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Abstract -

Construction schedules serve as one of the primary doc-
uments for encoding project intent in the planning phase,
yet their unstructured, inconsistent, and ambiguous term
renders them inaccessible to processing systems. These in-
stances present a critical barrier to automation for construc-
tion actions, as processing require explicit, machine-readable
representations of tasks to reason about physical interac-
tions and execute actions properly. To address this chal-
lenge, we propose a framework that leverages Large Lan-
guage Models and domain-specific knowledge to transform
raw schedule into machine-interpretable knowledge graphs.
Our approach first decomposes compound tasks into gran-
ular primitives comprising an object, a sub-task, and an
action. Each primitive is then grounded in a construction
resource knowledge base derived from the official construc-
tion resources standard, which provides canonical defini-
tions of manpower, material, and equipment interactions.
Using few-shot and chain-of-thought prompting, the system
extracts contextual attributes, while a retrieval-augmented
generation module, powered by sentence transformers, en-
sures semantic fidelity through robust matching against the
knowledge base. The resulting knowledge graphs explicitly
model both Human—-Object and Object—-Object Interactions
with set edges, enabling construction action understanding
for automation applications. Validated by seven construction
experts across three countries, our outputs demonstrate high
constructability and logical sequencing.

Keywords -
Construction Schedule; Large Language Model; Knowl-
edge Graph Generation

1 Introduction

Recent advancements in technology have enabled au-
tonomous systems to operate for extended periods in
human-inhabited environments [[1} 2], including construc-
tion sites. However, processing perception in such dy-
namic and unstructured settings remains partial and un-
reliable, which complicates robust decision-making and
task execution. This limitation is particularly pronounced
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in construction, where environmental complexity and task
variability demand contextual awareness [3]].

Construction schedules serve as the primary planning
artifact in this domain, encoding agreed-upon sequences,
duration estimates, resource allocations, and logical de-
pendencies among activities [4]. Despite their central
role, these schedules are predominantly textual and of-
ten exhibit inconsistent terminology, omitted context, and
lack of explicit semantic grounding [5} 6]. As a result,
they remain inaccessible to machine reasoning systems
that require structured, relational representations to sup-
port downstream applications of automation planning.

As an automation example, for robots to collaborate
effectively with human workers, they must move beyond
passive execution and develop task-awareness—the ability
to infer intent from high-level descriptions and anticipate
required actions [3]]. This capability necessitates a predic-
tive understanding of physical interactions, including how
manpower, material, and equipment relate during task ex-
ecution on-site. Without a formal representation of these
relationships, robots cannot reason [7]]

A critical gap exists between the unstructured, ambigu-
ous, and inconsistent terms in the schedule [5 6] and the
structured knowledge required for robot action. While
schedules convey high-level intent (e.g., “Concrete Cast-
ing in 1FL”), they do not specify the underlying interac-
tion primitives, such as which agents act on which objects,
how construction material transform over time [8]]. This
absence of semantics prevents direct use of schedules in
control architectures that rely on executable and physics-
aware models.

To address this gap, this research proposes a rule-
and Large Language Model (LLM)-based framework that
transforms raw schedule entries into interpretable, exe-
cutable knowledge graphs. The approach decomposes
compound tasks into granular (Object, Sub-Task, Action)
primitives, grounds each in a construction resource stan-
dard to retrieve canonical object interactions, and gener-
ates a construction knowledge graphs. By extracting con-
textual task attributes through constrained LLM prompt-
ing, the system produces semantically rich, machine-
actionable representations that support both planning vali-
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dation. Therefore, this research two core contributions are
as follows:

1. We develop an automated construction knowledge
graph generation framework that operates directly on
unstructured schedule text to enable machines to in-
terpret plans as intended by practitioners.

2. We develop a standard-formalized multi-granular
task representation that explicitly models Human-
Object and Object-Object interactions to support
granular construction action understanding.

2 Related Work

This section reviews prior research related to transform-
ing construction schedules into machine-interpretable rep-
resentations, linking schedule activities with resources,
and enabling construction action understanding. The fol-
lowing subsections discuss relevant literature across these
domains and position this research to bridge schedule un-
derstanding, resource grounding, and action-level reason-
ing for construction automation.

