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Extended context - code agents

Emergent Behavior: Capabilities that appear suddenly with scale — never explicitly trained for
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Inside an LLM: The Full Pipeline

=] o a5

Your . . Transformer Output
Input Tokenizer Embedding Blocks xN Layer

"compressive con - crete [0.23, Self-attention Probability
strength" strength -0.71...] & FFN dist.

Autoregressive generation: each token is appended and the process repeats until the response is complete.
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Step 1: Tokenization

Why subword tokenization? Engineering Terms — Token Breakdown
parts
concrete con - crete 2
e A vocabulary of ~50,000 tokens can cover almost any text R IOTCETENT ellR) o Feas o GEm 3
e Engineering terms may split unexpectedly — affecting geotechnical geo - tech - ni - cal 4
accuracy
prestressed pre - stressed 2
serviceability service - abil - ity 3
liquefaction lique - faction 2
characteristic character - istic 2

Rare abbreviations like 'fc' or 'Rck' may tokenize into unexpected
parts — always verify critical engineering terminology in
prompts.
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Embedding

Embedding(w)

= bxo Hlo ¢
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Recurrent Neural Network (RNN)
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Recurrent Neural Network (RNN)
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The Transformer Block — Inside One Layer

‘ Multi-Head Attention

. . Figures out which words matter most for understanding each word. Each
Multi-Head Self-Attention 'head' learns a different relationship.

Add & Normalize Adds the original input back after attention — prevents information loss in
deep networks.

Feed-Forward Network @ Feed-Forward Network

Transforms each token's representation independently — where complex
patterns are encoded.

Add & Normalize
Layer Normalization

I Q Residual Connections

Keeps the magnitudes of numbers stable across layers — essential for
training very deep networks.
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Prompt Engineering: Speaking the Model's Language

Be Specific & Contextual

WEAK PROMPT: STRONG PROMPT:

- "Per ACI 318-19, what is the minimum f'c for structural elements in

0 1 "What are the requirements for concrete?" ' :
freeze-thaw exposure class F2? Cite the section."

Chain of Thought
WEAK PROMPT: STRONG PROMPT:
0 2 "What is th ired sh . - = "Think step by step. First calculate Vc, then determine if stirrups are
I 2 e e SR e needed, then compute Av/s. Show each formula used."

Role Setting Output Format Few-Shot

"You are a licensed structural engineer reviewing a "Respond ONLY in this JSON: {section, value, Provide 2-3 input->output examples before your

bridge permit. Apply Eurocode 2 throughout." unit, code_ref, confidence: low | med | high}" question. The model follows the pattern precisely.
Prof. Hasan Ghasemzadeh | K.N. Toosi University of Technology | Adv. App. of Al & DT

Few-Shot Prompting: Teaching by Example

Engineering few-shot prompt example — soil classification

nput: [U y L: N/A, PI: N/A

Output: {class: SM, description: 'Non-plastic silty sand', suitability: 'Compacted fill
acceptable'}

Input: [US

Output: {class: CH, description: 'High plasticity fat clay', suitability: 'Poor foundation
— stabilization required'}

(U

Output: ?°?? » Model follows the pattern precisely Vv
2-3 examples outperform 2 paragraphs of Use case: standardize inspection report Works for tables, JSON, rating scales, any
instructions outputs across field teams structured engineering format

Prof. Hasan Ghasemzadeh | K.N. Toosi University of Technology | Adv. App. of Al & DT
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PROMPTING

System Prompts: Configuring the Engineering Assistant

What a Good System Prompt Contains

‘ Model's professional role and expertise level

9 Which standards to reference (ACI, Eurocode, AISC...)
@ Required output format and structure

@ Caution level — what to flag for review

Q What NOT to do (no final design decisions)

0 Disclaimer requirements on every response
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The Core Engineering Risk

"A hallucination is when an LLM generates factually incorrect information —
stated with complete confidence, without any warning."”

E The model has no internal alarm — it cannot feel uncertain about a specific fact.

‘. It optimizes for plausibility, not truth — a confident wrong answer sounds just like a correct one.

| ]
A\

In structural engineering, a confident wrong answer is more dangerous than no answer at all.

Prof. Hasan Ghasemzadeh | K.N. Toosi University of Technology

HALLUCINATION

Hallucination: Three Engineering Examples

RISK: CRITICAL RISK: CATASTROPHIC
Code Citations

Material Properties Project-Specific Data
Q: What does ACI 318-19 specify for minimum Q: What is Ec for high-strength concrete (f'c =
flexural reinforcement? 70 MPa)?

Q: SPT N-value at 5m depth in borehole BH-07?

