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What is Industrial Engineering?
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A group of companies that
are related based on their
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GOP BY INDUSTRY

Private Industries Total: $23.5T

$2.97

Manufacturing

Retail Trade Resource, Agriculture,
Transpol on Utilities,
Other Services o




The Fourth Industrial Revolution

Artificial intelligence
3D Printing |
Biotech '

Robotics
Autonomous vehicles
Nanotechnology
Quantum Computing
loT

4th Industrial Revolution
Intelligence

3rd Industrial Revolution

Computing

2nd Industrial Revolution

Electricity

1st Industrial Revolution
Steam
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Innovation

Every business is becoming an Al company. Here’s how
to do it right

By Leigh Cuen

June 15,2025

What'’s propelled your business to this point
won’t necessarily guarantee your future success.
Here’s what you need to know to move forward.




Future of IME =

+X
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GOP BY INDUSTRY

Private Industries Total: $23.5T

$2.97

Manufacturing

Retail Trade Resource, Agriculture,
Transpol on Utilities,
Other Services o




graduates’ area
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Private Industries Total: $23.5T

$2.97

Manufacturing

SL5T

Retail Trade Resource, Agriculture,
Transportation Utilities,,
Other Services 7

IME graduates’ area
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My Research Inspired by IME
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My Research Inspired by IME
1. Al for

CUSTOMER RELATIONSHIP
MANAGEMENT

SUPPLY CHAIN
MANAGEMENT
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1. Al for

N,

Knowing Why Matters. Structural Reasoning for Code Repair via Error Taxonomy in NL2SQL. Under Review
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1. Al for

Natural
Language

What were our
top regions
last quarter?

NL2SQL

SELECT location,
SUM (revenue)
FROM sales
WHERE date >=
'2023-01-01'

AND date<
'2023-04-01"
GROUP BY location

Knowing Why Matters. Structural Reasoning for Code Repair via Error Taxonomy in NL2SQL. Under Review
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1. Al for

Natural
Language

What were our
top regions
last quarter?

NL2SQL

SFI FCT Inqatinn,

Sl
FF
w
'2
Al
"2
GROUP BY location

Knowing Why Matters. Structural Reasoning for Code Repair via Error Taxonomy in NL2SQL. Under Review
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1. Al for

it

w/ O]

Blindly Rewrite the Whole Query

X Wrong SQL (Test Case Fails)

SELECT name, salary
FROM employees

WHERE department = 'Sales’;

\ 4

Rewrite Entirely

No analysis.

Generate new query from scratch.

\ 4

New SQL (Completely Different)

SELECT e.name, e.salary salary

FROM employees e 120K Q
JOIN departments d

ON e.dept_id = d.id 110K Pass
WHERE d.dept_name = 'Sales’;

Knowing Why Matters. Structural Reasoning for Code Repair via Error Taxonomy in NL2SQL. Under Review



1. Al for

Blindly Rewrite the Whole Query

X Wrong SQL (Test Case Fails)

SELECT name, salary
FROM employees
WHERE department = 'Sales’;

\ 4

Rewrite Entirely

No analysis.

Generate new query from scratch.

\ 4

New SQL (Completely Different)
SELECT e.name, e.salary salary
FROM employees e 120K
JOIN departments d

ON e.dept_id = d.id 110K
WHERE d.dept_name = 'Sales’;

Analyze Error Type and Fix Accordingly

X Wrong SQL (Test Case Fails)

SELECT name, salary
FROM employees
WHERE department = 'Sales’';

\ 4

Analyze Error Type
Error Type: Wrong Column

'department’ does not exist.
Did you mean 'dept_name'?

\ 4

Targeted Fix (Minimal Change)

SELECT name, salary
FROM employees
WHERE dept_name = 'Sales';

salary

120K p 4

110K Wrong

employees

department:
id epartments

id
dept_name

Changed Part
name salary

Alice 120K Q

Bob 110K

Knowing Why Matters. Structural Reasoning for Code Repair via Error Taxonomy in NL2SQL. Under Review
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1. Al for

