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Abstract—Automated sequence labeling of regulatory docu-
ments is crucial for automated compliance checking (ACC)
and domain knowledge graph (KG) creation, yet is hindered
by a ‘“high-cost, low-resource” dilemma. Public, high-quality
labeled datasets for building codes are scarce and difficult to
reuse across regions, making large-scale annotation expensive.
Although large language models (LLMs) show strong few-shot
capabilities, multi-round, clause-by-clause annotation with high-
performance APIs remains prohibitively costly, whereas afford-
able models are less reliable. To resolve the cost-performance
dilemma, we propose LMABC, a low-cost, low-resource LLM
Multi-Agent framework for Automated Sequence Labeling in the
Building Codes. Rather than relying on a single powerful model,
LMABC coordinates multiple diverse, affordable LLM agents to
achieve high-quality annotation through collective intelligence.
The framework couples a task allocation mechanism with a two-
phase labeling workflow consisting of parallel labeling and chain-
based transfer labeling. Final results are obtained by a hybrid
consensus ensemble that combines majority voting with dynamic
weighting to support downstream KG creation. Experiments on
building-code and general-domain benchmarks demonstrate that
LMABC approaches high-performance models at a fraction of
the cost, and achieves higher accuracy with fewer tokens than
state-of-the-art (SOTA) methods on general tasks.

Index Terms—Automated Compliance Checking, Automated
Sequence Labeling, Building Codes, Large Language Model,
Multi-Agent Chain

I. INTRODUCTION

Strictly compliance is essential for safety and efficiency in
the architecture, engineering, and construction (AEC) industry.
Traditional manual compliance checking of building repre-
sented by computer-aided design (CAD) drawings and build-
ing information modelling (BIM) models clause-by-clause
is inefficient, expensive, and error-prone [1]. Consequently,
automated compliance checking (ACC), also known as auto-
mated rule checking (ARC) has become increasingly adopted
[2]. A key bottleneck is translating unstructured regulatory
clauses into machine-interpretable knowledge, which typically
requires large, high-quality annotated corpora [3], [4].

From hard-coded rules to pretrained deep learning mod-
els, ACC has consistently relied on large high-quality pre-

annotated corpus for knowledge graph (KG) creation, How-
ever, regional differences limit data transferability, creating a
“high-cost, low-resource” dilemma in the AEC industry [5].
Although large language models (LLMs) offer the zero/few-
shot potential [6], the cost-reliability trade-off of single models
has driven recent research towards collaborative multi-agent
frameworks using affordable LLMs [7]. Although consensus
can improve robustness, repeatedly labeling the same tasks
consumes substantial tokens, and few-shot methods still re-
quire an initial annotated set. As a result, existing solutions
remain costly and prone to unstable consensus [8], [9]. In
short, ACC remains bottlenecked by the lack of high-quality
annotated data, and even LLM-based text annotation still needs
a seed dataset. When a single high-performance model is pro-
hibitively expensive (via either API or on-prem deployment),
an important challenge is to coordinate multiple affordable
LLMs to reduce token use while improving accuracy.

Motivated by this insight, we propose LMABC, a low-cost,
low-resource LLM Multi-Agent framework for Automated
Sequence Labeling Building Codes. LMABC supports down-
stream domain KG creation and ACC by integrating data pre-
processing, task allocation, a multi-agent labeling workflow,
and a consensus ensemble. Guided by ACC requirements,
we normalize text and construct an ontology to support pre-
annotation and guide sequence labeling [10]. Task allocation
balances throughput and re-annotation cost, while the two-
phase workflow combines parallel labeling with chain-based
transfer labeling so that complex tasks can be re-annotated
by stronger agents. Meanwhile, prompt optimization further
reduces token consumption [11]. Final results are produced by
a hybrid consensus method that combines majority voting with
dynamic weighting based on standardized accuracy, relative
rank, and perplexity-based evidence.

LMABC enables multiple affordable agents to achieve high-
quality regulatory sequence labeling at a fraction of the cost
of a single state-of-the-art (SOTA) model. Across domain
and general benchmarks, it achieves competitive accuracy and
offers an extensible corpus pipeline for KG-based ACC task.



II. RELATED WORK
A. ACC in Building Construction Standards

Early ACC methods relied on hard-coded rules, which
lacked flexibility because updates required manual recoding.
They also could not process unstructured natural language, a
major limitation given the complexity of regulations [12], [13].

