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Abstract

Adapting open-source large language models (LLMs) to specialized domains remains a
critical challenge due to domain knowledge gaps, data scarcity, and reference hallucination.
Existing approaches often neglect the structural characteristics of domain knowledge and
fail to provide principled estimations of knowledge scope, resulting in data homogenization
and suboptimal adaptation, while leaving reference hallucination unmitigated. This paper
introduces BOLT(Building Open-source LLMs for your Target domain), a modular end-
to-end framework that tailors open-source LLMs for domain-specific scenarios. BOLT
systematically estimates domain scope, constructs structured hierarchical knowledge trees,
distills diverse and semantically aligned training data from advanced teacher LLMs, and
employs curriculum learning for progressive model optimization. To address reference
hallucination, BOLT substitutes generative methods, which are susceptible to hallucinations,
with a matching-based strategy, thereby alleviating the problem and significantly improving
reference recommendation accuracy. Extensive experiments across diverse domains and
models demonstrate that BOLT enables the efficient modeling of structured hierarchical
domain knowledge and effectively enhances reference recommendation accuracy while
preserving both training efficiency and robustness throughout the adaptation process.
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The rapid advancement of large language models (LLMs) has garnered substantial
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attention, owing to their impressive performance across a wide spectrum of tasks [1,2].
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Adapting LLMs to specialized domains and real-world deployment has become a promi-
nent and rapidly growing research trend [3-5]. Notably, mainstream open-source mod-
Automated Hierarchical Knowledge els [6-8], trained on large-scale and diverse corpora, have established strong performance
Distillation. Appl. Sci. 2025,15,11393.  baselines, thereby accelerating the development of domain-adapted variants.
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knowledge from cutting-edge LLMs has become a widely adopted and scalable alterna-
tive [9,10]. However, existing methods often overlook the structure of domain knowledge
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and fail to estimate how much training data are needed for different domains. These omis-
sions can degrade data quality and limit downstream performance. Furthermore, many
real-world applications require models to generate faithful and verifiable references, yet the
generative nature of LLMs leads to hallucination [11], including fabricated citations [12]. All
these challenges highlight the urgent need for principled estimation of domain knowledge
scope and for more structured representations of domain expertise. In addition, addressing
reference hallucination calls for mechanism-level solutions beyond surface-level filtering.
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Figure 1. Challenges C applying open-source LLMs to specialized domains.

In this paper, we introduce BOLT (Building Open-source LLMs for your Target do-
main), a systematic framework for automating the adaptation of open-source LLMs to
specialized domains. The framework comprises five key stages, each designed to progres-
sively adapt open-source LLMs to target domains:

1.  Scope Estimation. The breadth of domain knowledge is quantified through a recursive
traversal of Wikipedia categories and domain-relevant articles. This stage provides an
approximate boundary of the knowledge scope, ensuring that subsequent modeling
efforts are neither too narrow to miss essential concepts nor too broad to dilute
domain specificity.

2. Knowledge Tree Construction. Based on the estimated scope, hierarchical knowl-
edge structures are constructed with the assistance of teacher LLMs. Each node in
the knowledge tree corresponds to a domain concept, and the tree is expanded by
recursively identifying prerequisite sub-concepts. In this manner, leaf nodes rep-
resent foundational knowledge that underpins their parent nodes (e.g., algebra as
a prerequisite for advanced mathematics). The resulting knowledge tree captures
both hierarchical dependencies and conceptual granularity, serving as a structured
blueprint for data distillation.

3.  Data Distillation. Guided by the hierarchical knowledge tree, teacher LLMs generate
training samples that are not only semantically aligned with specific nodes but also
enriched with explicit attributes such as length, difficulty level, and task format. The
attributed distillation process ensures that the training dataset reflects both vertical
and horizontal coverage, preventing data homogenization.

4.  Curriculum Learning. The distilled data are organized into a curriculum aligned
with the hierarchical tree. The student LLM is progressively optimized from general
fundamental concepts to fine-grained domain-specific knowledge, facilitating stable
convergence and reducing the risk of catastrophic forgetting.

5. Reference Recommendation. To alleviate reference hallucination, generative methods
are replaced with a matching-based strategy. BOLT automatically collects relevant ref-
erences according to the constructed knowledge tree and further retrieves appropriate
citations by combining word-based matching and embedding-based matching against
the query content. This hybrid strategy improves both the accuracy and reliability of
references accompanying generated responses.
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Through the integration of these components, BOLT provides an end-to-end frame-
work for automating the adaptation of open-source LLMs to specialized domains. It enables
reasonable estimation of the knowledge scope and organizes domain knowledge in a struc-
tured hierarchical manner, thereby facilitating efficient data construction and model train-
ing. Moreover, BOLT alleviates reference hallucination at the mechanism level, effectively
improving the accuracy of reference recommendations. In summary, our contributions are
as follows:

* A modular end-to-end framework, BOLT, that automates the domain adaptation of
open-source LLMs through five integrated stages.

