








Periodic Timetable Optimization

[23, 28], 753[23, 28], 753[23, 28], 753[23, 28], 753[23, 28], 753[23, 28], 753

(G, T, `, u,w)

Bounds [`, u]
I driving times
I minimum transfer times
I maximum dwell times
I minimum headway times
I . . .

Weightsw:
I passenger load
I turnaround penalties
I . . .

Period time T :
I e.g., T = 60 for 1 hour,

resolution of 1 minute
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Periodic Event Scheduling Problem (PESP)
Given
G = (V , A) event-activity network,
T 2 N period time,
` 2 RA lower bounds,
u 2 RA upper bounds,
w 2 RA

≥0 weights,

find
⇡ 2 RV periodic timetable,
x 2 RA periodic tension

such that
(1) ⇡j − ⇡i ⌘ xij mod T for all ij 2 A,
(2) `  x  u,
(3) w>x is minimum,
or decide that no such (⇡, x) exists.

(Serafini and Ukovich, 1989)

Incidence-based MIP formulation:

Minimize w>x
s.t. ⇡j − ⇡i = xij − Tpij, ij 2 A,

`ij  xij  uij, ij 2 A,

p 2 ZA periodic offsets

(Nachtigall, 1994, Liebchen, 2006)
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Minimize w>x
s.t. ⇡j − ⇡i = xij − Tpij, ij 2 A,

`ij  xij  uij, ij 2 A,
⇡i 2 R, i 2 V ,
pij 2 Z, ij 2 A.

p 2 ZA periodic offsets

Assumptions after preprocessing:
I G is weakly (2-)connected
I G has no arc a 2 Awith `a = ua
I 0  ` < T and 0  u− ` < T

(Nachtigall, 1994, Liebchen, 2006)

Niels Lindner: On the geometry of periodic timetables in public transport 6th RIKEN-IMI-ISM-NUS-ZIB-MODAL-NHRWorkshop 9 / 26

507



Periodic Event Scheduling Problem (PESP)
Given
G = (V , A) event-activity network,
T 2 N period time,
` 2 RA lower bounds,
u 2 RA upper bounds,
w 2 RA

≥0 weights,

find
⇡ 2 RV periodic timetable,
x 2 RA periodic tension

such that
(1) ⇡j − ⇡i ⌘ xij mod T for all ij 2 A,
(2) `  x  u,
(3) w>x is minimum,
or decide that no such (⇡, x) exists.

(Serafini and Ukovich, 1989)

Incidence-based MIP formulation:

Minimize w>x
s.t. ⇡j − ⇡i = xij − Tpij, ij 2 A,

`ij  xij  uij, ij 2 A,
⇡i 2 R, i 2 V ,
pij 2 Z, ij 2 A.

p 2 ZA periodic offsets

Symmetry breaking:
I could impose 0  ⇡i < T and

pij 2 {0, 1, 2}

Redundancy among periodic offsets p:
I could set pij = 0 along spanning tree

(Nachtigall, 1994, Liebchen, 2006)Niels Lindner: On the geometry of periodic timetables in public transport 6th RIKEN-IMI-ISM-NUS-ZIB-MODAL-NHRWorkshop 9 / 26

Hardness of PESP

Theory
I NP-hard for fixed T ≥ 3 (Odijk, 1994, Nachtigall, 1996)

I NP-hard for Gwith fixed treewidth≥ 2
(in particular for planar G) (L. and Reisch, 2022)

I NP-hard cutting plane separation
(cycle, change-cycle, flip) (Borndörfer et al., 2020, L. and Liebchen, 2020)

I LP relaxation has trivial solution
⇡⇤

= 0, x⇤ = `, p⇤ = `/T

Practice
I rich literature on algorithms:

MIP techniques, CP, SAT (also MaxSAT and SAT+ML), modulo network simplex,
matching, merging, maximum cuts, graph partitioning, . . .

I several success stories (Berlin, Copenhagen, Netherlands, Switzerland, . . . )

Summary: primal: dual:
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PESPlib

http://num.math.uni-goettingen.de/ m.goerigk/pesplib/

I benchmarking library, est. 2012 by Goerigk
I 22 hard to extremely hard PESP instances
I smallest instance!MIP with 2722 (general) integer variables
I no instance has been solved to optimality so far

Niels Lindner: On the geometry of periodic timetables in public transport 6th RIKEN-IMI-ISM-NUS-ZIB-MODAL-NHRWorkshop 11 / 26

ConcurrentPESP
Concurrent Framework for Periodic Timetable Optimization

Improving Heuristics
Modulo Network Simplex

Multi-Node Cuts
Maximum Cuts

Solution Pool

Exact Methods
Branch & Cut

Gurobi/CPLEX/SCIP interface
several MIP formulations
dynamic cutting planes

Starting Heuristics
SAT Solver

Network Strategies
Preprocessing

Shrinking Heuristics
Graph Partitioning

for each network

...trades off by far more than just concurrency
...holds primal and dual records for all 22 PESPlib instances

(Borndörfer, L., Roth, 2020)
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Periodic Timetabling Spaces

Question
Can we get more insight by studying the geometry of periodic timetables?

