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e Diffusion Model

* Engineering Applications of Diffusion Model
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Generative Models: (1) VAE (Variational Autoencoder)

* Encoder-decoder structure with a prior distribution, where latent space enables both efficient

representation learning and generative sampling
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Generative Models: (2) GAN (Generative Adversarial Network)

e A generator and a discriminator are trained simultaneously in a minmax game, where the
generator aims to produce realistic data to fool the discriminator

After 1 epoch(s)




Generative Models: (3) Diffusion Model

* Physical intuition of diffusion models




Diffusion Model



Diffusion Models Beat GANs

Diffusion models beat GANs Diffusion models beat GANs Diffusion models beat GANs
on image synthesis on topology optimization on talking-face generation

Dhariwal & Nichol, NeurIPS, 2021. Maze & Ahmed, AAAI, 2023. Styputkowski et al.,, WACV, 2024,



Revisit: VAE/GAN Generation Process



Generation Process of Diffusion Models

10



Intuition from Progressive Growing of GAN (PGGAN)

* To generate high-quality images and improve training stability through progressive growing of GANs
* Alatent vector is transformed through layers of the generator

Karras et al.,, ICLR 2018 -



Principles of Data Generation in Diffusion Models

* Generate new data gradually from latent input
— Improved stability [1], [2]
— Better sampling [1]

4 N )\

Latent input Generated Latent input Generated
(noise) data (noise) data
Generator
G(z)
\ / \ Denoise /
Data generation with GAN/VAE Data generation with diffusion models

[1] Ho et al., NeurIPS 2020
[2] Song and Ermon, NeurIPS 2020 12



Physical Intuition of Diffusion Models

* Formulated as Markov chains
— Gaussian transition for a sufficiently small timestep

1. Markovian property
2. Gaussian transition
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Diffusion Models Overview

e Learn to generate by denoising

* (Consists of two processes
— Forward process: gradually adds noise to input to destroy information
— Reverse process: iteratively removes noise to generate sample

Data Noise
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Diffusion Models Overview

e Learn to generate by denoising

* (Consists of two processes
— Forward process: gradually adds noise to input to destroy information
— Reverse process: iteratively removes noise to generate sample

Forward process

Data Noise

Reverse process

Noising
q9-9-9-q9..

Denoising
Poe " Do " Do * Po -
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Diffusion Models Overview

e Learn to generate by denoising

* (Consists of two processes
— Forward process: gradually adds noise to input to destroy information
— Reverse process: iteratively removes noise to generate sample

Forward process
=

Data Noise
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Forward Diffusion Process

* Tractable closed-form sampling for any t
— Sample x; using reparameterization trick

q(x1]xo) q(xzlx)  qQee—qlxe—2)  qQeelxi—1)
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q(xelxg) = qOcelxe—1)q(xp—q1lxe—2) ... q(x1|x0)
= NV (/@xo, (1 —a)l

Reparameterization trick

N (1, 0%) > 1+ o * €, where e~N'(0,1)
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Forward Diffusion Process

* Tractable closed-form sampling for any t
— Sample x; using reparameterization trick
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Forward Diffusion Process

Forward process
=

Data cee e Noise

4>< xt=,/(,7tx0+ 1_&156 —_—
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Forward Diffusion Process

Forward process
=

Data cee e Noise

4>< > X = ./0rxg+./1—adre
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Diffusion Models Overview

e Learn to generate by denoising

* (Consists of two processes
— Forward process: gradually adds noise to input to destroy information
— Reverse process: iteratively removes noise to generate sample

Data Noise
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Reverse Diffusion Process (Overall)

Xt =Xe—q1 T €
d e e o : ' o 00 .