2.1 Constuction Schedule Understanding

The transformation of construction schedules from un-
structured textual artifacts into semantically rich, machine-
actionable knowledge has become a focus in construc-
tion informatics, driven by advances in LLMs. A core
challenge lies in the inherent fragmentation, terminolog-
ical inconsistency, and implicit context of schedule ac-
tivity names, which hinder direct machine interpretation
[S, 6]. Early efforts recognized that treating schedules
as mere sequences of tasks is insufficient; instead, they
must be understood as hierarchical, relational structures
encoding procedural logic. In this vein, Hong et al. [9]
demonstrated that traditional Natural Language Process-
ing (NLP) clustering methods like Latent Semantic Anal-
ysis (LSA) can group repetitive activities despite incon-
sistent naming, laying groundwork for semantic normal-
ization. More recently, Singh and Hsieh [10]], proposed
a multi-LLM pipeline that actively augments and gen-
erates synthetic schedules using Role-Guided Modular
Prompt Chaining (RGPC), converting fragmented Work
Breakdown Structures (WBS) into structured, hierarchi-
cal knowledge graphs enriched with task dependencies
and execution logic.

This evolution culminates in frameworks explic-
itly designed for LLM-native schedule reasoning.
CONSTRUCTA [11] introduces a three-pronged ap-
proach—Static Retrieval-Augmented Generation (RAG)
for domain knowledge, Contextualized Knowledge RAG
for hierarchical and sequential task relationships, and Con-
struction Reinforcement Learning from Human Feedback

(RLHF) for aligning outputs with expert preferences—to
enable LLMs to not only parse but reason over com-
plex scheduling constraints in semiconductor fabrication.
Another research, RAG4CM [12], a retrieval-augmented
meant for understanding construction management system
that parses schedules into a hybrid knowledge pool com-
bining hierarchical document structure with vector embed-
dings, enabling precise information retrieval for question
answering and progress monitoring.

2.2 Resource Linking

Early approaches in resource linking to a schedule lever-
aged Building Information Modeling (BIM) [13]] by in-
tegrating resource constraints directly into a BIM-based
scheduling system, where available crews (e.g., formwork,
reinforcement teams) were assigned to activities during a
particle swarm optimization process ontology-driven link-
age between tasks and resources, but require complete,
high-fidelity BIM models and manual rule definition, lim-
iting their applicability to projects with fragmented or un-
structured planning data.

Recent work has adopted RAG and knowledge graph
frameworks [[14]] to enable flexible, semantic resource link-
ing from textual schedules. RAG4CM [12], which parses
project documents into a hierarchical knowledge pool and
retrieves relevant resource specifications by combining se-
mantic similarity with document path features, allowing
context-aware answers like “Which crew installs drywall?”
Similarly, Kirner et al. [15] developed an RAG system
over Linked Building Data (LBD) that maps natural lan-
guage queries (e.g., “What machines are available for con-
crete pouring?”’) to machine-interpretable triples describ-
ing equipment, locations, and statuses. As a result, they
do not explicitly model the underlying action structure
or physical interactions required for task reasoning, nor
do they transform schedule activities into multi-granular,
machine-actionable knowledge suitable for downstream
automation.

2.3 Construction Action Understanding

Recent advances in construction automation have
shifted from static task execution to dynamic, context-
aware action understanding, enabled by structured repre-
sentations like scene graphs and multi-granular task prim-
itives. Yu and Pan [16} [I7] proposed a ConvNet-based
framework that learns multi-granularity task primitives
which decomposes complex activities into hierarchical
levels: subtasks, steps, activities, and actions. Their model
uses multi-task learning to simultaneously recognize these
granularities from construction videos, finding that the ac-
tivity level offers the best trade-off between recognition ac-
curacy and semantic richness for HRC. This models cyclic,
non-linear workflows common in real-world construction,
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enabling machine to interpret not just what is being done,
but how and why to assist. Complementing this, Veri-
Graph [18]] introduces an execution-verifiable robot plan-
ning system where an initial scene graph is incrementally
updated as actions are performed; the final state is vali-
dated against a goal graph, ensuring physical plausibility
and closing the loop between plan and execution.

Building on these foundations, recent work integrates
LLMs with domain-specific knowledge to ground action
understanding in both visual and textual contexts. In their
interior painting case study, Kim et al. [19] established
a structured dialogue between a machine and ChatGPT-
4, where the LLM interprets natural language instructions
and generates JSON-formatted action sequences (e.g., nav-
igateToLocation, paintWall) based on a pre-defined task
specification. This pipeline ensures operational integrity
by constraining LLM outputs to valid functions, enabling
safe, interpretable control. Similarly, Wu et al. [20] em-
ployed an ontology-based prompting to guide an LLM in
inferring construction activities from construction images;
by formalizing visual entities into a domain ontology and
using in-context examples, their model accurately maps
scenes to 41 predefined activity types. Similarly, Zhong et
al. [21]] proposed a transformer-based model for learning
to generate scene graphs supervised by image-sentence
pairs, with visual features as an input from a pair of de-
tected object regions, text embeddings of their predicted
categorical labels, and contextual features from other ob-
ject regions. Their model learns to recognize the visual
relationship between the input object pair, represented as a
localized Subject-Predicte-Object triplet. Another related
research, Liu et al. [7] demonstrate how scene graphs
under partial observability can be generated using a Par-
tially Observable Markov Decision Process (POMDP) to
enable system to reason about unobserved objects and
their relationships, significantly improving task planning
robustness in cluttered environments.