Timetabling Spaces

mixed-integer set of feasible solutions
{(⇡, x, p) 2 RV ⇥ RA ⇥ ZA | 8ij 2 A : ⇡j − ⇡i = xij − Tpij, `ij  xij  uij}
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x-space X ⇡-space⇧ p-space P

full MIP toolbox this talk Benders decomposition

project project project

convex hull
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Gallery of Timetabling Spaces

v0

v1

v2

[3
, 1
2]

[4, 13]

[2, 10]

PESP instance with n = 3,m = 3, T = 10

(3, 7, 4)

(8, 2, 4)

(6, 10, 4)

(3, 2, 9)

(12, 6, 4)(3, 10, 7)

(3, 6, 13)

(9, 2, 13)

(12, 2, 10)

(12, 10, 8)

(7, 10, 13)

(12, 5, 13)

conv(X)

0 0 0 -1 0 1

0 1 1 -1 1 2

0 0 1

-1 0 2

1 0 0

0 -1 0 -1 -1 1

0 1 21 1 1

0 0 21 0 1

0 -1 11 -1 0

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14
�1

0

1

2

3

4

5

6

7

8

9

10

11

12

13

⇡1

⇡2

⇧/R1 is periodically tiled by polyt(r)opes
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Decomposing the Space of Periodic Timetables

Decomposition
The space of feasible periodic timetables is

⇧ := {⇡ 2 RV | 9p 2 ZA : 8ij 2 A : `ij  ⇡j − ⇡i + Tpij  uij}.
The space⇧ decomposes into polyhedral regions:

⇧ =

[

p2ZA
R(p), where R(p) := {⇡ 2 RV | 8ij 2 A : `ij − Tpij  ⇡j − ⇡i  uij − Tpij}.

Due to the preprocessing assumption 0  u− ` < T , the union is disjoint.

Weighted Digraph Polyhedra
Add a reverse copy a of each arc a. This produces a new graph G = (V , A)with V = V .
If we set (p)a := ua − Tpa and (p)a := −`a + Tpa, then

R(p) = {⇡ 2 RV | ⇡j − ⇡i  (p)ij for all ij 2 A}.
This means that R(p) is theweighted digraph polyhedron (Joswig, Loho, 2016)
associated to (G, (p)). In combinatorial optimization terms, R(p) is the polyhedron
of feasible potentials in Gw.r.t. the arc costs (p).
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Decomposing the Space of Periodic Timetables

A First Symmetry
If G is weakly connected, then G is strongly connected and by (Joswig, Loho, 2016):
I The recession cone of R(p) isR1.
I The quotient R(p)/R1 is a polytope.

Choosing coordinates on R(p)/R1 amounts to the periodic timetabler’s wisdom that
a timetable ⇡ can be fixed at one event v0 2 V to ⇡v0 := 0 without affecting feasiblity
or optimality.

Polytropes
A polytrope is the convex hull of finitely many points, both in the ordinary and the
tropical sense:

tconv(x1, . . . , xn) :=

(
nM

i=1

�i � xi

������1, . . . , �n 2 R

)
=

⇢
n

min
i=1

(�i + xi)
�����1, . . . , �n 2 R

�
.

Polytropes are exactly the quotients of weighted digraph polyhedra of strongly
connected digraphs byR1 (Joswig, Kulas, 2010).
Corollary: ⇧/R1 decomposes into the disjoint union of the polytropes R(p)/R1.
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The Periodic Timetabling Torus
Periodicity: If ⇡ 2 ⇧, then ⇡ + Tq 2 ⇧ for all
q 2 ZV .  Consider the space of timetables
inside the (|V | − 1)-dimensional torus

T := (RV/(TZ)V )/R1.

Redundancy of periodic offsets: Let Γ be the
cycle matrix of an integral cycle basis B of G.
Then R(p) ⌘ R(p0) on T iff Γp = Γp0. We can
hence denote R(p) modulo T by R(z), where
z := Γp 2 ZB.

Running example:

z =
Γx
T


�
12− 2+ 13

10

⌫
= 2,

z =
Γx
T

≥
⇠
3− 10+ 4

10

⇡
= 0,

 at most R(0),R(1),R(2) are in T .

00 0 -1 0 1

0 1 1 -1 1 2

0 0 1

-1 0 2

1 0 0

0 -1 0 -1 -1 1

0 1 21 1 1

0 0 21 0 1

0 -1 11 -1 0

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14
�1

0

1

2

3

4

5

6

7

8

9

10

11

12

13

⇡1

⇡2
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More on Timetabling Polytropes

Dimension
I R(p) = ; if and only if G contains a negative weight directed cycle w.r.t. (p).
I The dimension of R(p)/R1 is the number of connected components of the

equality graph of (G, (p))minus 1 (Joswig, Loho, 2016).

