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Abstract   

 
This research presents a two-phase AI-driven 
approach to enhance automated construction 
planning and scheduling, addressing common 
challenges such as project delays and budget overruns 
in the Architecture, Engineering, and Construction 
(AEC) industry, often caused by inefficient project 
management. Traditional AI methods rely heavily on 
static programming and manually annotated datasets, 
leading to inefficiencies. The proposed methodology 
uses prompt engineering to systematically extract and 
structure information from historical project 
schedules, creating datasets for training domain-
specific Small Language Models (SLMs). In the first 
phase, fine-tuning SLMs, particularly mistral-7B, 
achieved 83.69% accuracy, outperforming traditional 
approaches. In the second phase, another fine-tuned 
SLM identified activity patterns, optimized 
sequencing, and predicted missing tasks, achieving a 
mean similarity score of 81.43%. The results 
demonstrate that structured prompt engineering 
significantly improves model accuracy and efficiency, 
reduces manual efforts, and addresses computational 
inefficiencies. This scalable, secure, and efficient 
approach sets a new standard in automated 
construction planning. 
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1 Introduction 

Construction delays and cost overruns are pervasive 
challenges in the AEC industry, significantly impacting 
the successful completion of projects [5]. Planning and 
scheduling are at the core of these issues and pivotal in 
determining project timelines and budgets. A deficiency 
in planning and scheduling processes can lead to delays, 

misallocated resources, and, ultimately, increased costs 
[7]. Inaccurate estimations, inadequate risk assessments, 
and failure to account for the complexities and 
interdependencies of construction activities often result 
in unrealistic and unachievable schedules. This lack of 
detailed and precise planning leads to inefficiencies in 
resource utilization, conflicts in task scheduling, and 
disruptions in the workflow, all of which contribute to 
extended project durations and escalated costs. 

1.1 Challenges in AEC Project Planning and 
Scheduling 

In the AEC industry, project planning and scheduling 
face significant challenges, notably in learning from 
documents, leveraging historical schedules, addressing 
fragmentation and interoperability issues, mitigating 
human errors in plan generation and updates, and 
implementing automation [4]. The intricate process of 
extracting actionable insights (key construction 
information and activity sequences) from extensive 
project documentation and past schedules is compounded 
by the diverse formats and standards, leading to 
fragmentation that hinders seamless data integration and 
interoperability across different project management 
tools. Furthermore, the reliance on manual input for 
generating and updating project plans introduces a high 
potential for human error, affecting the accuracy and 
reliability of schedules. These challenges highlight the 
need for advanced solutions to automate processes, 
improving efficiency and accuracy in project planning. 
Using sophisticated algorithms and machine learning to 
analyze historical data and automate schedule generation 
can greatly reduce these issues, leading to more 
streamlined and error-resistant project management in 
the AEC sector. 

1.2 Need for Automated Planning and 
Scheduling 

Automation in AEC project planning and scheduling 
is vital for optimizing project management practices [8]. 
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Over the past three decades, researchers have explored 
various methods to reduce manual work and improve 
precision, including case-based reasoning, knowledge-
based systems, model-based approaches, meta-heuristic 
algorithms, expert systems, and learning-based 
techniques [4]. However, challenges in data integration, 
platform interoperability, and adapting automation to 
project-specific needs persist. The complex and dynamic 
nature of construction projects demands more flexible 
solutions. Generative AI, with advanced Natural 
Language Understanding (NLU) and Natural Language 
Generation (NLG), presents a promising alternative [6], 
enhancing efficiency by interpreting complex documents 
and generating detailed schedules from large datasets. 
This marks a significant improvement in AEC 
automation in planning and scheduling. 

2 Related Works 

In the AEC industry, Building Information Modeling 
(BIM) and Natural Language Processing (NLP) have 
significantly enhanced project management by 
improving communication and information efficiency 
[11]. BIM revolutionizes the industry with digital 
building representations, facilitating automatic schedule 
generation and optimization, thereby reducing reliance 
on planners’ expertise and using various data types like 
spatial and material information. Meanwhile, NLP, a sub-
field of AI, focuses on computer interactions with human 
language through syntactic, semantic, and ontological 
analysis, accelerating information extraction from 
documents and interpreting construction processes. 
NLP’s applications in the AEC sector include extracting 
data from BIM for safety compliance, analyzing contract 
documents, and automating Construction Schedule 
Management (CSM) [11], thereby improving schedule 
generation, validation, and accuracy. 