3 Methodology

The core objective of this research is to bridge the se-
mantic gap between high-level, natural-language structural
construction tasks found in project schedules and the low-
level, executable actions required for knowledge graph
generation. To achieve this, a multi-stage pipeline was
developed see Figure [I] that systematically deconstructs
each task into its granular primitives, which are Sub-Task,
Object, Action, and an SVO Triplets that serves as the
basis of a knowledge graph.

3.1 Experiment Configurations and Setups

The entire pipeline is executed on a local workstation
to ensure data privacy and reproducibility. The software
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stack is built on Python 3.9+ and relies on several key
computational dependencies, which are:

1. NetworkX [22]: A dependency for constructing,
storing, and visualizing the generated knowledge
graphs. It enables the creation of directed graphs
where nodes represent construction resource entities
(Manpower, Material, Equipment) and edges repre-
sent their interactions.

2. Requests: To interface with the local Ollama server
for LLM inference.

3. Sentence-Transformers [23] and FAISS: For dense
vector embeddings and efficient similarity search,
forming the backbone of the RAG system used for
matching schedule’s structural tasks to a construc-
tion resource Knowledge Base (KB).

The LLM model is powered by Ollama, a framework
to run LLM locally. The specific model used throughout
all LLM-powered stages is Llama3.2:latest ([24]). This
choice was made for its strong performance in reasoning
tasks, its open-source nature, and its ability to run effi-
ciently on specified hardware with a context window of
4,096 tokens. All LLM calls are configured with a tem-
perature of 0.2 to ensure deterministic and focused output.

The construction standard for this research is derived
from the 78™ Annual Edition of RSMeans Data [23],
which provides construction resource information, includ-
ing manpower, materials, and equipment. The interactions
between resources are further informed by established
standards, namely ACI PRC-304-00 [26]] for concrete con-
struction and TMS 402/602-22 [27]] for masonry construc-
tion, enabling the definition of Human-Object Interaction
(HOI) and Object-Object Interaction (OOI) relationships.
A curated subset of these standards is then preprocessed
into a structured JSON format, mapping combinations of
Work Package, Object, and Sub-Task to corresponding re-
sources and their interactions. This KB serves as the
authoritative source for grounding the extracted semantics
in real-world construction practices.

3.2 Schedule Task Match to Construction Resource
Knowledge Base using RAG and LLM

The construction schedule is provided as raw input in
commonly used digital formats, including text, comma
separated values, and spreadsheet files. All schedule en-
tries are first subjected to a preprocessing stage that stan-
dardizes textual representations, removes nonessential for-
matting, and prepares each task row for downstream anal-
ysis. This step ensures that differences in file format and
writing conventions do not affect the consistency and reli-
ability of subsequent processing.

After preprocessing, each task row is analyzed using
a rule-based LLM prompting extraction that follows the
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Figure 1. Framework flowchart governing the integration of LLM and construction resource standard to generate
a knowledge graph using construction schedule as an input

defined multi-granular task primitives in 2] The system
identifies the candidate sub tasks and objects contained
within each schedule description. When a task includes
multiple objects or construction intents, it is decomposed
into separate rows so that each row represents a single
granular construction activity.

The decomposed task rows are then matched to a con-
struction resource KB using RAG approach that is actively
guided by an LLM. The matching process is triggered and
controlled through Chain-of-Thought (CoT) and few-shot
prompting [28], which directs the model to reason step
by step over the extracted “sub-task” and “object” before
selecting the most relevant KB entries. The construc-
tion resource KB used in this research not only contains
descriptions of manpower, material, and equipment, but
also explicitly encodes their interactions within specific
construction activities. By decomposing schedule tasks
through this guided retrieval process, this phase outputs
a task-specific construction resources together with their
associated interaction information.