Vertices
I Every vertex of R(p)/R1 corresponds to a unique spanning subgraph of G.
I For each i 2 V , the i-th tropical vertex of R(p)/R1 corresponds to a shortest

path tree of (G, (p)) rooted at i (Joswig, Kulas, 2010).

Relation to the Periodic Tension Polytope (aka conv(X))
I Themapmp : ⇡ 7! (⇡j − ⇡i + Tpij)ij2A embeds R(p)/R1 into conv(X).
I conv(X) = conv{im(mp) | p 2 ZA}.
I im(mp) is the intersection of the affine space im(B>) + Tpwith the LP relaxation

polytope XLP =
Q

a2A[`a, ua], where B denotes the incidence matrix of G.
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Tropical Neighborhood Search

Polytropes in the Limit Instance
Let R(p)/R1 be a polytrope. The offset p also defines a polytrope R0(p)/R1 a of the
“limit” instance where u := `+ T . The union of the polytropes is then no longer
disjoint and covers all ofRV/R1.
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Tropical Neighborhood Search

Polytropes in the Limit Instance
Let R(p)/R1 be a polytrope. The offset p also defines a polytrope R0(p)/R1 a of the
“limit” instance where u := `+ T . The union of the polytropes is then no longer
disjoint and covers all ofRV/R1.

Observation
The R0(p) induce a polyt(r)opal subdivision ofRV/R1.

Neighbors
We call R(p)/R1 and R(p0)/R1 neighbors if R0(p)/R1 and R0(p0)/R1 intersect in a
common facet.
If R(p)/R1 and R(p0)/R1 are both neighbors, then p = p0 ± ea for some arc a 2 A.

Tropical Neighborhood Search (Baseline)
Given a non-empty polytrope R(p)/R1, solve PESP on R(p)/R1 (this is a linear
program, and dual to uncapacitated min cost flow). While there is an improving
neighbor of R(p)/R1: Go to the best neighboring polytrope, and repeat.
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Tropical Neighborhood Search

modulo network simplex search space
colored by objective value

squares are local non-global optima

tropical neighborhood search space
colored by objective value
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Algorithm Tuning
I work on the torus T :

use R(z) instead of R(p)/R1

I LP formulation:
empirically: impact of up to a factor 14, the behavior seems to depend only on
the instance and not on z

I selection of neighbors:
do not explore all possible neighbors, only those the computed optimal vertex
of R(z) is neighboring
(best case: 2|A| vs. |V | − 1 neighbors, but we trade speed for quality)

I sorting of neighbors:
changing the order does affect the outcome, but unpredictably
(we tried several strategies including “pseudocost branching”)

I stopping criterion:
quality-first rule measured by relative improvement of the objective value
(again trading speed for quality)

I prevent cycling:
hashing visited R(z) showed only negligible effects
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Performance of Tropical Neighborhood Search
Set-up
I 8 PESPlib instances
I 32 parameter configurations per instance
I 3 concurrency configurations for ConcurrentPESP
I 1 hour wall time, Intel i7-9700K CPU, 64 GB RAM

General Results
I Tropical Neighborhood Search can escape local optima
I slow in the beginning, but becomes important in the late game

New PESPlib Incumbents
Instance New Value Old Value Time (s)
BL3 6 675 098 6 999 313 25 732
R1L1v 42 591 141 42 667 746 9 110
R3L3 40 483 617 40 849 585 3 547
R4L4 36 703 391 36 728 402 11 122
R4L4v 61 968 380 64 327 217 3 625

found new incumbents for 5
out of 8 instances!
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Tropical Neighborhood Search vs. Other Heuristics

contribution of algorithms in ConcurrentPESP to overall improvement:
tropical neighborhood search, modulo network simplex, maximum cut, reflow, MIP

(8 parameter choices on R1L1)
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Selection of Neighbors: All vs. Vertex-Tight

selecting only polytropes neighboring at an optimal vertex is an advantage in the
beginning
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Final Slide

Conclusion
Tropical Neighborhood Search is a simple yet powerful geometry-inspired method
for that adds new value to the zoo of periodic timetabling heuristics.

