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Abstract —

Industrialized construction relies on the tight
integration of production, logistics, and on-site
assembly, making the process highly sensitive to
dynamic disturbances. To achieve rescheduling with
minimum human intervention, this study proposes an
intelligent rescheduling framework based on Al
agents. First, we establish a unified Mixed-Integer
Linear Programming (MILP) model to provide a
standardized mathematical foundation for the
rescheduling process. Second, a collaborative
architecture comprising five functional Al agents is
developed. By utilizing Large Language Models
(LLMs) as their cognitive cores, these agents
automatically transform natural-language
disturbance reports into structured model patches
and executable code. To ensure technical precision, a
Retrieval-Augmented Generation (RAG) mechanism
is integrated to ground the agents in domain-specific
knowledge. Experimental results demonstrate that
the framework can effectively bridge the gap between
unstructured field reporting and mathematical
optimization, enabling automated responses to
disruptions.
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1 Introduction

Industrialized construction shifts traditional cast-in-
situ construction methods toward a highly coordinated
process of component production, transportation, and
assembly. This transformation imposes spatiotemporal
synchronization constraints across factories, logistics,
and on-site resourcestY. Guided by just-in-time principles,
buffer resources throughout the supply chain should be
minimized, rendering the supply chain highly sensitive to
various disturbancesf. Consequently, local delays can
propagate through the chainl®l, triggering cascading
effects such as vehicle idling! and on-site work
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stoppagest®. Without mechanisms to generate actionable
instructions, these chain reactions lead to overall
performance degradationl®l. Therefore, prefabricated
component scheduling requires not only robust static
optimization but also agile operational rescheduling to
mitigate disruptions.

Existing research in this domain spans from
centralized optimization to distributed collaboration.
While centralized approaches pursue global optimality,
they often suffer from computational latency and lack the
flexibility required to handle frequent disturbancest’-8l,
To overcome these limitations, research has increasingly
adopted Multi-Agent Systems (MAS) 1. By modeling
resources or tasks as autonomous entities with
independent decision-making capabilities, MAS offer an
adaptive alternative rooted in collaboration*®. However,
real-world disturbances are typically communicated via
unstructured natural language such as site logs and verbal
change orders. Traditional MAS, restricted by hard-
coded decision logic™'!l, lack the ability to interpret
ambiguous information and autonomously construct
mathematical models. As a result, the pipeline from
disturbance perception to decision generation remains
heavily reliant on human intervention.

The emergence of Large Language Models (LLMs)
provides a transformative pathway to overcome these
hurdles. The primary advantage of LLMs lies not in
replacing specialized optimization solvers, but in their
capacity to serve as semantic translatorsi?, This
capability has catalyzed the rise of Al agents—
autonomous entities that utilize LLMs as a cognitive core
to perceive, reason, and act. An Al agent does not merely
follow rigid rules; it interprets the intent behind a
disturbance and manipulates computational tools to
synthesize solutions.

Accordingly, this study proposes an intelligent
rescheduling framework driven by Al agents. We first
establish a unified Mixed-Integer Linear Programming
(MILP) model to provide a standardized, solvable
mathematical foundation for reschedulingf*®l. Building
on this, the framework employs Al agents as semantic-
to-code bridges. By incorporating domain-specific
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constraints through Retrieval-Augmented Generation
(RAG), these agents automatically map unstructured
disturbances into structured model modifications and
executable solver codel*l. A collaborative workflow
among specialized agents helps to achieve a fully
automated loop from semantic disruption reporting to
executable rescheduling commands.

2 Problem Description and Model

Construction

This study specifically addresses the dynamic
rescheduling of precast concrete components under
disturbances. Grounded in the concept of interrupt
management, the rescheduling strategy aims to minimize
deviations between the revised schedule and the original
baseline plan™®., The optimization objective functions as
a multi-criteria priority, balancing factors including (1)
reducing costs associated with early or delayed
component arrivals and (2) minimizing temporal shifts
and resource reallocation overhead caused by schedule
adjustments.

