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HELP PERSONALIZE THIS DEMO

I’m currently building AI, Machine Learning, or complex 

automation into my project controls systems.

I'm here to learn the fundamentals of AI's practical benefits 

and how to get started.

Group A

Group B

1. Your AI Experience?



HELP PERSONALIZE THIS DEMO

I’m interested in exploring research gaps, developing new 

theories, and tailoring frameworks.

I’m interested in applying existing tools to deliver large-scale 

projects on time and on budget.

Group A

Group B

2. Your Professional Focus?



FINE-TUNING OF 
LARGE LANGUAGE 
MODELS (LLMs)



Every time you speak to the model, you 
are immediately customizing its core 
intelligence to fit your way of working.

We need to differentiate between the 
model memory and the training process

TO WHAT EXTENT DO YOU AGREE WITH THIS 
STATEMENT?



EXAMPLE: CHATGPT MEMORY



Example:
Suppose you have a building of X m2 and 
Y bedrooms.
▪ Wights can be initially assumed.
▪ Weighted sum is calculated, then compared 

with the real result.
▪ During training, the network needs to learn 

the composition of weights and biases.

X

Y

Input 
Layer

Hidden 
Layer

Output 
Layer

NEURAL NETWORK



Increasing the number of inputs and adding more hidden layers increases 
the depth of the neural network.

To represent an image of 28 x 28 
pixels for recognizing a handwritten 
number, you need 784 neurons in the 
input layer.

NEURAL NETWORK



LARGE LANGUAGE MODELS (LLMs) – The Generalists

What is an LLM?
▪ A deep learning model that is pre-trained on a 

massive corpus of text.

▪ They learn the statistical relationships 
between words and sentences, enabling them 
to understand, generate, and process human 
language.

▪ LLMs are powerful Generalists (unspecialized) 
with a broad understanding of semantics and 
common knowledge.

In highly complex models such as GPT3, 175 billion parameters with dozens of layers 
were used, taking a training duration of several weeks.



FINE-TUNING OF LLMs – The Path to Specialization

What is Fine-tuning?
▪ The process of taking a pre-trained LLM and 

continuing its training on a smaller, task-specific 
dataset. 

▪ Think of an LLM as a brilliant, but general-purpose 
intern.

▪ Fine-tuning is the specialized, on-the-job training 
that turns that intern into an expert in a specific 
field, like scheduling or contract management.

Fine-tuning can be implemented to enhance the LLM capability in certain skills 
(e.g., Text Classification, Text Processing, image analysis, etc.)



FINE-TUNING PROCESS

1. Select a Pre-
Trained Model

▪ Use a pre-trained 
LLM (e.g., BERT, 
RoBERTa, GPT-3, 
DeepSeek) as the 
starting point.

▪ These models have 
already learned 
general language 
representations.

2. Prepare a 
Dataset

▪ Collect a dataset 
relevant to the target 
task

▪ The dataset includes 
input-output pairs 
(e.g., text and 
corresponding 
labels).

3. Fine-Tune the 
Model

▪ Fine-tune the pre-
trained model on the 
dataset

▪ During fine-tuning, 
the model’s weights 
are updated.

4. Evaluate and 
Iterate

▪ Test the fine-tuned 
model on a validation 
set.

▪ Calculate the 
precision of the fine-
tuned model.



HUGGING FACE
▪ An open-source community (such as GitHub for Developers) that has become a 

central hub for Natural Language Processing (NLP) and Machine Learning (ML).

▪ It provides resources (models, datasets, spaces) to make it easier for researchers 
and developers to build, train, and deploy models.

https://huggingface.co/models



HUGGING FACE API
1. Simplify Access to Pre-trained Models like BERT, DeepSeek, GPT, etc. 

2. Enable Integration of Hugging Face’s tools into your own applications.

3. Facilitate collaboration by sharing models & datasets with the community.

To start using this API, you need the following:

▪ Install Python (https://www.python.org/downloads)

▪ Install Transformers library from CMD: (pip install transformers)

▪ ML framework: TensorFlow (pip install tensorflow) or PyTorch (pip install torch).

▪ CPU (for small tasks), GPU (for most deep learning tasks), or TPU (for very large models).

▪ Google Colab provides free access to CPUs, GPUs, and TPUs.



A CASE STUDY ON THE  
AUTOMATION OF THE 
4D BIM MODEL



PROBLEM STATEMENT
The current practices for developing the 4D BIM model depend on either the manual 
classification and mapping or setting rule-based criteria.

Manual 
Classification 
and Mapping

Rule-Based 
Criteria

The 4D BIM Modeler understands the 
scheduler’s intention of each activity 
to manually link each activity to the 
relevant BIM element(s). 