Further Geometric Questions
I Can we devise more heuristics from the polytropal

decomposition of the timetable space?
I Can we extract dual information from the periodic

timetabling torus?
I Can we exploit the duality relations between the⇧-

and P-spaces? ( cycle offset zonotopes)

References
I E. Bortoletto, N. Lindner, B. Masing. The Tropical and Zonotopal Geometry of Periodic Timetables.

arXiv:2204.13501
I E. Bortoletto, N. Lindner, B. Masing. Tropical Neighbourhood Search: A New Heuristic for Periodic

Timetabling. ATMOS 2022 Best Paper Award.
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In our studies to analyze gas network systems, we study building public research data 
sets from incomplete data scattered around various data sources. These data sources may 
not be consistent with each other or accurate. Thus, during these studies, we use our 
domain-specific mathematical modeling know-how to eliminate the data errors by 
filling missing data, or fixing inconsistencies. However, when working with the 
resulting highly-connected data, we encountered several cases where our analysis 
detected data errors that were too complex for humans to understand. Examples are 
irreducible infeasible subsystems (IIS) of large mixed-integer programs (MIP) or 
bottlenecks in the pressure-coupled pipeline network that is non-linear. While detecting 
these errors is a significant achievement, removing such errors is extremely difficult. 
Hence, quantifying the data quality is also a key enabler in this study to tell whether the 
data is of sufficient quality for the aimed analysis. We present our studies on data quality 
improvement in the presence of superhuman complexity in data errors, and explain the 
challenges. We report our results on the German high-pressure gas transport network 
data set. 
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Introduction 

• Highly-connected data in industrial applications 

- provided by industrial partners
- consolidated from public data sources 
- generated using mathematical models

• Data errors too complex for humans to understand detected by analysis tools, i.e., 

- irreducible infeasible subsystems (IIS) of large mixed-integer programs
- bottlenecks in the pressure-coupled pipeline network that is non-linear

• Detection and correction of such errors are extremely difficult

2I. Yüksel Ergün| ZIB | 21.09.2022
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Supply Infrastructures

• Transport power, gas, water, data, goods from suppliers to customers
• Consist of complex networks
• Digitization of planning and operation of such networks is essential for vital problems, i.e., 

- Security of supply of energy, supply chain management, energy transition, decarbonization, etc.

High quality data à Reliable analysis results  

High quality data is incredibly costly to obtain both in commercial and public applications, since 
supply infrastructures
• have complex network structures
• were mostly built before digitization age
• consist of layered and connected structures that may be operated by different parties
• include complex facilities with intricate structures that can be handled by detailed mathematical 

models 

3I. Yüksel Ergün| ZIB | 21.09.2022

Example: The European Gas Transport Network 

4

European gas transport network in numbers:
• 42 member, 10 associated partner, 2 observer 
TSOs
• > 200 interconnection points, > 170 storages 
• ≈ 200,000 km transmission pipelines (EU+UK)

I. Yüksel Ergün| ZIB | 21.09.2022

[1] ENTSOG. Transmission Capacity Map. Retrieved 
from https://www.entsog.eu/maps#transmission-
capacity-map-2021. Accessed on 31.10.2022
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Example: The European and Germany Gas Transport 

Network 

5I. Yüksel Ergün| ZIB | 21.09.2022

German gas transport network in numbers:
• 16TSOs
• 44interconnection points, 60storages 
• ≈ 31K km transmission pipelines (in total >500K 

km)

[1] ENTSOG. Transmission Capacity Map. Retrieved 
from https://www.entsog.eu/maps#transmission-
capacity-map-2021. Accessed on 31.10.2022

Example: Gas Transport Network Data

6

• ≈70 entry & ≈900 exit points

• ≈1650 inner nodes

• ≈1770 pipes

• ≈95 control valves 

• 58 compressor stations 

• 129 compressors & drivers

• 200 valves

M1 M2

I. Yüksel Ergün| ZIB | 21.09.2022

Compressor station data: .cs file (>54K lines)

Network topology data: .net file (>34K lines; >28K data attributes) 
Germany Gas Transport Network: 

Topology & Complex facilities
Gas Data Files: Technical propertiesEuropean Gas Transport 

Network: Interconnections

Compressor station characteristic diagrams

M1 M2

Alternative compressor machine configurations

[1] ENTSOG. Transmission Capacity Map. Retrieved from 
https://www.entsog.eu/maps#transmission-capacity-map-2021. 
Accessed on 31.10.2022

[1] ENTSOG. Transmission Capacity Map. Retrieved from 
https://www.entsog.eu/maps#transmission-capacity-map-2021. 
Accessed on 31.10.2022

[2] Yueksel-Erguen et al. Modeling the transition of the multimodal 
pan-European energy system including an integrated analysis of 
electricity and gas transport. Technical Report 22-17. Zuse Institute 
Berlin, Takustr. 7, 14195 Berlin, 2022.
[3] Kunz et al. Reference Data Set: Electricity, Heat, and Gas Sector 
Data for Modeling the German System (Version 1.0.0), 2017. 
https://doi.org/10.5281/zenodo.1044463. 
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Gas Transport Network – Data Error Example 1

7

Missing node

.net file should be corrected by:
• adding the missing node
• updating end node of existing pipes
• adding two pipes between the end nodes of the existing pipes and the added node

I. Yüksel Ergün| ZIB | 21.09.2022

[2] Yueksel-Erguen et al. Modeling the transition of the multimodal pan-European 
energy system including an integrated analysis of electricity and gas transport. 
Technical Report 22-17. Zuse Institute Berlin, Takustr. 7, 14195 Berlin, 2022.

