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Improvement of Cold Mill Precalculation Accuracy

Using a Corrective Neural Network

First Hidden Layer
Min Jangt, Sungzoon Chot, Yong-Joong Chot, Sungcheol Yoont and Hyungsuk Chot

f Department of Computer Science and Engineering
POSTECH Information Research Laboratories
Pohang University of Science and Technology . 4
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Figure 3: Corrective neural network
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Cold rolling mill process in steel works uses stands
of rolls to flatten a strip to a desired thickness.
At Pohang Iron and Steel Company (POSCO)
in Pohang, Korea, precalculation determines the
mill settings before a strip actually enters the mill
and is done by an outdated mathematical model.
A corrective neural network model is proposed to
improve the accuracy of the roll force prediction.

Additional variables to be fed to the network in- 2 . : Koy

clude the chemical composition of the coil, its ( H . 1

coiling temperature and the aggregated amount O i 0ot Ot W i AI g 0 r I t h m . Stan d a.r d B a.C k p r 0 p a.g a.tl O n
of processed strips of each roll. The network was

trained using a standard backpropagation with ; s ; X

2,217 process data collected from POSCO from Figure 1: Cold mill process at POSCO

March 1995 through December 1995, then was HW : S U n S p a.r C Sta.t I 0 n 20

tested on the unseen 200 data from the same pe-
riod. The combined model reduced the prediction Iron and Steel Company(POSCO) is divided into

error by 55.4% on average. three phases, precalculation, real time control and Data : 2477 jH (M ar ) 1995 _ DeC ) 1995)

Output node : 14 (Roll speed)

Hidden layer : 2 layer










Gl Ol B2t 7HA]

ol D

wl

<J

NERSIED
MEZM, [

A
=

7

0 Ml L= Clolef 2 &
Zofl t A

o &5
M0 e
~ Xl
! IH
D 0l
o X0
mal el

o /flV/
IH0
0
R0
~ i< (Value)

*Otg 2] Ol0lH (Analog Data) vs Cl XIE Ol 0| B (Digital Data)




The Era of Data Literacy
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Traditional Programming (Before Big data era)

Data
Output
Program
(Algorithm, Rules)
Machine Learning (After Big data era)
Data
Program

Output (Algorithm, Rules)




Traditional SE(Software Eng.)
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Deep Learning SE
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Al-based vs Al-native

Replacing an

existing component ‘
with and Al-based

component

Adding a new

Al-based —

component

Al-native is where all components
potentially use Al in and among

each other
4+»
Adding Al-based
control to legacy )
component(s) <+«
<+

https://www.ericsson.com/en/reports-and-papers/white-papers/ai-native



Al-based vs Al-native
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Al-native companies

FULL STACK APPLICATION LAYER =
MODEL + APP g
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Foundation Model
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Foundation Model

Tasks
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@ ' . Analysis
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Foundation Model

case study 1:

Data Sources

Sources

g iy e

Care Providers Institutions Pharma

e 9 B

e
Payers Wearable Publications
(Insurance) Sensors Medical Forums
Modalities
! i d '
Image Video Graphs
X-Ray Ultrasound Chemical Compounds
+= IO ‘#’
Tables & Text Time Series Sequences
EHR, Clinical Records ECG Genomics

Training

Foundation
Model
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Downstream Tasks

%
Healthcare &

Interface for Care Providers
* Diagnosis
* Treatment

o W ..) * Summarization of Patient Records

Interface for Patients

* Question Answering

* Assistive Care

* Community Health & Prevention

Adaptation

; o >
Biomedicine siﬁ'#

Personalized Drug Clinical
Medicine Discovery Trials



Foundation Model
case study 1:&2A# O
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Foundation Model
case study 2:'H& A{H|A

Before Lawsuit

e ; Discove Trial Verdict Appeals
Litigation Filed L4 /S PP 4
Information Research Document Trial Argument Appeals
Assessment & Writing Retrieval Preparation Weighing Writing
* Contract review * Multimodal evidence * Multilingual sources * Legal research * For judges & clerks * Adaptation to
¢ Patent retrieval ¢ Case law adaptation & documents * Dialogue agents * Adaptation to writing new contexts of
* Arguments crafting * Different distributions for oral arguments style & philosophy appeals court and
* Consideration of * Few-shot learning on ¢ Judge questions’ supreme court

judge preferences lawyers exemplars prediction
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Foundation Model
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Foundation Model
case study 3: 1=

Multimodal Data Sources Tasks & Goals
Assist Students
pedagogy (Stl’UCtUI’E) r * Identity * Inclinations
Teaching Materials A Swte * Skills
* Motivation +« Preferences
Jim e wm
e 4
7
- 7
Pre-Recorded Lesson Plans Exams & Foundat|°n Assist Educators
Textbooks Lectures & Curricula Assignments Model .
Including both teachers and
Interaction P education tools & materials
o—x ‘
=5 2 & @
—S _l > Facilitate Learning
Discussion Online Live Classroom Feedback III X - S
Forums Courses Sessions & Grading Tracking and Analyzing

Progression & Performance

Subject Matter (Content)

Facilitate Teaching

b ! 3 &y ' ‘@‘ Modeling Cognition & enabling
U’L’I d J e interaction adaptive teaching
Math Physics Chemistry Earth Science

Understand Subject Matter

In a diverse range of
sciences & humanities
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. 2 & 9

History Art Languages Drawing
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Foundation Model1} 217}9]
AMS XLR?
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o AFE X} OIE | O|A User Interface /| AFHEX B
User Experience

o Foundation Model2| A%t
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oundation model ME}A|

APPLICATION

New
. AirPaper copy.ai ® Friday (C) Jasper
Document Extraction Copywriting Shopping Assistant Copywriting
Existing
CRESTA (B runway  Amperity & @ Q ‘-:4 )
TOOLING
) " 2y DIy
/¥ HuggingFace 3}Pinecone WHYLABS
@ OpenAIl i Google Al “ HuggingFace
co:here O Eteutheral Stable Diffusion
CLOUD

Q aWS, Vi A Azure

intel. Google

amazon B¥ Microsoft NVIDIA

Teams are building
new applications and
improving existing
applications using
foundational models.

Today, developers are
hand-building DIY tools
for their needs like
engineering pipelines,
tiering, compliance,
and security.

Large Scale

Foundation Models:

« Presented via API

« Customers can fine-tune
or use off-the-shelf

Big players are in
ongoing development
of cloud-based
solutions for Al.
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