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ABSTRACT: Requests for Information (RFIs) are vital tools for stakeholder communication in construction
project management, which aims to seek clarification, resolve ambiguities, and enhance project execution.
Identifying the root causes of anomalies from RFIs is crucial for reducing costs and minimizing time delays.
However, traditional Root Cause Analysis (RCA) methods often face challenges due to the complex and
semi-structured nature of RFIs, resulting in limited performance that leaves room for improvement. In this
study, we propose a novel approach utilizing human feedback-augmented reinforcement learning, which
integrates expert insights as a core component to refine and optimize causal and temporal graphs generated
by existing RCA methods. To validate our approach, we conduct experiments using the Causal-TimeBank
dataset, a benchmark corpus annotated with explicit temporal and causal relationships. The reason for
choosing this benchmark is largely due to the lack of publicly available RFIs with enriched text data and
annotated causal/temporal events. Experimental results demonstrate that, by applying HRL and embedding
HF into the RL loop, our method significantly improves the accuracy and reliability of causal and temporal
graphs by effectively identifying and correcting errors within the graphs themselves.

Keywords: Event Graphs, Hierarchical Reinforcement Learning, Human Feedback, Request for Informa-
tion, Root Cause Analysis

1. INTRODUCTION

Construction projects rely heavily on documentation—such as contracts, drawings, and specifications—to
guide their execution. However, these documents often fail to incorporate all factors critical for ensuring
the project’s constructability, leading to gaps, conflicts, or ambiguities that emerge during the construction
phase. When these uncertainties arise, additional input is typically required from the design team to provide
clarification (Song et al., 2009).

Despite advancements such as Building Information Modeling (BIM) (Jung and Joo, 2011) and design im-
provement tools (O’Connor and Koo, 2021), unforeseen challenges persist due to human error, project
complexity, and the inherent uncertainties of construction work. To manage these gaps, RFIs have be-
come essential tools in the construction industry, proving vital for resolving issues not identified during the
design review process (Aibinu et al., 2020). An RFI is defined as “a formal written procedure initiated
by the contractor seeking additional information or clarification for issues related to design, construction,
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and other contract documents” (Hanna et al., 2012). Common reasons for issuing an RFI include unclear
specifications, plan contradictions, ambiguous construction documents, or unforeseen field conditions.

RFIs are semi-structured documents with predefined fields (e.g., project ID, date, query category) and un-
structured inquiry text. The process starts with a team member submitting a query, which is reviewed by
project managers or engineers who consult documents to provide a response, resolve the issue, and en-
sure project continuity. Extracting insights from RFIs can reveal early indicators of potential issues, project
uncertainties, and risks (Lee and Yi, 2017). However, approximately 80% of construction-related informa-
tion is embedded within documents such as RFIs, and professionals must manually search and interpret
this information—a time-consuming and error-prone process (Abbaszadegan and Grau, 2015; Abdirad,
2022). Traditional manual methods, while useful, are inefficient for handling the high volume of RFIs found
in large-scale projects. To streamline the extraction of useful information from RFIs, advanced Natural
Language Processing (NLP) and text mining techniques—such as semantic analysis and clustering—have
been adopted (Afzal et al., 2023; Jallan et al., 2019; Gheeseewan and Pudaruth, 2020). While these
techniques help organize RFI data, they often cannot capture deeper causal and temporal relationships
essential for understanding underlying issues and assessing project-wide impacts.

To understand the complex, interconnected nature of issues documented within RFIs, a structured ap-
proach to causal and temporal analysis is required. By generating causal and temporal graphs that depict
underlying causal and temporal relationships among RFI issues, it is possible to identify recurring problems
and trace them back to their origins. For example, a causal and temporal graph can link factors such as
incomplete specifications or regulatory constraints to specific project events such as delayed inspections or
material shortages. This approach provides a visual map of interconnected issues and supports informed
decision-making based on the root causes of nonconformance. In construction, resolving RFIs quickly and
accurately is essential for maintaining project timelines and budgets, making causal and temporal graph
analysis a valuable tool for addressing systemic inefficiencies (Kelly and Ilozor, 2022). Previous studies
emphasized the importance of causal and temporal graphs in addressing issues related to unclear or in-
complete RFIs, which can lead to costly delays and project mismanagement (Philips-Ryder et al., 2013).