[3] Kunz et al. Reference Data Set: Electricity, Heat, and Gas Sector Data for Modeling 
the German System (Version 1.0.0), 2017. https://doi.org/10.5281/zenodo.1044463. 

Gas Transport Network – Data Error Example 2

8

Coupled pipes

.net file should be corrected by: 
• deleting the node
• deleting two of the existing pipes
• updating end nodes of the two pipes 

I. Yüksel Ergün| ZIB | 21.09.2022

[2] Yueksel-Erguen et al. Modeling the transition of the multimodal pan-European 
energy system including an integrated analysis of electricity and gas transport. 
Technical Report 22-17. Zuse Institute Berlin, Takustr. 7, 14195 Berlin, 2022.

[3] Kunz et al. Reference Data Set: Electricity, Heat, and Gas Sector Data for Modeling 
the German System (Version 1.0.0), 2017. https://doi.org/10.5281/zenodo.1044463. 
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Gas Transport Network – Data Error Example 3 

9

Missing pipe

.net file should be corrected: 
• adding missing pipe 
or, 
• deleting the disconnected part
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[2] Yueksel-Erguen et al. Modeling the transition of the multimodal pan-European 
energy system including an integrated analysis of electricity and gas transport. 
Technical Report 22-17. Zuse Institute Berlin, Takustr. 7, 14195 Berlin, 2022.

[3] Kunz et al. Reference Data Set: Electricity, Heat, and Gas Sector Data for Modeling 
the German System (Version 1.0.0), 2017. https://doi.org/10.5281/zenodo.1044463. 

Gas Transport Network – Data Error Example 4 

10

Compressor Station Configuration Definition

I. Yüksel Ergün| ZIB | 21.09.2022

M1 M2 M1 M2

M1 M2

All probable configurations of compressors in a compressor machine with a two 
compressor machines: 

M1 M2

Conf. 1: 

Conf. 2: 

Conf. 3: 

Conf. 4: 

.cs file should be corrected by: 
• updating the probable configuration(s)

[2] Yueksel-Erguen et al. Modeling the transition of the multimodal pan-European 
energy system including an integrated analysis of electricity and gas transport. 
Technical Report 22-17. Zuse Institute Berlin, Takustr. 7, 14195 Berlin, 2022.

[3] Kunz et al. Reference Data Set: Electricity, Heat, and Gas Sector Data for Modeling 
the German System (Version 1.0.0), 2017. https://doi.org/10.5281/zenodo.1044463. 
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Gas Transport Network – Data Error Example 5 

11

Compressor Station Gas Flow Direction

.net file should be corrected by: 
• updating valve(s)
• updating end nodes of the pipe(s)

I. Yüksel Ergün| ZIB | 21.09.2022

Probable gas directions through a bi-directional compressor in two-pipeline connection case: 
• It is operationally possible for the gas flow from pipe 1 to pipe 2 and vice versa. 
• The direction is controlled by valves. 

CS →P1 P2 CS →P1 P2

Gas direction:  pipeline 1 to pipeline 2 Gas direction:  pipeline 2 to pipeline 2[2] Yueksel-Erguen et al. Modeling the transition of the multimodal 
pan-European energy system including an integrated analysis of 
electricity and gas transport. Technical Report 22-17. Zuse Institute 
Berlin, Takustr. 7, 14195 Berlin, 2022.

[3] Kunz et al. Reference Data Set: Electricity, Heat, and Gas Sector 
Data for Modeling the German System (Version 1.0.0), 2017. 
https://doi.org/10.5281/zenodo.1044463. 

Modeling Infrastructure Networks in Industrial 

Applications

Infrastructure network data consists of 
• Tabular data: technical bounds, physical properties, etc. 
• Spatial data: network topology
• Complex components: often induce non-linear relations of data elements 

It is challenging to detect and correct data errors: 
• Highly connected 
• Requires subject matter expertise to explain errors 
• Optimization is actively exploiting errors 

12I. Yüksel Ergün| ZIB | 21.09.2022
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Validity

Uniqueness Timeliness

Consistency

Dimensions of Data Quality

13I. Yüksel Ergün| ZIB | 21.09.2022

Accuracy

Accuracy is the ability to reflect reality, i.e., to be 
able to correctly describe real world objects

Consistency means conflict-free data, i.e., 
attributes of data entities addressing the 
same physical attribute should be consistent

Completeness is existence of all required 
data in the data set, comprehensiveness 

Uniqueness means representing each 
real world object in the data set 

exactly once

Validity is conformance to 
predetermined type, range and 

format

Timeliness shows whether data is up-to-date 
data depending on the analysis context

Completeness

Data 
Quality

[4] Askham et al. The six primary dimensions for data quality assessment. Technical Report, 2013, DAMA UK.