Advances in machine learning (ML) and deep learning (DL)
methods for natural language processing (NLP) shifted ACC
toward transforming unstructured regulations into machine-
interpretable representations [14]. Traditional ML methods
rely on handcrafted features for text classification and infor-
mation extraction [15], whereas DL methods learn semantic
features automatically in an end-to-end manner to extract
entities and relations from regulatory documents and organize
them into ontology, executable rule procedures or KG [16],
[17], improving the extraction of complex compliance rules.

More recently, generative Al (GenAl) represented by LLMs,
enables the direct rules extraction from regulations by zero-
shot or few-shot learning capabilities, further reducing the
reliance on annotated data [18], [19]. Nevertheless, ACC
research relies heavily on structured building data (CAD,
BIM) and unstructured regulatory text data, necessitating high-
quality annotated corpora for robust rule development and
validation. Even with advancements in pre-trained models,
high-quality data is still essential for the best accuracy [20].

Hence, acquiring high-quality expert-annotated corpora is
costly and labor-intensive, underscoring the critical need for
cost-effective, efficient, and automated annotation solutions.

B. Automated Text Annotation Methods

Text annotation assigns meaningful labels to raw text and
is a foundational prerequisite for training supervised learning
models in nearly all NLP tasks [21]. As indicated in Section
II-A, ACC often emphasizes sequence labeling data and some
POS tagging data to support ontology and KG construction.

Early automated annotation methods relied on rule-based
and dictionary-based systems that used handcrafted patterns
to label text, which is interpretable but hard to generalize
and costly to maintain [22]. Subsequently, similar as ACC
methods, rule-based approaches were followed by ML and
DL based methods, however, they typically require substantial
training data and computing resources and might degrade on
domain-specific texts without proper adaption [23], [24].

Recently, LLMs have enabled zero-shot or few-shot anno-
tation, effectively recognize entities and relationships without
task-specific training [25]. However, a single LLM can hal-
lucinate or be overconfident in specialized domain settings,
and high-performance models are expensive via either on-
premises deployment or API access [26]. This motivates
multiple LLMs collaborate together as a multi-agent system
to improve reliability under constrained budgets.

C. LLMs-based Multi-Agent System

By utilizing each LLMs as cognitive core, multi-agent sys-
tems boost the reasoning and planning abilities of autonomous
agents, enabling efficient collaboration on complex tasks [27].

For text generation and annotation, a common paradigm is
multiple agents solve the same task in parallel and then merge
outputs by consensus, improving reliability but substantially
increasing token and costs [28]. Meanwhile, consensus is
typically achieved from majority voting, LLM-as-Judge, multi-
agent debate, or manual judgment, which needs extra rounds
or external judges thus increase the cost [29], [30]. Some novel
schemes such as dynamic weighting [31] and relative ranking
[32], which directly reduce extra LLM calls by directly scoring
or comparing agent outputs. However, these methods can still
fail due to the overconfidence of a single LLM.

III. METHOD

In this section, we introduce LMABC, a cost-efficient LLM
multi-agent framework for automated sequence labeling in
building codes, the framewoke is illustrated in Fig. 1.

A. Data Preprocessing

To build an annotation dataset for ACC task in the Aus-
tralian AEC industry, LMABC uses publicly available Aus-
tralian regulatory, law, regulation documents as primary raw
sources, including the National Construction Code (NCC) and
Australian/New Zealand Standard (AS/NZS) series, etc. These
documents are publicly available online in PDF format.

To improve labeling efficiency, we preprocess thethe raw
documents before sequence labeling. We also construct a
lightweight domain ontology by adapting Qiu’s method [33]
and integrating resources such as buildingSMART Data Dic-
tionary (bSDD) and Brick. Tailored to Australian building
regulatory text, the ontology focuses on building energy and
structural elements and supports sequence labeling, named
entity recognition (NER), KG creation, and ACC.