LLM responds: "Per ACl 318-19 §9.6.1.2, the LLM responds: "Using Ec = 4700vf'c, we get Ec =
minimum As = 3Vf'c/fy x bw x d, but uses f'c in psi

LLM responds: "Based on the site investigation for
39,318 MPa. For high-strength, the ACI formula is
with coefficient 0.0033..."

conservative..."

this project, BH-07 shows N = 14 blows/300mm
at 5m depth..."

Section number is plausible, coefficient . Formula applied outside valid range. High- 0 The model invented a specific number.
may be from wrong edition or wrong strength concrete requires modified This data was never in its training. Fatal if
formula. expressions.

used.

Root cause: the model optimizes for plausibility, not truth. There is no internal fact-checking mechanism.

Dr. Hasan Ghasemzadeh
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Why ready-made LLMs Are Not Enough
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- 12 years of inspection reports across 8 bridges

- Proprietary repair specifications . . . =
Sl glaesls ok >S9y df)}.g sl
ol bl Wlodss 55 50T (Lgmlus s oY ae (lglsS))

R R

- Eurocode + national annexes

- Firm's internal standards

"What is the expected remaining service life of Bridge 4, and what
repair strategy worked for Bridge 2 carbonation corrosion in

20187" w2213 1) agee 55,5 de & i Fine-Tuning
05 ¢SS (8l 1y OT ¢ vamadei 0305 oS Hldia b
. GPT-4 has no access to your reports . I .

0 It will hallucinate a plausible-sounding answer

Q Wrong maintenance decision - structural risk

Dr. Hasan Ghasemzadeh 19
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LoRA: Parameter-Efficient Fine-Tuning

The LoRA Decomposition Why LoRA?
Train on a single A100 GPU
No catastrophic forgetting — original weights frozen

+ A X Adapters are tiny files (200MB vs 200GB)

Swap adapters for different engineering tasks

4096xr

r=4, 8, or 16 (rank)
Only A & B are trained

CASE STUDY

Case Study: Automated Bridge Inspection Processing

University of Illinois — 2023

Dataset: 15 years of NBI inspection narratives

Training: 3,200 labeled inspection records

Task: Text descriptions - NBI condition ratings (0-9 scale)
Results

87% Agreement with experienced inspectors

926% Recall on critical findings (flagged for human

review)

100x Faster processing: hours - seconds per report

"Al flags - Human decides”

Dr. Hasan Ghasemzadeh 21
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Retrieval-Augmented Generation

"Instead of memorizing everything, give the model a
library card.”
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Base LLM Fine-tuned = RAG

Your project data
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The RAG Pipeline: Step by Step

1

Ingest & Chunk

PDF/Word docs split into
500-token chunks with 50-
token overlap

2 o

Embed

Each chunk - dense vector
(768 dims) via embedding
model

All vectors stored in vector
database

4

Retrieve

User query embedded - top-
5 semantically similar chunks
retrieved

5 o

Generate

LLM receives [query +
retrieved chunks] -
grounded answer with

7/2/2026

citation

: your data never enters the model's weights — it is retrieved fresh on every y, stays in your infrastructure, always up to date.

Fine-Tuning: Teaching the Model Your Domain

= e + Your Labeled Sharp domain vocabulary
Engineering Data

(500-2000 quality examples)

Consistent output format

Firm style encoded

Shorter prompts needed

Important: Fine-tuning does NOT give the model access to your live project data — it only learns patterns & style. For document access -
RAG (next slide).

Dr. Hasan Ghasemzadeh 25
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Advanced RAG Techniques

. Hybrid Retrieval

Combines semantic (vector) search with keyword (BM25) search.

Best for: 'Find exactly Eurocode 7, Table A.3"' — exact term matches
matter.

@ Metadata Filtering

Filter before semantic search by document type, project ID, or date
range.

Example: 'Only search inspection reports 2020-2023 for Project ID XYZ'.

Prof. Hasan Ghasemzadeh | K.N. Toosi University of Technology | Adv. App. of Al & DT

@ Reranking

Retrieve top-20 chunks = cross-encoder re-scores - use top-5.

Result: Much higher precision on complex engineering queries.

0 HyDE (Hypothetical Document)

LLM generates a 'hypothetical ideal answer', then retrieve
documents similar to it.

Better recall for vague or complex technical queries.

