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Abstract—Accurate information extraction from specialized
texts is a critical challenge for automated rule checking (ARC)
in the architecture, engineering, and construction (AEC) domain.
While large language models (LLMs) possess strong reasoning
capabilities, their deployment in resource-constrained AEC en-
vironments is often impractical. Conversely, standard efficient
models struggle with the significant domain gap. Although
this gap can be mitigated by pre-training on large, human-
curated corpora, such approaches are labor-intensive and costly.
To address this, we propose ARCE (Augmented RoBERTa
with Contextualized Elucidations), a novel knowledge distillation
framework that leverages LLMs to synthesize a task-oriented cor-
pus, termed Cote, for incrementally pre-training smaller models.
ARCE systematically explores the optimal strategy for knowledge
transfer. Our extensive experiments demonstrate that ARCE
establishes a new state-of-the-art on a benchmark AEC dataset,
achieving a Macro-F1 score of 77.20% and outperforming both
domain-specific baselines and fine-tuned LLMs. Crucially, our
study reveals a less is more principle: simple, direct explanations
prove significantly more effective for domain adaptation than
complex, role-based rationales in the NER task, which tend to
introduce semantic noise.

Index Terms—Automated Rule Checking, Large Language
Models, Named Entity Recognition.

I. INTRODUCTION

The architecture, engineering, and construction (AEC) in-
dustry, a cornerstone of the global economy, operates under
a complex framework of safety codes and regulatory require-
ments documented in vast volumes of unstructured text [1]–
[3]. To navigate this complexity and mitigate human error,
automated rule checking (ARC) has emerged as a vital tech-
nology for ensuring regulatory compliance [4], [5]. A critical
bottleneck in developing effective ARC systems, however, lies
in the rule interpretation stage. This stage necessitates the
accurate extraction of semantic information from specialized
texts—a task formally known as named entity recognition
(NER) [6], [7].

Early attempts to address the NER challenge in the AEC
domain primarily involved fine-tuning pre-trained language
models (PLMs) such as BERT [8] and RoBERTa [9] on
small, in-domain labeled datasets. While these models have
achieved state-of-the-art (SOTA) performance in general do-
mains, their effectiveness in specialized fields like AEC is
often constrained by a significant domain gap [10], [11]. The
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specialized lexicon and complex syntactic structures found
in regulation documents differ drastically from the general-
purpose corpora used for the models’ initial training. This
mismatch limits the models’ ability to capture domain-specific
semantic dependencies, making robust information extraction
a persistent challenge.

To bridge this domain gap, the research community has
largely converged on two primary paradigms. The first is
domain-adaptive pre-training (DAPT), exemplified by ap-
proaches like ARCBERT [2]. This method involves fur-
ther pre-training general PLMs on massive, human-curated
domain-specific corpora to inject domain knowledge [12].
While effective, DAPT is exceptionally labor-intensive and
costly. Collecting and cleaning gigabytes of high-quality AEC
texts requires significant domain expertise and engineering
effort, making it difficult to scale or update as regulations
evolve [13].

The second, more recent paradigm leverages the emergent
capabilities of large language models (LLMs). Models such
as GPT-5 [14] and Qwen3 [15] possess strong reasoning and
zero-shot extraction capabilities. However, deploying billion-
parameter LLMs directly for ARC tasks presents severe prac-
tical hurdles. In real-world AEC scenarios—often involving
on-site devices or high-throughput document processing—
the exorbitant computational cost, high inference latency, and
memory footprint of LLMs are prohibitive.

Consequently, a new research frontier has opened: how
to leverage the knowledge of LLMs to augment smaller,
more efficient models [16]. This is often achieved through
generative data augmentation [17], [18], where LLMs are
used to synthesize labeled data or auxiliary knowledge to
train smaller models [19], [20]. However, a critical scientific
question remains unexplored in this context: What is the opti-
mal format of knowledge for transfer? While the community
has heavily focused on Chain-of-Thought (CoT) prompting to
elicit complex reasoning from LLMs [21], [22], it is unclear
whether such verbose and complex rationales are beneficial or
detrimental when distilling knowledge into a smaller model
with limited capacity for the NER task [23].