Xt-1 Xt
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Reverse Diffusion Process (Overall)

xt=xt_1+6t
—l PP > — LI ] —
\ 49 _-

A

€t

L= MSE(Et, ét)
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Learning Discrepancies

Ground truth Prediction

3D 14k particles, S

[1] Sanchez-Gonzalez et al., ICLR 2020
[2] Pfaff et al., ICLR 2021 24



Reverse Diffusion Process (Detailed)

* Obijective is to learn reverse transition q(x;_;|x;) with neural network pg (x;_1|x;)
— Condition q(x;_1|x;) on xg, i.e., use q(x;_q|xt, xo) during training

N (ug(xe, 1), Zgl) L= DKL(CI(xt—llxtr xo)|lpe (xt—llxt))
X¢_ |x ﬁt(xngJ t) [lg(xt, t)
P (xp—1xt) il 5.7
Ho et al. NeurIPS 2020
= = - —
o Xe-1 q(xe_1lxt, x0) Xt
N (fie (x¢, xo, t),ﬁtl) e L L L L  E e e Lttt

L=MSE(e;, —eg(x,1))

Predict noise to be removed
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Training of Diffusion Model
L=MSE(e; —eg(x;,t))
po (xe—1lx¢)

/\ \ xt=\/67_tx0+ 1_6_(1-6

= MSE (e, — eo(@cxo +/T— Gr€, 1) )

-
X1 X, Algorithm 1 Training

I: repeat

2: xo ~ q(x0)

3: t ~ Uniform({1,...,7T})

4: €~ N(0,I)

5: Take gradient descent step on

Vo ||le — ea(v/arxo + T — ave, t)]|”

6: until converged
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Data Generation (Sampling)

* Noise is iteratively removed from image

— Repeat for T steps
N (x¢-1; pg(xe, 1), Zgl)
Reparameterization trick
X1 = 7=\ Xt = T /——=—C e OtZ
at 1 - at
Noise
. — — . — . Data
(Latent input)
Xt X0

T steps
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Lab: Diffusion Model



Forward Process Implementation

xt =1/C_ltx0+ 1_6_{1:6
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Neural Network Architecture

e U-Net with time embedding
— Neural network €g4 (x¢, t) takes in two inputs! (x; and t)

€p (xt’ t)
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Training
L =MSE(e, —€(x;, 1))
Algorithm 1 Training
I: repeat
2: x0 ~ q(x0)
3: t~ Uniform({1,...,T})
4: €~ N(0,I)
5: Take gradient descent step on

Vo ||€ — ea(v/arxo + /1 — o_zte,t)||2

6: until converged
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Reverse Process Implementation (After training)

1 ( 1—a, : t)) Wy
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Generated Images

 Trained on Fashion MNIST

Training data Generated

33



Generated Images
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DiffectNet: Diffusion-enabled Conditional Target
Generation of Internal Defects



Research Motivation

* Understanding internal cracks is critical in its relation with safety and reliability.
* Total focusing method (TFM) using phased array ultrasonic testing is widely adopted for defect detection tasks.

* While data-driven methods have shown promising results for addressing resolution limitation of TFM, it is
impractical to obtain large volumes of defect cases, posing data scarcity problem.

Full Matrix Capture (FMC)
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Ultrasonic Imaging for Non-destructive Testing

e TFMs exhibit various characteristics depending on spatial patterns and locations of defects.

* Itisrequired to incorporate defect-related dependencies into the model’s generation process.

37



Neural TFM Generation

e TFMs exhibit various characteristics depending on spatial patterns and locations of defects.

* Itisrequired to incorporate defect-related dependencies into the model’s generation process.
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DiffTFM: Defect-aware Diffusion Model via Semi-supervision

39



Qualitative Analysis 1: Pattern-wise Consistency
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Qualitative Analysis 2: Location-wise Fidelity
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Qualitative Analysis 3: Extrapolation
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Qualitative Analysis 4: Convergence Capability

43



Proposed Method as a Neural Augmentation

* Generation capability provides significant benefits in addressing the data scarcity problems.

* By reversing the causal direction of our focused problem, we incorporate combinations of synthetic TFM
cases generated by arbitrary defect information not present in the original dataset.

IIIIIIIII>

—
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Proposed Method as a Neural Augmentation

Augmentation leads to more precise detection

45



Diffusion-based Noise Synthesis



Necessity of Noise Analysis

e Optimization for a variety of systems
— Acoustic treatments
— Noise barriers
— Sound proofing schemes

47



Problem Definition

e Virtual noise auralization for UAM quadcopter

Given condition

— Altitude
— Velocity

— Pitch angle

— Locations (x, y)
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Diffusion Process for Sequential Data

* Progressively adding noise in a forward process and learning to reverse the noise for signal reconstruction

49



Diffusion Model for Noise Generation

* Diffusion-based approach for reconstructing noise auralization results while capturing temporal

dependencies
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Diffusion Model for Noise Generation
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Diffusion Model for Noise Generation
Ground Truth DANA WaveGAN
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CombiDiff: Diffusion for Combinatorial Optimization



Acoustic Metalens

* The acoustic metalens is a type of ultrathin, subwavelength-thick metasurface that offers high-resolution
control of acoustic wavefronts.