Coordination between the production facility and the
construction site is maintained through the dynamic
balancing of on-site inventory levels I,. This framework
adopts an event-driven rescheduling mechanism: upon
the detection of a disturbance, a specialized Patch Agent
translates the unstructured information into localized
updates to automatically generate a reschedule solution.

Based on the problem description, the collaborative
scheduling model is constructed as follows.

. 1
min Z = Cigte *Z‘li + Cearty 1)
i

*Ztei + ktime
* Z shifttime
i
+ kline * Z‘(pl@ine
i

Equation (1) formulates the minimization objective,
where ciq¢e and ceqrq,, represent the unit penalty costs for
the late arrival period [; and early arrival period e; of
component i, respectively. To ensure schedule stability,
the objective also penalizes deviations: ke and kjjne
denote the penalty coefficients for temporal shifts and
production line reallocations. Here, shiftf™¢ represents
the absolute deviation of the casting start time relative to
the baseline, and ¢! is a binary variable indicating
whether the production line assignment for component i
has changed.

= Sio + P, VIiEI 2)
Si,Od 2 Ci'gc + el,vl E I (3)
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Sj,oc = Ci,od - Mbig * (1 - u:,l]rfle) (4)
= Mg * (2 —x;
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£jVIEL
Si,oc = Cj,od - Mbig *ui,l]r}le - Mbig (5)
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Equations (2-5) define the physical production logic.
In Equation (2), S;, and C;, denote the start and
completion times of process o (containing casting o, and
demolding o4 ), and p;, represents the processing
duration. Equation (3) strictly enforces the curing
constraint, requiring that the demolding start time S; 54
must occur after the casting completion C; ,. plus the
minimum curing time 6;. Resource conflicts are resolved
in Equations (4-5): x;, is a binary variable indicating if
component i is assigned to production line [, and uf‘]"f
manages the processing sequence between components i
and j to prevent temporal overlap. My, is a sufficiently
large positive constant.

a;, = Ci,od + Ti,Vi el (6)
liZai—Li,ViEI (7)
eiZ Ei—ai,ViEI (8)
Zzi,t = 1viel ©)
t
Ye(thd) xz e <a; < Zt((t + 1)A) * 2, VIE (10)
1
It = It—l + Z Zi,t - Dt,Vt ET (11)
i
0<1; < W, VEET (12)

Equations (6-12) bridge production and on-site
assembly. Equation (6) calculates the site arrival time a;
based on the fixed transportation duration t;. Equations
(7-8) quantify the deviation from the ideal arrival time
window [E;, L;]. To map continuous arrival times to
discrete time slots, Equations (9-10) introduce the binary
variable z;,, which equals 1 if component i arrives
within the time interval t of length 4. The dynamic
equilibrium of on-site inventory is governed by
Equations (11-12), where I, denotes the inventory level
at time t, D, represents the number of consumables used
for assembly, and Wg;;. is the maximum capacity of the
on-site storage yard.

shiftfme > s, . — S

i,OC' V l E I
shiftf™e > S0 — Sioc Vi€

(13)
(14)

Finally, Equations (13-14) define the absolute
temporal deviation shiftf™¢ by comparing the
rescheduled casting start time S; ,. against the original
baseline schedule S? .. In summary, the collaborative

i,oc"
scheduling model maintains physical and process



feasibility while minimizing deviations from the baseline
plan. This provides a solvable MILP formulation for
subsequent local rescheduling under event-driven
mechanisms.

3  Methods

3.1 Overall Architecture of the Framework

Figure 1 shows the overall architecture of the
proposed framework. Within this framework, LLMs are
enabling advanced semantic comprehension and causal
reasoning upon agent invocation. These agents map
dynamic events to specific model patches and executable
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scripts, synthesizing structured scheduling instructions.
To ensure domain alignment, RAG performs semantic
similarity searches across specialized databases to
retrieve contextually relevant knowledge fragments. This
process guides LLMs in generating outputs that strictly
adhere to established industry norms and technical
constraintst*®l, The MAS comprises sense agent (Asense),
patch agent (A,,,.;), code agent (Acq.), scheduling

agent ( A, sque )» and dispatch-feedback agent
(Adispatc)i ). These agents collaborate to form a

standardized pipeline, spanning disturbance perception,
model updating, code generation, optimization, and
instruction dispatching.
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Figure 1. Framework Architecture