AGENTS

Agentic LLMs: The Model as Orchestrator

Python Executor

Calculations

Database Query

Project data

©

IoT / Sensor API

Live readings

RAG System

Documents

Web Search

Current standards

Wﬁy‘}mﬂj}gw (Jw\.c)ew&.ﬁwéia_Jﬁ@@))fb&ﬁfﬁﬁbfﬁ&b%‘)\dfu
H\S@L}'ﬁj‘d’ff C—’lﬁﬁuﬁ‘dﬂé\a ‘)J.ulf ow&.&wjb}f)@
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AGENTS

Agentic LLMs: The Model as Orchestrator

Client Server
Workflow 1
LLM Orchestrator e m Model ;ZResponse
&
|
Topic 1 Workflow2 |
Topic 2 > @ Model ;. Response
; .
--- Topic 3 [
: Workflow3 |
Topic 4 |
—> Model ;ZResponse
\E
Workflow 4 :
Model Context Protocol - [ General Chatbot (
| Service
S Y Model ; Response
) |
Prof. Hasan Ghasemzadeh | K.N Toosi University of Technology | Adv. App. of Al & DT

APPLICATION 1

Automated Specification Compliance Checking

The Problem

50 specification clauses x 30-page submittal = hours of manual
checking, subject to human error and fatigue.

The Al-Assisted Solution

1 Project spec ingested into RAG system
2 Submittal parameters extracted by parser
3 LLM checks each clause - compliance flag

4. Engineer reviews flagged items only

60-70% reduction in review time - Engineers focus only on flagged

items
A

Prof. Hasan Ghasemzadeh | K.N. Toosi University of Technology | Adv. App. of Al & DT
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APPLICATION 2

Structural Inspection Report Generation

Inspector Input

Structured field notes - Defect photos - Condition
observations

LLM Generates

Standard report format - NBI condition ratings - Critical
flagging - Maintenance recs

Engineer Reviews

A

Validates Al output - Signs off report - Focuses on
judgment

Northwestern Univ. 2023: 87% agreement with experienced inspectors

Geotechnical Data Intelligence

Q: "Are there zones where N < 5 within 3m of foundation level?"

A: "Yes — BH-03 at 2.5m shows N=3 in sandy silt (ML), and BH-11 at
1.8m shows N=3 in loose fine sand (SP). Both zones require attention
for liquefaction potential at design PGA."

Al Capabilities — Geotechnical Data
Identify anomalous zones across the site
Correlate SPT with lab shear strength for QA checks

Draft Geotechnical Conditions report section

Fugro — world's largest geotech firm — investing in Al-assisted subsurface

interpretation

Dr. Hasan Ghasemzadeh
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Engineering Code Q&A Assistant (RAG-powered)

WITH RAG — Grounded Answer WITHOUT RAG — Hallucination Risk

Q: Same question

Q: "Eurocode 2 — min. cover, XC3 exposure, 100-year design life?"

A:"Per EN 1992-1-1 §4.4.1.2, Table 4.4N: A: "For XC3 exposure with 100-year design life, Eurocode 2 specifies a
nominal cover of 40mm for the structural class adjustment..."

cmin,dur = 25 mm for XC3, structural class S4. [fabricated details — section references may be wrong, values

With 100-year design life modifier (AcDL = 0 as Table NA.4), and inaccurate]

Acdur,y = 0:

cnom = cmin + Acdev =25+ 10=35mm

[Source: EN 1992-1-1:2004, Table 4.4N]" Plausible-sounding, potentially wrong

RAG retrieves the actual standard text — eliminating the main source
of hallucination on code questions.

Construction Delay Analysis

The Problem: Thousands of emails, RFls, meeting minutes &
schedule updates to reconstruct the project timeline and assign
responsibility.

Multi-Agent System
1. Extract dated events from all correspondence
2. Map cause-effect relationships between delays
3. Attribute responsibility (RFI turnaround times)
4. Generate preliminary delay narrative draft

Next-word probability after "strength of*

72
80 16 8 3 1
_20 T T T T
concrete steel soil mix other
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Deployment Decision Framework

‘ Needs domain style? e Needs your documents? Q Needs calculations?

— Fine-Tune - RAG — Tool Use

@ Multi-step workflow? Simple, well-defined Q?

— Multi-Agent

1. Define task precisely - 2. Build human-in-the-loop review - 3. Validate on known-answer cases - 4. Document the system - 5. Never skip engineer

review on safety-critical outputs

What Al Cannot Do — And What You Must Do

Technical Limitations

e Hallucination not eliminated — RAG & fine-tuning reduce,
not eliminate

Multi-step arithmetic errors — use tool-based code
execution

Context window limits — large projects exceed capacity
Outdated knowledge — code updates may not be reflected

Imperfect retrieval — relevant chunks may not be found

Al amplifies engineers — it does not replace engineering judgment.

Dr. Hasan Ghasemzadeh
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Again The Profession Adapts

"Slide rule — Calculator -» FEM — LLMs.
Each time, the technology amplified the engineer — not replaced them.’

=% Understand the tool - earn the right to use it

(=] Al strengthen expert judgment, not replace it

L V) The question is not if — it's how responsibly

7/2/2026
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