STEP (Structural Taxonomy-based Error Patching)

c Error-Type Guided Localization + Masked Diffusion Patching

Wrong SQL Parse with SQLGlot Error Type Localized Region Patched SQL

SELECT name, salary @ Table Not Found SELECT name, salary AT SELECT name, salary

FROM employees = -5 - =» FROM employees = FROM employees

vv" ~

3 = ' Col Not Found = ' = '
WHERE departmnt = 'Sales J\b / \ ‘ ] QLTI oun WHERE <mask> = 'Sales Masked Diffusion WHERE dept_name = 'Sales
AND salary > 1000; b AND salary > 1000; (Partial Patch) AND salary > 1000;

\ Type Mismatch
> \ & ype Mismatc 0

Knowing Why Matters. Structural Reasoning for Code Repair via Error Taxonomy in NL2SQL. Under Review 22



STEP (Structural Taxonomy-based Error Patching)

a Error-Type Guided Localization + Masked Diffusion Patching

Wrong SQL Parse with SQLGlot Error Type Localized Region Patched SQL

SELECT name, salary Table Not Found SELECT name, salary SELECT name, salary
FROM employees = § -5 =» FROM employees = FROM employees
A =
2 a ' Column Not Found = o ' = :
WHERE departmnt Sales \. k i J WHERE <mask> Sales Masked Diffusion WHERE dept_name Sales
AND salary > 1000; O ¢ AND salary > 1000; (Partial Patch) AND salary > 1000;
@] ® ¢

& Type Mismatch 0

e Taxonomy-Guided Sequential Patching for Multiple Errors

Wrong SQL o Fix 1 9 Fix 3
@ 1 & @ & Final Correct SQL

' : Determine Order by Rules ‘ * ,‘

SELECT nme,

FROM employess = @ . | = & SELECT nme, salry SELECT name, salry SELECT name, FROM employees
: FROM employess FROM employees FROM employees WHERE dept_name = 'Sales’

SELECT name, salary

WHERE = 'Sales'

WHERE departmnt = 'Sales’ WHERE = 'Sales’ WHERE dept_name = 'Sales’ 8
AND salary > '1000'; AND salary > 1000;

AND salary > '1000'; AND salary > '1000'; AND salary > 1000; Q

Sequential (One-by-One)

Knowing Why Matters. Structural Reasoning for Code Repair via Error Taxonomy in NL2SQL. Under Review



1. Al for

it

w/ O]

Method Attribute Table Value Condition Others \ Overall

Qwen2.5-7B 24.3 33.3 41.4 29.4 16.7 30.0
+ CoT 35.1 26.7 37.9 52.9 16.7 35.5
+ STEP (ours) 40.5 73.3 44.8 52.9 16.7 45.5

Qwen2.5-14B 27.0 40.0 37.9 41.2 41.7 35.5

+ CoT 24.3 66.7 37.9 35.3 41.7 37.3
+ STEP (ours) 40.5 73.3 517 52.9 33.3 49.1

Qwen2.5-32B 324 66.7 483 35.3 33.3 41.8
+ CoT 40.5 80.0 379 47.1 33.3 45.5
+ STEP (ours) 56.8 80.0 51.7 52.9 25.0 54.6

Knowing Why Matters. Structural Reasoning for Code Repair via Error Taxonomy in NL2SQL. Under Review



1. Al for Management Information Systems (MIS)

Multimodal RAG w/ zex, a4
Retrieval-Augmented Generation

% @%@e;{@

User Asks a LLM Smart LLM Question + Enriched
Question Search Relevant Info Answer

Quer \I/ T Relevant
Y Info

Data

Ongoing Work

25



1. Al for Management Information Systems (MIS)

w/ =2, 3¢

rlo
0l>

PDF page (image)

Ongoing Work

PAS



1. Al for

PDF page (image)

<|im_start|>
user Preﬁx
<|vision_start|>

i
el o Varta Aast <
i |

def gct_n_Patckcs(...) ->
x__patckc.s, y_patckcs

ColQwen
processor
(Process_images)