Information is transmitted between agents in
standardized message formats, collectively completing
the management from disturbance perception to
instruction dispatching. For any message sent from agent
i to agent j, the format is uniformly defined as follows:
(15)

i-j

m, ' = (type,payload,t)

Here, type specifies the message classification,
while payload contains the substantive data encoded as
a JSON object. The variable t represents the timestamp,
evolving over discrete time horizons t =0,1,2,....
Adopting this standardized protocol facilitates modular
decoupling and ensures efficient inter-module
communication.

3.2 Roles and Functions of Al Agents

The framework comprises five agents, each assigned
specific functions and input/output parameters. The
rescheduling process is initiated by Ag.nse , Which
aggregates multi-source data (e.g., operator logs,
documents) into production states X, and disturbance
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events E; via function f;,,s.. These structured inputs are
transmitted to A, ;, as shown in Equations (16-17).

A, 4ec1 Maps the disturbances into a mathematical model

patch II, (Equation 18), which defines parameter
variations and constraints, thereby updating the MILP
model to M, (Equation 19).

(Xt: Et) = fsense(NL:eq'docst) (16)
sense—patch (17)
t
= (event_report,{X., E.}, t)
I, = (AParam, Blackouts, NewTasks, (18)
Cancels, WindowShifts, Freezes)
= fpatch(Xt' E)
M, = P(M;_4,11;) (19)
mfatm_)wde = (model_update, {M,}, t) (20)

Following the model update, A.,4. translates the
intermediate model M, into solver-specific executable
code code,, accompanied by a static analysis report
R,,04 10 ensure syntax validity (Equation 21). This code



drives A ;. 1.1 Which invokes the optimization solver

to generate the optimal plan sol, and diagnostic metrics
Diag, (Equation 23). Finally, Ajispatch operationalizes
the plan into production instructions and monitors
execution feedback feedback,,, (Equation 25), which

serves as the input for the subsequent rescheduling
iteration (Equation 26).

(codey, Ryoa) = feoae(Mt)

code—schedule

mg
(MILP_code,{code;, Rpoq} t)

(21)
(22)

lﬁl Sense Agent lﬁl Patch Agent

L ?Rale Setting: A data

1 &b structuring expert. updating expert.

L

1 Core Task: Tdentify
disturbance and output system
status and event lists.

patches.

: .?Role Setting: An MILP model
Y
L

= I 1
Core Task: Retrieve relevant know]edgel
templates, and generate structured model 1

| - RAG Instruction: Retrieve patch 1
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dispatch—sense (26)
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1 moment to the sense agent. 1
_______________________ -
. Qutput Specification: 1 '

orders_t: Instructions issued to the execution system. 1
feedback t+1:Plan execution data collected at the next moment. |

Key Constraint: Feedback information should focus on key
8 events that may trigger rescheduling, providing effective input for
the next round.

Figure 2. Prompt Structure for Each Al Agent

Prompt engineering enables LLMs to adapt to
specific domains through techniques such as task
decomposition and example-based guidancel”). This
study designed structured prompts that explicitly specify
each agent’s role, primary task, output format, and key
constraints (see Figure 2). Notably, the prompts for
L — and A4 Iincorporate specific retrieval

instructions to leverage external domain knowledge.

3.3 RAG-Based Domain

Enhancement Mechanism

Knowledge

To ensure factual accuracy and executability, the
framework incorporates RAG for A, , ; and Aoqe. By

retrieving relevant domain knowledge via vectorized
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Key Constraint: Output the intermediate

status and variable consistency.