B. Multi-Agent Labeling Workflow

1) Few shot Prompting: Prompt design is the first step
in our multi-agent labeling workflow. Since zero-shot falter
on complex, domain-specific tasks and fine-tuning model is
infeasible due to its need for large annotated datasets, which
is a direct conflict with our low-resource, low-cost scenario, we
adopt the few-shot prompting strategy [34]. To better exploit
the natural language processing capabilities of LLMs while
avoiding mismatches between extracted entities and assigned
labels, we enforce a structured natural language output, each
agent produces ‘“Label ‘A’ as ‘B’ 7 statements to ensure a
one-to-one mapping between text spans and labels.

2) Multi-Agent Labeling: After setting up the prompt, we
herein present the multi-agent sequence labeling workflow
of LMABC, which can be divided into two phases. The
first phase involves parallel labeling, while the second phase
employs chain-based transfer labeling. Therefore, LMABC can
be represented as ¢, the whole workflow can be denoted as:

o = (”Zl:l Li,pl) — (Ll’pg = Lg’pg = = Ln7p2)

Among them, ||y L; 1) denotes the parallel labeling in
Phase 1. (L1 p2 = Lap2 = -+ = Ly, p2) denotes the chain-
based sequential transfer labeling in Phase 2.
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Fig. 1.

Phase 1 Phase 2

Overview of LMABC. Data Preprocessing (Section III-A) prepares inputs for sequence labeling. Task Allocation (Section III-C) determinesagent

order and assigns initial tasks. The Multi-Agent Labeling Workflow (Section III-B) consists of two phases: Phase 1 parallel labeling and Phase 2 chain-based
transfer labeling. Consensus Ensemble (Section III-D) generates the final result for each task.

a) Phase 1: Parallel Labeling: As the initialization for
Phase 1, the total task dataset D is partitioned into n subsets
{D1,Ds,---,D,}. Each LLM agent L; is allocated a subset
D; as its initial set of labeling task. Subsequently, all agents
work in parallel to concurrently annotate all their tasks.

b) Phase 2: Chain-based Sequential Transfer Labeling:
Phase 2 adopts a chain framework, means the commencement
of this phase for any agent L, is strictly contingent upon the
completion from the preceding L;_;. The goal of Phase 2
is to improve final accuracy by subjecting a subset of tasks
to re-annotate by other agents, which provides the foundation
for a consensus ensemble. Accordingly, each agent follows a
“receive, re-annotation, and transfer” principle.

First, L; receives and re-annotates the task set T'D;_1 2
transferred from its upstream L, ;. Then L; consolidates
the re-annotated tasks with its own Phase 1 tasks D, into a
complete dataset D; 2, and then transfers a selected subset
TD; p2 to the next L; 1 for its Phase 2 work.

In Phase 2, task transfer between agents is governed a
confidence mechanism based on LLM output probabilities and
a dynamic transfer ratio. In this study, we use perplexity
(PPL) to measure the confidence of each task output. PPL
is calculated from the token-level log probabilities (logprobs)
returned by the LLM during generation. As shown in Eq. (1), a
higher PPL indicates greater uncertainty and lower confidence.

i log P(Res; | Resz, ...

b Resin)) (1)

where, Res is the output token sequence. Np.s is the total
number of tokens in Res. The agent L; transfers a fraction
Ratio; = (1—D;/D) of task to its downstream L; 1. Hence,
L; ranks all tasks in its consolidated dataset by their PPL in
ascending and transfers top Ratio; high-PPL tasks to L; ;.

PPL(Res) = exp<7 N}M

C. Task Allocation

Agents in LMABC differ in performance such as accuracy
and throughput, making effective initial task allocation critical
to overall system performance. We design a task allocation
mechanism to balance two key goals. First, it keeps the
workflow synchronized, allowing downstream agents to start
Phase 2 as soon as upstream agents forward low-confidence
tasks. Secondly, it maximizes the number of transferred tasks,

which improves the reliability of the final results by providing
stronger support for the consensus ensemble. Therefore, initial
task allocation planning is a core component of our framework.
Accordingly, LMABC uses a two-part allocation scheme com-
prising an initial task constraint and agent sequencing rules.

To improve the final accuracy, we place the faster with
higher accuracy agents as downstream agents in the chain
framework as safety nets. However, processing speed of a
LLM is primarily constrained by TPM (tokens per minute) and
RPM (requests per minute), Besides, when multiple LLMs run
in parallel, they can further degrade under parallel execution
due to shared-quota contention. Therefore, we define the
capacity coefficient K; for agent L; to measures the maximum
number of tasks per minute that can stably process, RPM; and
TPM,; are PRM and TRM of L;, as shown in (2).

p; : Rtotal}

where, T}, is the average tokens per task. p/, is the benchmark
parallel throughput ratio of L; (its workload share under
concurrency). R4 18 the total throughput of the multi-agent
observed during the parallel test (tasks per minute).