RFIs comprise elements such as events and factors that serve as foundational units for causal and temporal
analysis. Events refer to actions or outcomes documented in the RFIs, such as design changes or inspec-
tion requests, while factors are underlying conditions—such as regulatory requirements or environmental
constraints—that contribute to these events. Representing these components in a causal and temporal
graph, with events and factors as nodes and causal or temporal links as edges, allows project teams to
trace specific causes leading to particular effects visually. This structured representation enhances both
problem-solving and decision-making.

Recent studies have emphasized using causal diagrams in construction for analyzing complex interdepen-
dencies and improving decision-making (Naser, 2023). Integrating causal analysis into simulation design
enhances predictive modeling by preventing cognitive biases and ensuring robust parameter validation
(Chen et al., 2023). However, current RFI analysis methods lack the sophistication to fully capture layered
causal and temporal dependencies.

This study introduces an innovative approach that integrates HRL with HF to iteratively refine causal and
temporal graphs for RFIs. While HRL with HF is well established in machine learning, its application to RFIs
in the construction industry is novel, addressing the complexities of large-scale projects. Given the tendency
of advanced language models to generate inaccurate outputs, human oversight remains crucial in refining
causal representations (Bai et al., 2024). Our research contextualizes HRL for the construction industry,
leveraging domain expertise to enhance the accuracy and relevance of causal and temporal insights. The
contributions of this study are as follows:

• Application of HRL with HF for RFI Analysis: We use HRL with HF to iteratively improve causal and
temporal graphs for RFIs, enabling the model to learn from expert insights and enhance its accuracy
in capturing complex causal and temporal relationships in RFI data.

• Optimization of Causal and Temporal Graphs Using an MDP-Based HRL Framework: The HRL
approach is structured through an MDP framework that separates RFI causal and temporal analysis
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into high-level structure adjustments and low-level link refinements, enabling more accurate graph
tuning for better RCA.

• Implementation of Iterative Learning for Continuous Improvement: Our iterative learning ap-
proach integrates HF in each cycle to adjust the model’s reward function, resulting in significant im-
provements in evaluation metrics such as Precision, Recall, and F1 Score.

• Development of a Dedicated Training Platform for Structured Evaluation: We created a training
platform for evaluating the HRL-based causal and temporal graph model across various datasets,
providing a standardized testing environment that supports detailed performance analysis and future
research in RCA for RFIs.

While this study focuses on event graph optimization from structured RFI text, the proposed method aligns
with digital construction workflows. In practice, RFIs are commonly managed through structured project
platforms such as Aconex or Procore, where textual communication is stored in a digital format. Our ap-
proach assumes that event data are available in digital form. The initial event graphs can then be con-
structed manually or semi-automatically and passed to the HRLHF model for optimization. This HRL-based
iterative framework provides a robust solution to refine and optimize causal and temporal graphs generated
by existing RCA methods. The remainder of the paper is structured as follows: Section 2 reviews related
work on causal and temporal relationship identification, RFIs, and RL. Section 3 details the methodology,
including our HRL-based approach. Section 4 presents the experimental setup and results, followed by a
conclusion and potential directions for future research in Section 5.

2. RELATED WORKS

Understanding causality and temporal relationships between events is critical to analyzing and improving
processes in construction projects to address project delays, cost overruns, and quality issues. RFIs play a
key role in documenting project ambiguities and facilitating communication, making them a valuable source
for generating causal and temporal graphs. Foundational studies laid the groundwork for analyzing RFIs
by identifying root causes and linking them to project outcomes, such as delays and rework costs(Hanna
et al., 2012; Love et al., 2014). However, these methodologies heavily relied on expert input or manual
verification, making them time-intensive and less scalable for large datasets.

Recent advancements in causal and temporal graph generation have leveraged NLP and event causality ex-
traction to address the limitations of traditional approaches. Latent Dirichlet Allocation (LDA) was employed
(Afzal et al., 2023) to extract patterns in RFI data, though their method lacked comprehensive compari-
son and assessment of clustering techniques. Studies such as (Gopalakrishnan et al., 2023) synthesized
causal graphs from unstructured business texts but did not address domain-specific nuances, such as those
in construction RFIs, which require iterative refinement. Recursive Neural Tensor Networks are introduced
(Fischbach et al., 2021) for causality extraction, effective for detailed causality but limited by the complexity
of parsing multi-causal events common in RFIs. Similarly, frameworks such as EventKGE (Li et al., 2023)
and CausalKG (Jaimini and Sheth, 2022) use embedding and counterfactual reasoning to enhance causal
graph transparency but lack adaptability for the sequential, feedback-driven refinement.

