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What is Al-enhanced Process and Systems Engineering?

<)

Typical tasks Al methods B cosconpaion

* Risk prediction + Classification models PI'OCESS [
* Runaway detection * Probabilistic models Safety

« Alarm management * Explainable Al

» Safety decision support » Causal / time-series models N

Al-enhanced ;
& Typical tasks Al methods Process and ll Typical tasks Al methods
§
* Soft sensing « PCA/PLS » » Real-time optimisation » Bayesian optimization
+ Fault detection * Autoencoders PI'QCES.S P.ro§ess: * Scheduling * Surrogate models
+ Anomaly detection » LSTM/Transformers Momtormg Data-driven models « Hybrid models Optlmlsatlon » Resource allocation « Evolutionary algorithms
« Predictive maintenance * Random Forest/XGBoost Digital twins Decision intelligence » Multi-objective  Hybrid ML + optimization
optimisation
?3+ Typical tasks Al methods
« Adaptive control * Reinforcement Learning
* Setpoint tracking + Safe RL P eE——
« Constraint handling « ML-enhanced MPC Process
* Autonomous decision-making * Neural state-space models Control
Higher @ Safer Lower Lower Better
efficiency operation cost emissions decisions 3



One of my favourites..... self-learning agents

Feedback-based learning cycle between agent and process

-

e Iteration: observation — decision — process response — learning = ~ <

an )

Agent

(RL algorithm)

-
- -

Action (u,)
e.g., valve position,
temperature setpoint,
dosing

>

policy / decision-maker

State / observation (s;)
e.g., concentration, pressure,

S

Process / Environment

level
sensor ,—-— @
|
|
|

)

@ @ [m

temperature  pressure
sensor sensor

Reward (r,)

e.g., increasing yield,
reducing energy consumption,
safety, quality

temperature, level
@ \
A
l
l

AT

Stable operation,
disturbance handling,
setpoint tracking.

| Dynamic process model or real plant /
: /
‘o oo A7 Policy update / e R
e .|II value estimation o
~— -~ = L N * ------------- - -—
1. Control 3. Scheduling /

Production scheduling,
resource allocation,

2. Optimization - :

Optimization of yield, T operational support
energy efficiency, | +"®

and quality.

decision support.

Rl il



The famous Bellman Equation...

s

State (s)

The agent’s current
condition in the
environment.

V7 (s) denotes the
expected value of state s
under policy 7.

® Action (a)

A decision available to
the agent in the
current state.

n(a|s) is the probability
of choosing action a
under policy 7.

Bellman expectation equation (for any policy 7)

Reward (r)

The immediate reward
received after taking an
action.

A larger r indicates a
more favorable outcome.

=4

V*{(s) = Z (als) Z p(s',rls,a) [r + 7V”(s')]

N

Bellman optimality equation (optimal value function)

N
Discount factor (y)

A factorwith0 <y <1
that discounts future
rewards.

Nearer rewards receive
greater weight.

V*(s) = max Zp(s',r|s, a) [r + 7V*(s')] -

s’.r

1. Current state

Q

The agent is in
state s.

Recursive (self-referential) logic

Future value
V7(s") is the expected
value of the next state
under policy 7 (or V*(s")
for the optimal case),

weighted by 7. )

\

S\

3. Reward and
next state

The environment
returns reward 7,
and the agent
transitions to state S,j

® 2. Choose action

> %,

=i
4

The agent selects
action a (according
to 7(a|s) or
optimally).

= =

il

weight .

4. Future value
The value of s,
V7(s") (or V*(s")),
contributes to the
current value with

O

The Bellman equation expresses the value of the current state
as the sum of the immediate reward and the expected future value.




RL Agents have always been at home in games and robotics,
but have much more potential in engineering fields

5500 ~
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3000 o defeated 60 top professionals online becomes the best Go player in the
3 days and world champion Ke Jie in 3 out world. It does this entirely from
AlphaGo Zero surpasses the of 3 games in 2017. self-play, with no human
abilities of AlphaGo Lee, the intervention and using no
2000 - version that beat world champion historical data.
Lee Sedol in 4 out of 5 games
in 2015.
1000 -
0 0 days
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| believe in self- and co-learning systems...