Validity

Uniqueness Timeliness

Consistency

Data Errors: Non-conformances to data quality
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Accuracy

Accuracy is the ability to reflect reality, i.e., to be 
able to correctly describe real world objects

Consistency means conflict-free data, i.e., 
attributes of data entities addressing the 
same physical attribute should be consistent

Completeness is existence of all required 
data in the data set, comprehensiveness 

Uniqueness means representing each 
real world object in the data set 

exactly once

Validity is conformance to predetermined 
type, range and format

Timeliness shows whether data is up-to-date 
data depending on the analysis context

Completeness

Data 
Quality

• Insufficient detail 
à cumulative capacities

• Wrong modeling assumptions 
à flow capacity computation

• Data preprocessing/integration issues 
à erroneous node coupling

• Missing attributes à missing pipes, valves, etc.
• Missing entities à missing pipe maximum 

pressure values, node height values, etc.

• Conflicts in the data sets 
à node pressure vs. pipe pressure bounds

(may be induced by data set integration or data preprocessing 
assumptions)

• Untimely data à wrongly forecasted infrastructure related 
data for future extensions due to limited information

• Typos in names/non-conformance 
to bounds (mostly data entry 
related issues)

• Repeated use of object names
[4] Askham et al. The six primary dimensions for data quality assessment. Technical Report, 2013, DAMA UK.
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Data Error Detection and Correction

15I. Yüksel Ergün| ZIB | 21.09.2022

Uniqueness
Validity

Easier to detect and correct non-conformance using 
automated systems like schema validation, i.e., GasLib
format (www.gaslib.zib.de)

Accuracy
Completeness
Consistency
Timeliness

Manual detection or correction is often not possible

Correction of non-conformance often requires subject matter 
expertise and human interaction  

Eliminating Data Errors

16I. Yüksel Ergün| ZIB | 21.09.2022

Data Improvement Method Related Data Quality Dimension Error

Schema validation
Uniqueness
Validity

Format mismatch
Nonconformance to bounds

Data augmentation
Completeness
Accuracy

Insufficient detail
Missing entries/attributes

Data generation
Completeness
Accuracy

Insufficient detail
Missing entries/attributes

Error diagnosis
and correction

Consistency 
check 
heuristics

Consistency
Accuracy

Conflicts in the data set
Wrong modeling assumptions
Data preprocessing errors

Extensive 
scenario 
analysis 

Accuracy 
Consistency
Timeliness

Conflicts in the data set
Wrong modeling assumptions
Data preprocessing errors
Untimely data

Examples for consistency check heuristics: [5] Inci Yueksel-Erguen, J. Zittel, Y. Wang, F. Hennings, T. Koch. Lessons learned from gas network data preprocessing. Technical 
Report 20-13. Zuse Institute Berlin, Takustr. 7, 14195 Berlin: ZIB, 2020.
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Extensive Scenario Analysis 

17I. Yüksel Ergün| ZIB | 21.09.2022

Utilize mathematical 
modeling methods 
to detect infeasibility

Can we relate 
infeasibility to data 
(errors)? 

Generate practically 
valid scenarios using 
historical flow data 

Analyze 
Infeasibility

Improve Network 
Topology Data

Generate 
Flow 

Scenario

An Example Analysis Set-up – Gas Network Data

18I. Yüksel Ergün| ZIB | 21.09.2022

Related Data Sets
ENTSOG IP data set
GIE Storage data set

Related Data Sets
DE network topology data set
Node pressure data from TSOs

Resulting data
DE gas network
CS data

Cumulative gas in-/out- flow 
of Germany based on IPs

Gas in-/out- flow of Germany 
based on physical entry/exit 
nodes

M1: High-level Pan-European 
Gas Network Model 

M2: German Gas Transport 
Network Model (Linear)

M3: German Gas Transport 
Network Model (Nonlinear)

• Parameters related to 
gas properties

Historical 
flow data

Source: 
ENTSOG Security of 
Supply Report Scenarios

• Estimated pipeline 
capacities 

• ENTSOG IP- DE network 
associations 

Details for the models: [2] I. Yueksel-Erguen, D. Most, L. Wyrwoll, C. Schmitt,  J. Zittel. Modeling the transition of the multimodal 
pan-European energy system including an integrated analysis of electricity and gas transport. Technical Report 22-17. Zuse
Institute Berlin, Takustr. 7, 14195 Berlin, 2022.
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Mathematical Modeling Methods for Infeasibility Analysis

Slack Formulations 
• Different aspects of the formulations can be relaxed with slack variables

• The objective is to minimize the deviation from the original model à zero objective function