2.1 Current Practices in Construction 
Planning and Scheduling 

 Recent efforts to automate construction scheduling 
have focused on leveraging BIM, with early methods 
combining BIM data with genetic algorithms [8] and 
incorporating graph-based indexing and AI for task 
scheduling [12], though BIM models often lack the 
granularity to capture project management aspects such 
as design approvals and procurement. More recent 
approaches employ NLP and deep learning to extract 
construction knowledge from historical schedules. Amer 
and Golparvar-Fard [2] introduced dynamic templates by 
learning from past schedules, while subsequent studies 
applied deep-learning-based NLP for sequence 
evaluation. Hong et al. [9] explored Graph Convolutional 
Networks to identify activity types and sequences. 

2.2 Role of Language Models in the AEC 
Industry 

LMs are revolutionizing planning and scheduling in 
the AEC industry by analyzing complex project data and 
identifying critical patterns for effective management [3]. 
They extract essential task details from project 
documents and past schedules [10], improving accuracy 
and reducing human error. Domain-specific training is 
essential [14], enabling LMs to handle construction-
specific terminology and enhance project management 
applications. This training helps LMs identify tasks, 
understand resource needs, and predict challenges 
effectively. Integrating LMs into AEC workflows 
supports data-driven decisions, resource optimization, 
and delay reduction through historical data and predictive 
analytics [2][9]. Their performance improves with 
continued learning from real-world projects, promoting 
efficient project delivery. 

This study addresses critical challenges in 
construction planning, particularly the extraction of 
structured information from historical project schedules 
and the generation of optimized activity sequences, 
including the prediction of missing tasks. To tackle these 
challenges, this research proposes a two-phase AI-driven 
framework integrating prompt engineering techniques 
with domain-specific fine-tuned SLMs. The paper is 
systematically organized, beginning with an introduction 
that outlines current industry challenges and emphasizes 
the need for automation in planning practices. It then 
reviews relevant literature, details the proposed 
methodology, presents experimental validations and 
analyses, and concludes by summarizing key findings 
with recommendations for future research directions. 

3 Methodology 

Figure 1 illustrates the framework proposed in this 
study for construction project planning using Generative 
AI. The approach leverages historical project schedules 
as the primary input. At its core is the extraction of key 
information, including detailed descriptions of the work 
breakdown structure, specific activities, tasks, and the 
network of predecessor-successor relationships. It 
captures the complex interplay of critical dependencies 
in construction planning. This study adopts a two-phase 
methodology that applies Generative AI and fine-tuned 
SLMs to enhance construction project planning and 
scheduling.  

In Phase 1, prompt engineering is applied to extract 
and organize key information from existing and historical 
project schedules, resulting in a structured dataset. This 
dataset is then used to fine-tune an SLM for domain-
specific information extraction in construction planning.  
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Figure 1. Overview of Proposed Methodology 

 
In Phase 2, a separate SLM is trained on the 

organized data to learn activity patterns, enabling it to 
generate optimized activity sequences and identify 
missing tasks. The fine-tuned SLMs performance is 
evaluated against a benchmark model to assess its 
accuracy and reliability. Additionally, local deployment 
of the model ensures enhanced data privacy and security. 
This two-phase approach effectively reduces manual 
errors, accelerates processing, and improves the 
efficiency and accuracy of construction planning and 
scheduling. 