* A principled approach to domain knowledge modeling, featuring scope estimation
and knowledge tree construction, which mitigates data homogenization and enhances
the efficiency of knowledge acquisition.

* A novel matching-based method for reference recommendation, which mitigates
hallucination while ensuring the authenticity of references.

¢  Extensive experiments demonstrating BOLT’s effectiveness across various tasks, mod-
els, and domains, showcasing its superiority over baselines and strong generalizability
across domain adaptation settings.

2. Related Work
2.1. Data Acquisition for LLM’s Domain Adaptation

Acquiring high-quality and semantically aligned data is a core challenge in adapting
LLMs to specialized domains. Various methods have involved manually collecting and
processing datasets to train LLMs [13,14]. However, these approaches are typically labor-
intensive, and it can be challenging to access many domain-specific knowledge areas
due to their scarcity or confidentiality. In response, several studies [3,9,15] have explored
leveraging the generative capabilities of LLMs to automate the creation of datasets, aiming
to achieve results comparable to those of manually curated datasets. Despite their potential,
these efforts overlook the varying knowledge scopes across domains and lack fine-grained
knowledge structures, leading to data homogenization [16] and ultimately compromising
data quality and diversity.

2.2. Training Strategies for Domain-Specific LLMs

The training strategy is a key factor that influences the effectiveness of domain-specific
adaptation. Existing methods can be roughly classified into three categories. Supervised
fine-tuning (SFT) is the most practical and widely used approach [17,18], directly optimizing
model parameters on in-domain data. Divergence- and similarity-based methods [19,20]
utilize internal signals from white-box teacher models to provide distributional guidance.
Reinforcement learning [21] and ranking-based optimization [22] incorporate feedback
signals from reward models or preference annotations to further enhance domain align-
ment. However, these methods often ignore the inherent logicality of domain knowledge
and fail to adapt accordingly, leading to weak domain retention and even catastrophic
forgetting [23].

2.3. Hallucination in LLMs

LLMs are known to generate fictitious references that do not correspond to real
sources [12,24], a phenomenon referred to as reference hallucination, which is a specific case
of broader hallucination in LLMs [11]. The underlying causes of hallucination generally fall
into three categories: data, training, and inference [25]. To address data-related issues, prior
work has applied rigorous filtering and curation of training corpora [26,27]. Training-phase
solutions include model editing techniques [28,29] and architectural modifications [30],
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as well as alignment-based methods [31] to reduce hallucination risk. At the inference
level, factuality-aware decoding strategies [32,33] and faithfulness-enhanced methods [34]
have been proposed to improve consistency and factual grounding in generated outputs.
Although these methods offer partial relief from hallucination, they fail to eliminate it
fundamentally and are thus inadequate for tasks such as reference recommendation, where
factual accuracy is imperative.

3. Method

As illustrated in Figure 2, the BOLT framework comprises five stages. A detailed
explanation of each stage is provided in the following sections.
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Figure 2. An overview of the BOLT framework.

3.1. Scope Estimation

BOLT begins with a specified target domain D and estimates its knowledge cover-
age using a traversal-based method grounded in the hierarchical structure of Wikipedia
categories. Starting from the root category corresponding to D, BOLT recursively collects
subordinate categories and their associated articles. The resulting counts of categories
and articles, denoted as C and A, serve as an intuitive yet informative proxy for the
scale of domain knowledge, guiding the subsequent construction of the knowledge tree
and dataset.

3.2. Knowledge Tree Construction

Inspired by the need to systematically expand from a specific domain to a comprehen-
sive set of knowledge points, BOLT adopts a tree structure to represent the hierarchical and
expandable nature of domain knowledge. BOLT initiates the construction of the knowledge
tree 7 by setting the target domain D as its root and enqueuing it into the decomposition
queue Q. The tree is then incrementally expanded under the guidance of two teacher
models, denoted as G; and G,, which alternately carry out knowledge decomposition and
critique-driven refinement. The prompts used during the knowledge tree construction
process are provided in Appendix A.

3.2.1. Knowledge Decomposition
If Q is not empty, the next node to be expanded is dequeued, denoted as k. Leveraging

G1, a set of prerequisite knowledge points required for learning k in the context of D is
generated, denoted as K. The prompt used in this process is detailed in Appendix A.1.

