holdup?"

Listing 4.6: Example JSON - Negative (Unsafe) Sample - Step 2 — LLM-Generated Query

This vividly colloquial request underscores an unsafe “sportier” command that the system must

learn to reject.

The two-stage pipeline demonstrates its functionality by first applying rule-based sampling for

safety and plausibility checks before using LLM prompting to generate natural and varied language.
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The resulting training data becomes rich enough to support the development of safety-aware dis-
tilled language models. The synthetic dataset contains 30,000 positive samples and 10,000 negative
samples together with 1,000 “unknown” samples. The dataset provided enough coverage to support

both training and evaluation of the domain-adapted model.

Data Preprocessing and Splitting

To prepare the datasets for model consumption, a consistent preprocessing and splitting method-
ology was applied to both the xLAM benchmark and the synthetic DLR corpus. This ensures that
the model receives input in a standardized format and that the evaluation is conducted rigorously

and without data leakage.

Input Formatting The data structure for each sample included the natural language query along
with relevant contextual information (e.g., sensor data for the DLR dataset or tool schemas for
xLAM) and the target output, which was serialized into a unified text format. The transformation
process converts the separate JSON fields into a unified prompt that the language model can
interpret. A standard template was applied to all samples to maintain consistency, separating the
different input sections (e.g., [CONTEXT], [QUERY], [COMMAND]). This structured text format
serves as a critical element for the model to understand how context relates to user intent and the

resulting executable commands.

Dataset Splitting Both the xXLAM and DLR synthetic datasets were divided into three distinct,
non-overlapping subsets. The training set (80%) is used to adjust the model weights by learning
to map inputs to outputs through parameter optimization. The validation set (10%) serves to
monitor performance during training, tune hyperparameters such as the learning rate, and help
prevent overfitting; while the model’s performance on this set informs adjustments to the training
process, it does not directly influence the learned weights. Finally, the test set (10%) remains
strictly held out and is used solely for the final evaluation, providing an unbiased estimate of the
model’s ability to generalize to unseen data. The standard 80/10/10 split provides enough data
for strong training while keeping separate sets for validation and final testing. The test set must
remain intact because it represents the model’s real-world performance when encountering new

inputs during deployment.

4.4. Model Configuration

The effectiveness of knowledge distillation relies heavily on selecting a suitable teacher—student
model pair. This section describes the configuration of the models employed in this study. The
large-scale teacher model was chosen for its strong performance and capacity to produce informa-
tive training signals, while the compact student model was selected as a realistic candidate for

deployment in resource-limited settings.
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4.4.1. Teacher Model (LLaMA 3.1 8B)

The selection of an appropriate teacher model determines the effectiveness of knowledge distillation
because it establishes the maximum amount of information the student can learn. The advanced
open-weight language model LLaMA 3.1 8B developed by Meta Al [2] served as the chosen model
for this purpose. The model contains 8 billion parameters which creates an optimal combination
between advanced reasoning capabilities and research-friendly computational efficiency. The selec-
tion of LLaMA 3.1 8B as the model depends on two essential factors. The model generates precise
supervisory signals because it understands language complexities and follows complex instructions
to produce high-quality outputs that include complete probability distributions (soft labels) for vo-
cabulary transfer during distillation. The LLaMA family has demonstrated successful performance
across multiple NLP benchmarks which include tasks that need structured output and function
calling thus ensuring the distilled knowledge remains accurate and relevant to the task. The expert
knowledge source function of the teacher model provides target outputs which direct student model

training.

4.4.2. Student Model (LLaMA 3.2 1B)

The student model was used because it addresses essential factors including memory usage and
power consumption and inference speed. The main reasons for choosing LLaMA 3.2 1B include its
ability to operate in resource-limited environments and its architectural similarity to the teacher
model. The 1B model measures approximately 2 GB in size which allows it to operate on edge de-
vices and embedded systems including in-vehicle computers used for autonomous driving. The 16
GB teacher model exceeds practical deployment limits for such scenarios. Selecting a student from
the same LLaMA family provides both architectural consistency between tokenizer and transformer
components. The consistent architecture between teacher and student minimizes their representa-
tional difference which enables better knowledge transfer during distillation. The main objective
involves transforming the extensive capabilities of the 8B teacher into a compact 1B student model
which will maintain sufficient capability for its tasks while adhering to real-world deployment con-

straints.

4.4.3. Architectural Alignment

A successful knowledge distillation process requires both models to have high architectural compat-
ibility especially when working between models of varying sizes. The training process benefits from
this alignment because it enables the focus on semantic and reasoning capability transfer instead
of resolving technical differences. Alignment was implemented across three essential dimensions
in this work. The LLaMA 3.1 8B teacher and LLaMA 3.2 1B student use the identical tokenizer
in their systems. The tokenizer alignment represents an essential foundational step because it en-
sures identical tokenization of any given text input for both models. A direct comparison of output
distributions becomes impossible between models that do not share the same tokenizer which
creates substantial noise during the distillation process. Both models share the same vocabulary

among their operational framework. The student model receives all token sets from the teacher
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which means both models generate output probability distributions across identical next-token
possibilities. Logit-based distillation requires an identical output space between models because
it enables direct token-by-token prediction comparison through the Kullback-Leibler divergence
loss. The embedding layers of these models follow basic architectural principles despite their dif-
fering depth and width dimensions. The process of distillation becomes simpler when embedding
dimensionalities match between different models. The alignment between models becomes crucial
for using feature-based distillation because it enables a direct regression from student hidden states
to teacher outputs especially when advanced techniques like matching intermediate layer outputs
are employed. The established alignment strategies form a stable system which enables effective
knowledge transfer. The student model learns to duplicate teacher decisions precisely because of

these strategies which ensure high-fidelity compression.

4.5. Knowledge Distillation Implementation

The following section explains the technical aspects of knowledge distillation after describing the
experimental setup design at a high level. The section explains the fundamental approach for knowl-
edge transfer between teacher and student models and presents the mathematical framework of the
loss function and describes the training procedures. The section addresses the main implementa-
tion obstacles that emerged during experiments including catastrophic forgetting and explains the

implemented solutions to achieve stable training results.

4.5.1. Core Distillation Strategy

The core methodology employs a pragmatic, hybrid distillation strategy. The two-stage method
begins by using black-box data generation to handle domain-specific data scarcity before applying
white-box training for efficient signal-rich knowledge transfer. The approach combines the best

features of both paradigms to fulfill the DLR’s operational requirements.

Response-Based Distillation for Data Generation

The hybrid strategy’s first phase tackles the essential problem of limited data availability for special-
ized DLR applications. The lack of a substantial human-annotated corpus for autonomous vehicle
commands leads to the use of the teacher model (LLaMA 3.1 8B) as a black-box generator of a
high-quality training dataset. This process is a practical application of response-based distillation

(Section 2.3.5) by extracting expert knowledge through the teacher’s responses.

At this stage, the teacher model is treated as an opaque oracle, with exclusive focus on its in-
put—output behavior. The synthetic data pipeline, detailed previously in Section 4.3.2, systemat-
ically feeds the teacher model structured scenarios, each containing contextual sensor data and a

proposed action. In response, the teacher is prompted to generate two key outputs:

1. A varied, natural-language user query that a passenger might realistically say.
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2. The corresponding, correctly formatted JSON command that represents the ground-truth

action.

The offline distillation process converts the teacher’s complex language and task structure knowl-
edge into a big machine-readable dataset. The process allows the creation of a large domain-specific
corpus which contains both valid commands and essential safety-aware rejection cases. The gen-
erated dataset functions as the main training data for white-box distillation which enables the

student model to learn from high-quality targeted examples.

Logit-Based Distillation for Student Training

With a high-quality, domain-specific dataset generated, the second stage of the strategy employs a
white-box training methodology known as logit-based distillation. This phase forms the core of the
student’s learning process, leveraging the teacher model’s full internal “thought process” at each
step of generation. Because the task is autoregressive, the student is not trained to mimic the final
output in a single step. Instead, at every stage of generating the output sequence (e.g., the JSON
command), the student is trained to replicate the teacher’s complete probability distribution over

the entire vocabulary for the next token.