In this work, we address these challenges by proposing
ARCE (Augmented RoBERTa with Contextualized Elucida-
tions). Unlike traditional DAPT methods that rely on raw text,
ARCE introduces a novel knowledge distillation framework
that leverages an LLM to generate a high-quality, task-oriented



Fig. 1. The overall architecture of our proposed ARCE approach. The approach consists of three stages. Stage 1: We employ a LLM (e.g., Qwen3) to generate
a Cote (contextualized task-oriented elucidation) corpus from raw domain texts using specialized prompts. Stage 2: A pre-trained RoBERTa-wwm-ext model
undergoes incremental pre-training on the Cote corpus via a masked language modeling (MLM) objective, yielding the enhanced ARCE model. Stage 3: The
ARCE model is augmented with a CRF layer and fine-tuned on the downstream NER task, and is then used for inference on new, unseen texts.

knowledge corpus—termed Cote. Instead of simply generating
more training labels, ARCE tasks the LLM with providing
contextualized elucidations—explicit semantic explanations of
why a specific span constitutes an entity within its context.
This corpus is then used to incrementally pre-train a RoBERTa
model, effectively aligning its representation space with the
domain-specific logic before fine-tuning.

Our approach offers a cost-effective alternative to massive
pre-training while maintaining the inference efficiency of small
language models (SLMs). Through extensive experiments, we
validate that ARCE establishes a new state-of-the-art on a
benchmark AEC dataset, outperforming both domain-adapted
baselines and directly fine-tuned LLMs.

Crucially, our investigation yields a counter-intuitive and
valuable insight regarding knowledge generation. We system-
atically compare different prompting strategies—ranging from
complex, step-by-step reasoning to simple, direct explanations.
We discover a principle: for domain adaptation of SLMs, a
large volume of simple, explanation-based elucidations is sig-
nificantly more effective than complex, role-based rationales.
We hypothesize that while complex reasoning helps LLMs
themselves, it introduces noise and overfitting risks for smaller
models, whereas simple elucidations provide robust, linear
semantic features that are easier to digest.

The main contributions of this paper are summarized as
follows:

• We propose ARCE, a novel framework that lever-
ages LLM-generated elucidations to effectively adapt a
RoBERTa model to the AEC domain. This approach

circumvents the high costs of collecting large human-
curated corpora required by methods like ARCBERT and
avoids the deployment latency of LLMs.

• We conduct a systematic ablation study of knowledge
generation strategies. We reveal that simple, explanation-
based elucidations significantly outperform complex,
role-based reasoning for SLM adaptation, offering a
guiding principle for future generative data augmentation
research in the NER task.

• We establish a new state-of-the-art performance on the
benchmark AEC NER dataset, surpassing strong base-
lines including domain-adapted BERT models and fine-
tuned 8B-parameter LLMs, while maintaining a fraction
of the inference cost.

II. METHODOLOGY

Our proposed approach, ARCE (augmented RoBERTa with
contextualized elucidations), is designed to enhance NER
performance in specialized domains by leveraging knowledge
generated from a large language model, specifically Qwen3-
8B [15]. As illustrated in Figure 1, the ARCE approach is
decomposed into three sequential stages: (1) the generation of
a contextualized task-oriented elucidation (Cote) corpus; (2)
incremental pre-training of a RoBERTa model on this corpus;
and (3) downstream NER fine-tuning with a conditional ran-
dom field (CRF) layer.



A. Stage 1: Contextualized Task-Oriented Elucidation (Cote)
Generation

The cornerstone of our approach is the creation of a
high-quality, task-specific corpus, which we term the Corpus
of contextualized task-oriented elucidations (CCote). Unlike
traditional data augmentation methods that rely on generic
external corpora, we employ a powerful LLM, denoted as M,
to generate elucidations explicitly tailored to the reasoning
process of the NER task.

Given a sentence x = {w1, w2, . . . , wn} from a source
dataset and an entity within it, defined by its text span s
and entity type t, we construct a specialized prompt P based
on a prompting strategy Π, such that P = Π(x, s, t). This
strategy directs the LLM to generate a textual elucidation k
that clarifies why the span s corresponds to the type t within
the context of x, or describes the functional role it plays.

The generation of the elucidation text k = {k1, k2, . . . , kL}
is an auto-regressive process, where the probability of the
sequence is conditioned on the prompt P and the LLM’s
parameters θM. This is formally expressed as:

p(k|P ; θM) =

L∏
i=1

p(ki|k<i, P ; θM) (1)

By iterating this process over all entities in our source data,
we compile the final Cote corpus, CCote, which serves as the
foundation for adapting our NER model:

CCote = {kj |kj ∼ p(k|Π(xj , sj , tj); θM)} (2)

where (xj , sj , tj) represents the j-th entity instance in the
source dataset.