3.2.2. Critique-Driven Refinement

Subsequently, the teacher model G, evaluates the appropriateness of the knowledge
points in K. It supplements any critical yet omitted concepts while removing those deemed
overly fine-grained or excessively elementary. In cases where the original point k is already
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sufficiently specific and requires no further elaboration, the entire set K is discarded. If
K remains nonempty;, its elements are enqueued into Q for subsequent processing. The
prompt template used in this process is provided in Appendix A.2.

In practice, it is necessary to impose constraints on both the degree and depth of
the knowledge tree 7. These constraints can be heuristically linked to C introduced in
Section 3.1, such that the degree d and depth h of the tree are both proportional to C,
i, d,h « C. Accordingly, the two procedures described above are iteratively applied until
the depth of the tree approaches the upper bound h. Subsequently, G, is employed once
more to review and refine 7. In this step, duplicate or highly similar topics are removed,
following the principle of prioritizing nodes with a lower depth. The overall process is
summarized in Algorithm 1, and an example of the resulting knowledge tree is shown in
Figure 3.

Algorithm 1 Knowledge Tree Construction.

Input: Target domain D, teacher models G, G, number of categories C
Output: Knowledge tree 7
Initialize the root of 7 as D and add D to an empty queue Q
Set degree d and depth h such thatd, 1 o« C
while Q # @ and depth(7) < h do
k < Q.Dequeue()
K < Decompose(G1,d, k, D)
K + Refine(G,, K, k, D)

if £ # @ then
Q.Enqueue(K)
T .AddChildren(k, KC)

end if
end while
Refine(Gy, T)
return T
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Figure 3. An example of the knowledge tree.
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3.3. Data Distillation

After constructing the knowledge tree, BOLT generates the corresponding dataset.
The overall dataset scale is informed by C and A, as introduced in Section 3.1. Based on
the observation of a previous work [35] that effective alignment can be achieved with
approximately 1000 high-quality training instances, and considering the empirical values
of C and A in practice, the data volume N for each task in D is heuristically defined as
N = C:In A, which reflects both the conceptual complexity and the content richness
associated with the domain. To enrich training data, BOLT incorporates an attribute set 3,
which is a collection of data attributes, including length, mission format, difficulty level, etc.
Furthermore, assuming that the importance of knowledge nodes varies with their depth in
the tree, nodes closer to the root are considered to be more crucial and thus require a larger
volume of data, and then another model G3 can be leveraged to distill data:

Dy = Distill(Gs, D, k, hy, v, N, B), 1)

where Dj denotes the dataset corresponding to knowledge point k, k. indicates the depth
of k, and 1 is a parameter to quantify the amount of data allocated to nodes at different
depths, so the amount of data for k is proportional to /.

3.4. Curriculum Learning

BOLT employs a curriculum learning approach for model training. Specifically, the
training data are organized in order from foundational knowledge points to the root node,
and within the same layer, the data are arranged from easy to difficult. Furthermore, after
completing the training on a given layer of knowledge points, a certain amount of samples
from previously learned knowledge points are randomly inserted to enable the model to
perform rehearsal learning. This curriculum learning strategy simulates human learning
processes, allowing the model to learn in a structured manner from shallow to deep and
from easy to hard while simultaneously mitigating catastrophic forgetting.

3.5. Reference Recommendation

After curriculum learning, a base model is transformed into a domain-specific model,
denoted as Mp. To facilitate reference recommendation, responses generated by M are
enhanced through a question-reference matching method. For the target domain D, BOLT
automatically constructs a reference repository by pre-selecting relevant references from
online academic sources, guided by the structure of the knowledge tree 7, denoted as
Rp = {r1,r2,..., gy} Given a question g, BOLT computes the similarity between each
reference in Rp and ¢, denoted as ¢(g, ), where r € Rp. Specifically, BOLT employs two
matching algorithms: embedding-based matching and word-based matching.

3.5.1. Embedding-Based Matching

BOLT utilizes a sentence encoder to encode the question g and each reference r € Rp
for similarity matching. The underlying concept of this approach is inspired by Retrieval-
Augmented Generation (RAG) [36]. Specifically, BOLT employs a sentence encoder, denoted
as &, to embed g and r as vectors, and subsequently computes the cosine similarity between
g and r:

€(q) - £(r)
N O GIA @

While inspired by RAG, BOLT differs in how retrieved information is utilized. In RAG,
the retrieved documents only serve as contextual input to the model, and the model still
freely generates text; thus, hallucinations may persist. In contrast, BOLT directly outputs
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references that are explicitly matched through embedding similarity, ensuring that all cited
references are real and verifiable.