* Depending on specific design optimization, different focusing behaviors can be observed owing to
interference phenomena within the structure.

— Understanding of these phenomena is crucial for engineering a metalens that achieves the desired focal position and
intensity.
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Proposed Framework: Learning to Denoise Diffusion

* Forward process (Diffusion)
— Progressively adds noise to the original data I, over T steps

e Reverse process (Denoising)
— Iteratively removes noise, recovering I, from I
— Trains a neural network to invert the noising steps
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Necessity of Combinatorial Optimization Formulation

e Stacking multiple metasurface lenses can extend the axial length of the focal region and reduce intensity
variations.

* Accurately reflecting the acoustic pressure distribution after transmission through several metasurface
layers is challenging.
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Necessity of Combinatorial Optimization Formulation

@ @

'R0 DIEICR g )] CnERcombinatorial design optimization

for specific target acoustic pressure field.
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Diffusion Model as a Combinatorial Optimizer

Lower metasurface lens

Upper metasurface lens

Score map
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Diffusion Model as a Combinatorial Optimizer
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Qualitative Analysis: High Scoring Combinations

Pred
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Prompt-guided Diffusion Model for
Generative Designs under Desired Properties



Research Motivation

* Traditional engineering design processes for optimizing desired performance are time-consuming and
heavily reliant on iteration procedures and expert intuition.

* Recent advances in deep generative approaches offer the potential to autonomously explore engineering
designs that satisfy desired dynamic properties.

* Remaining challenges

— (-) Limited in generating and optimizing user-desired designs from low-level specifications, e.g., prompts.

62



Our Focused Problem

* Al-enabled generative designs that satisfy user prompts as well as desired dynamic properties, which can
significantly enhance the effectiveness and efficiency of engineering prototyping processes.

“Can I get vehicle design candidates  ........ :
with sporty and luxurious SUVs?” :

63



Prompt-engineered and Target-aware Diffusion Model
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Generation Process

Q. “Design sporty sport cars with a drag coefficient of 0.23.”
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Generation Process
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Drag Coefficient is 0.4



Prompt-guided Generative Designs

Original

Q. “Classic sedan with a drag
coefficient of 0.35”

Q. “Sporty sports car with a drag
coefficient of 0.25”

Q. “Dynamic SUV with a drag
coefficient of 0.6~

Q. “Normal limousine with a drag
coefficient of 0.4

67
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Feature Embedding Representations

“l want a Normal Limousine”

“l want a Normal SUV”
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Towards Agentic Al: Multi-Agents for Design & Manufacturing

User

Q. “l want to design
sporty sport cars
with a drag
coefficient of
0.23.”
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Demand Agent
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Production Agent with Retrieval Agent

Input from
Demand Agent
]
LoRA
Decoder
Pre-trained
Weights
LoRA
Encoder
\_

CoT Reasoning /
Output Prompts

Q. Calculate the total production cost with labor cost, material
cost, and manufacturing process cost for producing 400 vehicles
per month.”

<Total labor cost>
-> Step-by-step consideration of production yield, target production quantity,
regular working hours, overtime pay, etc.

Step 1: Considering a 90% yield rate, to produce 400 vehicles, we need to
calculate: 400 / 0.90 = 444.44_. Therefore, at least 445 vehicles must be
produced.

Step 2: Since a Sportscar takes 20 hours to manufacture per vehicle, 445 x
20 = 8900.00 hours are required.

Step 3: Given a 5-day workweek, there are 4 weeks in a month, resulting in
5 x 4 = 20.00 working days per month.

Step 4: Required working hours per day are 8900.00 / 20.00 = 445.00
hours/day.

Step 5: With 36 production lines, each line needs to operate for 445.00 /
36 = 12.36 hours/day.