B. Stage 2: Incremental Pre-training on Cote

To effectively integrate the domain-specific knowledge en-
capsulated in the elucidations into our NER model, we perform
incremental pre-training on a RoBERTa model [24]. Let its
initial parameters be θRoBERTa. This stage adapts the general-
domain model to the specific vocabulary, syntax, and reasoning
patterns present in CCote.

The training objective for this phase is the standard masked
language modeling (MLM) task [8]. For each elucidation text
k ∈ CCote, we generate a corrupted version k̃ by randomly
masking a subset of its tokens. Let kmasked be the set of
original tokens at the masked positions. The MLM loss,
LMLM , is defined as the negative log-likelihood of correctly
predicting these original tokens from the corrupted context k̃:

LMLM (θ) = −
∑

k∈CCote

∑
w∈kmasked

log p(w|k̃; θ) (3)

The RoBERTa model’s parameters are updated by minimizing
this loss function over the entire Cote corpus. This procedure
yields an enhanced set of parameters, θARCE , which now
encode both general linguistic understanding and the targeted
task-specific knowledge, as shown in Eq. (4).

θARCE = arg min
θRoBERTa

LMLM (θRoBERTa) (4)

C. Stage 3: Downstream NER Fine-tuning with CRF

The final stage fine-tunes the adapted ARCE model for
the downstream NER task. To effectively model dependencies
between adjacent labels, we augment the architecture with a
conditional random field (CRF) layer. The CRF layer computes
a score s(x, y) =

∑n
i=1 Ei,yi

+
∑n−1

i=1 Ayi,yi+1
for a label

sequence y, combining emission scores E and a learned tran-
sition matrix A. The model is jointly optimized by minimizing
the negative log-likelihood of the ground-truth sequence ytrue:

LNER = − log

(
exp(s(x, ytrue))∑

y′∈Y(x) exp(s(x, y
′))

)
(5)

During inference, the Viterbi algorithm efficiently decodes
the optimal label sequence ŷ = argmaxy′∈Y(x) s(x, y

′).

III. EXPERIMENTS

A. Experimental Setup

We evaluate our approach on the public AEC-domain NER
dataset introduced by Zhou et al.1 [6]. This dataset serves as a
standard benchmark for regulatory compliance checking, con-
taining 4,336 labeled entities distributed across 611 sentences
drawn from diverse construction specifications. The entities
cover specialized categories such as building components,
constraints, and properties. Following the standard protocol
established in previous works [2], we adopt an 8:1:1 split
for training, validation, and testing. We report the Macro-F1
score as the primary metric to rigorously account for the label
imbalance inherent in specialized domain corpora.

Our implementation leverages the PyTorch framework and
the HuggingFace Transformers library. In the incremental pre-
training stage, we train the base RoBERTa-wwm-ext model
on our generated Cote corpus for 5 epochs. We utilize a
learning rate of 5e-5, a weight decay of 0.01 to prevent
overfitting, and a batch size of 16. The masked language
modeling (MLM) probability is set to 15%.

For the downstream NER fine-tuning, we train the aug-
mented ARCE model for 10 epochs using the AdamW op-
timizer with a linear learning rate scheduler. To stabilize the
training of the CRF layer, we employ a differential learning
rate strategy: the CRF transition parameters are updated with a
larger learning rate of 5e-1, while the encoder parameters use
a finer learning rate of 5e-5. All experiments were conducted
on a single NVIDIA GeForce RTX 4090 GPU, demonstrating
the computational efficiency of our approach compared to
multi-GPU LLM training.

B. Baselines

To comprehensively assess the effectiveness of ARCE, we
benchmark it against three distinct categories of baseline
models, covering both traditional discriminative methods and
cutting-edge generative paradigms:

1) Traditional Fine-tuned Encoders: We include stan-
dard pre-trained language models fine-tuned with a

1https://github.com/zhouyc98/auto-rule-transform



TABLE I
RESULTS COMPARISON WITH DIFFERENT METHODS. BOLDED VALUES INDICATE THE BEST PERFORMANCE.