This approach provides a significantly richer supervisory signal than using hard labels (which would
only specify the single correct next token). The teacher’s full distribution contains what is often
called “dark knowledge”. That is valuable information about the relative likelihood of all possible
next tokens. For instance, after generating the prefix {"command": "change_lane_ the teacher’s
logits provide a probability distribution for the next token. While the highest probability might
be for the token left, it might also assign non-trivial probabilities to semantically similar tokens
like right. This nuanced information teaches the student not just the single correct token, but also
about the semantic space of plausible continuations. The student learns that both left and right
are valid direction specifiers in this context, a much more powerful lesson than what is provided
by a hard label. By minimizing the Kullback—Leibler (KL) divergence between the student’s and
the teacher’s softened output distributions at each step in the sequence, the student is encouraged
to learn a more robust and better-generalized internal representation of both the language and
the task. This white-box approach is highly effective for transferring the fine-grained, token-level

reasoning capabilities of the large teacher model into the compact student architecture.

4.5.2. Loss Function Design

The transfer of knowledge from the teacher to the student model is governed by a carefully designed
composite loss function. This function is engineered to balance two distinct objectives: ensuring that
the student model learns the correct, ground-truth answers (task-specific performance) while also
absorbing the more nuanced, generalized knowledge from the teacher (distillation). As implemented
in the custom KDRecipeDistributed within the torchtune framework, the total loss, Ligtal, 18
defined as a weighted sum of two components: a standard cross-entropy loss and a distillation

loss.
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Cross-Entropy Loss (Lcg) The first component is the conventional cross-entropy loss, which is
standard for training autoregressive language models. This loss measures the dissimilarity between
the student model’s predicted next-token probabilities and the ground-truth "hard" labels from the
training data. Its purpose is to anchor the student’s learning to the correct answers, ensuring it

maintains high task-specific accuracy. It is defined as:
Leg=—Y_ yilog(fi) (4.1)
i

where y; is the one-hot encoded ground-truth token and ¢; is the student’s predicted probability
for that token.

Knowledge Distillation Loss (Lkp) The second, and more critical, component is the distillation
loss, which encourages the student model to emulate the teacher’s full output distribution. This
is achieved using the Kullback-Leibler (KL) divergence, which quantifies how one probability dis-
tribution diverges from a second, reference distribution. To expose the “dark knowledge” within
the teacher’s predictions, the output logits of both models (z; for the teacher, z, for the student)
are first softened using a temperature parameter, 7' > 1. A higher temperature smooths the

probability distribution, placing more emphasis on the relative probabilities of less likely tokens.

Following the formulation proposed by Hinton et al., the distillation loss is defined as:

Lip = T2 KL (a (?j) o (ZT)) (4.2)

where o(+) is the softmax function. The scaling factor 72 is applied to ensure that the magnitude
of the gradients produced by the soft targets remains roughly on the same scale as those produced
by the hard targets.

Composite Loss Function The final loss function combines these two objectives using a weighting

factor, « € [0, 1], to control the balance between them:
Liotal = (1 — a) - Lcg + a - Lkp (4.3)

The experiments showed that o = 0.5 produced a stable equilibrium which equally emphasized
learning the ground truth and mimicking the teacher model. The temperature parameter was
set to T' = 2 to achieve sufficient softening of output distributions without causing instability.
The composite loss function directs the student model to generate accurate predictions while also

learning the teacher’s reasoning process effectively.

4.5.3. Training Regime

The training process was carefully structured to ensure stable convergence and computational effi-
ciency. All experiments were conducted using the Hugging Face accelerate framework, which pro-

vided a robust and reproducible environment for managing the distillation workflow on a distributed
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multi-GPU infrastructure. Training was orchestrated via SLURM scripts on the high-performance

computing cluster (kratos). The following regime was applied when training the student model.

Optimization Configuration For optimizing the student model (LLaMA 3.2 1B), the AdamW
optimizer was employed, as it is well-suited for training transformer-based architectures due to
its effectiveness and stability. The learning rate was governed by a scheduler combining a linear
warm-up phase over the first 500 steps with a cosine decay for the remaining training duration.
This scheduling strategy stabilizes the learning dynamics in the early stages and gradually reduces
the learning rate as convergence progresses. The principal hyperparameters were set as follows: a
learning rate of 2.0 x 107°, an effective batch size of 128 (derived from a per-device batch size of 8
with gradient accumulation over 4 steps on 4 NVIDIA A100 GPUs), a total of 10,000 training steps,
and a weight decay of 0.01. These hyperparameter choices were guided by values reported in recent
published studies on transformer distillation [54], [78], [111], ensuring alignment with established

best practices while accommodating the specific computational constraints of this work.

Training Execution To maximize computational efficiency and reduce memory consumption,
training was performed using bfloat16 (bfl6) mixed precision. This approach leverages the spe-
cialized hardware capabilities of recent GPUs to accelerate computation without a significant loss
of numerical precision. To mitigate the risk of exploding gradients, which can occur during the

training of deep neural networks, a gradient clipping threshold of 1.0 was applied.

Checkpointing and Logging Model checkpoints were saved at regular intervals (every 1,000 steps)
to enable training to resume from the latest state in case of interruptions and to facilitate evaluation
at various stages of model development. All training metrics, including the total loss, its cross-
entropy and KL divergence components, and validation scores, were logged in real time using the
Weights & Biases (wandb) platform. This continuous logging provided a clear visual record of the

training dynamics and enabled systematic comparisons across different experimental runs.

4.5.4. Implementation Challenges and Mitigations

While the overall training process proved robust, the fine-tuning of large language models is not
without its challenges. The most significant issue encountered during the initial experimental phase
of this work was catastrophic forgetting, a well-documented phenomenon where a model, when
adapted to a new, narrow task, can rapidly lose the broad, generalized knowledge acquired during
its pre-training [112]-[114]. Understanding and addressing this challenge was important to produce

a final model that was both task-proficient and linguistically coherent.

The Phenomenon of Catastrophic Forgetting Catastrophic forgetting refers to the tendency of a
neural network to abruptly lose previously acquired knowledge when fine-tuned on new data [112]-
[114]. In the context of LLMs, this manifests as a sharp drop in performance on tasks or domains

the model had mastered during pre-training [115]. Because distillation and deployment scenarios
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often involve such sequential adaptations, mitigating this effect is critical to preserve both broad

linguistic competence and domain-specific capabilities.

Empirical studies have identified two primary mechanisms behind catastrophic forgetting in LLMs.
First, fine-tuning often pushes the model into “sharp” minima of the loss landscape; such regions
amplify sensitivity to subsequent updates, thereby rapidly erasing earlier knowledge. Sharpness-
aware minimization (SAM) has been shown to flatten these minima and reduce forgetting during
fine-tuning [113]. Second, when the learning rate is too high relative to batch size and dataset scale,

parameter updates can overwrite large portions of the pre-trained weights.

Observed Impact and Mitigation Strategy During the initial experiments conducted on the tool-
calling task, the detrimental impact of unsuitable training configurations became readily apparent.
An early training run, which employed a high learning rate in combination with a small batch size,
yielded a fine-tuned model that underperformed relative to the original pre-trained base model in
terms of validation metrics. Its capacity to generate coherent and well-structured JSON outputs
declined noticeably, underscoring how overly aggressive updates can cause catastrophic forgetting,

even when fine-tuning is restricted to a single downstream task.

To address this issue, various strategies have demonstrated their effectiveness in large language
model workflows, such as self-synthesized rehearsal, Parameter-Efficient Fine-Tuning (PEFT), and
model merging [112], [114], [116]. However, emphasis is placed on the most straightforward and
fundamental measure: the implementation of an optimized learning schedule. The training regime,
detailed in Section 4.5.3, was specifically devised to alleviate catastrophic forgetting through the
careful adjustment of critical hyperparameters. In particular, a low learning rate was employed
to constrain the magnitude of parameter updates, while a warm-up schedule facilitated a gradual
adaptation to the new data. Additionally, a cosine decay schedule ensured that updates diminished
progressively in size, thereby promoting stable convergence. By configuring the optimization process
in this deliberate manner, the model’s essential pre-trained capabilities were retained while it was
successfully adapted to the target domain, ultimately resulting in robust performance in the final

evaluation.

4.6. Evaluation Setup

To conduct a rigorous and multi-faceted assessment of the knowledge distillation framework, a com-
prehensive evaluation protocol was established. This protocol is designed to empirically test the
research hypotheses by quantifying the trade-offs between task-specific performance and compu-
tational efficiency. The performance of the primary experimental model—the distilled student—is
systematically measured against well-defined baselines using a suite of specific metrics. This en-
sures that the findings presented in the subsequent chapter are robust, reproducible, and directly

comparable.
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4.6.1. Task Performance Metrics

The best measure of success is the model’s ability to accurately perform its designated task: trans-
lating natural language queries into structured, executable commands (or functions). To capture
different facets of this capability, a combination of metrics will be employed for the function-calling
task on both the xLAM and the DLR-specific datasets.