3.3 Construction Knowledge Graph Generation

The transformation from a raw schedule task to a knowl-
edge graph is a hierarchical that requires a multi-step pro-
cess designed to extract increasing levels of semantic gran-
ularity, see Figure[T]

Following the resource matching stage, the extracted
manpower, material, equipment, and their interaction in-

formation are first concatenated into concise action level
sentences. Each sentence represents a task-specific con-
struction action derived directly from the construction re-
source KB, for example, “Laborer installs formwork”
or “Concrete_vibrator evens concrete”. These ac-
tion sentences provide a standardized and interpretable
description of how resources are involved in executing a
given schedule task and serve as an intermediate represen-
tation between resource extraction and graph construction.
Each action sentence is then converted into a Subject-
Verb-Object (SVO) triplets to enable structured semantic
modeling. The resulting triplets are made using the Net-
workX library [22]], where unique subjects and objects
form nodes and interactions defined as edges between the
associated nodes. By joining all triplets into a single graph,
the system generates a construction knowledge graph that
captures task-specific resource entities and their interac-
tions in a structured and machine-interpretable form.

3.4 Construction Schedule’s Attribute Extraction

In parallel with the construction knowledge graph gen-
erations phase, another phase of processing extracts a rich
set of contextual attributes for each schedule task. These
attributes provide the necessary metadata to place the ab-
stract knowledge graph within a real-world scenario. The
attributes are categorized into four main clusters:

1. Location Attributes: This group includes
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location_storey (e.g., "2nd floor”, “Level 5”) and
location_zone (e.g., "C.L.9- 14", ’Area E”). These
are extracted using LLMs with an engineered CoTl
and few-shot prompts. The LLM is instructed to first
check for explicit mentions in the task text. If none
are found, it is directed to infer the location from
the context of preceding tasks in the schedule, forc-
ing the LLM to reason using the sequential nature of
construction schedule.

. Standard Attributes: This group links the task
to standardized industry standard. It includes
RSMeans_Name (its full name of the RSMeans
item), RSMeans_Code (its unique numeral iden-
tifier), and RSMeans_Unit (its unit of measure,
e.g., ’C.Y,” ”’S.F’, ”cwt”). This information is ex-
tracted using a three-tiered approach: exact matching,
FAISS-based semantic search, and LLM fallback.

. Task-4D Attributes: This group contains temporal

and logical data directly from the schedule file, which

are: Start Time, Finish Time, Duration, and Task

Predecessors. These are extracted during the initial

loading phase and are used to understand the task’s

position in the overall project timeline.

System Attributes:  This group is a meta-

category generated during processing. It in-

cludes System_Runtime, which logs the total
time taken to process the task through the en-
tire pipeline. Moreover, the Lists_o f-Manpower,

Lists_of_Material, and Lists_o f- Equipment are

also listed. These are derived directly from the SVO

triplets. By aggregating all subjects and objects from
the triplets and filtering them by their inferred types.
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4 Results and Discussions

The proposed pipeline successfully processed four con-
struction schedules, generating interpretable knowledge
graphs for each. As illustrated in Figures [3[a) and (b)
the system correctly identifies canonical objects (beam,
slab, etc) and sub-tasks (forming-in-place, water concrete
curing, etc.), and retrieves semantically grounded actions
from the construction resource KB. The resulting knowl-
edge graphs explicitly model Human—Object Interactions
(e.g., Carpenter_I installs Plywood) and Object—Object
Interactions (e.g., Concrete_pump pours Concrete). This
granularity enables downstream reasoning about task fea-
sibility, resource allocation, and a probable safety con-
straints which are very crucial for automation in construc-
tion.

Another drawback was observed in the location extrac-
tion module, where the LLM-based CoT prompting oc-
casionally inferred plausible but unsupported storey or
zone attributes (e.g., inferring “Level 4” for a task lacking
explicit locational cues, based on contextual proximity to
prior tasks). However, these instances remained physically
plausible (e.g., no “Basement 3” in a 5-story building) and
did not propagate to erroneous structures. Crucially, the
architecture (rule-based filtering + KB grounding + con-
strained prompting) ensured that all core in Figure [2] were
robust and reliable, preserving the knowledge graph’s fi-
delity for improving decision-making.

An interesting point of comparison arises between
our planning-phase knowledge graph generation and the
video-based human-object interaction (HOI) detection
framework developed by Khosiin et al.  [17]. While
our system generates knowledge graphs ahead of time
from schedule standpoint, their method extracts knowl-
edge graphs from site videos during execution standpoint,
capturing real-time human-object interactions. This align-
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ment presents a potential closed-loop system. On the one
hand, in the planning phase, our knowledge graphs pro-
vide the system with a semantic framework for expected
interactions, on the other hand, in the execution phase, the
video-based knowledge graphs allow for continuous moni-
toring of actual performance, enabling real-time compari-
son with the plan. Any deviations, such as pouring without
formwork, can be flagged, triggering alerts or adjustments.