Recent advancements have also led to new semi-automatic systems for constructing causal graphs by syn-
thesizing information from existing literature and expert knowledge(Cheng et al., 2020). The co-development
of causal graphs through collaboration between domain experts and statistical modelers was introduced by
(Kling, 2024), utilizing weighted false discovery rate (FDR)-adjusted p-values to guide the construction pro-
cess via an iterative dialogue that refines the causal graph to align with both theoretical assumptions and
empirical data.

A survey on event relation extraction identified challenges in handling multi-event dependencies(Liu et al.,
2020). Similarly, HRL with HF has been applied for RCA in microservices (Wang et al., 2023), but it focuses
on static service dependencies in controlled environments. Unlike Wang’s model, our HRLHF framework
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is tailored for the dynamic, semi-structured nature of construction RFIs, incorporating iterative feedback to
capture evolving project-specific complexities. However, many text analysis methods do not delve into com-
plex, multi-layered causality critical, especially in construction RFIs. By incorporating HF and iterative re-
finement, the model ensures that causal and temporal graphs evolve dynamically, capturing project-specific
complexities and dependencies while maintaining scalability for large datasets.

3. METHODOLOGY

Given a dataset of annotated text instances containing textual event descriptions and labeled causal and
temporal relationships, our goal is to refine a given causal-temporal graph by incorporating expert knowl-
edge. Instead of relying solely on conventional graph inference methods, we employ an HRL framework
integrated with an HF loop to update and improve causal and temporal relationships, ensuring that the
graph more accurately captures real-world dependencies.

The process begins with an initial graph construction, where nodes (events) and edges (causal and temporal
relationships) are extracted from the dataset using a parsing module. The graph structure is represented
as an adjacency matrix with some errors. This initial graph is iteratively refined within the HRL framework.
High-Level and Low-Level agents modify the graph structure and edge classifications based on expert
feedback and a domain-specific reward mechanism. This combined approach enables a nuanced and
accurate inference of causal and temporal relations. The overall workflow is depicted in Figure1, with
interconnected components of the HRL framework and the iterative graph optimization process.

Extracted event 
sets 

Hierarchical RL Agents

Initial causal and temporal graph 
generation

High level: Link prediction

Low level: Link classification

Causal and temporal 
graph fine-tuning

Final causal 
and temporal 
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Figure 1: Framework of the Causal and Temporal Discovery Process. The process uses HRL with expert
feedback from a Hyper Agent to iteratively refine a causal and temporal graph.

3.1 Hierarchical Reinforcement Learning Agents

Our HRL approach employs a hierarchical approach to improve causal and temporal graph generation:
High-Level Agents: These agents predict links between extracted event sets, determining whether and
where connections should be established or removed within the graph. This decision-making process is
guided by a Markov Decision Process (MDP), where states represent the current configuration of causal
and temporal links, and actions (link/unlink) determine structural adjustments.

The MDP is defined as a tuple (S,A, P,R, γ), where S is a set of states, with each state s ∈ S representing
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the current configuration of causal and temporal links in the graph. A is a set of actions available in
each state. For the high-level policy, actions a ∈ {link,unlink} determine whether to add or remove a link
between the events. For the low-level policy, actions a ∈ {CLINK,TLINK} specify the causal and temporal
relationships, respectively. P (s′|s, a) represents the state transition probability, modeling the likelihood of
reaching a new state s′ given the current state s and action a.

The reward function R(s, a) assigns rewards based on how well the generated causal and temporal structure
aligns with expert insights, penalizing incorrect link types and overly dense graphs. γ is the discount factor,
controlling the weight of future rewards. The high-level policy’s Q-values, Q(s, a), are updated using Q-
learning (Jang et al., 2019; Sutton and Barto, 2018), where each action a taken in the state s is rewarded
based on improvements in graph accuracy, with the reward calculated as:

[1] Q(s, a)← Q(s, a) + α (r + γmaxa′ Q(s′, a′)−Q(s, a))

where Q(s, a) is the current estimate of the value of taking action in the state, maxa′ Q(s′, a′) is the maximum
Q-value for the next state, α is the learning rate, r the reward for taking action, and γ the discount factor.

Low-Level Agents: Conditional on decisions made by high-level agents, low-level agents classify link types
(CLINK, TLINK) and refine connection details, optimizing causal and temporal relationships while ensuring
accuracy and domain compliance.

