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Motivation

e Many industrial processes operate continuously batch by batch
— Predicting plant output is needed for monitoring, decision making and control
— Predictor model is constructed from historical plant operational data
e During plant operation, underlying process characteristics change
— Predictor model must adapt, which requires actual process output as desired
target
e Process output measurement for these batch-by-batch streaming processes is
typically seriously delayed
— Without timely process output measurement, adapting predictor model is
impossible
e ‘Old’ predictor is used without adaptation = degrade prediction accuracy

— How to tackle this problem?
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Classic Machine Learning

Task 1 —recognize taxi
Model 1

=

Dataset 1:100 taxi images

Model 2

Dataset 2: 100 truck images

Task 3 — recognize bus Model 3

— =

Dataset 3: 100 bus images

e Isolated learning: Do not retain knowledge learned in the past and use it in future,
requring large number of training data to learn effectively
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How Human Learns

100 taxi images 10 truck images 2 bus images Kncmedge storage

Knowledge transfer

i

Experience

car structure

car engine

e Human learning: Learn continually with experience

— Maintain knowledge base (brain), use past knowledge (knowledge transfer)
to aid new task, and store new knowledge learned for future
— Quickly learn new tasks with small dataset
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Lifelong Maching Learning

e Lifelong maching learning imitates human learning

e Efficient lifelong learning algorithm

Time scale
ELLA: Task Task Task
e Learning tasks consecutively et T £
— Maintain knowledge base 1) ?SESH"EI_ . labeled -
for past learned tasks i St s . taskdata
— Transfer knowledge from J L\,/
previous tasks to learn new i Task modi)
task ~ 2;[; :
{ # as 3) New
— Store new  knowledge / knowledge is @ knowledge is
learned in new task to stored

knowledge base

e To build a task model required
labeled training data (both
inputs and desired outputs)

s

y

; =
" # I___,-F"'
Previously learned ;

knowledge base

4) Existing knowledge is refined

ELLA
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Efficient Lifelong Learning Algorithm

e ELLA fits a parametric model for each task

£ (x;g(t)) — 2Tt 9 c R

-+
——

o) L s

Base model: linear, ELLA: actually nonlinear

] &
a3
e 0. linear combinations of knowledge base L il ﬁ
via sparse encoding s(t) ¢ R¥ [] = =
L1 O
0t — [ s [ ¢ Rixk L %
o | A A ©d 2
e Objective function: 75 i@g " <hared @ 3
L
l basis
mm_z(J (6) +u [s®ly )+ LEL3 i
LS T t=1 “nodel"fits to sparsity of coding regularize base ~ Known unknown (online opt)

each task coefficient complexity

S = [3(1) e S(T)], T: tasks seen so far

e Online optimization: tasks arrive consecutively, update ‘recursively’ task by task
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ELLA (continue)
ELLA: given new task (batch) ¢

1. Train single-task model 8®) for task ¢

e Estimate () requires labeled training data (both input and desired output)

2. With 8, solve sparse coding coefficient s() in current knowledge base or
dictionary L via LASSO

e Knowledge transfer from past tasks

3. Update dictionary L with 0%), s() and old L via efficient ELLA unpdate rules

e Store knowledge learned for task ¢

4. Current task model is given by () = Ls(®)

e Build task model 6 requires labeled training data

e Not for streaming batch-by-batch industrial processes with delayed output measurement
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Unsupervised Transfer Aided Lifelong Learning
Time scale
Task Task Task Task
T-1 T T+1 unfabeled
o We develo_p U'I:aLL: unsupe.rwsed unlabeled data~ taskdata —Iabeled data
transfer aided lifelong learning '
e Improve performance by knowledge Input
sharing in two spaces: Input v feature
— Task model space (as in ELLA) feature | _lrél" — | Task model
— New input feature space , N =
e Learn new tasks without labeled o L
data by unsupervised transfer t : q Recover
2 Previously learned "/ | new model
knowledge base =

Liu, Wang, Yang, Chen, Harris, “Unsupervised transfer aided lifelong regression for learning without target output,”

Knowledge and Data Engineering (under second review)

4) Unsupervised knowledge transfer

IEEFE Trans.
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UTalLL Idea

e Coupled dictionaries relate task model parameters

and input features —
task model 8 = Ls® ] E
input feature ) = Ks® . B
— & averaging inputs of batch ¢ ”“;:E’r:‘:“' _ Unsupervised B
— Input feature also reflects underlying plant o ‘ —
characteristics L ‘
— K: knowledge base for input feature space !
e ELLA objective function I
1 & W -
in — J(6" *) AL il
min — ; ( (0) + plls™ Iy ) + ML N
o Predicted bt
e UTaLL objective function task model  ctimmary o
1 T
: (t) (1) (t)|2 (t) 2 2
pin 730 ((2(600) 4o 8 = Kl ) + A (LI + 1K)
=1 model fit input feature fit sparsity complexity

e For labeled task, learning steps are same as ELLA
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Unsupervised Knowledge Transfer