The BIM modelers have prior 
meetings with the schedulers to agree 
on a naming convention of the 
schedule activity codes.

It accelerates the process 
but  still ineffective in case 
of existing schedules. 

A time-consuming process



RESEARCH QUESTIONS

▪ How much structured is the data for both BIM models and project schedules?

▪ Do we need an intermediate/standard form of data structure (e.g., common 

names for building elements like OmniClass)?

▪ How to classify the schedule activities into building components?

▪ How to differentiate between the floors/stories of the building?

▪ How to map the BIM elements to the standard building elements?
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SCHEDULE CLASSIFICATION AI MODEL (SCAM)

NLP Model 
Selection

NLP Model 
Fine-Tuning

NLP Model 
Testing
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Dataset

Dataset 
Preparation

Schedule 
Classification 

AI Model 
(SCAM)

▪ 76 schedules were collected from different building projects. 

▪ After screening, 23 schedules were excluded.

▪ Activities were extracted from the remaining 53 schedules to a spreadsheet 

▪ Repeated activities (e.g., same activity names for each floor) were not 
considered to minimize overfitting. 



SCHEDULE CLASSIFICATION AI MODEL (SCAM)

NLP Model 
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▪ A total of 4231 activities were identified, sourced 
from 53 schedules. 

▪ All the activities have been classified according to 
the OmniClass.

▪ The spreadsheet has been saved as a Comma-
separated values file format (CSV).

Schedule Activity OmniClass

Columns upto Level 633 Columns

2nd Floor Slab Floor_Decks_Slabs_and_Toppings

Roof Floor Slab Floor_Decks_Slabs_and_Toppings

Block Work Walls

Walls Partitions Walls

Stairs for the building Stairs

Windows installation Windows

Wall Finishes Wall_Painting_and_Coating

Ceiling Finishes Ceiling_Painting_and_Coating

Doors Installation Doors

Floor Finishes for the fourth floor Tile_Flooring

Garbage chute Installation Chutes

Plumbing Piping Plumbing_Second_Fix

Accessories for toilets Plumbing_Third_Fix

Emergency Chilled Water System HVAC_Second_Fix

Insulation for HVAC piping HVAC_Second_Fix

Fire Fighting System Piping Installation Fire_Fighting_Second_Fix

Plumbing Fixturs Plumbing_Third_Fix



SCHEDULE CLASSIFICATION AI MODEL (SCAM)
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▪ There is no need for producing a text since the dataset in this research includes 
pairs of schedule activities and their classes. Therefore, generative pre-trained 
transformer (GPT) and text-to-text transfer transformer (T5) were excluded.

▪ On the other hand, Bidirectional Encoder Representations from Transformers 
(BERT) and Robustly Optimized BERT Pretraining Approach (RoBERTa) are 
designed to for text classification. 
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Import the 
required 
Python 

libraries

Define the 
training 

parameter
s

Load the 
dataset

Load the 
tokenizer

Split the 
dataset

Load the 
model

Set the 
training 
function

Save the 
finie-
tuned 
model
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FLOOR IDENTIFIER AI MODEL (FIAM)
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(FIAM)

▪ The dataset was created as a JSON Lines (JSONL) file.

▪ Each line is a JSON object representing a single training example.



FLOOR IDENTIFIER AI MODEL (FIAM)
wbs_dataset.jsonl

{"messages": [{"role": "user", "content": "Analyze the following 
WBS chain and identify the floor. If no floor is found, classify it 
as 'Generic'. WBS Chain: High-Rise > Floor 10 > Interior Walls 
> Drywall Installation"}, {"role": "assistant", "content": "Floor: 
Floor 10"}]}

{"messages": [{"role": "user", "content": "Analyze the following 
WBS chain and identify the floor. If no floor is found, classify it 
as 'Generic'. WBS Chain: Project X > Site Preparation > 
Excavation"}, {"role": "assistant", "content": "Floor: Generic"}]}

{"messages": [{"role": "user", "content": "Analyze the following 
WBS chain and identify the floor. If no floor is found, classify it 
as 'Generic'. WBS Chain: Tower B > Level 3 > Plumbing > 
Rough-in"}, {"role": "assistant", "content": "Floor: Level 3"}]}

Expression Clarification

Messages A list that simulates a 
conversation history

1. User Message This is what the model 
must learn to process.

• role (User) The input source

• content (User) The instruction including 
WBS chain

2. Assistant Message
The response that the 
model is being trained to 
generate

• role (Assistant) The desired model output

• content 
(Assistant)

The target output in a 
simple, standardized 
format (Floor: [Value]).
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Mapping Matrix (MM)

▪ In order to map the BIM elements to the standard building elements, a rule-based 
database has been created to identify which IFC elements will be mapped to 
classified activities.