3.2 Reward Model for Graph Refinement

The reward model assesses the graph quality by comparing it to the ground truth, which consists of expert-
annotated causal and temporal relationships derived from the dataset. It assigns rewards for correctly clas-
sified CLINKs and TLINKs, penalties for false positives (adding wrong edges) and false negatives (missing
true edges), maintenance rewards (RM) for retaining accurate edges, and density penalties (PD) to discour-
age over-linking.

The total reward is computed as:

[2] R = w(NCL) + w(NTL) + w(NFP) + w(NFN) +RM + PD,

where each component is defined as:

[3] RM = (NCL +NTL)× wM,

[4] PD =

{
0 if ρ ≤ ρt,

wD × (1 + 5× (ρ− ρt)) if ρ > ρt,

where w is the weight parameter for each reward/penalty component, wD is the penalty for excessive graph density, ρ
is the graph density, and ρt is the threshold for graph density.

This formula penalizes excessive graph density, preventing the model from unnecessarily over-linking nodes. The
coefficient of 5 was selected to adjust the penalty based on how much the graph exceeds the predefined density
threshold. This ensures an optimal structure by minimizing extraneous edges that could introduce incorrect causal or
temporal relationships.

The weight parameters for the reward function were determined through empirical tuning to achieve an optimal balance
between different objectives. Table 1 lists the reward and penalty weights used in the experiments.

Table 1: Hyperparameters for Reward Function
Parameter Value Description

wCL/TL 100 Reward for correctly classified CLINKs
wM 50 Reward for maintaining correct edges

wFP/FN -100 Penalty for false positives (spurious edges)
wD -20 Penalty for excessive graph density
ρt 0.4 Graph density threshold
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These values were determined through 30 experiments, ensuring the model learns efficiently while avoiding unneces-
sary link creation. The balance between rewards and penalties ensures that the RL agents learn to refine the graph
optimally, enhancing accuracy while minimizing errors.

3.3 Human Feedback Integration

This framework incorporates HF through a ground truth reference graph, which encodes expert-validated causal and
temporal relationships between events. This reference graph serves as the benchmark for evaluating generated graphs
during training. A reward model (Equation 2) quantifies the similarity between the evolving graph and the ground truth,
guiding HRL agents in refining the structure iteratively. Starting with an initial graph with some errors, RL agents utilize
this feedback-driven reward system to improve accuracy.

During training, the ground truth graph is directly integrated into the reward model, providing feedback at each iteration.
In this feedback loop, the RL agent modifies the initial graph by adding, removing, or reclassifying edges to maximize
the cumulative reward. The ground truth graph is no longer used for direct feedback during testing. Instead, the
trained RL model, having already internalized structural patterns from the ground truth, operates to infer causal and
temporal links independently. The system applies the learned policy to new, unseen datasets without explicit ground
truth comparisons. As illustrated in Figure 1, the ground truth graph influences training by guiding high-level and
low-level agents. The reward model, informed by the ground truth, ensures that the graph evolves toward a more
accurate representation of causal dependencies. Refining the reward function and explicitly integrating expert-validated
structures ensure that HF is leveraged to enhance causal and temporal inference.

4. EXPERIMENTS AND RESULTS

4.1 Experimental Setup

Datasets We evaluate our HRLHF model on the widely adopted Causal-TimeBank dataset (Mirza et al., 2014), which
comprises 184 documents and 6813 events. Among these, 318 event pairs are annotated with causal relations, while
5,118 event pairs are annotated with temporal relations. While the Causal-TimeBank dataset is not specific to the
construction domain, it provides a structured benchmark for evaluating causal-temporal inference that is well-suited for
evaluating causal and temporal inference models. In this study, we deliberately scope our contribution to the task of
event graph optimization based on structured textual data, which represents one of the core challenges in Request for
Information (RFI) analysis. Our proposed HRLHF framework is designed to operate on such structured event data, as-
suming that event extraction and initial graph construction have been completed as part of the preprocessing pipeline.
Since this work focuses on optimizing event graphs derived from structured textual data, it does not extend to inter-
preting or extracting information from construction drawings, images, or other non-textual formats. Accordingly, using
the Causal-TimeBank dataset allows us to isolate and validate the performance of the graph optimization mechanism.
Following the standard procedure in causal and temporal relation extraction tasks, we treat the annotated causal and
temporal links as the target relationships.

Experimental Design and Hyperparameters To optimize performance, the model underwent extensive fine-tuning
across 72 experiments, testing different combinations of key hyperparameters: learning rate (lr), discount factor (df),
exploration rate (exr), and exploration decay (exd). The final configuration, 0.5, 0.95, 0.99, and 0.98, accordingly,
was selected for its balance between precision, recall, and F1 Score. The model has trained over 200, 500, and
1000 iterations, gradually reducing exploration to support effective convergence, particularly under varying graph error
conditions.