3.5.2. Word-Based Matching

BOLT proposes a word-wise matching algorithm as a supplementary method for
reference recommendation. Let the function /(-) denote the set of all distinct words from a
given text segment; then, the similarity between g and r can be expressed as follows:

ORIG]
A T ©

This measure closely resembles the Jaccard similarity [37], but it replaces the denomina-
tor in the original formula with a single set, #(q). This adjustment addresses the imbalance
caused by the varying lengths of reference titles.

Then, three references are recommended for each algorithm, denoted as R. and R :

Re = argmaxg cr, (R.|=3 Y. pe(q,r), 4)
r€Re

Rw = argmaxp g, Ry |=3 Z Pw(q, 1), 5)
r€Rw

The results from both algorithms are aggregated to provide the final set of references:
R — Re U an (6)

4. Experiments

4.1. Experimental Setup
4.1.1. Data Preparation

We focus on three domains: prescription review, digital payments, and copyright
law. Each domain comprises specific tasks that can generally be categorized as generative
or classification tasks, as summarized in Table 1. All teacher models were configured as
DeepSeek-V3 [2]. In terms of scope estimation, the maximum recursion depth for querying
articles and categories was constrained to two to achieve an optimal balance between
coverage and relevance. Subsequently, the depth and maximum degree of the knowledge
tree were configured based on parameters C and A, followed by the computation of the
data size, as detailed in Table 2. To maintain a relatively controllable and appropriate
number of nodes, we uniformly set the tree depth to 2, with the root at height 2 and the
bottom nodes at height 0. To reflect the varying importance of knowledge points across
different layers, we set v to 1.25. The attribute set B in data distillation includes three
categories: difficulty (easy, medium, hard), length (50-200 words), and type (conceptual
understanding, reasoning and computation, practical application). Attribute values are
randomly assigned during data generation. The BOLT framework automatically constructs
reference repositories by retrieving the relevant academic literature from online search
engines. The resulting reference counts are summarized in Table 3.
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Table 1. Description of the three domains targeted in the experiment and the corresponding tasks
along with their types. “Gen.” represents generative tasks, while “Cls.” represents classification tasks.

Prescription . . .
Review Digital Payments Copyright Law Type
Domain Knowledge Quiz Gen.
Multiple-Choice Question Legal Knowledge
Applying Cls.
Rational Drug- . . Legal Knowledge-
Use Assessment Sentiment Analysis Understanding

Table 2. Information on domain scope, knowledge trees, and data size (number of training samples
per task) across three domains (denoted by initials).

Scope Tree
Domain - - Data Size
Categories  Articles Degree Depth Nodes
PR. 178 33,190 4 2 41 1853
D.P. 127 3119 3 2 30 1021
C.L. 192 4550 4 2 44 1617

Table 3. Results on reference recommendation, including Avg. Len. (the average number of references
recommended by BOLT) and Repo. Size (the number of references in the repository).

Domain Avg. Len. Repo. Size BOLT (%) DeepSeek (%)
Prescription 5.43 220 51.57 2821
Review
Digital 531 9% 56.31 43.59
Payments
Copyright Law 5.59 102 52.42 10.26

4.1.2. Models and Training

We selected six open-source models as base models: Llama3-8B [38], Mistral-7B [7],
Baichuan2-7B [39], Qwen2-0.5B, Qwen2-1.5B, and Qwen2-7B [40]. Due to the constraints
of computational resources, we employed a combination of mixed-precision training and
LoRA fine-tuning [41], with the objective of maximizing the likelihood of predicting the
next token in the supervised fine-tuning setting:

|yl

L= log P(yi|x, y1,Y2,-- -, Yi-1;0LoRA), (7)
i=1

1

lyl
where x denotes the input sequence, y denotes the target output sequence, y1, 2, .. ., Yyl
represents the tokens in y, and 0 ,ra denotes the trainable parameters introduced by LoRA
on top of the frozen backbone model. This strategy made it feasible to complete the training
on a single NVIDIA RTX 4090 GPU, with some essential hyperparameters summarized in
Table 4. For reference recommendation, we employed stsb-distilroberta-base as the sentence
encoder.
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Table 4. Essential parameters and their settings for model training.