Notably, this system’s performance was achieved on
modest hardware which is MSI GF65 Thin 10UE laptop
equipped with an Intel(R) Core(TM) i7-10750H CPU (12
cores), 16GB RAM, and Windows 11 Home. Despite
the absence of dedicated GPU acceleration or cloud re-
sources, the pipeline processes tasks efficiently through its
architecture. This demonstrates the framework’s practi-
cal feasibility for real-world deployment, where access to
high-end computing infrastructure can possibly be limited.

Such integration transforms knowledge graphs from
static documentation artifacts into dynamic, updatable
world models which enables the system to understand
planning and verify execution. This is foundational for
construction action automation, where robot or other ma-
chines must move beyond passive execution to proactive,
context-aware assistance [8},[16]]. In addition, the extracted
attributes transforms a simple task description into a multi-
dimensional data point, enabling future integration with
BIM and other resource management systems. Therefore,
the demonstrated interpretability of our knowledge graph
framework confirms that rule- and LLM-based knowledge

graph is a viable pathway to bridge the planning-execution
gap in task planning on a construction site.

5 Research Limitations

This research operates under several deliberate and prac-
tical constraints. The identification of construction re-
sources is primarily grounded in the 78" Annual Edition
of RSMeans Data as the benchmarked construction re-
source standard, while the interaction is further guided
by ACI PRC-304-00 and TMS 402/602-22. Although
this combination establishes a coherent and standardized
framework for resource definition and interaction mod-
eling, it inherently limits the system’s coverage to the
scope defined by these standards. Tasks falling outside
this domain—such as custom or emerging construction
methods (e.g. 3D-printed formwork)—will not be accu-
rately parsed or grounded, potentially leading to omission
or misrepresentation in the resulting knowledge graphs.

The pipeline’s RAG-based KB matching relies on a rule-
augmented, not learned, KB. This design prioritizes inter-
pretability and avoids black-box LLM hallucination, but
it demands a comprehensive and well-structured KB. As
such, the scalability and robustness of the system are di-
rectly contingent on the breadth and granularity of the un-
derlying RSMeans-derived KB. Future extensions to new
work types will require systematic KB expansion.
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6 Research Validations

To validate the practical utility and field relevance of
the generated knowledge graphs and associated attributes,
seven on-site construction experts reviewed representa-
tive system outputs. Across all evaluations, the experts
unanimously affirmed that the representations are opera-
tionally accurate and reflect real-world construction prac-
tices. They emphasized the value of explicitly model-
ing OOI, such as “Rodmen installs beam_bolsters” or
“Form_oil protects plywood”, noting that such inter-
actions are often omitted in traditional schedules yet are
essential for quality control, compliance, and logical se-
quencing. The granularity of manpower allocation was
also validated as realistic and actionable. As one expert
remarked: “It is better to have 4 people to operate the
concrete pump: 1 worker drives, 1 worker parks and po-
sitions the truck; 2 workers manage the electrical systems
and concrete transfer from the truck to pump boom; and 1
guides and aligns the placing boom during pouring.” This
level of detail was recognized as directly transferable to on-
site planning. Overall, expert feedback was instrumental
in refining the attribute extraction scheme and optimiz-
ing the construction resource KB, enhancing the system’s
fidelity to real-world workflows.

7 Conclusions

This research presents a structured pipeline that trans-
forms unstructured construction schedules into executable
semantic knowledge for system reasoning and planning.
By integrating rule-based task decomposition, LLM-
assisted semantic parsing, and resource-standard-driven
retrieval-augmented generation, the framework enables
automated construction of knowledge graphs that capture
tasks across multiple levels of abstraction, from planning
intent to physical interactions among manpower, materi-
als, and equipment. Grounded in industry standards, these
representations allow construction schedules to function as
machine-interpretable knowledge sources for downstream
construction automation. Through domain-constrained
prompting and knowledge-base decomposition, the out-
puts remain interpretable, traceable, and aligned with real-
world practices. While limitations persist, including de-
pendence on benchmark coverage and uncertainty in lo-
cational inference, the results demonstrate the viability of
schedule-driven knowledge graph generation for context-
aware construction automation. Future work will enhance
evaluation by incorporating both qualitative and quan-
titative measures, including LLM-as-a-qualitative-judge
with Likert-scale scoring for logical correctness and con-
structability, as well as Graph Edit Distance (GED) for
measuring structural similarity against expert-annotated
graphs.
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