Evaluation Metrics To evaluate the quality of the refined graph G′ relative to the true graph Gtrue, we use three key
metrics: Precision, Recall, and F1 Score by comparing the results with the initial graph Ginit as follows:

[5] Precision = TP
TP+FP ,

where TP is True Positive (edges in both Gfinal and Gtrue) and FP is False Positives (edges in Gfinal but not Gtrue).

[6] Recall = TP
TP+FN ,

where FN is False Negative (edges in Gtrue but missing from Gfinal).
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[7] F1 Score = 2 · Precision·Recall
Precision+Recall

4.2 Results

This section evaluates the performance of our HRLHF model on the Causal-TimeBank dataset. We also visualize
cumulative rewards and reward convergence throughout the training process to analyze the model’s learning behavior.
The objective of the experiment is to assess the model’s capability to refine an initial error-induced graph into a structure
that closely aligns with the true graph. So, we compared the initial graph, which contains synthetic errors, with the final
graph produced after applying the HRL framework.

The evaluation results are presented in Tables 2 and 3, which compare the performance of the initial graph with some
errors before HRLHF optimization (Table 2) to that of the final graphs after HRLHF (Table 3). The average performance
was obtained across 30 experiments to ensure reliability and generalizability. Each experiment was conducted on
graphs with varying error levels, and the metrics were averaged to assess the framework’s effectiveness. The results
demonstrate that HRLHF significantly improves graph accuracy under various error conditions.

To simulate realistic errors, two types of errors were introduced:

• Misprediction errors refer to the random addition or removal of edges between nodes in the graph.

• Misclassification errors refer to modifying the type of existing edges which could lead to incorrect causal or
temporal relationships.

Table 2: Initial Evaluation
Error Type Error Rate Precision Recall F1 Score

Link Misprediction

5% 0.89 0.85 0.86
10% 0.83 0.78 0.80
20% 0.72 0.66 0.69
40% 0.61 0.58 0.60

Link Misclassification

5% 0.91 0.87 0.89
10% 0.88 0.83 0.85
20% 0.76 0.71 0.73
40% 0.67 0.60 0.63

Combined

5% 0.70 0.65 0.67
10% 0.61 0.58 0.59
20% 0.52 0.50 0.51
40% 0.44 0.40 0.42

Table 3: Final Evaluation
Error Type Error Rate Precision Recall F1 Score

Link Misprediction

5% 0.93 0.90 0.91
10% 0.88 0.85 0.86
20% 0.76 0.71 0.73
40% 0.66 0.63 0.64

Link Misclassification

5% 0.97 0.95 0.96
10% 0.92 0.89 0.90
20% 0.80 0.75 0.77
40% 0.70 0.65 0.67

Combined

5% 0.75 0.70 0.72
10% 0.67 0.64 0.65
20% 0.58 0.55 0.56
40% 0.50 0.46 0.48

Graphs with error rates of 5%, 10%, 20%, and 40% were used to evaluate the robustness of the model. For the
misprediction error, which includes adding or removing edges, the initial F1 Score decreased significantly as error
rates increased, from 0.86 at a 5% error rate to 0.60 at a 40% error rate. However, after applying HRLHF, the F1
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Figure 2: Immediate reward through the training process, which converges after 400 iterations.

Score improved across all error rates, reaching 0.91 at 5% error and 0.64 at 40% error, respectively. Similarly, for the
misclassification error type, which involves modifying the edge type of relationships, the initial F1 Score dropped from
0.89 at 5% error to 0.63 at 40% error, respectively. After optimization, the F1 Score increased to 0.96 at 5% error and
0.67 at 40% error, reflecting the framework’s strong ability to correct semantic errors.

HRLHF demonstrated greater robustness in correcting misclassification errors than misprediction errors, as evidenced
by consistently higher F1 Scores across all error rates. The framework achieved near-perfect optimization at low
error rates (5%), with F1 Scores exceeding 0.91 for both error types. At high error rates (40%), while performance
naturally declined due to substantial error, HRLHF still improved graph accuracy by 6–9%, showcasing its ability to
recover meaningful relationships. The high-level policy demonstrates 86.12% accuracy, effectively deciding when to
add or remove links, ensuring a well-structured causal graph. Similarly, the low-level policy achieves 84.87% accuracy,
indicating strong performance in accurately classifying CLINK and TLINK relationships after the high-level actions.