¢ Function Accuracy: This metric measures the percentage of predictions where the model
correctly identifies the name of the function to be invoked (e.g., change_lane_left). It

evaluates the model’s high-level intent recognition (choosing the right function).

o Exact Match (EM) Accuracy: This is the strictest metric, calculating the percentage
of predictions where the entire generated JSON output is a perfect string match to the
ground-truth command. It penalizes any error in the function name, arguments, or formatting,

providing a measure of overall generative fidelity.

e Argument F1-Score: This metric provides a more granular assessment of the model’s ability
to extract and structure the correct parameters for a given function. It is calculated by treating
the key-value pairs within the parameters object of the JSON output as a set. The F1-score,
which is the harmonic mean of precision and recall, is then computed over these sets. This
allows for the evaluation of parameter extraction accuracy independently of minor formatting
differences or the correctness of the function name itself, offering a more nuanced view of the

model’s information extraction capabilities.

e Rejection Accuracy: Specific to the DLR synthetic dataset, this crucial safety-oriented
metric measures the model’s ability to correctly handle invalid inputs. It is the percentage of
negative (unsafe) and negative_unknown_command samples for which the model correctly

produces a rejection response rather than attempting to generate a command.

4.6.2. Computational Efficiency Metrics

To quantitatively measure the efficiency gains achieved through knowledge distillation, the follow-
ing metrics will be recorded under a standardized hardware environment (a single NVIDIA A100
GPU).

o Model Size: The on-disk size of the model’s weights, measured in gigabytes (GB). This is a

direct indicator of storage requirements on an edge device.

e Inference Latency: The time required for the model to generate a response, which is critical

for real-time applications. This will be reported in two ways:

— Time per Output Token: The average time in milliseconds (ms) to generate a single

token, measuring the fundamental generation speed.

— End-to-End Request Time: The average total time in seconds (s) to process a standard-

length prompt and generate a complete command, reflecting the user-perceived latency.
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o Memory Footprint (VRAM): The peak GPU memory consumed during an inference pass
for a representative batch of inputs, measured in gigabytes (GB). This metric is critical for

determining the minimum hardware requirements for deployment.

4.6.3. Baselines for Comparison

The first baseline is the pre-trained teacher model (LLaMA 3.1 8B). This model is evaluated on the
test set in a zero-shot, identical to how it was used to generate the training data and soft labels. Its
performance represents the benchmark for generalized, in-context reasoning on the task, without
the benefit of task-specific fine-tuning. This baseline establishes the level of performance that can

be achieved by the large-scale base model, serving as a target for the distillation process.

The second and most critical baseline is the fine-tuned baseline student model (LLaMA 3.2 1B).
This model shares the same compact architecture as the KD-Student but is trained conventionally
using only the ground-truth labels from the dataset (i.e., trained with the standard cross-entropy
loss, where a = 0). This baseline demonstrates the performance achievable by simply fine-tuning
the smaller model on the task. By comparing the KD-Student to this baseline, we can precisely
quantify the performance gains attributable specifically to the generalized knowledge transferred

from the pre-trained teacher, highlighting the value of distillation over standard fine-tuning.

4.7. Threats to Validity

A thorough evaluation of this study’s experimental design becomes necessary to achieve a fair
interpretation of the results. This section examines the possible threats to the internal validity and

external validity and construct validity of the findings.

4.7.1. Internal Validity

The external validity of these findings depends on two main factors. First, the evaluation of the
domain-specific DLR use case relies on synthetic data generation. Although the model’s strong
performance on synthetic data is promising, it must still be tested with real-world field data before
it can be applied in practice. Second, the experiments were conducted only with models from
the LLaMA architectural family. Therefore, the rates of performance recovery and efficiency gains
observed here may not fully extend to distillation between other major model families, which often

have different scaling behaviours and internal structures.

4.7.2. External Validity

The external validity, or generalisability, of these findings depends on two main aspects. Firstly, the
evaluation of the domain-specific DLR use case is based on a synthetically generated dataset. Even
though the generation pipeline was designed with care to mimic reality, it might not fully reflect

the variety of noise, ambiguity, and idiomatic expressions that real-world passenger commands
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can contain. As a result, the model’s strong performance on synthetic data is encouraging but
still needs to be verified with genuine field data before being used in real operations. Secondly, the
experiments were carried out only with models from the LLaMA architectural family. Therefore, the
observed levels of performance recovery and efficiency improvements might not transfer directly to
distillation between other well-known model families, which could have different scaling behaviours

and internal representational structures.

4.7.3. Construct Validity

Finally, construct validity concerns whether the chosen evaluation metrics truly reflect the theo-
retical ideas of model capability and safety. Metrics like Exact Match Accuracy, although objective
and reproducible, tend to be rather strict and might penalise semantically correct outputs that only
differ in minor syntactic aspects, such as a different order of keys in a JSON object. This drawback
is partly addressed by adding the Argument F1-Score, which offers a more semantically oriented
measure of parameter extraction. Likewise, the rule-based safety logic used in the synthetic data
generator remains a necessary simplification of the complex and dynamic reasoning that a certified
autonomous system would require. The model’s ability to learn these simplified rules can be seen
as a solid sign of its contextual reasoning skills, but it should not be taken as proof of full safety in

every real-world situation.

4.8. Hardware and Software Resources

This section outlines the computational infrastructure, data resources, and software frameworks
required to implement and assess knowledge distillation. The use of high-performance computing
resources, diverse datasets, and specialised deep learning toolkits provides a solid foundation for

carrying out scalable and efficient distillation experiments.

4.8.1. Hardware Specifications and Computational Infrastructure

All experiments discussed in this thesis were performed using the high-performance computing
facilities of the DLR. The available GPU resources include NVIDIA Tesla V100 and A100 units
spread across multiple systems, adding up to a total of around 80 GPUs. These accelerators deliver
the computational power necessary for training large-scale teacher models. The CPU infrastruc-
ture comprises over 6000 cores deployed across standard and high-memory nodes, supporting data
preprocessing, evaluation, and other auxiliary tasks. High-speed interconnects, such as 400 Gbit/s
InfiniBand connections for GPU nodes, allow for efficient distributed training. Storage is handled
by a parallel BeeGFS file system with an overall capacity of nearly one petabyte, complemented
by fast local NVMe scratch storage on each node. Only parts of this overall compute infrastructure
were actually used for model training, synthetic data generation, and evaluation. All compute jobs

were managed through the Slurm workload manager and submitted using sbatch scripts.
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4.8.2. Software Resources

Deep Learning Frameworks and Libraries The core development work was carried out using Py-
Torch, which is a dynamic and flexible deep learning framework. The model architectures, training
loops and custom loss functions (including the knowledge distillation loss) were all implemented
with native PyTorch APIs. The Hugging Face Transformers library was used to load and manage
pretrained models, especially for initializing both teacher and student models from the LLaMA
family. Additionally, standard scientific computing libraries like NumPy were employed for various

numerical operations and data processing tasks.

Experiment Management and Execution All experiments were run on a high-performance com-
puting (HPC) cluster, which was managed using the SLURM Workload Manager. SLURM scripts
(for example, generate_synthetic_data.sh and 11m_labeling.sh) automated the environment
setup, job scheduling, GPU allocation and log handling. The software environments were contained
within a Python virtual environment and, when needed, further containerized with Docker. This
helped ensure reproducibility and system consistency across different machines and among various

users.

LLM Query Generation Infrastructure For generating synthetic user queries, the pipeline sup-
ported both the OpenAl API (for example, GPT-4) and local inference through Ollama. These
interfaces were implemented in 11m-gen-v5.py, using the openai, requests and python-dotenv
libraries to handle API communication and secret loading. Overall, this software stack offered a
reliable, modular and flexible foundation for all stages of the knowledge distillation framework,

from data generation to the final evaluation.

4.8.3. Resource Profile of Large Language Models

Deploying and training LLMs are resource-intensive endeavors, demanding considerable computa-
tional and memory resources. A clear understanding of these requirements is fundamental not only
for performance benchmarking but also for appreciating the practical benefits of model compression
techniques like Knowledge Distillation. This section provides an analysis of the memory and com-
putational demands of LLMs, drawing upon established formulas and recent industry benchmarks
to frame the discussion [48], [117], [118].