Key Constraint: If any errors appear
6 in the validation report, you must correct
the code.

lal Scheduling Agent
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|
L
=1 Core Task: Receive the code, call the Gurobi solver for 1

computation, and output a complete scheduling solution. 1

-
| Qutput Specification: 1
1 *  sol_t: The scheduling solution 1
| » Diag_t: Diagnostic information from the solving process. 1

] Key Constraint: If a feasible solution cannot be found within
6 (he specified time, automatically attempt to adjust solving
parameters or relax certain constraints, and record this in the
diagnostic information.

indexing and injecting it into prompts, RAG mitigates
LLM hallucinations and enforces contextual consistency.

3.3.1  Construction of External Knowledge Bases

for A,aech

The A e knowledge base maps disturbances to

corresponding MILP updates via scenario-patch-MILP
pairs. Each entry defines transformation rules for
constraints, parameters, and objective functions.

(1) Production Line Unavailability

For disturbances involving production line
unavailability, the knowledge base instructs A, ; to

generate Blackouts patches. A binary auxiliary variable

w/i* is introduced to depict the non-overlap logic



between the production line unavailable time B{"¢ =
[bline,, blne] and production tasks. Constraints
(Equations 27-28), active only when x;; = 1, ensure that
any tasks assigned to line [ do not overlap with the
blackout period.

Ci,od = béit?zit + Mbig * Wllllnl;3 + Mbig (27)
* (1 - xi,l)' '
Vi€elL,VIELVYDb e Bine
Si,oc = bzlelr{l; - Mbig * (1 - Wil,Lllee (28)

— Mp;g * (1'_xi,l)'
Vi€elL,VIELVYDb e Bine

(2) Emergency Insertion

When an emergency order arrives, it is translated into
a NewTasks patch via three update rules: (1) defining
the new task set U to expand the total collection to It =
I U U with initialized decision variables; (2) enforcing
the required process and resource constraints for the
inserted tasks; and (3) assigning a significantly higher
delay penalty w;« to prioritize urgent insertions. The
updated objective function is shown in Equation (29),
and the inventory balance constraint is simultaneously
extended to I'*, with the updated expression shown in

# Without RAG
Resolution typically involves either 'resource
substitution’ or 'task delay’.

1. Resource Substitution; Reassign all tasks
originally scheduled for ‘Equipment A"

2. Direct Delay: Postpone all alfected tasks
by 3 hours as a block.,

P q
+" Question:

prompts.

Identify affected jobs {X, Y, Z} and resource
set {A, B, C}.
B: Pouring X from 14:30-16:00.
C: Pouring Y from 15:30-16:45.
A (after repair): Pouring Z [rom 17:06—18:36;
carliest demolding at 21:36; on-site arrival at

& 23:06. g
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Figure 3. A representative example of the RAG process

The external knowledge base of A.,4. Supports the
conversion of MILP formulations into executable code
by covering common MILP model structures, templates
for variable and index definitions, and exemplars for
constraint construction and solver interfaces. Given
Gurobi's speed and stability for large-scale MILPI8l, this
study selects Gurobi as the solver for MILP models. To

1908

+ User Query: Equipment A has
suddenly mallunctioned and
requires 3 hours for repair.
What sheuld be done for
rescheduling?

+ Current time set as: t now =2

Non-RAG Agentis: Use only standard

Patch Agent & Code Agent:
Generate the response based on the prompt
together with the following information:

Combine the
context with
the prompt

Equation (30).

min Z = wpy * Yy lix + (29)
Clate * Dier i + Cequy * e +
ktime * Ziel*‘ Shifti“me + kline *
Dier+ ‘Pzﬁne
(30)

I =1_, + Z Zie — D,VtET

iert

While the preceding discussion primarily addresses
disturbances at the production stage, the framework
maintains the flexibility to map on-site construction
disruptions to specific parameter updates in Equations (1-
14). For instance, when encountering exogenous factors
such as extreme weather or labor fluctuations, the
knowledge base directs A, 405 10 generate a parameter

patch AParam, reducing the assembly consumption rate
D, for the affected duration and triggers WindowShifts
patches to recalibrate the ideal arrival time windows for
various components. By continuously indexing
disturbances into model parameter updates, the
framework ensures its scalability in on-site construction.

