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Abstract

Adoption of Artificial Intelligence (AI) is growing
across the construction industry, but its use remains
uneven. While Al is being increasingly adopted for
information management workflows, its application
to construction scheduling remains limited. It is a
critical gap because construction scheduling is
inherently dynamic and must respond to disruptions
such as workforce constraints, procurement delays,
coordination issues, and changing site conditions.
Although traditional scheduling approaches have
improved over time, they remain limited in
supporting  adaptive  decision-making under
uncertainty. To address this gap, this study proposes
a  trajectory-based learning approach for
construction scheduling. A technical simulation
environment was developed by modelling
construction actions as trajectories. The proposed
framework is demonstrated through a case study of
ductwork installation in a six-story building. A
dataset of 50 trajectories with 577 steps of thought-
action-observation was constructed to capture diverse
execution scenarios. An In-Context Learning (ICL)
approach leveraging large language models (LLMs)
was adopted to learn from training trajectories and
predict subsequent construction actions. Zero-shot
and few-shot prompting strategies were evaluated
comparatively. The initial next-action prediction task
was further extended with an additional experiment
on predicting short sequences of future actions to
better reflect real-world construction operations.
Results show that Llama 3B achieved 76% accuracy
in next-action prediction under the 5-shot setting,
while GPT-5.4 demonstrated stronger reasoning
capability in the extended experiment. This study
highlights the potential of trajectory-based learning
as an on-site decision-support mechanism and
provides a preliminary foundation for future
intelligent construction scheduling agents.
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1 Introduction

Despite technological advancements and applications
in the industry, accurate construction scheduling remains
a critical challenge. This is basically due to the inherent
complexity and dynamic nature of construction work. In
addition, other influencing factors such as labour,
material and equipment availability, weather, change
orders and economic fluctuations also contribute to
unrealistic ~ scheduling.  Traditional  scheduling
approaches range from the Critical Path Method (CPM)
to construction scheduling software like MS Project and
Primavera which remain deterministic with poor
reasoning capability [1]. Research has also focused on
applying Artificial Intelligence (AI) and Machine
Learning (ML) to construction scheduling in terms of
predicting completion percentages and evaluating project
performance [2]. Moving forward, current research has
applied Large Language Models (LLMs) to construction
scheduling in terms of capturing delay causes and
automatic schedule generation [3]. Additionally,
integration of digital technologies like Digital Twins
(DTs) with LLMs can be seen in enhancing robots for
dynamic task allocation in construction [4]. Some studies
have developed LLM-based frameworks for construction
with the integration of robotics by leveraging Industry
Foundation Classes (IFC) [5]. These frameworks have
been successful in guiding robots to perform tasks like
brick-laying and 3D printing [5]. Despite these advances,
existing approaches remain limited in their ability to
handle construction uncertainties in an adaptive manner.
Most Al and LLM-based scheduling approaches depend
on predefined methods offering deterministic schedule
generation instead of learning through sequential
behaviours. This highlights a research gap in developing
scheduling approaches that can reason under
uncertainties and better address current industry needs.
To address this gap, this study introduces an agentic
approach for construction scheduling that learns
sequencing behaviour from trajectories under uncertainty.

LLMs are transformative technologies with
applications not only in construction but also in other
sectors like finance and manufacturing [6]. In-context
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learning (ICL) is a mechanism through which LLMs
perform a task by learning from instructions and
examples given directly in the prompt. ICL eliminates the
need for complex fine-tuning which frequently acts as a
bottleneck in existing ML approaches [7]. Hence, an ICL
method was applied in this study leveraging LLMs, using
training trajectory data as the context for the user prompt.
This study demonstrates HVAC (Heating, Ventilation,
and Air Conditioning) installation as a case study where
both positive (successful) and negative (unsuccessful)
trajectories were provided as in-context examples.
Dynamic construction interactions which include task
dependencies, rework and coordination between site
personnel were incorporated to infer decision patterns.
Ultimately, this study examines whether ICL enables

LLMs to reason over construction scheduling trajectories.

2 Methodology

2.1 Trajectory data

This study models the interaction between the agent
and the environment as trajectories which provides the
structural representation used for learning. Trajectories
capture the complete or partial execution of a
construction task over time through a sequence of
decisions and outcomes. In this study schedule related
operations are represented as thought-action-observation
(t-a-o) trajectories, where thought denotes what needs to
be done, action denotes the managerial or operational
decision taken, and observation denotes the resulting
outcome (Figure 1) [8].

@: Install HVAC ductwork at Level 6 \
S

tep 1:
{"t": “Go to site at ‘x’ time",
"a": “Check for materials with the store",

Step 4:

{"t": “Need to check the crew availability",
"a": “Check in the installation area",

"o": “Crew is idling without materials"}

Step 10:
{"t": “Need to continue assigned new task
until the materials are delivered",

"a": “Crew starts insulation work",
Q “Insulation progresses”} /

Figure 1. Trajectory representation
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Dynamic scheduling factors such as crew availability,
safety hazards, material delivery delays, and
environmental conditions are embedded explicitly at the
step level within the observation component. This
enables the trajectories to capture real-world construction
uncertainties and intermediate decision consequences.
These trajectories are encoded into the task environment
in a structured order, where the state space (S) describes
the context at a given step and the action space (4).