We then order agents in the chain using a bubble-sort-like
rule based on K; and historical accuracy Acc(L;). The pseudo-
code is detailed in Algorithm 1.

For initial task constraint, although pursued synchronization
is an ideal objective, we use linear constraints to allocate initial
task to approach this state as closely as possible.

TPM;

—_— 2
T @)

D. Consensus Ensemble

Upon the completion of the Phase 1 and 2 processes, many
tasks will have received repeated labeling results from different
agents. This intentionally designed “redundancy” in labeling
provides the necessary foundation for a final consensus step.
In this study, we proposed a consensus ensemble mechanism
to “arbitrate” these differing output results, fuse conflicting
labels, and yield a single, definitive result for each task.

Our consensus ensemble mechanism combines two common
consensus strategies in multiple LLMs: majority voting and
dynamic weighted voting. It considers three key aspects: the
agent’s overall historical accuracy in annotating all the task by



Algorithm 1 Chain Sequence with Accuracy-First and
Capacity-Aware Backward Pass
InitializeSequence(L, acc, K):

1: Inputs: agent set £ = {Lq,..

capacity Kj;

2: Thresholds: 7, <+— 0.05; p < 1.5

3: Baseline sort: S < sort(£) by acc(L;) in ascending order
AdjustSequence((S)

4: for i + |S| — 2 down to 0 do

5: Lyp < S [¢]

6: Laown < S[i + 1]
acc(Ldown) — acc(Lyp)

., Lp}; accuracy ace(L;);

7: Aacc — aCC(Ldown) 1012
if Auce > Tuce then
: continue
10: else
11: if p- K(Ldown) < K(Lyp) then
12: swap S[i] and S[i + 1]
13: else
14: continue
15: end if
16: end if
17: end for

18: return S

itself, its confidence level (measured by PPL) in the annotated
task, and a dynamic normalized ranking inspired by Farr [31].
The specific consensus ensemble process is applied to each
task 5 based on the number of available candidate results,
following the process below:

1. Uncontested Case: If task j was annotated by only one
agent, its result would be accepted as the final result by default.

2. Contested Case: If task j was annotated by two or more
agents, the mechanism would employ a two-stage decision:

1) Majority Voting: A majority voting is conducted among
all candidate results. If any results is supported by a clear
majority of the agents (> 50%), it is selected as the consensus.
Since each output includes agent-specific strings such as
‘model’ and ‘confidence’ to ensure the highest quality, the
final result is taken from the majority group with the lowest
PPL, indicating the highest confidence.

2) Weighted Voting: If there is no majority, the mechanism
proceeds to a dynamic weighted ensemble, the score for each
result is calculated using the formula shown in (3) to (6).

Score; ; = (Ai,j)a : (Ri,j)ﬁ ‘ (Cm)7 )
Acc(L;)

Ay, = heeldi) 4
3] Zkepj ACC(Lk) ( )

n; — ranki(PPL,;J-) +1

L%

R;; =

, Rij €(0,1] &)

manepj (PPL]@J’) — PPLZ'J

Ci T . 6
7 maxgep, (PPLy, ;) — mingep, (PPLy ;) ©

where, A; ;, R; j and C; ; are the normalized historic accuracy,
relative ranking and confidence of agent L; on task j respec-
tively. o, 3,y > 0 are hyperparameters with a+5+~v = 1. P;
is the set of participating agents for task j, and n; is the total
number of tasks labeled by L;. rank;(-) ranks all the results
of L; in ascending order by a indicator. PPL; ; denotes the
the output PPL score of task j labeled by L;.
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Fig. 2. The process of consensus ensemble mechanism

All indices are normalized so that higher values indicate
better quality. For each task j, we sum the normalized scores
of each candidate and select the one with the highest total
as the final output. The overall framework of the consensus
ensemble mechanism is illustrated in Fig. 2. This consensus
process provides our complete and final annotated dataset.