. . . "'{-rm)
Given new task ¢ with input data only K S
1. Use input feature * and dictionary K -
to recover sparse code s B = -
s = argmin |0 — K|+ 5| - -
o g 2 'Ll/ 1 Unwupervized Unrupervized
S feature: fearures dictionary —
(pre-trained) =
Unsupervised
transfer process
2. Use recovered s(¥) and dictionary L to PO §laen)
recover model parameters 0 I LY
o) — 15t B = i
yielding task model for new task ¢ Predicted Task predictor 8
tatk model dictionary =
{pre-trained) =l

This UTalLL can be apply to online prediction and adaptation of streaming batch-by-batch
industrial processes with delayed output measurement
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UTalLL Meets Industrial Processes

" Historical batches ™

Mew comumg baiches

Batch |

real-tume to generate pulnple
consecuiie data batches Local Inpat
predictor feature [
1 l:.f[.\""'| = .*.,.-.:"x
ﬂ’ T 1 New
| £t g h
il i

2} Knowledge
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".,:,\._..‘ Input feature
D dictianary
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new preducior
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transfes

¥
Lacal predictor
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Historical Real-time
industrial data sensordata
knowledge Output

base prediction

L 1

knowledge transfer

Adaptation Fe k ,

OQutput
data

e Use historical labeled data to build task model dictionary L and input feature dictionary K

e During online operation of plant, when a new batch of input data only arrives
— Use unsupervised knowledge transfer to recover predictor for predicting process output
— Later if process output measurements arrive, update L and K

Liu, Chen, Yang, Zhu, Mercangoz, Harris, “Lifelong learning meets dynamic processes: An emerging streaming process prediction

framework with delayed quality measurement,” IEEE Trans. Control Systems Technology (early access)
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Comparison Schemes

e LS, BAL (Bayesian augmented Lagrangian), PLS: Nonadaptive
— Trained models are fixed during online operation

e CLR (clustering-based locally linear regression), CLR-ensemble: Nonadaptive
— Trained local model set fixed during online operation

e RLS-batch: Model from previous batch is used to predict new batch. After true process output
data for this new batch are acquired, it updates model over the batch

e Proposed UTalL

— Pro-nonadaptive: During online operation, trained KB is fixed, and model is recovered by
unsupervised transfer to predict new batch data
— Pro-adaptive: after unsupervised transfer based prediction of new batch data, KB is adapted

e RLS-idealized: after predicting output for a given input sample, output measurement is available
to adapt model with input-output sample pair
— Cannot be used in online modeling and prediction for streaming processes with delayed
output measurement
e Pro-idealized: UTalLL continuously operates in training mode

— Cannot be used in online modeling and prediction for streaming processes with delayed
output measurement
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Wastewater Treatment Plant

Input/output  Description

1 Readily biodegradable substrate
o Particulate inert organic matter
3 Slowly biodegradable substrate
T4 Active heterotrophic biomass
s NHI + NHjs nitrogen
Y Flow rate

e 1300 samples are collected

e 40% training, 60% online testing

e Delayed output measurement time: 50

e Highly time-varying data: combination

of dry weather and long rainy period
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Penicillin Fermentation Process

Input/Output Description
T Aeration rate
To Agitator power
T3 Substrate feed rate
T4 Substrate feed temperature Acid Fermemer
s Dissolved oxygen concentration «—{Substrate tank
Te Culture volume Base C <;>
€T Carbon dioxide concentration _@_
- P“ @ ==
Tg Fermentor temperature e 1 5 |
T10 Generated heat {_____J] Air
Y1 Penicillin concentration
Y2 Substrate concentration e %

1600 samples are collected
50% training, 50% online testing
Delayed output measurement time: 100

Multi-mode time-varying nonlinear characteristics

University
nn
I ! Electronics and of Southampton
. Computer Science
Rl 15



Al Empowered Wireless S Chen

Predicting Penicillin Concentration
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Prediction performance of RLS-batch is extremely poor, off the scale
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Predicting Substrate Concentration
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Why RLS-batch So Poor

2 T T T T T T T 1 5 T T T T T T T
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e RLS has short memory, allowing it to forget past data and concentrate on current data

e After batch adaptation, model forgets most of past knowledge and captures characteristics of
current batch

e This model is then used to predict next batch

e For highly time-varying nonlinear process, characteristics of next new batch can be very different
from those captured in model
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Conclusions

e Many industrial processes operate continuously batch by batch

— Predicting plant output from plant input is essential during online operation

— Online adapting model is vital to track plant time-varying characteristics

— Process output measurements of these streaming batch-by-batch processes are
seriously delayed, making it challenging for online adapting model

e Lifelong machine learning imitates human learning and has many advantages
— Require input-output data to construct predictor, and cannot be applied to
streaming batch-by-batch processes with delayed output measurement
e \We have developed novel unsupervised transfer aided lifelong learning, capable
of construct predictor from input data only

— Ildeal for online prediction and model adaptation of streaming batch-by-
batch processes with delayed output measurement
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