<|vision_end|> X—P“td"es

Describe the image.
<|im_end|> postFix
<|endoftext|>

Ongoing Work

/-:limage,padlr- <128 dim vector>

prefix
<128 dim vector>
<128 dim vector>

ColQwen
model

<128 dim vector>
<128 dim vector>

Post{:lx

<128 dim vector>
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1. Al f

or Manag

ement Information

igure 100%)
Y

text 100%,

raxt 100
table 1uuv

text 100%)

text 100%)

pn, as diagnosed by the serum allergen
does not always correspond with th
tient’s symptoms. We found that approxinutely twice
nany palients were sensitized to both spring pollens an
erennial allergens compared to patients sensitized oaly 1
ring pollens. However, many patients were asymptomath
o perennial allergens. Exposure 1o perennial allergens, sucl
s house dust mite and cat and dog dandruff, is an importan]
edisposing risk factor for asthma [4]. Previous disgnosd
{ asthma was bargely related 10 serum IgE levels and bloo:
posinophil counts [5-7] Even in nonasthmatic patient
rway responsivencss (assessed using methacholine |
ncreased in some Gases of allergic rhinitis, indicating a
ncreased risk for asthma [9-11]. Sensitizatson to cat dandru
ast mite, cockroach, and ragweed s an important predicte
o drway hyperresponsiveness [12]. Alrway hyperrespoasive
pes 18 steongly related 1o devated total serum IgE level
ven in asymptomatic patients [5, D] In other words, tot.
rum IgE level s considered an indicator of probable airwa
yperresponsiveness or asthma, |
SE levels and blood cell castnophil counts we
devated in patients sensitized Lo both sprin
rennkil allergens, as compared 1o patients sensitized onl
o spring pollens. Therefore, patients sensitized to both spriv
pllens and perennial allergens might be af greater ik ¢

Ongoing Work

stems (MIS)

PAS]



1. Al for

INPUTS

PDF Corpus
(pre-indexed)

@ User Query ———>

OFFLINE PRE-PROCESSING MULTI-LEVEL RETRIEVAL PIPELINE
(DONE ONCE) r—‘%

| @ | @
Parsing

Candidate L1 Document Candidate L2 Page L3 Element

Docs Filterin Pages Retrieval Rerankin
_— 2 — 9

Extracts image, text,

and elements with ,
: filters out ColQwen3-based element-level
bounding boxes : )
irrelevant documents — page-level search — reranking —
from PDFs SN :
speed baseline quality

Ongoing Work

—

OUTPUT

=

Top-k
Retrieved
Pages

PAS



1. Al for

Method

Baseline
Ours

Latency | | NDCG@51 NDCG@101 Recall@51 Recall@10 1

1.77 75.5 78.8 79.2 87.1
0.87 77.5 80.7 80.6 88.5

Ongoing Work
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1. Al for
w/ B X| 2 (Prof. O|Xj =)

Reasoning Language Model

# Distractors T —— Reasoning Length 1

Accuracy
Number of Distractors

Accuracy |

{

Reasoning Length

Reasoning Vision-Language Model

# Distractors T —¢—Reasoning Length =

>
O
©
—
3
9]
O
<<

correlated

%

Reasoning Length

Number of Distractors

Accuracy |

Distractor ——Reasoning Length 1

Semantics
(Aligned/ Conflicting/ Irrelevant) correlated

. Conf.

Accuracy |

{

Reasoning Length

Accuracy
None Align Irr

31

Do Reasoning Vision-Language Models Inversely Scale in Test-Time Compute? A Distractor-centric Empirical Analysis. Under Review



My Research Inspired by IME
2. Al for

Safety-critical communication

Training and

competence

\ Health and
) safety culture

Maintenance,
inspection, and testing error

32



2. Al for Human Factors and Ergonomics

UX for Visual Generation w/ a3

Y A\BS A
B s ",“,
= -

-

Stay Fair! Ensuring Group Fairness in Diffusion Models Across Guidance Scales. Under Review
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2. Al for Human Factors and Ergonomics

w/ 48+

Stay Fair! Ensuring Group Fairness in Diffusion Models Across Guidance Scales. Under Review

34



2. Al for Human Factors and Ergonomics

w/ 48+

Vv
-
=
v,
=
@
—
-
v
©
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Stay Fair! Ensuring Group Fairness in Diffusion Models Across Guidance Scales. Under Review
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2. Al for

sampling methoc

© culera Euler Heun DPM2 DPM2 a

Tiling

Stay Fair! Ensuring Group Fairness in Diffusion Models Across Guidance Scales. Under Review
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2. Al for

(a) Observation (b) Problem

“Users select the guidance scale “But the bias can re-emerge
based on their intent” when the guidance scale changes