Inference Memory Footprint The memory required to run an LLM for inference is determined
by two primary factors: the static size of the model’s weights and the dynamic memory needed for

the KV cache during processing.

e« Model Weights: This is the memory needed to load the model’s parameters onto the GPU.
It is a fixed cost per model, typically stored in 16-bit floating-point format (FP16), which
consumes 2 bytes per parameter. For example, a 3-billion-parameter model like LLaMA 3.2
3B requires approximately 3 x 2 =6 GB of VRAM.
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o KV Cache: Transformer architectures use a key-value (KV) cache to store attention states
for each token in the input sequence. This avoids recomputing states for previous tokens
when generating new ones. The size of this cache grows linearly with the sequence length and
the number of concurrent users. Its size per token is a function of the model’s architecture,
calculated as [48]:

KVioken = 2 X 2 X Niayers X @model Dytes

For the LLaMA 3.2 3B model, which has 32 layers and a hidden dimension of 2560, the KV
cache per token is approximately 0.00031 GiB. For a single user with a 4096-token prompt,
this adds an extra 1.25 GB to the memory footprint.

Training Resource Demands Training an LLM is generally much more demanding than per-
forming inference. The total VRAM needed must hold not only the model weights but also the
gradients produced during backpropagation and the states that the optimizer keeps. For example,
the widely used Adam optimizer may consume up to 12 bytes per parameter to ensure stable mixed-
precision training [118]. Moreover, intermediate activations from the forward pass must be stored
for computing gradients later, and their memory footprint scales with batch size, sequence length,
and model dimensions. When this is combined with general overhead from memory fragmentation,
which might add another 10-20%[117], training a model like LLaMA3.2 13B could easily require
more than 300GB of VRAM. This situation often makes distributed training strategies such as
ZeRO[119] or FSDP [120] necessary to make training feasible.

Performance: Throughput and Latency A model’s performance in a real-world deployment is
often measured by its throughput (concurrent users) and latency (response time). The VRAM of
the GPU is the primary constraint on throughput. The maximum number of concurrent users can be
estimated by allocating the VRAM remaining after loading the model weights to the KV caches of
all users. Based on this logic, a benchmark from Fu (2024) demonstrates that a LLaMA 3.2 8B model
on a 48 GB GPU can support approximately 8-10 simultaneous users with 4096-token prompts [48].
Latency, or the time to get a response, is composed of two phases. The initial processing of the
prompt (prefill) is typically compute-bound, limited by the GPU’s TFLOP/s. The subsequent
generation of each token (decoding) is memory-bound, limited by the GPU’s memory bandwidth.
Using the LLaMA 3.2 8B model on an NVIDIA L40 GPU as an example, Fu [48] calculates a prefill
time of approximately 0.088 ms per token and a generation time of 18.5 ms per token. For a task
involving a 4096-token prompt and a 256-token response, this yields a total latency of about 5.1

seconds under ideal conditions [48].

Table 4.2.: Comparison of LLaMA 3.2 Model Variants: Inference and Training Resource Require-

ments
Model Params Config (L/d) VRAM (Inference) VRAM (Training) Recommended GPUs Use Case
LLaMA 3.2 1B 1B 18 / 2048 34 GB 20-30 GB RTX 3090, A10 KD Student, Edge Devices
LLaMA 3.2 3B 3B 32 / 2560 6-8 GB 45-70 GB A10, A100 40GB Baseline Student Model
LLaMA 3.2 8B 8B 32 / 4096 16-21 GB 160-200 GB A100, H100, L40 KD Teacher, General LLM
LLaMA 3.2 13B 13B 40 / 5120 26-30 GB 280-320 GB H100 SXM, A100 80GB KD Teacher, Dialogue
LLaMA 3.2 70B 70B 80 / 8192 100-140 GB 600-900 GB 4-8x H100 Multi-turn Chat, RAG
LLaMA 3.2 405B 405B 96 / ~16000 600-800 GB 2-4 TB TPUv5, DGX GH200  Research-Scale LLM
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5. Evaluation

This chapter presents the empirical findings of the study and directly addresses the research hy-
potheses formulated in Section 4.1. The following sections outline the outcomes of the experiments
described in the methodology, providing both quantitative and qualitative insights into the proposed
knowledge distillation framework. The evaluation focuses on a comparative analysis, systematically
measuring the performance of the main experimental model — the 1-billion parameter Knowledge
Distilled Student (KD-Student) — against two key reference points: the large 8-billion parameter
teacher model, which represents the performance upper bound, and a 1-billion parameter baseline
student model trained conventionally without distillation, which acts as the performance lower
bound.

The presentation of results is structured to build a clear and logical argument. It starts with a val-
idation of the distillation approach on the public xLAM function-calling benchmark, establishing
a general performance baseline. This is followed by an evaluation of the model’s effectiveness on
the domain-specific DLR dataset, with particular focus on its capacity for safety-aware command
rejection. The analysis then shifts to the key improvements in computational efficiency, considering
reductions in model size, memory footprint, and inference latency. The chapter ends with a quali-
tative assessment of representative model outputs, providing concrete examples that demonstrate

the practical implications of the knowledge distillation process.

5.1. Performance on Public Benchmark: xXLAM Function Calling

To quantitatively assess the core effectiveness of the knowledge distillation framework, its perfor-
mance was first evaluated on the xLAM Function Calling dataset. This standardized, open-domain
benchmark helps to isolate and measure the fidelity of the knowledge transfer process in a general
context, separate from the specific demands of the DLR use case. The following sections present
the comparative results for the teacher, baseline, and KD-Student models on this task, providing

a foundational indication of performance recovery.

5.1.1. Comparative Performance of Teacher, Baseline, and KD-Student

The initial evaluation on the xLLAM benchmark offers a clear quantitative comparison of the three
main model configurations. The performance of each model was measured using the core metrics
of Exact Match Accuracy, Function Accuracy, and Argument F1-Score to assess their capability to

translate natural language queries into structured, executable commands.

The results, summarized in Table 5.1, establish the 8B teacher model as a capable benchmark,
achieving an exact match accuracy of 72.5%. In contrast, the baseline 1B student, trained conven-
tionally on ground-truth labels, performed poorly on this difficult task. This baseline model secured

an exact match accuracy of only 24.8%, representing a 47.7 percentage point drop in performance
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compared to the teacher. This gap illustrates that the baseline student struggled to generalize on

this complex benchmark.

The KD-Student, however, demonstrates a significant relative improvement. Achieving an exact
match accuracy of 51.3%, the distilled model more than doubles the performance of its non-distilled
counterpart. Specifically, the KD-Student recovered 26.5 percentage points of the 47.7-point per-
formance deficit, which corresponds to reclaiming over 55% of the capability lost by the baseline
student. This strong trend is consistent across all evaluated metrics. The KD-Student’s improved
Function Accuracy (60.1%) and Argument F1-Score (0.54) further indicate that the distillation
process effectively transferred not only high-level intent recognition but also the more fine-grained
ability to correctly extract and structure command parameters. These findings provide strong ini-
tial evidence that knowledge distillation is an effective technique for elevating a small model to a

level of basic competency on complex, structured-output tasks.

Table 5.1.: Comparative performance on the xLAM Function Calling test set. The results reflect
the difficulty of the benchmark, with the KD-Student showing a marked improvement
over the baseline.

Model Exact Match (%) Function Accuracy (%) Argument F1-Score
Teacher (LLaMA 3.1 8B) 72.5 78.3 0.71
Baseline Student (1B) 24.8 35.2 0.29
KD-Student (1B) 51.3 60.1 0.54

5.1.2. Analysis of Performance Recovery via Distillation

Building on the quantitative results from the previous section, this analysis explores the underly-
ing mechanism of knowledge distillation that allows such a notable recovery of performance. The
success of the KD-Student lies in the qualitative difference between the supervisory signals used in
conventional fine-tuning and those in distillation. Conventional fine-tuning, as applied to the base-
line model, depends on “hard” targets from ground-truth labels. This method provides a rather
sparse learning signal, reinforcing only the single correct token at each generative step. While this
approach can train a model to reproduce specific input-output patterns, it offers little information
about the relationships among different possible outputs. This can lead to a more brittle model

that struggles to generalize to small variations in user queries.

5.2. Performance on Domain-Specific DLR Use Case

Having shown the effectiveness of knowledge distillation on a standard benchmark, the evaluation
now moves to the main domain of this thesis, which is the DLR autonomous vehicle use case. This
part of the analysis looks at how well the models can handle a more complex and safety-critical task.
Success here requires not just accurate translation of natural language into structured commands
but also the ability to integrate contextual sensor data and, just as important, to reject unsafe
or unclassifiable instructions. For this, the evaluation uses the domain-specific synthetic dataset

created for this purpose (section B), which includes these particular challenges. The following
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subsections show the results, starting with task-specific accuracy and then giving a focused look at

the models’ safety-aware rejection performance.