Model Learning Training  Opti- LoRA LoRA Batch Gradient
Type Rate Epochs mizer  Rank % Size Acc. Steps

bfloatlé 5 x 107* 3 AdamW 8 8 1 16

4.1.3. Evaluation

We compare our method against three baselines: (1) the base model (e.g., Llama3-
8B), (2) its official fine-tuned version (e.g., Llama3-8B-Instruct), and (3) a topic-guided
knowledge distillation variant inspired by [10]. Specifically, we first partition the target
domain into topics using a teacher model and then generate 3000 training instances per
task to guide fine-tuning. For generative tasks, using cutting-edge LLMs such as GPT-4 as
evaluators has become common practice [35]. Accordingly, we employ GPT-4-Turbo [1] to
jointly evaluate the responses from our method and the three baselines on five dimensions:
precision, relevance, understandability, professionalism, and logicality. Each dimension is
rated on a 10-point scale. For classification tasks, model performance is measured using
standard accuracy. The evaluation datasets are constructed from real-world examinations
in their respective domains, with each task containing approximately 50-200 test cases. To
evaluate the performance of the reference recommendation, we manually count the number
of relevant references for each query. To evaluate the effectiveness of BOLT in terms of the
reference recommendation, we conduct a manual assessment on the domain knowledge
quiz (DKQ) task by calculating the proportion of references generated by BOLT that are
genuinely relevant to the given queries. This is then compared against the proportion of
verifiable references produced by DeepSeek-V3 (three references per query).

4.2. Main Results
4.2.1. Results Across All Domains

Table 5 presents the results of all models across three domains, including nine tasks.
Figure 4 shows the scores of the Qwen2-7B series models across five dimensions on the
DKQ task. The score for the DKQ task in Table 5 was obtained by calculating the average
score across the five dimensions presented in Figure 4. Our proposed BOLT framework
significantly enhances the performance of the base model and outperforms all baselines
in most cases. The models evaluated in this experiment include different sizes within
the same series (Qwen2-0.5B, Qwen2-1.5B, and Qwen2-7B). Following the application
of BOLT, smaller models exhibit more pronounced relative performance gains, whereas
larger models consistently achieve superior absolute performance, indicating a higher
performance upper bound. It is worth noting that, across the Qwen2-0.5B model series, the
BOLT framework underperforms the topic-guided approach on more than half of the tasks.
We hypothesize that this may be due to the limited capacity of the model, under which
the quantity of knowledge has a greater impact on performance than the way in which the
knowledge is structured.
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1 Ace. [ Rel. ] Und. 1 Prof. ] Log.

Instruct 8.46 | 8.52 | 7.98 | 7.66 | 8.4 |

Topic 9.12 | 9.14 | 8.99 | 8.53 | 9.07 |

BOLT 9.45 | 9.56 | 9.12 | 9.17 | 9.65 |
Instruct 8.02 | 8.07 | 7.73 | 7.86 | 7.9 |

Topic 8.87 | 8.88 | 8.61 | 6.96 | 8.81 |

BOLT 8.46 | 9.08 | 8.32 | 8.84 | 8.6 |
Instruct 7.47 | 7.6 | 7.07 | 7.2 | 7.35 |

Topic| 6.88 | 6.94 | 6.64 | 6.69 | 6.8 |

BOLT 8.22 | 9.07 | 8.09 | 8.79 | 8.43 |

10 20 30 40 50
Score

Figure 4. Performance details of the Qwen2-7B series models on the domain knowledge quiz task
across three domains.

Table 5. Results of all models across three domains, covering a total of nine tasks. Each task is
represented by its abbreviation. The optimal results within the same model series are highlighted in
bold. All metrics are “the higher, the better”.