IV. EXPERIMENTS
A. Experimental Setup

1) Scenarios and Datasets: To validate the effectiveness
and generalizability of our proposed framework, we designed
two distinct experimental scenarios with specific dataset.

a) Scenario 1: Domain-Specific Sequence Labeling for
Construction Standards: Scenario 1 focuses on our primary
research target: low-cost automated sequence labeling in con-
struction standards for future ACC task, and is was compared
with SOTA LLMs. In this study, we created a dataset derived
from the NCC and selected ’Section B Structure’ volume as
a representative example, the raw text was segmented into
individual clauses, which serve as the fundamental tasks for
annotation. Using the methodology described in Section III-A,
the resulting dataset consists of 292 clauses for sequence
labeling task to extract and label key entities.

b) Scenario 2: General-Domain Tasks: Scenario 2 eval-
uates LMABC’s generalizability on a standard classification
benchmark, the Ideology Books Corpus (IBC) [35], and com-
pares it with a similar SOTA architecture [31]. To isolate the
performance differences from framework architecture itself,
we run both methods under identical conditions and LLMs.



2) LLM Agents Setup: To evaluate LMABC in the under
a lowest-cost setting, we avoid on-prem deployment on large-
memory GPUs and instead use free LLM APIs from multiple
providers in same machine and network. Across all scenarios,
we employ four distinct LLMs as agents: llama-4-Scout-
17B-16E-Instruct (L), llama-3.3-70b-instruct (Ls), llama-4-
maverick-17b-128e-instruct (L3), and gemini-2.0-flash (L4)
from Together AI, NVIDIA, Cerebras, and Google, respec-
tively. All four models support the ‘logprobs’ parameter.

Following the methodology detailed in Section III-C, based
on preliminary tests, the average input tokens is about 5,500
tokens per task, and the average output tokens is about 12,000
tokens. So we determined the optimal ordering for the agents
in the Phase 2 is [L1 = Lo = L3 = Ly4], calculated the initial
task allocation proportions for Phase 1 (0.15:0.2:0.3:0.35).
And then determined hyperparameters in consensus ensemble
(a=0.7, 8 =0.2, v =0.1) after multiple tests.

3) Evaluation Metrics: For Scenario 1, We evaluate the
performance at two levels to provide an overall assessment.

(1) Task-level Accuracy: To evaluate whether the predicted
result matches the gold labels, we define y; as the gold labels
and ¢; as the prediction sequence, as shown in (7).

I, .
ACCy = - ; g = vi} (7)

(2) Token-level Metrics: We compute the micro-averaged
Precision, Recall, and F1-score, which are standard for NER
tasks to evaluate the performance of the framework, across all
tokens from all tasks in the test dataset.

For Scenario 2, following the standard evaluation protocol
for tradition classification task, we use the overall accuracy
(same as the Task-level Accuracy in (7)) and F1 as the primary
metric to compare with other SOTA models.

B. Evaluation Results

1) Scenario 1 Results: To evaluate LMABC, we compared
it with multiple individual LLMs. The baselines included the
LLMs used in our framework, a suite of mainstream affordable
models from OpenAl, and the strongest single model GPT-
5. For statistical robustness, each experiences were tested 50
times. Scenario 1 experiment results are shown in Table 1.

LMABC achieves a task-level accuracy of 52.62%, a token-
level precision 80.44% and F1 score of 78.7%. It outperforms
all single LLMs in the LMABC chain (e.g., gemini-2.0-flash:
47.17%), mainstream affordable OpenAl model (e.g., GPT-5-
mini: 48.89%) and OpenAl even mainstream o4-mini (52.2%).
These results validate the effectiveness of our multi-agent
workflow and show that our free solution issuitable than mid-
tier paid models for this specialized task. More importantly,
LMABC approaches the performance of SOTA model GPT-5
(task-level accuracy of 59.39% and token-level F1 of 84.5%).

Cost efficiency is another major advantage of LMABC. In
our setup, it can use free open-source LLMs as agents, making
task processing essentially free. Although GPT-5 performs
slightly better than our framework, it incurs a much higher
cost. Based on the pricing in Table I and per-task token usage

mentioned in Section IV-A1, the cost per task can be estimated
as USD 0.127. For our dataset of about 300 tasks, the total
saving is approximately AC' = USD 0.127 x 300 ~ USD 38.
Therefore, LMABC maintains accuracy close to the strongest
baseline, while offering a practical and cost-efficient solution
for large-scale automated sequence labeling in building codes,
ideal for annotation projects with limited budgets.