• The smallest distance from the feasibility

(Minimum) Irreducible Infeasible Subsystems (IIS)
• Isolates the infeasibility by variables and constraints

• Not an explicit reason why a IIS is infeasible

• Long computation times for large-scale MIPs 

• A trivial IIS is not informative

19I. Yüksel Ergün| ZIB | 21.09.2022

ns1158817 from 
MIPLIB 2010* Constraints Variables NZ

Problem 68,455 1,804,022 2,842,044

IIS 2,003 6,002 12,002
*[6] Koch et al. MIPLIB 2010. Math. Prog. Comp. 3, 103 (2011). https://doi.org/10.1007/s12532-011-0025-9

Scenario Analysis – Infeasibility Analysis Method 

20I. Yüksel Ergün| ZIB | 21.09.2022

S1. Initiate scenario analysis: 
relax all non-linear constraints in the slack formulation
if there is at least one scenario in the scenario set S, select a scenario s from the scenario set and go to S2, else go to S5

S2. Solve the mathematical model
If feasible save the solution, delete the scenario s from the scenario set S and go to S1; else go to S3

S3. Solve the slack formulation
if infeasible go to S4
if feasible with non-zero slack: correct the scenario and turn to S3
if feasible with a zero objective function value, tighten one set of the nonlinear constraints in the slack formulation if available and turn 
to S3, else save the solution and scenario correction, delete the scenario s from the scenario set S and go to S1; 

S4. Find the minIIS using the LP minIIS model
if feasible, save the minIIS solution for the scenario, rescale the scenario by 0.95, and go to S4
if infeasible go to S1.

S5. Analyze the saved minIISs
to detect the frequency of existence of network components and constraint types in the minIIS and correct data set, and go to S1.
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Automated Infeasibility Analysis Method 
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S0. Initiate data set:
restore the scenario set: S:=S0; reset the data rating DR:=0

S1. Initiate scenario analysis: 
relax all non-linear constraints in the slack formulation
if there is at least one scenario in the scenario set S, select a scenario s from the scenario set and go to S2, else go to S5

S2. Solve the mathematical model
If feasible save the solution and the scenario neighborhood scale association with the scenario, delete the scenario s from the scenario 
set S and go to S1; else go to S3

S3. Solve the slack formulation
if infeasible go to S4
if feasible with non-zero slack: correct the scenario and turn to S3
if feasible with a zero objective function value, tighten one set of the nonlinear constraints in the slack formulation if available and turn 
to S3, else update the scenario neighborhood scale and go to S2

S4. Find the minIIS using the LP minIIS model
if feasible, save the minIIS solution for the scenario, rescale the scenario by 0.95, and go to S4
if infeasible go to S1.

S5. Analyze the saved minIISs
to detect the frequency of existence of network components and constraint types in the minIIS, correct data set, 

S6. Measure the data quality
If data quality is not sufficient, got to S1, else terminate.

Data Quality Rating

Quality of data can be measured by its ability to represent the addressed entities

We need a data rating measure to facilitate the automated improvement by enabling us to

• understand whether the improved data set is of sufficient quality level for the aimed analysis
• compare the performance of alternative improvements 

.. and also lead us/the search to the potential errors and error sources…

Example: Number of scenarios generated from the historical data that the data set finds a feasible routing

• Not informative enough 

• Especially in the very beginning of the improvement process – we may get 0 for all scenario sets

22I. Yüksel Ergün| ZIB | 21.09.2022
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Data Quality Rating of Infrastructure Network Data - 1

An infrastructure network is an engineered system that is operational: 

• Designed to meet certain quality of service requirements given operational requirements
• Robust against uncontrollable factors in the working environment 

So, what does it mean from data perspective?

• The network is designed to find feasible routings to scenarios within the operational concept
• The network is designed to eliminate systematic errors
• The network has random errors that cannot be totally eliminated by the design process, so the network 

should provide alternative routing solutions for changes in the scenarios 

• The amount of the change depends on (robustness of) the network

If a scenario gives a feasible result with the data set, 
then a set of scenarios in its neighborhood is expected to be feasible. 

23I. Yüksel Ergün| ZIB | 21.09.2022

Data Quality Rating of Infrastructure Network Data - 2

Operational scenarios of an infrastructure network have two main measurable characteristics: 
• The amount of commodity that can be routed
• The distribution of the commodity in the network 

I. Yüksel Ergün| ZIB | 21.09.2022

Source node

Sink node

M
ain

 flo
w 

dir
ec

tio
n

Main flow 

direction

Small changes in demand and supply without changing the 
total flow and the main flow direction:

Commodity 
distribution 2

Commodity 
distribution 1

Demand and supply are equally 
distributed among sink and source 
nodes, resp. (node sizes are proportional 
to the amount of flow):

Change 
commodity 
distribution
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Future Outlook: Automated Data Improvement 

Using Extensive Scenario Analysis 1

25I. Yüksel Ergün| ZIB | 21.09.2022

Raw tabular 
data

Raw spatial 
data (ie from 

OSM)

Run 
mathemati
cal model

Data 
wranglin

g 

Traditional analysis

Future Outlook: Automated Data Improvement 

Using Extensive Scenario Analysis 2

• …
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Initial network 
data set

Feasible
?