This study used an open-source time-motion dataset
which includes a long chain of events resulting from
video footage [9]. It captures the activities of MEP
(Mechanical, Electrical, and Plumbing) workers in a six-
storey multifamily building in Finland which showed
elevated levels of wasted efforts. A total of 50 trajectories
were constructed for the HVAC installation task,
including 12 positive trajectories and 38 negative

trajectories. Positive trajectories contain correct
execution steps throughout the full sequence. Negative
trajectories include either trajectories with an

unsuccessful final outcome, or trajectories with a
successful final outcome but incorrect intermediate steps.
Negative trajectories were included since the process of
human learning not only involves observing successful
executions but also includes experiencing failures [10].

2.2 ICL approach

ICL was adopted to evaluate LLMs for construction
action prediction in schedule decision support.
Instruction-finetuned open-source LLMs, namely Llama-
3.2-3B-Instruct and Qwen 2.5-3B-Instruct were used in
this study. These models were selected because they
represent  relatively lightweight and practically
deployable LLMs suitable for early-stage evaluation of
on-site decision-support scenarios. These models were
accessed through a Hugging Face API token [11].
Training trajectories were given as contextual examples
within the user prompt enabling models to learn
scheduling patterns. Data were split based on the 80/20
rule. The held-out test trajectories served as the ground
truth with the original t-a-o construction sequences.

During ICL, LLMs analysed unseen test trajectories
and predicted the next action under uncertainty. However,
this decision is solely based on the given trajectories of
different scenarios. Zero-shot and few-shot prompting
approaches were incorporated for comparative
evaluation. In the zero-shot setting, the model receives no
in-context trajectory examples, whereas in the few-shot
setting, it learns from a small number of example
trajectories provided in the prompt. Factors like the
diversity and quality of examples shown in the in-context
demonstrations may improve the quality of model output
[7]. To assess the capability of ICL in distinguishing
trajectory patterns, two conditions were studied: positive
only and mixed positive-negative trajectory contexts.



Prompt was designed as using positive trajectory and
(positive + negative) trajectory contexts to predict the
next best action. Regarding example selection, few-shot
examples were re-sampled for each run, and each model
was evaluated across all test trajectories. The prompt was
specified to generate only positive outcomes. For each
condition, zero-shot, 1-shot, 5-shot and 10-shot
prompting configurations were examined. Final reward
was computed based on the Outcome Reward Model
(ORM). ORM uses binary labels with “1” representing
successful task completion and “0” for uncompleted
tasks [12]. This study assigns a reward of “1” if the
ground-truth label is “positive”, whereas it assigns a
value of “0” if the ground-truth label is “negative”.
Evaluation was conducted at the trajectory level by
aggregating step-level rewards across each predicted

s

trajectory and computing the average reward against the
ground-truth trajectory. To evaluate whether the system
can differentiate positive and negative trajectories,
accuracy and a confusion matrix were computed,
including true positives (TP) and true negatives (TN).
Model outputs were evaluated over multiple runs, and
accuracy was recorded. Subsequently, accuracy for each
shot configuration was calculated by taking the average
accuracy across all runs.

In real-world construction processes, scheduling
decisions often involve not only the next action but also
a short sequence of subsequent actions. To better reflect
this practical need, the ICL setup for next-action
prediction was extended with an additional experiment
that evaluates the prediction of future action sequences
with prior trajectory actions as input context. In addition
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Figure 2. Methodology for preliminary ICL approach
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to Llama and Qwen, this experiment included Mistral-
7B-Instruct-v0.2, GPT-40-mini, and GPT-5.4 to compare
performance across both open-source and API-based
models. Predicted trajectories were assessed manually.

3 Results and discussion

When the same unseen trajectory was tested with
LLMs under positive and negative conditions the
following outputs were obtained as indicated in Table 1.

Table 1. Accuracy levels of positive-negative trajectory

context
Prompt Qwen 2.5-3B- Llama 3.2-3B-
Instruct Instruct
Zero-shot 30% 40%
1-shot 76% 66%
5-shot 60% 76%
10-shot 58% 70%

Table 1 shows that neither model performed well
under the zero-shot setting. Qwen achieved its best
performance under the 1-shot configuration, with an
accuracy of 76%, compared with 66% for Llama. In
contrast, Llama performed better at the 5-shot and 10-
shot settings, suggesting that it benefited more from
additional in-context examples. However, both models
showed lower performance at 10-shot than at 5-shot,
indicating that adding more examples did not necessarily
improve prediction accuracy. This suggests that
excessive in-context examples may introduce less
relevant or distracting context, reducing the models’
ability to use the prompt effectively. Overall, Qwen
performed best in the 1-shot setting, whereas Llama
achieved its strongest performance in the 5-shot setting.