3.3.2 Construction of External Knowledge Bases

for Acoge
Index
----- oy sEmmTe. v
. Query . EMM -
L Ll [ —
| —

chunked | vectors

i

I

i

1

i

i

i

! Embedding
: vectors

1

'

Retrieve

[ Relevant documents ]

Top-3 snippet
Generation examples

’

\ \
... How should rescheduling be performed? ! i b

Snippet I: Problem Definition Fragment
Snippet 2: Minimal Perturbation Rule
Snippet 3: Constraint Template

Snippet 1: Gurobi Variable/Index Template

Snippet 2: Constraint Template Code Snippet
Snippet 3: Objective & Inventory Code Snippet

enhance the LLMs' ability to convert formulas into code,
the process involves: (1) obtaining normalized MILP
expressions from the A,,,..,, external knowledge base; (2)
driving the LLMs to generate model code using standard
prompts without RAG technology; (3) validating
executability via the Gurobi solver. This approach avoids
semantically correct but non-executable issues that may



arise from relying solely on textual similarity!?®-20,
Samples passing this verification are incorporated into
the A.,q knowledge base.

During the reasoning phase, RAG is introduced to
reduce the hallucinations in LLM-generated responses
and strengthen adherence to domain constraints. When
Apatcn OF Acoge i triggered, the framework retrieves the
most  contextually relevant template from its
corresponding  knowledge base. This retrieved
knowledge is not memorized by the collaborative
scheduling model but dynamically injected as critical
contextual information into the original prompt,
enhancing generation quality without fine-tuning™"l, The
RAG application workflow is illustrated in Figure 3.

Despite the generative capabilities of LLM, the
resulting code may encounter execution failures during
the solving phase, such as syntax errors, undefined
variables, or solver-induced infeasibility. To enhance
execution robustness, this framework integrates
automated fault diagnosis and repair mechanisms in
Acoge and A ;... - IN instances of code execution

failure, the error message is fed back to A.,4. for
context-aware rewriting. Furthermore, when the solver
fails to identify a feasible solution, A__;,,.,,. identifies

conflicting constraints and passes the semantic feedback
t0 Apqaecn, Which facilitates the dynamic adjustment of
non-hard constraints to restore feasibility.

In scenarios where a disturbance is not represented in
the existing knowledge base, the framework extracts the
original event E;, the intermediate model M, and the
diagnostic log Diag, to generate an anomaly report for
expert review. Following manual intervention and
verification, the unrecorded disturbance is vectorized and
added to the knowledge base. In this way, the knowledge
base is continuously expanded through both operational
failure records and expert-in-the-loop corrections.

4 Case Study

4.1 Experimental Setup

The experimental environment is implemented in
Python 3.9, integrating LangChain for agent
orchestration. We employ GPT-4 as the inference model
for the Al agents and Gurobi 10.0 as the MILP solver.
The case scenario is set in a prefabrication factory
containing two parallel production lines (l;, [;). The
production plan encompasses tasks for facade i, ,
composite slab i,, balcony i5, air conditioning panel i,,
and staircase is. Among these, facades, composite slabs,
and staircases are critical path elements, with their late
arrival penalty set at a higher rate of 10 units/nour?ll, The
early arrival penalty coefficient is set at 50% of the late
penalty to reflect that while early arrivals occupy
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inventory, their consequences are less severe than work
stoppages due to material shortages.

The production includes casting, curing, and
demolding, with casting and demolding occupying
production-line capacity. After completing the casting
process, components are transferred via an automated
conveyor to the curing chamber. During this period,
components are subject only to the minimum curing time
constraint and do not occupy production line resources.
That is, within the interval (C; 5, S; 04), Production line
resources can be released for casting or demolding other
components. Transportation time is set as 7; = 1.5h.
Time deviation penalties k.. and production line
change penalties k;;,,. are set at 5 units per hour and 10
units per occurrence, respectively. Other key process
parameters are shown in Table 1. For case simplification,
only one piece is produced for each component.