—— e

REINFORCEMENT LEARNING AGENT REINFORCEMENT LEARNING LOOP _
OPTIMIZING CHEMICAL PROCESS CONTROL * Adjust Reactor Temperature
STATE AGENT ACTION * Increase Feed Rate

SAFE e EFFICIENT e ADAPTIVE Process Visiables RL Policy - Control Signals | | + Open Valve LCV-101

Sensor Readings isRalifetion) - Setpoints * Reflux Ratio

Operating Conditions X - Valve Positions
Equipment Status S Feed Rates EXPECTED REWARD

ACTION EXAMPLES

+18.7

Reward Signal
REWARD fReriormanes)
+ Efficiency
+ Product Quality
+ Safety
- Energy / Cost
- Emissions 130+ Cumulative Reward
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RL Agents in Hierarchical Chemical Process Control &

Hierarchy Typical role

O#He &0 RO

K

Business  * Planning

Layer ¢ Scheduling
¢ Real-time
optimization
Production ° Advanced

process control

Layer

o Multivariable
& constraint
control

Operation  * Regulatory
control
Layer
o Safety &
protection

Process Plant,
sensors,
actuators

Information
(up)

RL Agents

v/ Demand forecasting
v/ Scheduling

v/ Real-time optimization

RL Agents

v/ Multivariable control
v/ Constraint handling
v/ Economic optimization

RL Agents

v/ PID tuning
v/ Gain scheduling
v/ Safety management

RL agents can be placed at every level of the hierarchy,
= bringing intelligence, adaptability, and performance to chemical process control.

O
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Benefits of RL
in Hierarchical Control

Higher efficiency
and yield

Energy and
cost savings

Robust operation
under uncertainties

Better constraint
handling

Improved safety
and reliability

Adaptability and
continuous learning

Szatmairri, Kinga, et al. "How to support decision making with reinforcement learning in hierarchical

chemical process control?" Chemical Engineering Journal Advances 22 (2025): 100753.




Reactor Runaway aware RL Agents

RR = Sudden temperature increase
How to detect RRs? = RR Criteria

550

500 |

Temperature [K]
=
(=]
(=]

350 f

300

[ State: Ty, Ty, OP, S

€t Ct-s }

’ RL agents for control

Environment (SBR)

—k— &

450

RR-criterion

Reward based on reactor runaway

Critical curve of runaway criterion

(kmo}f‘m" )

Concentration of reagent _

[ []7

Reactor temperature (°C)

[ Non-runaway zone —» Positive reward 1

0.3

Fricz, B., Szatmari, K., Németh, S., Nagy, L., Bai, W., & Kummer, A. (2026). Reactor runaway aware RL

Agents for safe reactor operation. Computers & Chemical Engineering, 212, 109704.



The RL Agent as a Process Controller

Setpoint tracking with runaway-aware reward shaping

Measurements
[[g Observer} ——————— > ';E‘ ':L g_"“t":"e" G
* (feeding phase) (adjust V1)
I
|
s =
pd «—
V1 Feed
Feed
Coolant in valve
V2
Coolant out €— CHEE
valve
Semi-batch reactor
with jacket cooling
State Action Reward
Tgr, T;, OP, ¢, Adjust feed Tracking reward -
control error valve V1 runaway penalty

Episode reward

Training performance
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w—— |ambda = 10000

= |ambda = 1000

-30,000 +
0

2,500

5,000

7,500

10,000 12,500

Episode

15,000 17,500 20,000

@ Higher MDC penalty leads to safer but more conservative control.

Key idea: The RL agent learns valve actions that balance temperature control and reactor runaway avoidance.
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How much do | penalise my agent for behaving unsafely?
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Future work.... Realising RL in a laboratory pilot plant

1. Batch Sequence Agentw ( B 2. Thermal Agent
coordinates charging, l I L & controls heating /

recipe steps, and J cooling.

phase transitions.
@% I
' 3 )
3. Safetv Agent U E 4. Monitoring Agent | | Laboratory
) y Agen F k , ;
monitors constraints ramewor estimates states, pilot batch
and runaway A de(tjec;s anomalies, reactor
SR and shares
ndicators.
& ok observations.
i W )
~—
= Sensors & @ Local : TR Coordination / Actuators &
¢ State Estimation & RLAgents &8’ Shared Reward w‘ Valves
. J J
i B\ i
Why MARL? Pilot-scale goals
@ Distributed decision-making ® Real-time control validation
® Better scalability ® Human-in-the-loop supervision
® Improved robustness ® Safe experimental testing
L ® Safer process operation ) ® Toward industrial deployment )
[ o®
‘...‘ Goal: Enable safe, efficient and adaptive operation of the pilot batch reactor using cooperative multi-agent reinforcement learning.
N 12




Thank you for your attention!

Thanks to my family.... Thanks to my mentors....
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