One possible reason for the variation in few-shot
performance is output truncation. As the number of few-
shot examples increases, the prompt becomes more
complex and consumes more tokens during inference.
Since each trajectory contains around 10 steps on average,
larger few-shot settings increase both prompt length and
response complexity. To manage this, generation was
limited to 500 output tokens. As a result, the study mainly
evaluated action prediction accuracy rather than the
quality of the generated explanation. Example
explanations are presented only for illustration, and their
content may vary depending on the number and similarity
of the in-context examples. An example from the 5-shot
Llama setting is shown in Figure 3.

In addition to comparing different LLM architectures,
an ablation study was conducted to examine the effect of
model scale within the same model family by comparing
Qwen 2.5-7B-Instruct and Qwen 2.5-3B-Instruct. As
shown in Figure 4, the 7B model achieved higher
accuracy than the 3B model in most settings, except for
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the 1-shot configuration. Zero-shot performance was
nearly twice as high for the 7B model, suggesting
stronger instruction-following capability. The 7B model
also performed better under the 5-shot and 10-shot
settings, indicating improved use of multiple in-context
examples. These results suggest that increasing model
scale may improve robustness to noisy context and
strengthen the use of trajectory examples.

[ HVAC duct installation ]
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Figure 3. Next action prediction (5 shot Llama setting)
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Figure 4. Accuracy levels of the ablation study

Figure 5 presents the cosine similarity values
obtained in the extended experiment on predicting future
action sequences across different LLMs and prompting
configurations. Qwen and Llama showed patterns
generally consistent with the next-action prediction
results from the previous experiment, while Mistral
performed at a similar level with slight variation across
prompt settings. GPT-based models showed stronger
performance than the open-source models, suggesting
that trajectory-prediction performance may improve with
model scale. Figure 6 shows an example future trajectory
prediction generated by GPT-5.4.
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Figure 5. Cosine similarity scoring of different LLMs

GPT-5.4
CONTEXT: @
Step 1:

{"t": "Materials arrive on time", "a":
"Builder supervises to unload", "o":
"Loading Bay occupied by another

PREDICTIONS @5-shot configuration: \
Step 3:

{"t": "Need to secure an immediate unloading arrangement

to avoid truck waiting and site delay”, "a": "Contact logistics
coordinator and loading bay controller to request the

>

trade"}
Step 2:
{"t": "Need to resolve conflict", "a":
"Check logistics schedule”, "o": "No

unloading slot allocated"} /

earliest available unloading slot and temporary holding
instruction”, "o":
current trade clears the bay"}
Step 4:

{"t"
becomes available", "a": "Inform supplier driver and crew,
keep handling equipment ready, and proceed to unload
when the bay is released”, "o": "Materials are unloaded

and
issuance"}

W,

An unloading slot is assigned after the

"Need to prepare for unloading as soon as the bay

moved to the designated storage area for further

%

Figure 6. Prediction of trajectory using GPT-5.4

This study presents a trajectory-based ICL approach
for construction scheduling. Rather than replacing
conventional scheduling tools, the proposed method is
designed as a decision-support mechanism that helps site
teams interpret evolving situations and identify feasible
follow-up actions. This work contributes to contrastive
learning from positive and negative trajectory patterns,
including intermediate-step failures that are often
overlooked in conventional deterministic schedules.

One of the key limitations is the limited number of
trajectories which limits the diversity of decision patterns
available for unseen scenarios. Hence, it is recommended
to train the model with a considerably bigger dataset,
covering a wide range of cascading scenarios under
uncertainty.

As an initial step towards developing a scheduling
agent, this study provides a basis for future development.
The next step is to advance this work towards an LLM-
based scheduling agent by incorporating stepwise
rewards and a mixed post-training method that includes
supervised instruction fine-tuning and reinforcement
learning. It would also be valuable to include larger scale
LLM baseline models in future evaluations.
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4 Conclusion

Timely project completion remains a persistent
challenge in the construction industry adhering to its
inherent complex nature and uncertainty. The proposed
approach is designed to support adaptive scheduling
decisions under disruptions by predicting future action
sequences from prior trajectory context.

This study leads to the following key findings. First,
the performance of ICL is influenced by both the number
and quality of the in-context examples. Despite the small
dataset, ICL appears to offer a practical alternative in
settings where construction scheduling data are scarce.
Additionally, Llama showed stronger performance in
next-action prediction at the preliminary stage, while
commercial LLMs such as GPT-5.4 performed better in
the extended future-trajectory prediction experiment.
This suggests that model architecture and scale may
influence trajectory-learning performance.

This paper presents an exploratory study towards
such a system, in which the agent learns construction
sequences from both positive and negative trajectories
and is evaluated on its ability to predict subsequent
actions and short future trajectories. In practical terms,
the contribution of the approach lies in its potential to
support schedule adjustment under disruptions by
recommending feasible next actions that reduce delay.
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