Prescription Review Digital Payments Copyright Law
Model RDUA  MCQs o MCQs LKU LKA
PKQ "oy o PKQSACD ey DKQ gy
Llama3-8B 2.69 34.05 22.56 5.29 49.52 25.83 3.12 33.33 28.41
+Instruct 7.40 57.93 4512 7.65 76.70 60.00 5.48 54.60 54.55
+Topic 8.91 63.41 66.46 7.70 81.55 89.17 5.74 79.89 76.70
+BOLT 9.27 79.88 70.73 8.12 85.47 87.50 8.23 81.61 89.20
Mistral-7B 3.73 30.49 18.29 6.10 27.18 26.67 2.20 20.69 17.05
+Instruct 5.49 46.95 28.66 6.07 66.02 28.33 5.36 23.56 27.27
+Topic 8.31 53.69 60.37 7.32 80.58 85.00 4.36 81.03 71.02
+BOLT 9.03 73.78 65.85 8.66 82.69 81.67 8.10 82.18 85.80
Baichuan2-7B 3.54 34.15 23.78 3.85 18.45 19.17 4.45 21.26 28.41
+Instruct 7.73 58.54 49.39 6.99 82.52 62.50 5.66 51.72 53.41
+Topic 8.11 65.85 68.90 7.86 90.29 83.33 6.16 77.01 73.86
+BOLT 8.92 79.27 71.95 8.26 92.74 86.67 7.93 87.36 88.64
Qwen2-0.5B 5.35 39.02 26.22 6.23 23.30 28.33 2.15 24.71 25.57
+Instruct 6.72 46.10 42.07 7.18 49.52 50.83 3.39 58.62 45.45
+Topic 7.08 48.17 56.10 7.64 86.41 65.00 3.01 68.97 64.20
+BOLT 7.13 64.63 54.27 7.26 83.80 73.30 5.56 64.94 57.39
Qwen2-1.5B 6.47 45.29 34.15 6.63 38.84 60.00 3.38 48.28 36.93
+Instruct 7.27 59.85 59.15 7.67 52.43 75.00 4.61 70.83 66.48
+Topic 7.60 67.68 66.46 7.32 81.55 85.00 4.43 73.56 69.32
+BOLT 8.34 69.51 70.12 8.34 90.50 82.50 7.73 82.76 77.27
Qwen2-7B 7.09 48.78 57.32 7.11 54.37 68.30 4.07 65.52 60.23
+Instruct 8.20 75.00 75.61 7.76 85.44 87.50 7.34 84.48 82.39
+Topic 8.97 76.22 77.44 8.62 87.38 87.50 6.79 86.21 81.25
+BOLT 9.39 81.70 76.22 8.66 91.06 94.17 8.52 87.93 85.23

4.2.2. Results on Reference Recommendation

Table 3 reports the results of the reference recommendation task. More than half
of the recommended references are valid, suggesting strong relevance to the questions
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and clearly outperforming the generation-based baseline. Notably, BOLT’s performance
is relatively stable across different repository sizes and appears to be more influenced
by the proportion of valid references than by the absolute size of the repository. While
BOLT does not guarantee perfect topical alignment of all recommended references, every
citation it produces is authentic and verifiable. In contrast, generation-based approaches
built on large language models often yield references that appear contextually relevant
but are prone to hallucinations, citing works that do not actually exist. We contend that
such hallucinations are substantially more detrimental to user experience than occasional
mismatches in topical relevance, thereby underscoring the practical advantage of BOLT’s
matching-based strategy.

4.3. Analysis

Finding 1: The scope estimation module in BOLT reliably provides accurate as-
sessments of data volume. During the data distillation stage, we construct five training
datasets of varying sizes: 25%, 50%, 75%, 125%, and 150% of the standard data volume (as
shown in Table 2) across three domains. These datasets are used to train the Llama3-8B base
model. Model performance is evaluated on three tasks: multiple-choice questions (MCQs)
in prescription review and digital payments, and legal knowledge application (LKA) in
copyright law. The results are shown in Figure 5. Performance improves markedly as data
size increases from 25% to 100% across all domains, but it plateaus beyond 100%, indicating
diminishing returns. This saturation trend underscores the role of the scope estimation step
in identifying an efficient data volume that balances training cost and model effectiveness.
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Figure 5. Model performance across domains with varying training data sizes.

Finding 2: Critique-driven refinement contributes to improving the structural orga-
nization of the knowledge tree. We prompt the teacher model G, to explain its refinement
process, with two representative modifications illustrated in Figure 6. The model exhibits
a reasonable capacity to assess structural coherence and apply targeted adjustments that
enhance the organization of the knowledge tree. However, the impact of critique-driven
refinement on the overall quality of the knowledge tree remains underexplored and calls
for more fine-grained analysis, which presents a promising direction for future research.

Finding 3: Curriculum learning enhances knowledge acquisition and strengthens
model performance. We randomly shuffled the training data obtained by data distillation
and used them to fine-tune the Llama3-8B base model. The model was then evaluated on
classification tasks across three domains, with the results shown in Table 6. Curriculum
learning outperforms random-order training on most tasks, highlighting its overall advan-
tage. However, in the Legal Knowledge Understanding (LKU) task, the randomly trained
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model achieves better performance, likely because LKU focuses on conceptual recall (e.g.,
legal provisions) rather than structural understanding of the domain.