Users

”

' Classifier-Free Guidance

o o
(o)} [00]

Female Ratio
o
~

Check Point Stable Diffusionv 1.5

o
N}

“A photo of a pilot”

guidance 50 75
scale Guidance Scale

Stay Fair! Ensuring Group Fairness in Diffusion Models Across Guidance Scales. Under Review
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2. Al for

(A) Classifier Guidance (CG)

Existing StayFair (Ours)

Vlog p(z;) +w V log p(y | z;) Vlog p(z¢) + w V log p(y | ;)

Classifier f Fair Classifier

plylz) | Py | z:)

trained with fairness constraint

oN
ol
>

Stay Fair! Ensuring Group Fairness in Diffusion Models Across Guidance Scales. Under Review



2. Al for

(A) Classifier Guidance (CQG) | (B) Classifier-Free Guidance (CFQG) |

Existing StayFair (Ours) Existing StayFair (Ours)

Vlog p(z;) +w V log p(y | z;) Vlogp(z¢) +w V log p(y | z:) e(z,y) — €(x¢,0) e(xy,y) — e(x¢,0,)

Adaptive null prompt

P

- ~
/ \

~ | . = : iy Qy Y
Classifier | . Fair Classifier ! N
pyle) Py | z2)
: 0, =0+by)

trained with fairness constraint (bias compensation

depending on y)

39

Stay Fair! Ensuring Group Fairness in Diffusion Models Across Guidance Scales. Under Review



[
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
\

2. Al for

(a) Observation (b) Problem

“Users select the guidance scale “But the bias can re-emerge “Thus, group fairness should be kept
based on their intent” when the guidance scale changes” robust for any guidance scales.”

Users

Classifier-Free Guidance + StayFair

o o
(o)} [00]

o
~
Female Ratio

Female Ratio

Check Point Stable Diffusionv 1.5

I
N}

“A photo of a pilot”

guidance ' . 5.0 7.5 . . ' . 5.0 75
scale Guidance Scale Guidance Scale

Stay Fair! Ensuring Group Fairness in Diffusion Models Across Guidance Scales. Under Review

e e e —— — — — — — — — — — — —
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2. Al for Human Factors and Ergonom

ics
w/ O| &2 (Prof.

o~ o
<) A
_YHere is <my cup>!
)
the memory,
<my cup> is §8D.

5 images of <my cup>

Grounding <my cup>

Bring My Cup! Personalizing Vision-Language-Action Models with Visual Attentive Prompting. Under Review

A



2. Al for Human Factors and Ergonomics

Personalized Robots w/oj42 (Prof. 324l

Bring My Cup! Personalizing Vision-Language-Action Models with Visual Attentive Prompting. Under Review

42



2. Al for Human Factors and Ergonomics
w/ e (Prof. Z4tHOl)

Stage 1: Perception (Scenario Planning Orchestration)

Planner (VLM) ————=>| Structred Workflows (JSON)
Sample Images

Stage 2: Perception (Frame-Level Execution)

Event Classifier VLM

tt+1, t+2 ...

Stage3: Decision (Temporal Decision Control)

Accumulated Temporal
Frame Predictions Decision

Temporal Orchestration of Vision-Language Models for Decision-Level Video Safety Monitoring. Under Review

43



My Research Inspired by IME

3. Al for Manufacturing & Vertical Domains

YA



3. Al for Manufacturing & Vertical Domains

|) Multiple Frequencies

Multiple Domains

.

S
v

Universal Forecaster

2) Any-variate Forecasting

Ongoing Work

3) Varying Distributions

45



3. Al for

(a) Prior: Black-box Autoregressive FM

Past window

(Autoregressive)

Next-step prediction (AR)

Tt41 Tit2 Ti43

® > @ — @ —>

o>

Ongoing Work

46



3. Al for

(a) Prior: Black-box Autoregressive FM

Past window
Tyt Next-step prediction (AR)

Tt Lit+2 Liy3
(Autoregressive)

(b) Ours: White-box FM (In-Context Basis Prediction)

Past window f(t)=T(t)+ S(t) + R(t)
FM

Seasonal S(t) Residual R(t)
(Autoregressive

backbone) / N I TN h ‘HAI h .