▪ To create this matrix, the IFC documentation was explored, extracting all the 
entities that represent building elements (e.g., IfcSlab, IfcWall, etc.)

▪ However, building elements from different disciplines are represented using the 
same IFC entity in IFC3x2 (e.g., HVAC ducts, plumbing pipes, and electrical wires 
are all represented using IfcFlowSegment). 

▪  Likewise, HVAC terminals, valves, sanitary devices, and electrical switches are 
all represented using IfcFlowTerminal



Mapping Matrix (MM)

▪ Due to this issue, the mapping matrix 
has been broken down into 2 
sections. 

▪ The first section represents the 
elements that can be directly mapped 
using the IFC entity.

▪ The second section represents the 
elements that require an additional 
criterion. This was the name of the 
element

Mapping 
Type

Class IFC Element/ 
Keyword

Direct 
Mapping

Columns IfcColumn

Exterior_Walls IfcWall

Doors IfcDoor

Elevators IfcTransportElement

Indirect 
Mapping

Foundations footing

Tile_Flooring tile

Plumbing_Third_Fix sink
drain
water closet
flush

Electrical_First_Fix conduit 
cable 
tray 



Case Study Results 
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Case Study Results 
Line # IFC Entity Clarification

122676 IFCTASK Declaring the task (activity)

122677 IFCRELASSIGNSTASKS Activity resources. 

122678 IFCRELASSIGNSTOPROCESS Connecting the BIM elements to the task.

122679 IFCCALENDARDATE Start date.

122680 IFCLOCALTIME Start time.

122681 IFCDATEANDTIME Combining date and time.

122682 IFCCALENDARDATE End date.

122683 IFCLOCALTIME End time.

122684 IFCDATEANDTIME Combining end date and end time.



Case Study Results 



REFLECTIONS
AND IMPLICATIONS



LESSONS LEARNED FROM THIS CASE STUDY

1. Inference Vs Training

Interacting with the LLM (Inference) does not modify its core 

competence. True domain adaptation requires Fine-Tuning—a dedicated 

process utilizing specialized datasets, training techniques, and tools like 

the HuggingFace API to update the neural network's weights.



LESSONS LEARNED FROM THIS CASE STUDY

2. Data Preparation

The success of fine-tuning relies heavily on the quality and volume of the 

domain-specific training data. A key reflection is the significant time and 

effort required to clean the schedules to achieve high accuracy in 

activity-to-model mapping.



LESSONS LEARNED FROM THIS CASE STUDY

3. Fine-Tuning and Knowledge Transfer 

The study successfully validated the power of Transfer Learning, 

confirming that we don't need to train a model from scratch, which would 

take massive time and computing. We simply benefit from the model's 

existing understanding of language and adapt it to our field, Project 

Controls.



FINE-TUNING OPPORTUNITIES IN PROJECT CONTROL

Topic Fine-Tuning Opportunity Application
Claims 
Management

Training on the project communications and documents 
of previous projects where claims were initiated, to 
understand the relation between the claims and their 
context.

Support avoiding claims in 
future projects.

Risk 
Management

Training on the meeting minutes, correspondences, 
communications, and documents of previous projects 
where issues occurred, to understand the relation 
between these issues and their context.

Constantly scan 
communication to predict 
potential risks
and automatically assign 
them to the risk register with 
a suggested mitigation action.

Cost Estimation Training on BOQs, project specifications, and historical 
cost data to understand the relation between project 
scope and the line items of BOQ.

Quickly scan the project 
documents to find the 
inconsistencies or missing 
scope.



FINE-TUNING OPPORTUNITIES IN PROJECT CONTROL

Topic Fine-Tuning Opportunity Application
Scheduling Training on project schedules of previous projects 

(including the XER files, narratives, productivity sheets, 
etc.) and the consultant comments after reviewing the 
schedule, to understand the relation between the 
schedule and the comments. 

Support the review and 
assess the time schedules 
submitted by the Contractor 
for review.

Delay Analysis Training on schedule baselines, schedule updates, 
project communications, periodical reports, and delay 
analysis reports, to understand the relation between the 
root causes of the delay and the project status. 

Help predict the root causes 
of delay events and analyze 
them and their impact.

Technical 
Proposals

Training on the bidding documents (Request for 
Proposals, Invitation to Bid, Terms of Reference, etc.) and 
the prepared technical proposal, including any 
disclaimers or qualifications, to understand their relation.

Support in preparing accurate 
technical proposal, 
highlighting the potential 
liabilities.



Thank
You

linkedin.com/in/msaadany

youtube.com/@msaadanytube

Mohamed ElSaadany
Senior Manager, PMC | Khatib & Alami

+966 54 55 483 77
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