@ Domain: {Digital Payments} @ Domain: {Copyright law}
To be decomposed: {Symmetrical encryption} To be decomposed: {International copyright treaty}
QI Results: [Fundamentals of Cryptography, key- g1 Results: [Fundamental principles of copyright law,
management ] domestic copyright law system, foundations of

@ Results after Refinement: [Fundamentals of
g Cryptography, key-management, encryption algorithm] Q Results after Refinement: []
2

Explanation: Encryption algorithms are essential

to symmetric encryption, as they define how data gé all preliminary explanations under the topic of
is transformed using a key. While cryptographic International Copyright Treaty. However, they are
foundations cover principles and key management overly broad and insufficiently distinct from the
handles keys, the algorithms specify the actual main topic, thus failing to constitute

process, making them a distinct and necessary independent knowledge units.

component.

international copyright law]

Explanation: The decomposed knowledge points are

Figure 6. Representative modifications from critique-driven refinement.

Table 6. Comparison between curriculum learning and random-order training.

Domain Task Random-Order Curriculum
Prescription Review RDUA (%) 78.05 79.88
P MCQs (%) 65.24 70.73
.. SA (%) 80.45 85.47
Digital Payments MCQs (%) 86.67 87.50
. LKU (%) 83.91 81.86
Copyright Law LKA (%) 85.23 89.20

Finding 4: BOLT enables the model to maintain stable performance even in high-
uncertainty environments. To evaluate the stability of model outputs, we conducted an
experiment on the LKU task, in which each test sample was used to generate 10 outputs
under varying temperature settings. The temperature parameter controls the randomness
of model outputs: lower values make responses more deterministic, while higher values
increase diversity and may cause instability when exceeding one. We then computed
the accuracy and information entropy [42] of these outputs, with the results presented
in Figure 7. As the temperature increases, the accuracy of the baseline model (i.e., the
officially fine-tuned version) declines, whereas the BOLT model consistently maintains high
accuracy, exhibiting robustness to temperature changes. Furthermore, higher temperature
settings lead to a more dispersed response distribution in the baseline model, while the
BOLT model’s outputs remain notably more concentrated. These results indicate that BOLT
enhances the stability of model outputs without compromising performance.

Finding 5: The extracted knowledge varies across different teacher LLMs, leading
to discrepancies in model performance. We incorporated GPT-40 mini [1] and GLM-4-
Air [43] as two additional teacher models into the framework, with prescription review
designated as the target domain. Subsequently, we trained the Llama3-8B base model
using the generated dataset. Table 7 presents the comparison results, revealing that knowl-
edge extracted from different teacher LLMs leads to varying model performance across
distinct tasks. This highlights the importance and potential of further research in effectively
leveraging the complementary strengths of diverse teacher models.
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Figure 7. Performance and stability comparison of different models under varying temperature
settings.

Table 7. Comparison of the impact of different teacher LLMs on the performance across three tasks in
the prescription review domain.

Teacher LLM DKQ RDUA (%) MCQs (%)

DeepSeek-V3 9.39 81.70 76.22
GPT-40 mini 9.34 74.10 71.59
GLM-4-Air 9.27 76.00 77.37

5. Discussion

The experimental results demonstrate that BOLT effectively addresses critical chal-
lenges in adapting open-source LLMs to specialized domains, including domain knowledge
gaps, data scarcity, and reference hallucination. By systematically estimating domain scope
and constructing hierarchical knowledge trees, BOLT captures the structural characteristics
of domain knowledge, which are often overlooked by existing adaptation methods. Com-
pared to conventional approaches, BOLT provides more principled guidance for model
training, reduces data homogenization, and improves the accuracy of reference recom-
mendation. Furthermore, its curriculum-guided knowledge distillation from advanced
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teacher LLMs ensures efficient and robust domain adaptation, mitigating issues such as
catastrophic forgetting and unstructured knowledge integration.

BOLT’s design enables broad applicability across diverse domain-specific tasks. The
hierarchical knowledge modeling and curriculum-based learning facilitate coherent ac-
quisition of prerequisite concepts, making it particularly effective for scientific question
answering, automated content summarization, and specialized information extraction.
Furthermore, the matching-based reference strategy significantly reduces hallucination,
highlighting its utility in scenarios requiring high-precision reference recommendations.
These properties suggest that BOLT can serve as a generalizable framework for various
domain-adaptive LLM applications where structured knowledge and reliable outputs
are crucial.

Despite its advantages, BOLT has potential limitations. In particular, its performance
ceiling is inherently constrained by the capabilities of teacher LLMs. If teacher models
lack comprehensive domain knowledge or exhibit biases, the adaptation of the student
model will be limited accordingly. Furthermore, the reliance on hierarchical trees may not
fully capture highly interdependent or nonlinear relationships in certain domains, and
the efficiency of knowledge tree construction could be further improved. Understanding
and addressing these limitations are essential to extend the framework to broader or more
complex settings.