Upon transitioning the evaluation to the DLR-specific synthetic dataset, the models were tested on
their ability to process domain-specific commands that are conditional on contextual sensor inputs.
This task provides a more challenging and realistic assessment of the models’ capabilities for the
target application, as it requires them to ground their interpretation of a user’s query within a

given environmental and operational state.

The main performance metrics for valid, executable commands from this dataset are shown in
Table 5.2. As expected, the 8B teacher model shows strong performance, correctly interpreting the
commands with an exact match accuracy of 88.7%. The baseline 1B student, however, struggled
with the added complexity of this scenario. Its exact match accuracy dropped to 62.4%, a substantial
decline that highlights the difficulty of processing contextual sensor information without advanced
guidance. This suggests that conventional fine-tuning alone was not enough to teach the smaller

model how to reliably integrate this information into its decisions.

In contrast, the KD-Student showed a much more pronounced improvement in this targeted context
than on the general benchmark. With an exact match accuracy of 76.1%, it demonstrates a clear
and significant improvement of over 13 percentage points compared to the baseline. The improved
Argument F1-Score of 0.75 is also noteworthy, as it indicates that the distilled model more effectively
learned to extract and format parameters that depend directly on the vehicle’s contextual state,

such as reacting to a certain speed or proximity reading.

These results indicate that knowledge distillation is a particularly viable method for transferring
context-aware reasoning. While the baseline model had difficulty linking user requests to sensor
data, the KD-Student successfully learned this critical skill from the teacher’s soft labels, under-

scoring its potential for real-world applications where contextual understanding is paramount.

Table 5.2.: Performance on the DLR domain-specific test set (valid commands only). The targeted
KD approach yields substantial gains over the baseline.

Model Exact Match (%) Function Accuracy (%) Argument F1-Score
Teacher (LLaMA 3.1 8B) 88.7 90.5 0.87
Baseline Student (1B) 62.4 71.8 0.63
KD-Student (1B) 76.1 83.4 0.75

5.2.1. Evaluation of Safety-Aware Rejection Behavior

A critical ability for any model meant to be used in an autonomous system is knowing when to
recognize and refuse commands that are unsafe, unclear, or just outside what it should do. This
section looks at this safety-aware behavior by using the “Rejection Accuracy” metric, which checks
how well the model can tell if an input should be accepted or rejected. The synthetic DLR dataset,
which includes unsafe and unknown command situations on purpose, forms the basis for this part

of the analysis.
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How each model performs on this simple binary classification task is shown in the confusion matrices
in Table 5.3. These matrices give a detailed look at how each model deals with both valid and invalid
inputs. The 8B teacher model once again acts as the performance benchmark, setting the standard
for safe behavior. It correctly accepts 97.0% of all valid commands and, even more importantly,
correctly rejects 97.2% of all invalid inputs. This shows a highly reliable understanding of the
system’s operational and safety limits. The baseline 1B student, on the other hand, shows a serious
safety weakness. As seen in its confusion matrix, it only rejects 60.4% of invalid commands. This
means it would wrongly go ahead and execute nearly 40% of all unsafe or unknown user requests.
This high rate of false negatives (commands that should be rejected but aren’t) is simply too
risky for any real-world, safety-critical situation. The KD-Student, however, shows a substantial
improvement in this crucial area. By correctly rejecting 84.9% of invalid inputs, it manages to
inherit the teacher model’s cautious and context-aware reasoning. This cuts down the rate of
critical failures—accepting invalid commands—from 39.6% to 15.1%, a reduction of approximately
62% compared to the baseline student. This clearly suggests that the distillation process passed on
not just task-specific skills but also the more subtle, safety-critical decision boundaries the teacher

learned.

These findings demonstrate that the value of knowledge distillation extends beyond task accuracy.
The ability to impart a larger model’s safety-awareness onto a smaller, more efficient one is a key
result, making distillation an important technique for building models that are robust and reliable

enough to be used in high-stakes situations.

Table 5.3.: Confusion matrices for safety-aware rejection behavior on the DLR test set. Values are
shown as percentages of the total samples in each true class.

Teacher (8B) Baseline Student (1B) KD-Student (1B)
True Label Pred: Accept Pred: Reject | Pred: Accept Pred: Reject | Pred: Accept Pred: Reject

Valid Cmd 97.0% 3.0% 91.1% 8.9% 92.5% 7.5%
Invalid Cmd 2.8% 97.2% 39.6% 60.4% 15.1% 84.9%

5.3. Analysis of Computational Efficiency Gains

Beyond just task performance and safety, another big goal of this thesis is to get a model that can
actually run in the resource-limited environments at DLR. So this section now takes a closer look
at how much more efficient the model gets through knowledge distillation. For many real-world
cases, especially in embedded systems like the ones in autonomous vehicles, things like memory
use and how fast the model runs aren’t just nice to have — they’re must-haves. This part checks
how well the distilled model holds up to these real limits by comparing it with the bigger teacher
model. The comparison looks at three important parts of efficiency: how much storage space the
model needs on disk, the peak GPU memory (VRAM) it uses during inference, and the total time

it takes to get a response (inference latency).
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5.3.1. Comparison of Model Size and Memory Footprint

The first look at computational efficiency focuses on the static resource needs of the models —
mainly their on-disk storage size and the memory they use during inference. These things really
matter because they directly affect whether a model can even run on hardware with limited capacity,
like the processing units in autonomous vehicles. The results of this comparison are shown in Table
5.4. As you can see, moving from the big 8B teacher model to the smaller 1B student brings a big
drop in resource use. The model size on disk goes down from 16.0 GB to 2.0 GB, which is eight
times smaller. At the same time, the peak VRAM needed for inference drops from 18.2 GB to just
2.8 GB, which is a reduction of almost 85%.

This big drop in resource needs is really what makes it possible to use the model in a real DLR
setting. A memory footprint of over 18 GB makes the teacher model basically impossible to run
directly on-device, so it would be limited to strong server-grade GPUs. The 2.8 GB footprint of
the student model, though, fits well within what many modern embedded systems can handle. It’s
worth pointing out that the baseline and KD-Student models have the same architecture, so they
naturally have the same size and memory use. This means the efficiency gain comes straight from
switching to the smaller model design. The key thing with knowledge distillation, as shown earlier,
is that it makes this move to a smaller model possible while still keeping good task performance

and safety-awareness.

Table 5.4.: Comparison of model resource requirements. The student architecture offers a significant
reduction in size and memory usage, making it suitable for embedded deployment.

Model Parameters Model Size (GB) Peak VRAM Usage (GB)
Teacher (LLaMA 3.1 8B) 8B 16.0 18.2
Baseline Student (1B) 1B 2.0 2.8
KD-Student (1B) 1B 2.0 2.8

5.3.2. Inference Latency and Throughput

Apart from the static resource needs, how the model performs in action, especially its inference
latency, is also really important for real-time use. For the DLR voice-command system, having low
latency matters a lot to keep the interaction between the passenger and the vehicle feeling smooth
and natural. This part takes a closer look at how fast the models actually run by checking two
main things: how long it takes on average to make one output token, and the total end-to-end time

it needs to handle a typical request.

The latency numbers, measured under a standard load, are shown in Table 5.5. The results clearly
show a big improvement in inference speed when using the 1B student model. The average time it
takes to generate a single output token drops from 19.2 ms for the big 8B teacher to just 3.8 ms
for the student. This big boost in token speed also means a much shorter total request time. The
student model can handle a complete, typical user query in about 0.31 seconds. That’s a solid 4.7
times faster than the 1.45 seconds needed by the much larger teacher model. For a human-machine

interface, this speed-up really matters. A response time well under half a second feels almost instant
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to users and helps keep the interaction smooth and natural. On the other hand, a delay close to

1.5 seconds can feel slow and break the flow of a conversation.

Together with the low memory footprint described earlier, this fast performance shows that the
student model design meets both the static hardware limits and the dynamic speed needs for
running on-board in a real-time system. Knowledge distillation makes it possible to build a model

that’s not only smaller and accurate, but also really responsive when it needs to be.

Table 5.5.: Inference latency comparison. All measurements were conducted on a single NVIDIA

A100 GPU.
Model Time per Output Token (ms/token) End-to-End Request Time (s)
Teacher (LLaMA 3.1 8B) 19.2 1.45
Baseline Student (1B) 3.8 0.31
KD-Student (1B) 3.8 0.31

5.4. Qualitative Analysis of Model Outputs

While the quantitative results in the sections before give a good overall picture of how the models
perform, looking at specific outputs helps build a more intuitive feel for how they actually behave.
By seeing how the different models respond to the same tricky inputs, it’s possible to get a bet-
ter idea of the practical differences in their reasoning and reliability. This part talks about some

representative examples of model outputs, which can be found in full in Appendix D.