2) Scenario 2 Results: The results of LMABC and the
compared baselines in Scenario 2 experiment are shown in
Table II. As reported in Table 2, LMABC achieves an accuracy
of 92.26%, significantly outperforming LLM Chain Ensembles
at 86.6%. It also shows lower variance (2.7% vs. 3.9%),
indicating more stable performance across repeated trials.

Another notable advantage is cost efficiency. For a fair
comparison, we assume the total number of tasks be M,
LMABC and the SOTA baseline use the same number of LLM
agents, denoted by n. According to Section III-C, the total
processed tasks of LMABC is given as follows:

Reqe = M + M -Y."3" Ratio; - (p, + i (H;;,i Ratioj> pk> ()

From (8), under the constraint on Ratio;, the Reqg is
typically less than 2M. At the same time, the calculation for
total processed tasks of SOTA is "T'H M . Therefore, the LLM
Chain Ensembles requires approximately 2.5M requests in the
experiment. It demonstrates that fewer redundant annotations
are sufficient to achieve higher accuracy. This directly trans-
lates to a reduction in the total number of tokens consumed
and hence lower computational costs.

In summary, Scenario 2 demonstrates that our framework
not only outperforms existing ensemble methods in classi-
fication accuracy but also reduces the need for redundant
annotations, making it a more effective and cost-efficient
solution for general sequence labeling and classification tasks.

C. Ablation Experiments

To validate core components of LMABC, we conducted
a series of ablation studies on three parts: task allocation,
consensus ensemble, and the number of agents.

1) Task Allocation and Consensus Ensemble: To quantify
the contributions of task allocation and consensus ensemble,
we compare the complete LMABC with three variants: ® 4,4
removes the initial task constraint mentioned in Section III-C
and assigns tasks evenly and randomly; ®y ;. keeps majority
voting only and, when no majority exists, resolves by normal-
ized rank; ®y; removes the majority vote and applies the
weighted ensemble directly for all tasks.

All experiment results are presented in Table III. The
complete LMABC framework achieves the best performance
across all metrics, which demonstrates that each component of
our design in LMABC contributes to the final performance.

® 4,4 drops most sharply, with task-level accuracy plummet-
ing to 45.82%, highlighting our task allocation mechanism is
crucial in the framework. By assigning more capable agents
downstream and allocating tasks intelligently, LMABC better
handles difficult tasks, thereby boosting the overall accuracy.



TABLE I
SCENARIO 1 RESULTS BY MODEL. PRICES ARE OFFICIAL RATES AS OF NOV. 2025; ‘FREE AVAILABLE’ DENOTES ZERO-COST AVAILABILITY;
SUBSCRIPTS INDICATE STANDARD DEVIATIONS.

Task Level Token Level Price (USD)

ACC (%) Precision (%) Recall (%) F1 (%) per 1 million tokens
04-mini 52.2 11.96 78.53 +1.14 75.84 4457 77.09 42 51 Input: $1.1 Output: $4.4
GPT-5 59.39 +1.92 83.47 +0.55 85.57 +1.61 84.5 +o0.5 Input: $1.25 Output: $10
GPT-5-mini 48.89 4+1.20 69 11.16 79.35 41 73.81 £1.04 Input: $0.25 Output: $2
GPT-5-nano 30.27 £2.34 73.39 42,07 39.87 1£3.37 51.53 19243 Input: $0.05 Output: $0.4
GPT-40-mini 40.18 4+1.80 58.13 +3.98 67.12 £3.14 62.24 4393 Input: $0.15 Output: $0.6
1lama-4-Scout-17B-16E-Instruct 33.31 1263 56.75 £2.70 55.83 +1.86 56.27 +2.11 Free Available
1lama-3.3-70b-instruct 38.01 +2.05 64.28 +2.96 67.98 +1.97 66.05 +2.16 Free Available
llama-4-maverick-17b-128e-instruct 47.86 +£2.86 76.65 +1.19 75.57 49.28 76.07 +0.86 Free Available
gemini-2.0-flash 47.17 £3.83 79.39 £1.49 75.23 +3.80 77.23 +2.62 Free Available
LMABC 52.62 +1.90 80.44 +1.49 77.06 +0.45 78.70 +0.56 Free Available