Several promising avenues for future research arise from these observations. First,
exploring multi-model knowledge distillation could enable BOLT to integrate the comple-
mentary strengths of multiple teacher LLMs, enhancing domain adaptation performance.
Second, investigating alternative knowledge representations, such as graphs, ontologies, or
hypergraphs, can better capture complex interdependencies within domain knowledge.
Third, improving the efficiency and expertise of knowledge structure construction, includ-
ing automated methods for high-quality domain knowledge acquisition, could further
strengthen BOLT’s practicality. Future work could also evaluate BOLT in highly dynamic
or interdependent domains to assess its scalability and real-world applicability.

6. Conclusions

This paper presents BOLT, a modular end-to-end framework designed to adapt open-
source language models to domain-specific scenarios. By employing a multi-stage pipeline,
BOLT systematically estimates the scope of domain knowledge and structures it into a
hierarchical knowledge tree, enabling more effective and targeted knowledge distillation.
To address reference hallucination at its root, BOLT replaces generative mechanisms with
a matching-based approach, substantially mitigating hallucination risks. Comprehensive
experiments across diverse domains and open-source models demonstrate that BOLT con-
sistently enhances domain-specific performance while suppressing reference hallucination.
Further analysis confirms the effectiveness of each framework component, highlighting
BOLT'’s ability to improve model stability and robustness and providing valuable insights
and inspiration for future research on domain adaptation in large language models.
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Appendix A

For the sake of transparency and reproducibility, this Appendix documents the
prompts employed in our study when interacting with teacher models during the construc-
tion of the knowledge tree. Although the original prompts were formulated in Chinese, we
present their English translations here to ensure accessibility to a broader readership.

Appendix A.1. Prompt Used for Knowledge Decomposition

# Task
You are now an expert in the field of {domain}, tasked with designing a learning path on {
topic} for a learnmer.

Based on the knowledge structure of {topic} within {domain}, analyze the prerequisite
knowledge required to master {topic}, and output around {width} knowledge points that
are meaningful for discussion and learning. The knowledge points should be logically
distinct and consistent with textbook-style pedagogical logic. If {topic} itself is
already very fundamental, or there is no further need to break it down, please clearly
state this and briefly explain the reason.

# Requirements

Please follow these requirements:

1. The output knowledge points should be prerequisite or core foundational content for
learning {topicl}.

2. Each knowledge point must be independently discussable or expandable, not merely a term.

w

. Do not write definitions or explanations, only list the names.

4. The number of knowledge points should be around {width}; slight adjustments are allowed
if necessary.

5. Ensure a reasonable structure; do not simply enumerate terms.

6. If {topic} itself is already very fundamental, or there is no further need to break it
down, please clearly state this and briefly explain the reason.

7. The knowledge points should be foundational for learning {topic}, rather than simply

subdivisions of {topicl}.

# Output Format Specification
[ X1

{

json

"domain": "Domain Name",
"topic": "Topic to be decomposed",
"prerequisites": [
{
"name": "Knowledge Point 1",
"significance": "Explanation of its necessity"
1,
// Other knowledge points...
1,

"stop_reason": "Reason if decomposition is unnecessary"
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Appendix A.2. Prompt Used for Critique-Driven Refinement

# Task

As an expert in the field of {domain}, you are responsible for conducting a rigorous review
of the knowledge system design regarding the topic of {topic}. You must apply critical
thinking to evaluate all submitted content.

# Review Rules
1. Necessity Check:
Clear the knowledge point list in the following cases:
- The topic is already an atomic-level concept (e.g., "real number", "alphabet")
- The generated knowledge points have little relevance to the topic
- The knowledge points are self-repetitive

2. Completeness Check:
Supplement missing elements if any of the following are absent:
- Core prerequisite knowledge recognized in the field (e.g., learning calculus must
include limits)
- Key methodologies supporting the topic (e.g., gradient computation in machine

learning)

3. Conciseness Check:
Remove redundant items in the following cases:
- Multiple knowledge points essentially discuss the same concept
- A higher-level concept already encompasses the lower-level concepts

# Input and Output Content
- Input: A knowledge branch containing a topic and several knowledge points
- Output: The processed knowledge points along with the reasoning for such processing

# Output Format Specification
cc¢

json
{
"domain": "Domain Name",
"topic": "Topic to be evaluated",

"knowledge_points": ["Knowledge Point 1", "Knowledge Point 2"] // or an empty list if no

points remain

"reason": "..."
}
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