One area where the KD-Student really stands out is how it handles casual or vague language.
For example, when given the informal query, “Can you, like, back off a bit?”, the KD-Student
correctly figures out that the user wants to increase the following distance, similar to the teacher’s
more nuanced answer. The baseline model, on the other hand, gets it wrong and jumps to a risky
emergency_brake command instead. This example shows that distillation can pass on a more

flexible, common-sense way of understanding language that goes beyond just the literal words.

The biggest improvements can be seen in safety-related situations. When given a clearly unsafe
command, like trying to do a U-turn on a highway, the baseline model fails badly by still trying to
create an executable command. Both the teacher and the KD-Student, however, spot the danger
and respond with a rejection that includes a reasonable explanation. This shows that the distillation
process really helps pass the teacher’s safety knowledge on to the student, which is a crucial ability
for any autonomous system. That said, the KD-Student is not without its limits. Even though
it is much more reliable than the baseline, it can still struggle with very complicated or totally
unexpected queries and sometimes produces less-than-ideal or broken outputs. While distillation
cuts down on these failures a lot, especially the random “hallucinated” or non-parsable text that
often shows up with the baseline model, it does not get rid of them completely. This means the
student learns to get close to the teacher’s way of reasoning but does not copy it perfectly. Handling

unusual edge cases is still something that needs more work.
In summary, the qualitative examples strongly match up with the quantitative results. The KD-

Student consistently shows more reasonable, robust, and safer behavior than the baseline model.
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It manages to pick up the teacher’s ability to handle nuance and stick to safety boundaries, which

makes it a much more reliable choice for real-world use.
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6. Discussion

The successful use of knowledge distillation in this thesis needs to be looked at more closely to
understand what it means and why it is important. The results show that it is possible to make
a large language model smaller for a special DLR use case, and also that distillation has some
extra benefits on its own. This chapter explains the main findings, talks about what they mean for
practice and research, and points out the study’s limits to put the results in context and give ideas

for future research.

6.1. Interpretation of Key Findings

The results of this study tell a clear and convincing story: knowledge distillation is a very effective
way to build large language models that are efficient, reliable, and better at handling safety for
special tasks. The strong performance of the KD-Student, especially its ability to get back lost
accuracy and take on the teacher’s safety logic, comes from the core strengths of the distillation

process itself.

Conventional fine-tuning, which was used for the baseline model, relies only on sparse “hard” labels
that show just the one correct next token. This method turned out to be not enough to teach the
smaller model the more subtle, context-based reasoning needed for the DLR use case. In contrast,
knowledge distillation gives the student a much richer learning signal. Training the student on
the teacher’s full “soft” probability distribution helps it learn what Hinton et al. called “dark
knowledge” [15], [121]. This signal shows the teacher’s own understanding of the task, including
how different possible outputs relate to each other. For example, the student learns not only that
change_lane_left is the right command but also that chang_lane_right could make sense in
that situation, while perform_u_turn does not. This kind of guidance helps the student build a

more solid and flexible inner model.

Most importantly, this same idea also explains how safety alignment is passed on. The teacher’s level
of certainty or doubt when rejecting unsafe commands is built into its output logits. By copying
this, the KD-Student learns to follow the teacher’s decision boundaries and picks up its carefulness.
This is one of the biggest practical results of this work. It shows that knowledge distillation can be
a real way to carry over the safety tuning of a large, powerful model to a smaller and more efficient

one that can actually run in edge computing situations.

6.2. Practical and Scientific Implications

The results of this thesis have important meaning for how Al can be used at the German Aerospace
Center and also for the wider scientific talk about model compression. From a practical point of
view, this work shows a clear way to design and run advanced on-board AI agents in DLR’s
systems. The big drop in model size and the quicker inference speed show that it’s really possible

to run strong language models on local, embedded hardware. This step away from depending on

Konstantin Witossek
3775768

62



6. Discussion

remote, cloud-based services is very important, especially in situations where security, trust, and
fast reactions are needed. For an autonomous vehicle, it means it can understand what passengers
say right away, without any network delay. For space robots or crewed missions, it makes sure that
smart support is still available even when contact with ground control is slow or sometimes not
possible. By giving a clear way to create smaller but still safe models for special tasks, this work

can help push forward the use of advanced Al in DLR’s research and daily work.

Scientifically, this thesis gives strong practical evidence for the field of trustworthy AI. The results
make clear that knowledge distillation is not just a simple compression trick but actually a good
way to pass on complex, context-aware thinking and safety features that are already built in. The
fact that the smaller model can take over the teacher’s rejection skills so well is really an important
point, because it shows that the small one can keep the careful behaviours of a big model. This is
quite important for building AT in a safe and responsible way, since it helps deal with the problem of
how to make sure that smaller, more practical models stick to the same safety rules as the big, well-
aligned ones. The findings here support the first ideas about keeping performance strong, saving
resources, and adapting the models to new tasks. All in all, this shows that knowledge distillation

can be a useful tool for Al researchers and developers.

6.3. Limitations of the Study

The research contains several important limitations that need to be considered for proper inter-
pretation of the results. The evaluation of DLR use case depended on synthetic data generation.
The artificial data generation process was designed to be realistic yet it might not represent all
ambiguity and noise elements that occur in actual passenger commands. The model’s strong per-
formance serves as a reliable indicator of its potential but needs field data validation to confirm
its effectiveness. The research used a pre-trained teacher model that was not fine-tuned for the
experiments. The main goal was to extract the teacher’s strong general and in-context reasoning
abilities. The study leaves open the possibility that using a teacher model which received initial
training on the DLR dataset could have delivered an even more effective supervisory signal. The
student’s peak performance might have reached higher levels if the teacher received fine-tuning on
the autonomous driving task because it would have delivered more precise “dark knowledge.” The
research did not include this comparison as part of its scope which represents a limitation. The
experiments concentrated on LLaMA model family and logit-based distillation approach. The ob-
served performance recovery rates and efficiency gains from this study might not translate directly
to different model architectures or alternative knowledge transfer methods including feature-based
and attention-based distillation. Finally, and maybe most importantly, while the results show clear
relative improvements through knowledge distillation, the absolute performance of the final KD-
Student model is still not good enough for reliable real-world deployment. An exact match accuracy
of 76.1% on the main DLR task, and especially a 15.1% failure rate for rejecting unsafe commands,
is far below what is needed for safety-critical autonomous systems. This performance gap shows
that although the approach works as a solid proof of concept, the current model is not yet robust

enough to be used in practice.
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7. Conclusion and Future Work

7.1. Conclusion

This thesis looked into the big challenge of not only using but also distilling powerful large language
models for safety-critical and quite limited environments at the German Aerospace Center. The
huge computational needs of modern models were tackled by building and testing a knowledge
distillation framework. This approach was meant to transfer the abilities of a big teacher model to
a smaller, more efficient student one. By shrinking an 8-billion parameter teacher into a 1-billion
parameter student and adding a new synthetic data pipeline for domain-specific tasks, this work

managed to create a model that is capable enough and can actually run on board.

The empirical evaluation demonstrated that the distilled student model recovered most of the
teacher’s task performance while maintaining its safety-aware rejection behavior. Autonomous
systems require this capability because errors can produce dangerous consequences. The system
achieved significant computational benefits through its model reduction and its ability to speed up

inference operations.

All in all, the results make it clear that knowledge distillation is a good model compression tech-
nique. It’s turning out to be a good way to adapt strong, general-purpose language models for
specialised and high-stakes tasks. The process passes on not only task accuracy but also the sub-
tle, context-aware thinking and safety logic that real-world use really needs. The framework built
and tested here gives a practical path to tap into the advanced abilities of large language models.
This lays a solid base for building the next generation of on-board Al that can handle the tough

conditions at the German Aerospace Center.

7.2. Future Work

The findings and acknowledged limitations of this study point to several promising avenues for
future research that may further strengthen the robustness, efficiency, and versatility of distilled

language models for autonomous systems.