3.1   Construction Activity Formalization for 
Data Preparation  

In real-world construction projects, planning and 
scheduling have unique characteristics but share common 
structures, formats, and dependencies due to similar 
construction elements. Extracting information from 
historical schedules is challenging due to individualized 
approaches by schedulers, who use distinct terminologies 
based on specific project requirements [1]. For example, 
terms like “formwork” and “shuttering” serve the same 
function but differ in terminology. Work breakdown 
structures also vary; a cast-in-situ project may describe a 
superstructure task as “Construction-Super Structure-
First Floor-Column-Reinforcement” under labels like 
“EPC Type-Work Item-Location-Object-Task,” while a 
firefighting task may be labeled as “Construction-MEPF 
(Fire Fighting work)-Firefighting pipes-Fix or 
Installation-First Floor” under “EPC Type-Work Item-
Object-Task-Location.” This variation underscores the 
lack of uniformity in construction labels.  

This study presents a structured approach to formalize 
construction activity definitions to improve data 
preparation for downstream processing. It consolidates 

details from diverse work breakdown structures and 
maps them to standardized labels “EPC Type, Work 
Items, Location, Object, and Task,” emphasizing 
Location, Object, and Task. By harmonizing inconsistent 
terminologies and structures, this method improves the 
uniformity and usability of construction schedule data, 
enhancing the efficiency and accuracy of data analysis 
and model training. 

3.2 Prompt Engineering and Key 
Construction Information Extraction  

 Prompt engineering is a vital technique for 
advanced models like GPT, involving the crafting of 
specific queries to guide the model in generating relevant 
outputs. It enhances precision and fine-tuning 
capabilities, enabling refined interaction and alignment 
with specific objectives. In the AEC industry, prompt 
engineering is a powerful tool for streamlining data 
retrieval [14], particularly when processing historical 
scheduling data. It automates the extraction and tagging 
of construction labels from past schedules, transforming 
a labor-intensive task into an efficient process. Effective 
prompt design requires understanding both model 
mechanics and domain-specific knowledge. In this study, 
prompts are strategically designed to capture relevant 
data and the complexities of construction project 
management. Prompt engineering, by targeting tasks, 
objects, and locations, ensures precise data extraction and 
categorization, forming a core part of our methodology. 

3.3 Instruct Fine-Tuning SLMs for 
Construction Planning  

In this study, we apply instruct fine-tuning to 
SLMs, tailoring these advanced AI systems to meet the 
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unique requirements of the construction industry. 
Although LMs are inherently powerful, their generalist 
training needs more depth for specialized tasks [13]. Our 
methodology strategically guides these models with 
carefully crafted prompts from prompt engineering data, 
enabling them to produce outputs that accurately align 
with the nuanced demands of construction management. 
This fine-tuning enhances the LMs proficiency in 
interpreting task-specific data [6], significantly 
improving their performance in complex construction 
tasks. The models are trained to parse detailed 
construction data, providing insights directly applicable 
to various aspects of construction management, such as 
extracting key information, generating activity sequences, 
and identifying missing activities. By refining these 
models to understand and process the unique aspects of 
construction scheduling and task interrelations, we 
transform SLMs into essential tools for delivering 
targeted, domain-specific solutions. This approach 
positions instruct fine-tuning at the core of our 
methodology, leveraging SLMs capabilities to advance 
construction project management. 

4 Experimental Setup 

4.1 Data Collection 

In our approach to tagging construction constituents 
within comprehensive activities, we collected structured 
historical schedule data from two residential building 
projects, selecting 1500 activities for thorough analysis. 
To understand activity dependencies and sequences, we 
also compiled 1375 pairs of predecessor and successor 
activities, covering structural work, finishing, MEP 
(Mechanical, Electrical, and Plumbing), and 
commissioning domains. Using Python libraries, we 
efficiently extracted and parsed information from .xer 
files, the metadata files of Primavera, a widely used 
project management software in construction. This 
systematic organization prepared the data for subsequent 
analysis and model training in our study. 

4.2 Materials and Methods 

In this research, dataset preparation and model 
fine-tuning were conducted using Large Language 
Models (LLMs) via the OpenAI API and high-
performance computational resources. Models were 
chosen for their domain-specific fine-tuning suitability, 
computational efficiency, and open-source availability. 
Initial evaluations were performed using the OpenAI API, 
while fine-tuning was done on Mistral-7B, Gemma-2-9B, 
and LLaMA-3.1-8B. Training utilized an NVIDIA RTX 
A6000 GPU with 48 GB VRAM, 50 GB RAM, and 8 
virtual CPUs. 