Models Macro-F1 with Strict Match (%) Macro-F1 with Partial Match (%)
Precision Recall Macro-F1 Precision Recall Macro-F1

Traditional Methods
NuNER-CRF [19] 64.61 62.79 63.69
RoBERTa-CRF [9] 66.94 62.35 64.56 /
BERT-base-Chinese-CRF [8] 77.54 71.02 72.93
RoBERTa-wwm-ext-CRF [24] 74.62 68.36 71.19

8B Large Language Models
Llama3.1-8B-Instruct [25] 21.71 10.65 13.00 31.93 20.31 22,91
Ministral-8B-Instruct [26] 22.31 16.50 18.87 35.18 33.61 34.11
Qwen3-8B [15] 29.09 21.98 25.01 61.93 30.77 35.73

Large Language Models for Reasoning
DS-R1-Distill-Llama-8B [22] 13.79 9.63 10.51 34.90 23.56 25.39
DS-R1-Distill-Qwen-7B [22] 19.26 10.00 12.47 31.86 17.41 21.23
DS-R1-0528-Qwen3-8B [22] 25.98 11.37 15.60 42.11 15.73 21.99
Qwen3-8B-think [15] 41.28 28.77 32.55 55.16 36.73 41.68
Qwen3-235B-A22B-Instruct-2507 [27] 29.98 28.14 28.65 71.98 46.08 49.13
Qwen3-8B-SFT [27] 75.48 75.39 75.23 84.07 83.41 83.49
ARCBERT-CRF [2] 77.31 75.26 75.75 /
ARCE(Ours) 77.51 77.30 77.20 /

CRF layer, including BERT-base-Chinese [8] and
RoBERTa-wwm-ext [9]. These represent the widely
used pre-train then fine-tune paradigm without domain
adaptation.

2) Large Language Models: We evaluate both Zero-Shot
and Fine-Tuned (SFT) performance of modern LLMs.
• General LLMs: We test Qwen3-8B [15],
Llama3.1-8B [25], and Ministral-8B [26]
in a zero-shot setting to gauge their inherent domain
understanding.

• Reasoning Models: We include the recently proposed
DeepSeek-R1-Distill series [22], which are op-
timized for complex reasoning chains, to investigate if
heavy reasoning aids NER tasks.

• Fine-Tuned LLM: We include Qwen3-8B-SFT [27],
a model fine-tuned on the training set with LoRA [28],
serving as a high-resource upper bound for generative
approaches.

3) Domain-Specific SOTA Methods: We compare against
ARCBERT [2], which uses a large human-curated domain
corpus for pre-training, and NuNER [19], a state-of-the-
art method employing LLM-annotated data for encoder
pre-training.

C. Main Results and Analysis

The primary experimental results are presented in Table I.
Our proposed ARCE approach establishes a new SOTA on the
benchmark dataset, achieving a strict-match Macro-F1 score of
77.20%. ARCE significantly outperforms traditional methods,
surpassing the base RoBERTa-wwm-ext-CRF by a substan-
tial margin of 6.01 points. This improvement directly validates
the efficacy of our Cote corpus in bridging the domain gap.

Furthermore, ARCE surpasses the previous domain-specific
SOTA, ARCBERT (75.26%), by roughly 2 points. Notably,
ARCE achieves this without the need for the massive, human-
curated corpora that ARCBERT relies on, proving the high
value of synthetic, explanation-based knowledge.

A striking observation from Table I is the poor performance
of zero-shot LLMs under the strict match criterion. While
generative models possess strong semantic understanding, they
struggle with precise boundary detection—often including
punctuation or extra adjectives in the extracted span. When
evaluated under a partial match metric, Qwen3-8B’s score
improves to 35.73%, and the fine-tuned Qwen3-8B-SFT
reaches a high 83.49%. However, in engineering contexts
where strict compliance is required, extraction precision is
non-negotiable. ARCE, being a token-level discriminative
model, inherently avoids these boundary drift issues, offering
a more reliable solution for automated rule checking.

Furthermore, we observe that reasoning models perform
surprisingly poorly, scoring even lower than standard LLMs.
Inspection of their outputs reveals that these models tend
to over-think simple extraction tasks [29], often outputting
verbose rationales mixed with the extraction results. This
reinforces our finding that complex reasoning is not always
beneficial for low-level structural tasks. Finally, comparing
ARCE with Qwen3-8B-SFT (75.75%) highlights a critical
efficiency advantage. While the fine-tuned 8B-parameter LLM
achieves competitive results, it requires massive computational
resources for inference. ARCE, based on the lightweight
RoBERTa architecture, achieves a higher accuracy with less
than 2% of the parameter count, making it uniquely suitable
for deployment in resource-constrained AEC environments
where running an 8B model is infeasible.