Step 6: Since the standard daily working hours are 8, additional overtime
work of 12.36 — 8 = 4.36 hours is required.

Step 7: Overtime pay is 20,000 KRW per hour; thus, overtime pay per person
is 4.36 x 20,000 = 87,200.00 KRW.

Step 8: Therefore, the daily wage per person is 150,000.00 KRW (basic pay)
+ 87,200.00 KRW (overtime) = 237,200.00 KRW.

Step 9: Working 20.00 days per month per person results in a monthly wage
of 237,200.00 x 20.00 = 4,744,000.00 KRW per person.

Step 10: With 31 workers per line and 36 production lines, the total
workforce is 31 x 36 = 1116.00 people.

Step 11: Thus, the total labor cost is 4,744,000.00 x 1116.00 =
5,294,304,000.00 KRW.
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Production Agent with Retrieval Agent

Input from <Total material cost>
Demand Agent - Material cost per production unit,
reflecting real-time raw material price (Search) and material ratio information from the internal
database (RAG)
é )
Step 12: Total material cost calculation for steel In KRW: T
v y 3233.00 (CNY/T) x 193.79 (KRW/CNY) x 0.001 (T/kg) x 1500.00 (kg) x 0.25 = TR
LoRA 234,946 .15 KRW.
0 Step 13: For CFRP:
Decoder 15.00 (USD/kg) x 1390.67 (KRW/USD) x 1 (kg/kg) x 1500.00 (kg) x 0.30 =
9,387,022.50 KRW.
Pre-trained Step 14: For aluminum:
Weights 2571.70 (USD/T) x 1390.67 (KRW/USD) x 0.001 (T/kg) x 1500.00 (kg) x 0.40 =
2,145,831.62 KRW.
LoRA Step 15: For magnesium:
Encoder 18100.00 (CNY/T) x 193.79 (KRW/CNY) x 0.001 (T/kg) x 1500.00 (kg) x 0.05 =

263,069.92 KRW.

Step 16: Thus, the total material cost per vehicle is

234,946.15 + 9,387,022.50 + 2,145,831.62 + 263,069.92 = 12,030,870.20 KRW.
Step 17: Considering the yield rate of 90%, the total material cost for
445 vehicles is

- J 12,030,870.20 x 445.00 = 5,353,737,238.84 KRW.

v

CoT Reasoning /
Output Prompts
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Production Agent with Retrieval Agent

Input from <Total manufacturing process cost>
Demand Agent -> Utilizing process ratios retrieved from the database via RAG,
calculate process costs based on production quantities adjusted for yield

4 ) Step 18: Manufacturing process cost calculation for Press process 1is
25,000,000.00 x 0.18 = 4,500,000.00 KRW.
¥ A4 Step 19: For the Body process,

LoRA 30,000,000.00 x 0.32 = 9,600,000.00 KRW.
Step 20: For the Painting process,
Decoder 40,000,000.00 x 0.30 = 12,000,000.00 KRW.
. Step 21: For the Assembly process,
Pre-trained 20,000,000.00 x 0.20 = 4,000,000.00 KRW.
Weights Step 22: Therefore, the expected total manufacturing process cost per
vehicle is
LoRA 4,500,000.00 + 9,600,000.00 + 12,000,000.00 + 4,000,000.00 = 30,100,000.00
Encoder KRW.

Step 23: Considering the yield rate of 90%, the total manufacturing
process cost for 445 vehicles is 30,100,000.00 x 445 = 13,394,500,000.00

KRW.
\_ ) Step 24: In conclusion, the total production cost for 400 vehicles is:
l Total cost Labor cost + Material cost + Manufacturing process cost

= 5,294,304,000.00 + 5,353,737,238.84 + 13,394,500,000.00
Output Prompts Step 25: Finally, the production cost per vehicle for manufacturing 400

utp P vehicles/month is 24,042,541,238.84 KRW / 400 = 60,106,353.10 KRW per
vehicle.
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Diffusion Model Summary

* Data generation by denoising
— Gradually refines random noise (latent input) into high-quality images or audio
— Allows for targeted modifications and edits

* Increasing attention for engineering applications
— Generative designs
— Neural augmentation
— Virtual synthesis
— Process optimization
— ... Many more potentials to discover !!
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