4.3 Prompt Template Preparation 

Prompt templates are essential for effectively guiding 
and fine-tuning pre-trained models. In our approach, we 
use OpenAI’s structured response prompt template with 
various instruction formats—zero-shot, one-shot, few-
shot, chain-of-thought (CoT), and CoT with few-shot 
prompting. These formats help the model interpret and 
respond accurately by providing varying levels of 
contextual guidance. For fine-tuning, we adopt the 
Alpaca dataset format, illustrated in Figure 2, which 
standardizes instruction, user input, and assistant 
response. This ensures model outputs align with intended 
objectives. Fine-tuning is performed using open-source 
SLMs, allowing customization for domain-specific tasks. 
Combining OpenAI’s prompt templates with the Alpaca 
format enhances the performance and adaptability of pre-
trained models. This structured, context-rich data 
preparation enables the model to handle complex, 
domain-specific tasks with improved precision and 
efficiency. 
 

 
Figure 2. Overview of Prompt Template 

4.4 Prompt Template for Key Construction 
Information Extraction (CIE) 

This template is intricately designed to facilitate the 
extraction of construction constituents from activities. It 
includes explicit instructions that detail the specific 
constituents needed for each activity, like EPC Type, 
Work Item, Location, Object, and Task. Structured input 
is provided to ensure that all aspects of a construction 
activity are precisely captured and categorized. This 
categorized data is then used to fine-tune the Key 
Construction Information Extraction model. Initially, the 
template provides clear instructions for the information 
extraction task. Following this, the user input section 
allows for entering specific details regarding the 
construction activity. The model then processes this input 
and generates responses in specified categories. This 
structured interaction ensures the models accurate 
understanding and categorization of essential 
construction information, thereby enhancing information 
extraction accuracy. 
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4.5 Prompt Template for Construction 
Activity Sequencing (CAS)  

For sequencing construction activities, the instruction 
section clearly outlines the sequencing task, guiding 
users to input detailed descriptions of construction 
activities. Users then provide specific sequences. The 
model processes this information and responds with a 
logically organized sequence of activities, capturing the 
necessary progressions and dependencies. This template 
is pivotal in accurately forecasting construction activity 
flows, which is crucial for effective project planning and 
execution. 

Building upon the dataset preparation and fine-tuning 
processes described, the subsequent section presents a 
comprehensive evaluation of the selected language 
models. The results highlight their effectiveness in 
domain-specific tasks, particularly in information 
extraction and activity sequence generation, 
demonstrating their applicability and performance within 
the context of automated construction planning and 
scheduling. 

5 Results and Discussion 

In this research, LLM was first used to extract 
activity constituents for dataset preparation. The model’s 
performance was evaluated using various instruction 
formats with a base LLM to identify the most effective 
strategy. The best-performing format was then used to 
prepare the dataset for fine-tuning, requiring only minor 
manual corrections to ensure accuracy and quality. The 
finalized dataset was split into 80% for training and 20% 
for testing. This structured approach ensured effective 
model learning and reliable performance evaluation on 
unseen test data. 

5.1 Phase 1: Performance of Key Construction 
Information Extraction (CIE) 

Figure 3 shows the impact of different prompting 
strategies on the GPT-4o-mini-base model’s 
performance in extracting activity constituent 
information. The CoT Few-shot approach achieved the 
highest accuracy, proving that combining step-by-step 
reasoning with examples greatly enhances the model’s 
predictive ability. Similarly, the CoT and Few-shot 
methods also improved accuracy, highlighting the 
importance of structured reasoning. In contrast, the Zero-
shot strategy led to more non-predictions and 
hallucinations, indicating that lacking contextual 
guidance reduces the model’s effectiveness. Overall, 
Figure 3 underscores that structured prompting with 
reasoning and examples are key to improving model 
performance in specialized tasks. 