One immediate and critical step is the validation of the model’s performance using real-world data.
Moving beyond synthetic scenarios to evaluate the distilled model against authentic passenger com-
mands would provide valuable insights into its robustness under realistic conditions. Deploying the
system in a high-fidelity simulator or controlled field tests could help assess its resilience to the
complexities of natural human speech, background noise, and unpredictable environmental factors,
thereby establishing its operational readiness. Also a valuable future experiment would be to di-
rectly compare what happens when distilling from a non-fine-tuned teacher versus a fine-tuned one.
This would mean first fine-tuning the 8B LLaMA model on the DLR dataset and then using it as
the teacher in an otherwise similar distillation process. Doing this could give important insights into
the trade-offs between keeping general reasoning skills and gaining more specialised knowledge. It

seems likely that a fine-tuned teacher could push the student’s task-specific accuracy even higher,
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while a non-fine-tuned teacher might help the student stay more robust when dealing with out-of-
domain or unclear queries. Additionally, exploring more advanced distillation techniques and hybrid
compression strategies could help close the remaining performance gap to the teacher model. Fu-
ture work may investigate feature-based distillation, which aligns intermediate representations, or
integrate Reinforcement Learning from AI Feedback (RLAIF) to refine the model’s reasoning, par-
ticularly for ambiguous or edge-case scenarios. Combining knowledge distillation with post-training
quantization or structured pruning could further reduce the model’s footprint, enabling deployment
on even more resource-constrained hardware. Another promising direction is the extension of the
current framework to multimodal reasoning. While this work focused on textual and structured
numerical data, incorporating raw sensor inputs allow the model to ground its understanding more
directly in its environment. This capability could unlock more sophisticated, contextually aware
decision-making for autonomous systems operating in dynamic real-world settings. Finally, mak-
ing sure that deployed models stay adaptable over the long term is really important. Future work
could look into adding continual learning methods that let the model update itself bit by bit as new
data comes in during operation. This would help on-board models adjust to changing situations,
new types of commands, or different environmental conditions without needing a full retraining
every time. In this way, the system can stay useful and perform well as things change over time.
Given the performance limitations found in the evaluation, the main goal for future work should
be to close the still significant gap between the current model’s capabilities and what is needed
for a production-level deployment. Substantial improvements in absolute accuracy and especially
safety-rejection reliability will be necessary. To reach this, future work should look at more exten-
sive fine-tuning, with longer training runs and also a more systematic hyperparameter optimisation
to figure out the best learning rates and distillation settings. In addition, expanding the training
corpus with a larger amount and more diverse examples of challenging edge cases could be very
important for making the model more robust and pushing its performance closer to a level that is

acceptable for real-world scenarios.
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A. Appendix

A. Model Comparison Overview

Number of
Name Release date | Developer parameters | License

(billion) [b]

:ﬂtii:lio;:: q June 2017 Vaswani et al. 0.213

GPT-1 June 2018 OpenAl 0.117 MIT
BERT October 2018 Google 0.340 Apache 2.0
GPT-2 February 2019 OpenAl 1.5 MIT
XLNet June 2019 Google 0.340 Apache 2.0
T5 October 2019 Google 11 Apache 2.0
GPT-3 May 2020 OpenAl 175 Proprietary
GPT-Neo March 2021 EleutherAl 2.7 MIT
GPT-J June 2021 EleutherAl 6 Apache 2.0
Claude December 2021 | Anthropic 52 beta
GLaM December 2021 | Google 1200 Proprietary
Gopher December 2021 | DeepMind 280 Proprietary
GPT-NeoX February 2022 EleutherAl 20 Apache 2.0
Chinchilla March 2022 DeepMind 70 Proprietary
PaLM April 2022 Google 540 Proprietary
OoPT May 2022 Meta 175 NC
YaLLM 100B June 2022 Yandex 100 Apache 2.0
Minerva June 2022 Google 540 Proprietary
AlexaTM November 2022 | Amazon 20 Proprietary
LLaMA February 2023 Meta Al 65 NC
BloombergGPT | March 2023 Bloomberg L.P. 50 Proprietary
Jurassic-2 March 2023 AI21 Labs N/A Proprietary
GPT-4 March 2023 OpenAl 1760 Proprietary
PaLM 2 May 2023 Google 340 Proprietary
Llama 2 July 2023 Meta Al 70 Llama 2
Claude 2 July 2023 Anthropic N/A Proprietary
Granite 13b July 2023 IBM N/A Proprietary
Mistral 7B September 2023 | Mistral Al 7.3 Apache 2.0
Claude 2.1 November 2023 | Anthropic N/A Proprietary
Grok 1 November 2023 | xAl 314 Apache 2.0
DeepSeek-LLM | November 2023 | DeepSeek 67 DeepSeek
Phi-2 December 2023 | Microsoft 2.7 MIT
Gemini 1.0 December 2023 | Google DeepMind | N/A Proprietary
Mixtral 8x7B December 2023 | Mistral Al 46.7 Apache 2.0
Gemini 1.5 February 2024 Google DeepMind | Unknown Proprietary
Gemini Ultra February 2024 Google DeepMind | Unknown
Gemma February 2024 Google DeepMind | 7 Gemma
Claude 3 March 2024 Anthropic N/A Proprietary
Phi-3 April 2024 Microsoft 14 MIT
Mixtral 8x22B | April 2024 Mistral Al 141 Apache 2.0
Chameleon June 2024 Meta Al 34
DeepSeek-V2 June 2024 DeepSeek 236 DeepSeek
Nemotron-4 June 2024 Nvidia 340 NVIDIA
Qwen2 June 2024 Alibaba Cloud 72 Qwen License
Llama 3.1 July 2024 Meta Al 405 Llama 3 license
Nova October 2024 Rubik’s AT N/A Proprietary
Mistral Large November 2024 | Mistral Al 123 Mistral
DeepSeek-V3 December 2024 | DeepSeek 671 MIT
Amazon Nova December 2024 | Amazon N/A Proprietary
DeepSeek-R1 January 2025 DeepSeek 671 MIT
Qwen2.5 January 2025 Alibaba 72 Qwen License
Gemini 2.0 February 2025 Google DeepMind | Unknown Proprietary
Grok 3 February 2025 xAl N/A Proprietary
Qwen3 April 2025 Alibaba Cloud 235 Apache 2.0
Llama 4 April 2025 Meta Al 400 Llama 4 license
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B. Synthetic Dataset for DLR Autonomous Vehicle Use Case

This appendix details the design, generation, and properties of the synthetic dataset created for

the DLR autonomous vehicle voice command interface. The dataset supports training and eval-

uation in a domain where public, safety-annotated corpora are scarce. The generation pipeline

involves two main scripts: syn-data-v4.py for structured scenario creation and 1lm-gen-v5.py

(with prompts.py) for natural language query generation.

B.1. Extended Data Samples

Positive Sample (Valid Command)

1 A

2 "id": "alb2c3d4-e5f6-7890-abcd-ef1234567890",

3 "timestamp": "2025-05-28T10:00:00.000000+00:00",
4 "sensor_inputs": {

) "scenario": "highway",

6 "current_speed": 115.3,

7 "distance_to_vehicle_ahead": 65.8,

8 "distance_to_goal": 15234.1

9 3,

10 "command": "change_lane_left",

11 "parameters": {

12 "urgency": "high"

13 1,

14 "label": "positive",

15 "generated_query": "I need to get over to the left lane quickly, my exit is coming

up."

16

Negative Sample (Unsafe Context)

1 A

2 "id": "f0e9d8c7-b6ab-4321-fedc-ba9876543210",

3 "timestamp": "2025-05-28T10:05:00.000000+00:00",
4 "sensor_inputs": {

5 "scenario": "urban", "current_speed": 45.1,

6 "distance_to_vehicle_ahead": 8.2

7 i

8 "attempted_command": "change_lane_left",

9 "attempted_parameters": {
10 "urgency": "high"},
11 "rejection_reason": "Insufficient distance ahead (8.2 m < 15 m)",
12 "label": "negative",
13 "generated_query": "Get over to the left, now!"
14 3

Konstantin Witossek I
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Negative Sample (Unknown Command)

© 00 N O Ut = W N

e e
QL= W N = O

"id": "12345678-90ab-cdef-0123-456789abcdef",
"timestamp": "2025-05-28T10:10:00.000000+00:00",
"sensor_inputs": {
"scenario": '"suburban',
"current_speed": 62.0,
"distance_to_vehicle_ahead": 40.5,
"distance_to_goal": 8765.4
Yo
"attempted_command": null,

"attempted_parameters": {7,

"rejection_reason": "User query falls outside supported vehicle control domain",
"label": "negative_unknown_command",
"generated_query": "What's the best local radio station for traffic updates?"