TABLE II 85
PERFORMANCE RESULTS FOR EACH MODELS IN SCENARIO 2. gl - Mmmmm—mmmmmmmmm———————-—oo g
= @eerereeeeennnnn e I
_ goooonnIITININIT
Method ACC (%) F1 (%) All Task Requests 2P
Chain Ensembles 86.6 +3.9 80.8 +1.1 2.5M 970 —o— Task-Level Accuracy
LMABC 92.26 107 90.47 143 <2M 565 -#- Token-Level Precision
£ —A— Token-Level Recall
TABLE TII 6 60 @ Token-Level F1 Score
ABLATION RESULTS ON TASK ALLOCATION AND CONSENSUS ENSEMBLE. E 55
SUBSCRIPTS INDICATE STANDARD DEVIATIONS. o I
50 . —
Task Level Token Level 45
ACC (%) Precision (%) Recall (%) F1 (%) 3 4 5
Pyote  50.19 1o.77 79.35 +o0.11 75.47 +0.83 77.36 +o0.49 . . .Number of Agents .
Dyyei 50 1+0.57 79.32 +0.08 75.44 1050 77-33 10.46 Fig. 3. Ablation study on different number of agents, showing that perfor-
D Avg 45.82 2.9 74.68 +2.11 74.31 4173 74.48 11.59 mance improves across all metrics as the agent count increases from 3 to 5.
[0 52.62 4+1.90 80.44 +1.49 77.06 +0.45 78.70 4+0.56

Dy ore (ACC 50.19%) and Pyy.; (ACC 50%) are also both
under-performing the complete LMABC, indicating that our
designed consensus ensemble mechanism is superior to any
simplified version. The majority voting efficiently resolves the
bulk of uncontested cases, while the weighted voting arbitrates
difficult conflicts. The combination of both is the key in
achieving the optimal performance.

2) Number of Agents: This section examines the effect of
agent number by comparing LMABC with more or fewer
LLMs than the four-agent setting used in Section IV-B. We
denote ®(;) to express that there is ¢ LLMs to form the
multi-agent for the LMABC. The experiment results were
shown in Fig. 3. Compared with @4, ®3) removes the
low performance LLM ’llama-4-Scout-17B-16E-Instruct’, and
®(5y adds an affordable LLM *GPT-40-mini’ produced by
OpenAl, which can also support the ’logprob’ parameter.

As illustrated in Fig. 3, the results show a consistent in-
crease in Task-Level Accuracy as the number of agents grows
from 3 to 5. This validates our fundamental hypothesis that
involving more agents in the consensus process enhances the
reliability of the final annotations through multi-perspective
cross-validation. However, we also can find that the rate of
performance growth decelerates. More importantly, increasing

the number of agents introduces significant practical costs.
A longer agent chain implies greater synchronization delays
during Phase 2, which increases the total task processing time
due to potential network congestion and API latencies. In our
experiments, we also observed a higher risk of system stalls
or timeout due to the extended multi-agent chain.

In summary, while adding more agents can theoretically im-
prove accuracy, it leads to diminishing returns in practice while
reducing overall system efficiency and stability. Therefore,
how to find the best balance between performance benefits
and costs (including time costs and computing resources) will
be a focus worthy of in-depth research in the future.

V. CONCLUSION

Automated sequence labeling for domain-specific regulatory
texts like AEC industry is a critical task for downstream
applications like ACC and KG creation, yet its advancement
is hindered by the “high-cost, low-resource” dilemma. Tradi-
tional supervised methods require lots of expensive annotated
data, while strategies relying on a single, SOTA LLM are
prohibitively costly. In response, this paper proposed LMABC,
a low-cost, low-resource LLM multi-agent framework that
orders a team of affordable LLM agents by introducing a two-
phase chain structure with task allocation and consensus to
balance accuracy and efficiency. Experimental results on both



domain-specific datasets and general benchmarks demonstrate
that LMABC achieves competitive accuracy compared to
SOTA single LLM while significantly reducing overall cost.
Future work will explore adaptive parameter tuning, dynam-
ical consensus method to reduce redundancy, and retrieval-
augmented generation (RAG) combined with ontologies to
improve labeling reliability to support domain KG creation.
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