 
Figure 3. Performance Analysis of the CIE Model by 

Structured Prompt Techniques 
  

The performance of fine-tuned SLMs, including 
mistral 7B, gemma 2 9B, and llama 3 8B, was evaluated 
for information extraction tasks. As shown in Figure 4, 
the mistral 7B model achieved the highest accuracy with 
the most correct predictions, followed closely by gemma 
2 9B. In contrast, llama 3 8B exhibited lower accuracy 
with a higher number of non-predictions and hallucinated 
outputs. These models were fine-tuned using a consistent 
configuration across all models to ensure a fair 
comparison.  

 
Figure 4. Performance Analysis of the CIE Model by 

Fine-tune model 
 

Specifically, Low-Rank Adaptation (LoRA) 
adaptation was applied with a rank of 16, targeting key 
projection layers (e.g., q_proj, k_proj, v_proj) and 
optimized settings such as lora_alpha of 16 and 
lora_dropout set to 0. Training was conducted with a 
batch size of 2, gradient accumulation steps of 4, a 
learning rate of 2e-4. 

To quantify model performance, all models were 
tested using these identical parameters, ensuring 
consistent evaluation. However, these parameters can be 
adjusted in future experiments to further enhance model 
performance. 

Table 2 presents a performance comparison between 
fine-tuned open-source models and closed-source base 
models for information extraction tasks. Among the fine-
tuned models, mistral 7B achieved the highest accuracy 
with 83.69% correct prediction, followed closely by 
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Table 2: Performance Comparison of Fine-Tuned Open-Source Models and Closed-Source Base Models for 
Information Extraction 

 
gemma 2 9B and llama 3 1 8B, with slight performance 
gaps. In contrast, the closed-source gpt-4o-mini model, 
evaluated across various prompting strategies, showed 
noticeably lower performance. The CoT Few-shot 
approach led the closed-source models with 64.20% 
accuracy, while the Zero-shot strategy had the lowest 
accuracy at 48.91%. The performance gap to the best-
performing model was smallest for mistral 7B and 
significantly larger for the base gpt-4o-mini models, 
especially with simpler prompting methods. These 
results highlight the superior performance of fine-tuned 
open-source models over closed-source base models in 
information extraction tasks. 

5.2 Phase 2: Performance of Construction 
Activity Sequences (CAS) 

As shown in Figure 5, the evaluation of 
construction activity sequence generation using 
BERTScores metrics Precision, Recall, and F1-score 
primarily focused on the performance of fine-tuned 
SLMs, specifically mistral-7B, gemma-2-9B, and llama-
3.1-8B. Among these models, mistral-7B demonstrated 
the most balanced and consistent performance across all 
evaluation metrics, indicating its relative effectiveness in 
accurately generating and predicting construction 
activity sequences. In comparison, gemma-2-9B and 
llama-3.1-8B exhibited lower performance, suggesting 
that these models require further fine-tuning and 
optimization to improve their sequence generation 
capabilities. To provide a benchmark, the gpt-4o-mini 
model was included in the evaluation and achieved the 
highest scores across all metrics, with a precision of 0.89, 
recall of 0.87, and an F1-score of 0.88. While these 
results highlight the strong performance of larger models 
in complex sequence generations, this study primarily 

focused on assessing and improving fine-tuned SLMs for  
their computational efficiency and scalability.  

The similarity scores of generated construction 
activity sequences were evaluated to compare the 
performance of fine-tuned SLMs and the larger gpt-4o-
mini model. As shown in Figure 6, the gpt-4o-mini model 
achieved the highest mean similarity score of 91.59%, 
highlighting its superior ability to generate sequences 
closely aligned with the reference data. Among the fine-
tuned models, mistral-7B performed the best with a mean 
similarity of 81.43%, while llama-3.1-8B and gemma-2-
9B recorded mean similarity scores of 78.20% and 
77.68%, respectively. 
 

 
Figure 5. Evaluation of CAS Model: BERTScores 

(Precision, Recall, and F1) Analysis 
 

       These results demonstrate that while the fine-tuned 
SLMs performed reasonably well, they still lag the gpt-
4o-mini in generating accurate and coherent construction 
activity sequences. However, the performance of the 
fine-tuned models, particularly mistral-7B, suggests that 
SLMs have strong potential for improvement. 