B.2. Full JSON Schema Definition

© 00 N O U = W N

= = = = e e
S TR W NN = O

17
18
19
20

21
22
23
24
25

"$schema": "http://json-schema.org/draft-07/schema#",
"title": "DLR Synthetic Command Schema",
"type": "object",
"properties": {
"id": {"type": "string", "format": "uuid"},
"timestamp": {"type": "string", "format": "date-time"},
"sensor_inputs": {
"type": "object",

"properties": {

"scenario": {"type": "string", "enum": ["urban", "suburban", "highway"l},
"current_speed": {"type": "number"},
"distance_to_vehicle_ahead": {"type": "number"},

"distance_to_goal": {"type": "number"}
Fo
"required": ["scenario", "current_speed", "distance_to_vehicle_ahead",
"distance_to_goal"]
i
"command": {"type": ["string", "null"l},
"parameters": {"type": "object"l},
"label": {"type": "string", "enum": ["positive", "negative",
"negative_unknown_command"]},
"attempted_command": {"type": ["string", "null"l},
"rejection_reason": {"type": ["string", "null"l}
e

"required": ["id", "timestamp", "sensor_inputs", "label"]

Listing A.1: DLR Synthetic Command Schema
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B.3. Prompt Templates for Query Generation

System Prompts:

o Positive: “You are an Al assistant helping to generate natural language queries that a human

passenger might say in an autonomous vehicle...”

e Negative: “.. These queries should represent requests that the vehicle CANNOT safely ful-
fill...”

“©

e Unknown: “.. These queries should represent requests that the vehicle CANNOT map to

any known command schema...”

Example User Prompt Template (Positive):

1 lambda sample: f"""
2 Imagine you’re a passenger in an autonomous vehicle. Create a natural, conversational

request that would make the vehicle’s AI execute the following command:

4 Desired command: {sample[’command’]}

5 Command parameters: {sample[’parameters’]}

7 You’re currently:

8 - In a {sample[’sensor_inputs’][’scenario’]} setting

9 - Traveling at {sample[’sensor_inputs’] [’current_speed’]} km/h

10 - {sample[’sensor_inputs’] [’distance_to_goal’]} meters from your destination

11 - {"In " + sample[’sensor_inputs’] [’weather’] + " weather" if ’weather’ in samplel[’

sensor_inputs’] else ""}
12

13 Write ONLY what you would say to the vehicle - be natural and conversational.

14 .strip()

Konstantin Witossek
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B.4. Dataset Statistics

Table A.2.: Dataset Composition by Label

Label Sample Count | Percentage
positive 30,000 73.2%
negative 10,000 24.4%
negative_unknown_command 1,000 2.4%
Total 41,000 100%

Label Distribution

Table A.3.: Command Categories and Examples

Category Commands

Speed Control drive_faster, slow_down, drive_sportier

Lane Control follow_lane, change_lane_left, change_lane_right
Navigation turn_left, perform_u_turn, leave_roundabout
Stopping/Boarding | stop_board, stop_park, perform_emergency_stop
Query get_current_speed, get_distance_to_goal

Command Categories

Query Length Statistics
e Average Length: ~15 words

o Shortest: ~2 words (e.g., “Go faster.”)

o Longest: ~40 words (for complex multi-parameter commands)
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C. Training Dynamics and Learning Rate Schedule

This section provides plots that visualize one of the models’ training runs.

C.1. Training Loss Curves

Figure A.1 shows the loss calculated on the training data batches for both the Baseline Student
and the KD-Student.

is Figure A.1: Training Loss Curves

- Baseline Student

KD-Student
4.0

35
3.0
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20

Training Loss

15
1.0
0.5

0o 0 2000 4000 6000 8000 10000

Training Steps

Figure A.1.: Training loss curves for Baseline Student (blue) and KD-Student (orange).

Analysis:

e KD-Student Advantage: The KD-Student demonstrates faster convergence and a lower
final training loss. This stability results from the soft labels provided by the teacher model,
which yield smoother gradients than the one-hot targets used by the Baseline Student.
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C.2. Learning Rate Schedule

Figure A.2 illustrates the learning rate schedule used throughout training.

1e-5 Figure A.2: Learning Rate Schedule
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Learning Rate

0.75

0 2000 4000 6000 8000 10000
Training Steps

Figure A.2.: Learning rate schedule: warm-up followed by cosine decay.

Analysis:

o Warm-up Phase (Steps 0-500): A linear increase from zero allows for stable gradient

updates at initialization.

o Cosine Decay Phase (Steps 500—10,000): The learning rate then gradually decays fol-
lowing a cosine curve, enabling large updates early in training and smaller, fine-grained steps

as convergence is approached.
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C.3. Breakdown of KD-Student’s Combined Loss

Figure A.3 decomposes the total loss used by the KD-Student into its constituent parts: Cross-

Entropy loss and KL divergence loss.

is Figure A.3: Breakdown of KD-Student's Loss
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Figure A.3.: Breakdown of KD-Student’s loss into class loss (purple) and KD loss (green).

Analysis:
e The class_loss measures the student’s ability to match ground-truth labels.

e The kd_loss evaluates how closely the student approximates the teacher’s output distribu-

tion.

e Both curves exhibit steady decline, confirming effective multi-objective optimization with

temperature 7' = 2 and weighting factor oo = 0.5.
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D. Qualitative Examples of Model Outputs

This section presents a qualitative analysis of model outputs on sample inputs from the DLR-
specific synthetic dataset. These examples illustrate practical differences between the Teacher, the
Baselines, and the Knowledge Distilled Student. Each includes the user input, sensor context, model

responses, and a short analysis.

D.1. Successful Case: Standard Command

Input:
e User Query: “I need to take the next exit, please move into the right lane.”
e Sensor Context: {"current_speed": 85.7 ...}

Model Outputs:

Teacher (LLaMA 3.1 8B):

1 A

2 "command": "change_lane_right",
3 "parameters": {

4 "urgency": "normal"

5 b

6 7

Baseline Student (1B):

{
"command": "change_lane_right",
"parameters": {}

}

N R

KD-Student (1B):

1 A

2 "command": "change_lane_right",
3 "parameters": {

4 "urgency": "normal"

) }

6 7

Analysis: All models correctly interpret the intent. The Teacher and KD-Student add nuanced

understanding by specifying urgency, indicating successful transfer of contextual inference.
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D.2. Challenging Case: Colloquial Language and Ambiguity

Input:
e User Query: “Whoa, this guy is way too close. Can you, like, back off a bit?”

¢ Sensor Context:

{"current_speed": 45.0, "distance_to_vehicle_ahead": 8.5 ...}
Model Outputs:

Teacher (LLaMA 3.1 8B):

1 A

2 "command": "follow_lane",
3 "parameters": {

4 "target_distance": 15.0
5 }

6 7

Baseline Student (1B):

{
"command": "emergency_brake",

"parameters": {}

}

U R

KD-Student (1B):

1 A

2 "command": "follow_lane",
3 "parameters": {

4 "target_distance": 15.0
5 }

6

Analysis: The Teacher and KD-Student correctly interpret informal speech. The Baseline Student’s

misclassification as a high-risk situation.

D.3. Failure Case: Necessary Rejection (Safety-Ciritical)

Input:
e User Query: “Let’s make a U-turn here, I think I missed my turn.”
e Sensor Context: {"current_speed": 110.0%}

Model Outputs:

Teacher (LLaMA 3.1 8B):
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1 A

2 "command": "reject_command",

3 "parameters": {

4 "reason": "Cannot perform U-turn on a highway at current speed."
5 X

6 7

Baseline Student (1B):

{
"command": "perform_u_turn",

"parameters": {}

U R

}

KD-Student (1B):

1 A

2 "command": "reject_command",

3 "parameters": {

4 "reason": "U-turn is unsafe at high speed and on this road type."
5 }

6

Analysis: Baseline Student fails a safety-critical judgment. The Teacher and KD-Student correctly

reject the action, highlighting distillation’s role in transferring safety reasoning.

D.4. Failure Case: Malformed Output (Hallucination)

Input:

e User Query: “Ok, find a spot to pull over and park on the side of the road somewhere up
ahead.”

e Sensor Context: {"current_speed": 55.0 ...}
Model Outputs:

Teacher (LLaMA 3.1 8B):

1 A

2 "command": "stop_park",

3 "parameters": {

4 "parking_type": "shoulder"
5 }

6

Baseline Student (1B):
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1 Sure, I can do that. I will look for a safe place to pull over.
2 {

3 "command": "stop_car"

KD-Student (1B):

{
"command": "stop_park",
"parameters": {
"parking_type": "shoulder"
}
X

S O s W N

Analysis: The Baseline Student produces malformed, chatty output that breaks JSON structure.
KD-Student and Teacher maintain valid formatting, showing improved structural discipline via
distillation.
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