Strategy A: Explanation-Based

System Instruction:
You are a world-class requirements documentation analysis expert.

Task:
Please explain why ‘{span}’ can be labeled as ‘{entity_type}’ in
the given text.

Constraint:
Your explanation must be logical, direct, and well-grounded in the
context.

Applied Models:
• ARCE: Uses this prompt directly.
• ARCE-think: Activates thinking mode.

Strategy B: Role-Based

System Instruction:
You are a world-class requirements analysis expert. Your task is not
simply to judge correctness, but to deeply analyze what role a fragment
plays, what functional effect it has, and what relationships it has within
the complete “text”.

Reference Definitions:
- Target Type: {label_en}
- Definition: {label_def}
Analysis Task:
- Full Text: “{text}”
- Target Fragment: “{span}”

Constraint:
Deeply analyze the role, function, and relationships.

Fig. 2. Comparison of knowledge generation strategies. Left (Strategy A): The prompt used in our ARCE framework, focusing on simple explanations.
Right (Strategy B): A complex prompt design forcing deep role analysis.

Fig. 3. Results of the ablation experiment.

IV. DISCUSSION

A. Ablation on Knowledge Generation Strategy

To isolate the impact of the knowledge generation strategy
and validate the less is more hypothesis, we conducted an
ablation study comparing ARCE against two variants. ARCE
utilizes Strategy A to generate simple, direct semantic explana-
tions. In contrast, ARCE-think adds CoT reasoning traces to
Strategy A, while ARCE-role employs Strategy B to analyze
complex functional roles. As shown in Figure 2 and Figure
3, the standard ARCE achieves the highest Macro-F1 score,
outperforming both variants.

A deeper analysis reveals that ARCE-role attains the high-
est precision but suffers from the lowest recall. We attribute
this to a granularity mismatch. While Strategy B encourages
intellectually rich, high-level abstractions, these descriptions
do not map linearly to the token-level features required by the
RoBERTa encoder. Consequently, the student model overfits
to specific functional roles and fails to generalize to broader
entity mentions.

Furthermore, ARCE-think unexpectedly underperforms
the standard ARCE. This suggests that raw CoT traces act
as semantic noise during distillation; the verbose intermediate
reasoning steps dilute the core semantic signal, hindering

Fig. 4. Data Efficiency and Scalability Analysis.

the limited-capacity student model from extracting essential
alignments. Collectively, these findings robustly support the
principle that a large volume of simple elucidations provides
a cleaner signal-to-noise ratio than complex reasoning chains
for the domain adaptation of SLMs.

B. Data Efficiency and Scalability

To evaluate data efficiency and scalability, we pre-trained
ARCE on increasing subsets (25%, 50%, 75%, and 100%)
of the Cote corpus. As shown in Figure 4, performance
exhibits a near-linear positive correlation with data volume.
Remarkably, using just 25% of the corpus achieves a Macro-F1
of 74.23%, already surpassing the fully supervised RoBERTa-
wwm-ext-CRF baseline by over 3 points. This highlights the
high value density of LLM-generated elucidations, providing
dense semantic signals that drastically reduce the data vol-
ume required for rapid domain alignment. Furthermore, the
performance curve shows no signs of saturation typical of
synthetic data methods. This sustained growth indicates that
further gains are achievable simply by scaling the generation
process, confirming ARCE’s robust scalability as a data-centric
solution for low-resource domains.



V. CONCLUSION

In this study, we proposed ARCE, a novel framework that
adapts lightweight models to the AEC domain using LLM-
generated explanations, establishing a new state-of-the-art with
a 77.20% Macro-F1 score. Our investigation reveals a critical
less is more principle: simple, direct elucidations facilitate
superior knowledge transfer compared to complex reasoning
chains in the NER task, which often introduce semantic noise
for smaller models. By achieving high accuracy with mini-
mal parameters, ARCE offers a viable solution for resource-
constrained edge deployment. Future work will explore the
generalizability of this paradigm across broader domains and
its integration into end-to-end automated compliance checking
systems.
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