 

Model Type Model/Approach Performance Gap to Best (%) Correctly Predicted (%) 

 
Fine Tune Model 

(Open Source) 

mistral-7B 0.00 83.69 

gemma-2-9B -0.89 82.80 

llama-3.1-8B -4.07 79.61 

 
 

Base Model 
(Closed Source) 

gpt-4o-mini (CoT-Few-shot) -19.49 64.20 

gpt-4o-mini (Few-shot) -22.29 61.40 

gpt-4o-mini (CoT) -23.56 60.12 

gpt-4o-mini (One-shot) -23.82 59.87 

gpt-4o-mini (Zero-shot) -34.77 48.91 
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Figure 6. Evaluation of CAS Model: BERT Similarity Scores 

5.3 Key Findings and Lesson Learned 

In comparison to previous studies [1][9], which 
heavily rely on human-labeled schedule data and models 
such as LSTM, GNN, or BERT for learning activity 
patterns [9][2][3], this research adopts a more scalable 
and efficient approach using Small Language Models 
(SLMs) fine-tuned on minimally labeled data. Although 
pre-trained LLMs such as gpt-4o-mini were fine-tuned 
independently within this study and used as performance 
benchmarks, the primary emphasis remains on open-
source SLMs. Among these, mistral-7B exhibited strong 
adaptability and effectiveness in handling construction 
planning tasks, offering a domain-aligned and practical 
alternative. 

A key lesson learned is that targeted improvements in 
fine-tuning strategies such as advanced hyperparameter 
optimization and task-specific adaptation significantly 
enhance SLM performance. Emphasizing object and task 
identification during training allowed the models to infer 
contextual elements like location, improving the 
accuracy and relevance of generated sequences. The 
iterative process of hyperparameter tuning and model 
refinement proved crucial in balancing performance and 
computational efficiency. 

These findings highlight the value of domain-specific 
data preparation, continuous model enhancement, and the 
combined potential of large and small models. With 
further optimization, fine-tuned SLMs can serve as 
effective, resource-efficient solutions for large-scale 
construction activity sequence generation. 

5.4 Inferences of CIE and CAS model 

Figure 7 showcases the optimal fine-tuned CIE 
model, mistral-7B, illustrating the differences in 
responses to user queries between the base model 
assistant and the fine-tuned model. Similarly, Figure 8 
highlights the superior CAS fine-tuned model, mistral-
7B, emphasizing the discrepancies in responses between 
the base and fine-tuned models. In both figures, errors are 
marked in red, while correct and newly identified 
sequences previously missed by the base model assistant 

are indicated in green. This comparison demonstrates the 
enhanced accuracy and predictive capabilities of the fine-
tuned mistral-7B model. 

 
Figure 7. Inference Outcomes Demonstrated by the CIE 

Model 

 
Figure 8. Inference Outcomes Demonstrated by the 

CAS Model 
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6 Conclusion 

This research presents a two-phase AI-driven 
approach to enhance automated construction project 
planning using SLMs for activity sequencing and missing 
task prediction. In the first phase, prompt engineering 
extracts and organizes key information from historical 
project schedules to produce structured outputs. Due to 
inconsistencies and lower accuracy, an SLM was fine-
tuned with domain-specific data to improve extraction. In 
the second phase, another SLM, trained on the refined 
dataset, learns activity patterns to generate optimized 
sequences and identify missing tasks. The gpt-4o-mini 
model served as a benchmark and achieved the highest 
accuracy. However, fine-tuned models like mistral-7B 
delivered promising results with notable advantages in 
efficiency, scalability, and security. 

A key advantage of SLMs is their enhanced data 
privacy and security. Once fine-tuned, these models can 
be deployed and used locally without relying on external 
servers or cloud-based services, ensuring sensitive 
construction data remain secure and protected. This 
makes SLMs particularly suitable for industries like 
construction, where data confidentiality is critical. 

Future work will address unstandardized schedule 
data, generate synthetic data for diverse projects, and 
enhance reasoning in models for better understanding of 
scheduling logic. Expanding datasets, adopting open-
source models, and integrating with BIM will further 
improve performance and efficiency in AEC project 
management. 
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