Table 1. Component Production Parameters and
Logistics Constraints Setting

Compo pi,oc gi pi,od Clate Cearly
nent (h) (h) (h) (units/h)  (units/h)
iy 05 10 10 10 5
i) 04 10 10 10 5
i 04 10 05 8 4
iy 03 10 03 8 4
ic 10 10 15 10 5

Before production begins, the framework invokes
A peaue 10 construct the MILP model using the
aforementioned parameters. All component castings
must be intensively completed within the first few hours
after t=0 to reserve sufficient curing time. Detailed data
for the initial production schedule is shown in Table 2.

Table 2. Initial production schedule

Comp Li Sioc—  Sioa— a; [Ei, Li]
onent ne Ci,oc Ci,od

i. 1, 0005 105-115 130 [i2, 15]
is 1, 0515 115-130 145 [12, 15]
i, 1, 0004 104114 129 [12, 15]
i, 1, 0408 114119 134 [12, 15]
i, 1, 0811 119122 137 [12,15]

4.2 Disturbance Scenario Simulation

Production begins at t=0. At t=0.5, the framework
receives the natural language log: “Hydraulic system
failure on Production Line I, . Full line shutdown
required for 4 hours. Urgent action needed; prioritize
staircase delivery.”.

The framework then initiates a collaborative response
according to the workflow described in Section 3. Agnse
parses the log, identifies the affected resource (), the



outage duration, and the impacted task (is casting), and
outputs a structured report. A, ., generates a

mathematical patch I, using retrieved knowledge about
production line unavailability. The patch freezes
completed tasks i,, imposes fault period constraints on [,
and reactivates stability penalty terms kiime
Yishiftfme + k.. * ¥ @' inthe objective function.
Acoqe CONverts the patched model into executable code,
which is subsequently solved by A_ ;. ;...- Given the

high lateness penalty for is, A ;. ... reallocates its

casting operation by switching production lines and
scheduling it after i3 and before i,. Finally, A ;.4 1S

triggered to issue maintenance instructions to /; and
revised production instructions to L.

*

4.3 Discussion

Table 3 compares a baseline response strategy
(Strategy A) with the proposed cross-line rescheduling
approach (Strategy B). The results demonstrate that,
upon a production-line failure, the proposed framework
can parse the disturbance semantics, patch the MILP
formulation, and generate an updated production plan.

Strategy B represents an optimized trade-off. By
accepting a fixed changeover penalty and small delays
for low-priority component i,, the framework prevents
severe delays for critical component ig. This decision
stems from mathematical optimization of the updated
model, highlighting the framework's advantage over
simple rule-based responses. The end-to-end process
completes automatically in under one minute, validating
the framework’s ability to bridge the semantic-to-model
gap and support fully automated rescheduling in practical
settings.

Table 3. Full Cost Comparison of Rescheduling

Strategies
Cost Strategy A Strategy B
Item (Wait) (Switch)
kline * z (pl@ine 0 10.0
i
Keme * ). shiftfime 20 55
i

Late arrival penalty of i 35.0 0.0
Late arrival penalty of i, 0.0 1.6
Z 55.0 18.1

5 Conclusion and Future Work

This study proposes an intelligent rescheduling
framework that integrates the semantic reasoning of Al
agents with the optimization capabilities of MILP. By
positioning LLMs as the core cognitive processors, the
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framework delivers two primary contributions. First, it
introduces an automated  semantic-to-constraint
translation mechanism that autonomously converts
unstructured  disturbance  reports into  formal
mathematical constraints, thereby accelerating the
transition from perception to solution. Second, the
framework facilitates localized model refinement, which
preserves computational efficiency by bypassing the
need for a full model reconstruction.

However, current validation is limited to small-scale
disturbance scenarios involving five components. This
initial stage serves primarily as a proof-of-concept to
demonstrate the feasibility of employing LLM-centric
cognitive cores in scheduling workflows. As project
scales expand, exact solvers often encounter exponential
computational complexity. Therefore, future work
should evaluate the framework against large-scale
datasets featuring multi-node concurrent disturbances.
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