Ongoing Work

Full trajectory

S’ V. Va.

47



3. Al for

context
-=-- GT
—— TimesFM

—— Ours

Total (t = 15870)

S(t)

(seasonal)

R(t)

(residual)

Ongoing Work

- = GT
—— Ours (trend)

time
Seasonal

—— Ours (seasonal)

40 60
time

Residual

—— Ours (residual)

MWMMWJM

48



Captions

Text (f7)
Encoders

Outputs

3. Al for

w/ §&F 2 (Prof. MXI =)

RS Z, '
Dense res:dentlal housmg A lot of cars parked Many trees were planted on

arranged very closely in the parking lot the green grass in the park Pa' r'Wlse a"gnment (prlor WOI‘k)

(Lo, To) (I1,T1) (In,Tn)

T o w7y o o 7y | —— Topology-aware alignment (ours)

Topology-Aware Representation Alignment for Semi-Supervised Vision-Language Learning. Under Review
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3. Al

for

w/ X|&% (Prof. X|212)

STEP 1 Clustering % —_—_—m STEP 2 Cluster matching

|l['§

“a woman playing tennis”

[Distilled sample]

Image-Text Match Counts Matched Clusters Prototypes

cup |
Image . ci%|cs Cy® [Image , text] [Image , text]

E?COde,r, w3 g0 e 5 [cims oy [x,0]

Linear x [cime o] [Xx,0]

Assignment !

CLIP S [c ‘\‘}'",C‘f\“i‘ [*x,0]
- Text g
Encoder

STEP 3 Image synthesis

unCLIP Decoder

Diffusion 2
¢+== Guidance ==

o “An elderly man sits I
. = — Y &— Retrival — II
[Synthetic Image] Encoder alone on a park bench”

Multimodal Dataset Distillation Made Simple by Prototype-Guided Data Synthesis. ICLR 2026
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My Research Inspired by IME

1. Al for Management Information Systems (MIS)
« SQL Code Generation w/o|:=x
« Multimodal RAG w/zex, aH
VLM Reasoning w/ x| (Prof. 0|} %)

2. Al for Human Factors and Ergonomics
« UX for Visual Generation w/ 2%
« Personalized Robots w/oj42 (prof. #241)
« Safety Monitoring VLM w/ 42% (prof. 2t891)

3. Al for Manufacturing & Vertical Domains
« Manufacturing FM wy utysl
« Vertical Domain VLM w/ 824 (Prof. I*XH*)
« Efficient VLM Training w/ £ %34 (Prof. X212

I'-|)|
r-Io
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Part Il. Opportunities Iin
as an IME Researcher

52



are Being

Employee headcount among software developers, by age

115

ol

41to 49

35t040
31to 34
m 50+

m 26to30

W 22to 25
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The Next Core Skill: Managing

Claude Code v2.0.60
Sonnet 4.5 - Claude Enterprise

/Users/johnnie/code/taskflow

> I just joined the team. Can you give me a high-level overview of how this
codebase is structured and where the main entry points are?

* Contemplating.. (esc to interrupt)
e T'11 explore the codebase to give you a comprehensive overview.

Explore(Explore codebase structure)
L Done (17 tool uses - 38.0k tokens : 28s)

* Clauding.. (esc to interrupt)
e TaskFlow API - Codebase Overview

Welcome to the team! This is a Node.js/Express REST API for task management with
team collaboration features.

Project Structure

taskflow/
src/
index.js # Main entry point - starts the server
app.js # Express app configuration
auth/ # JWT & Passport authentication
config/ # Database & Redis configuration

54



= Orchestration

» Master Al Agent
coordinates all activities

» Worker Al Agents
handie specific tasks

 Tools help complete ,
tasks 44

A

V
3
Al Agent Al Agent Al Agent Al Agent
e e O~




= Orchestrator

)

HAAERIE

X#5h= &2

SN LIFE

SAof| 2= 8E
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Future of IME =
Orchestrator for Both and

Al Research

Human Employee * g .
Al Assistants i : i 1 ; L, Al Agents

Enterprise Knowledge Intelligence: best practices; policies; processes

57



My Research Vision:

Multimodal Orchestration of
Artificial Intelligence (MOAI) Lab
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Opportunities in IME & Al Researcher

Thank you for listening! @
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