Table 4 compares CLINK (causal links) and TLINK (temporal links) statistics across some 10 random files and different
stages, ground truth (CL/TL-GT), initial graph (CL/TL-IG), and after RL (CL/TL-RL). The results indicate that the model
performs better on TLINK errors than CLINK errors, as TLINK counts consistently improve across all files. This suggests
that temporal relationships are easier to learn and correct, whereas causal dependencies require deeper reasoning and
remain more challenging for the model.

Table 4: CLINK and TLINK statistics, including correct initial and final links

File # CL-GT CL-IG CL-RL TL-GT TL-IG TL-RL

1 2 1 2 25 12 20
2 2 0 1 20 12 19
3 2 0 2 6 4 6
4 5 1 3 52 32 49
5 10 4 7 50 30 49
6 6 0 3 8 5 8
7 5 3 4 35 19 31
8 6 2 4 70 42 68
9 4 0 2 9 5 8
10 2 1 2 29 16 27

Figure 2 illustrates a gradual decline in reward values as the model stabilizes and approaches optimal solutions. Initially,
a sharp decrease in rewards indicates that the model is exploring various strategies and learning from less optimal
decisions. As the iterations progress beyond 200, the reward decrease becomes more gradual, indicating a refining of
choices and adaptation towards more effective strategies. This trend continues until about the 600th iteration, where
the rewards level off, maintaining a near-constant value, which suggests that the model has potentially reached a stable
policy. The flat line in the later sections of the graph signifies minimal changes in reward, indicating convergence to an
optimal or near-optimal policy, as the immediate rewards reduce to less than a small threshold for over 400 iterations,
signifying a significant stabilization in learned behaviors.

The statistical test confirms a significant improvement in Precision, Recall, and F1 Score. The paired t-tests show
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that the final evaluation outperforms the initial evaluation with t-statistics of -16.26, -17.85, and -17.68 for Precision,
Recall, and F1 Score, respectively, all with p-values below 10−9. This strong statistical significance indicates that the
RL-based approach effectively refines the graph structure. These results validate the model’s ability to mitigate errors
and enhance link prediction quality, demonstrating its robustness in structured learning tasks.

The F1 Score and precision improvements result from HF, which helps the model refine predictions iteratively. Figure
3 illustrates the HRL model’s learning progression, with cumulative rewards over 1,000 iterations. The cyan line shows
fluctuating rewards, with an overall upward trend indicating performance improvement. The thick blue line, a moving
average, smooths fluctuations and steadily increases, confirming learning progress. The shaded area represents vari-
ance, showing stabilization, while a slight dip near the end suggests momentary exploration of a suboptimal strategy.
The graph demonstrates that the model is improving steadily through exploration and refinement. In summary, combin-
ing HRL with HF enables the model to learn from data while refining its predictions through expert input. This enhances
accuracy and reliability, as seen in the higher F1 scores and cumulative rewards.

Figure 3: Accumulated rewards over 1000 iterations to show the RL performance progression.

5. CONCLUSION AND FUTURE WORKS

This paper proposes an HRLHF model to improve the identification of causal and temporal relationships in the Causal-
TimeBank data set. Although the experiments were conducted using the Causal-TimeBank dataset, a general-purpose,
well-structured benchmark for causal-temporal inference, our contribution explicitly targets the challenge of graph re-
finement based on structured textual event data. This challenge is directly relevant to the construction of RFIs, which
often contain rich textual descriptions of project interactions that can be annotated with causal and temporal relation-
ships. Although this work does not use real RFI datasets, it demonstrates a scalable method for refining event graphs
under the assumption that events are pre-extracted and structured. The model shows a strong performance in recov-
ering accurate causal and temporal links from partially erroneous graphs. To validate the effectiveness of our HRL
framework and HF integration, we present case studies analyzing performance improvements, error breakdowns by
edge types, and practical implications. We evaluated the individual contributions of HRL and HF to refining causal and
temporal graphs. When augmented with HF, HRL significantly improves graph structure by correcting missing and inac-
curate edges through direct human intervention. Precision, recall, and F1 Score metrics demonstrate the effectiveness
of our approach in optimizing causal and temporal graphs. By integrating domain expertise into automated learning,
our HRL-HF framework enhances graph accuracy and interpretability, making it applicable to construction data analysis
and process mining. Future work will focus on scaling the model to domain-specific datasets, assessing its performance
on complex, diverse data, and extending its applicability to healthcare, financial systems, and natural disaster analysis.
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