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1. Why is improvement so important for real world optimization algorithms?

2. What are we researching?

3. How do we do that?

4. Does it work?

Agenda
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Real world optimization puzzles
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Decision variables: 

Quantity(P, T)

Constraints:

5 * Quantity(P1, T1) + 1.25 * Quantity(P1, T2) <= 60

4 * Quantity(P2, T2) + 0.83 * Quantity(P2, T2) <= 60

Goal:

Maximize 5 * Quantity(P, T1) + 1 * Quantity(P, T2)

Optimal Solution: 

Quantity(P1, T1) = 12

Quantity(P1, T2) = 0

Quantity(P2, T1) = 9.1

Quantity(P2, T2) = 28.8

The 1-2-3 Approach: (1) Model, (2) Solve, (3) Apply

1

2

3
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“Successful problem solving requires finding the right solution to the right 

problem. We fail more often because we solve the wrong problem than 

because we get the wrong solution to the right problem.” 

Russell Ackoff (1974)



©
 D

as
sa

ul
t S

ys
tè

m
es

 | 
C

on
fid

en
tia

l I
nf

or
m

at
io

n 
| 

10
/4

/2
02

1
| r

ef
.: 

3D
S

_D
oc

um
en

t_
20

20

8

Optimizers

The Virtual Twin

Resource 

Group

Bill 

Of 

Material

Plan 

Unit

Operation

Stocking 

Point 

Product

Supply
Order 

Supply

[Seq]

Capacity 

Cluster

Planning 

Cluster

Planning 

Cluster 

Chain Input

Output

Capacity 

Planning

Supply 

Chain 

Planning

[Seq]

The Real World

Human

Planners
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Optimizers

The Virtual Twin

Resource 

Group

Bill 

Of 

Material

Plan 

Unit

Operation

Stocking 

Point 

Product

Supply
Order 

Supply

[Seq]

Capacity 

Cluster

Planning 

Cluster

Planning 

Cluster 

Chain Input

Output

Capacity 

Planning

Supply 

Chain 

Planning

[Seq]

The Real World

Human

Planners

(1) Real-Time Continuous 

Synchronization

(2) Integrates multiple decisions 

and planning levels

(3) Realistic and Unbiased

(4) Continuous Optimization

(5) Visualization, Interaction, 

Workflow & Explainability
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1. Why is improvement so important for real world optimization algorithms?

2. What are we researching?

3. How do we do that?

4. Does it work?

Agenda
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Optimizers

The Virtual Twin

Resource 

Group
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Plan 
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Supply
Order 

Supply

[Seq]

Capacity 

Cluster

Planning 

Cluster

Planning 

Cluster 

Chain Input

Output

Capacity 

Planning

Supply 

Chain 

Planning

[Seq]

The Real World

Human

Planners

(1) Real-Time Continuous 

Synchronization

(2) Integrates multiple decisions 

and planning levels

(3) Realistic and Unbiased

(4) Continuous Optimization

(5) Visualization, Interaction, 

Workflow & Explainability
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The Virtual Twin

Resource 

Group

Bill 

Of 

Material

Plan 

Unit

Operation

Stocking 

Point 

Product

Supply
Order 

Supply

[Seq]

Capacity 

Cluster

Planning 

Cluster

Planning 

Cluster 

Chain Input

Output

Capacity 

Planning

Supply 

Chain 

Planning

[Seq]

The Virtual Twin does a Meta Large Neighborhood Search:

1. Select a neighborhood

2. Send this neighborhood to a mathematical solver and look for a better solution

3. Transfer the solution of the mathematical solver back to the virtual twin

Meta Algorithm

1

2

3
Solver Algorithm

Optimization Solver

𝑚𝑎𝑥: 𝑐𝑇𝑥

𝐴𝑥 ≤ 𝑏, 𝑥 ≥ 0
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Case: Last Mile Delivery
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Step 1: Select a neighborhood



©
 D

as
sa

ul
t S

ys
tè

m
es

 | 
C

on
fid

en
tia

l I
nf

or
m

at
io

n 
| 

10
/4

/2
02

1
| r

ef
.: 

3D
S

_D
oc

um
en

t_
20

20

15

Step 2: Look for better solution with a mathematical solver
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Step 3: Accept (or reject) the solution in the virtual twin
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Iterations

Score

Our Research:

Can Machine Learning help us to select the most promising neighborhoods?

Original Algorithm

Perfect Meta Algorithm
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1. Why is improvement so important for real world optimization algorithms?

2. What are we researching?

3. How do we do that?

4. Does it work?

Agenda
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Step 1: Identify neighborhood candidates
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Step 1: Identify neighborhood candidates
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One-by-one Model

Step 2: Machine Learning Models

Yes

No

Yes

Ranking Model

1. 

2. 

3.
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1. Why is improvement so important for real world optimization algorithms?

2. What are we researching?

3. How do we do that?

4. Does it work?

Agenda
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PM
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Challenges
 Feature definition and selection

 Need for real-world test case (Data + Optimizer)

 Randomness in optimization
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Future Research
 Online Learning

 Work-flow embedding with customers

 Neighborhood creation
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Summary

1. Improvement algorithms are important for solving real world 

puzzles using a virtual twin

2. Selecting optimal neighborhoods can increase the quality of 

LNS significantly

3. ML can predict the improvement potential of neighborhoods
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