Raw tabular 
data

Raw spatial 
data (ie from 

OSM)

Historical 
commodity 
flow data 

(supply and 
demand)

Run 
mathemati
cal model

Feasible 
supply/deman

d scenarios

Measure 
and classify 
infeasibility 

Update 
performance 

measure

Update 
improvement 
suggestions

For each scenario 

Evaluate 
Results

Is 
data 

quality 
OK?

Yes

Yes

No

No

Update 
network 
data set

Updated 
network 
data set

Data quality;
Data 

modifications

Data 
modifications

Updated network 
data set

Generate 
scenarios

Data 
wranglin

g 

Envisioned Analysis
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Many energy-intensive industries, like the steel industry, plan to switch to renewable 
energy sources. Other industries, such as the cement industry, have to rely on carbon 
capture utilization and storage (CCUS) technologies to reduce their production 
processes' inevitable carbon dioxide (CO2) emissions. However, a new transport 
infrastructure needs to be established to connect the point of capture and the point of 
storage or utilization. Given a tree-shaped network transporting captured CO2 from 
multiple sources to a single sink, we investigate how to select optimal pipeline diameters 
from a discrete set of diameters. The general problem of optimizing arc capacities in 
potential-based fluid networks is already a challenging mixed-integer nonlinear 
optimization problem. Adding the highly sensitive and nonlinear behavior of CO2 
regarding temperature and pressure changes the problem becomes even harder. We 
propose an iterative algorithm that splits the problem into two parts: a) the pipe-sizing 
problem under a fixed supply scenario and temperature distribution and b) the 
thermophysical modeling, including mixing effects, the Joule-Thomson effect, and the 
heat exchange with the surrounding environment. We show the effectiveness of our 
approach by applying our algorithm to a real-world network planning problem for a CO2 
network in Germany. 
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Motivation - Net-zero by 2050

Global greenhouse gas emissions (GHG) in 2018 [IEA, 2020]

I Decarbonization of industry, e.g, by shifting

towards renewables

I 8 % of global GHG from cement industry

I CO2 emissions from chemical process itself

I Carbon Capture and Storage (CCS) or

Utilization (CCU)

I New infrastructure to transport CO2 from

point of capture to storage/utilization

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 1
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How to transport CO2? - Goal

I CO2 is transported in liquid or supercritical state

I Supercritical: State in which the liquid and gaseous phases cannot be distinguished

I Pipeline networks are most cost efficient

I Network planning involves finding the cost-optimal pipeline diameters

Goal
Determine the cost-optimal pipeline diameters

from a discrete set of diameters

I in a tree-shaped CO2 network

I with multiple sources and a single sink

I for a given supply scenario

I transport CO2 in liquid or supercritical state

=) no transition into gaseous phase

Own figure, data from [Bell et al., 2014]

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 2

Background

I Problem of finding optimal pipeline diameters is a

common problem in real-world applications, e.g.,

in water, natural gas, and hydrogen networks

[D’Ambrosio et al., 2015, Lenz and Becker, 2022, Robinius et al., 2019]

I Discrete decision variables w.r.t. diameter size of

pipelines

I Non-convex physics describing flow in pipelines

I Physical properties of CO2 are sensitive against

changes in pressure and temperature

=) Mixed Integer NonLinear Program; hard to solve

Own figure, data from [Bell et al., 2014]

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 3
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Solution approach

I Iterative algorithm

I Decouple finding optimal pipe

diameters and thermophysical

modeling

I Exploit the benefits of tree

structure to reduce complexity

I In each iteration update

parameters w.r.t to pressure p and

temperature T

I Stop algorithm if diameters and

pressure levels converge

Initialization

Determine optimal pipe diameters
and pressure levels

Diameters and
pressure converged? END

Compute temperature distribution

Update parameters w.r.t to p and T

k=1

YesNo

k + 1

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 4

Determine optimal pipe diameters - Notation
Initialization

Determine optimal pipe diameters
and pressure levels

Diameters and
pressure converged? END

Compute temperature distribution

Update parameters w.r.t to p and T

k=1

YesNo

k + 1

G = (V ,A) Directed tree with set of vertices V
and arcs A; arcs orientated from

leafs to root

V+
, V−

, V 0
Set of entry, exit and inner nodes

Api
, Apu

Set of pipes and pumps

Da Set of pipe diameters for a 2 Api

bv 2 R Inflow/Outflow of vertex v 2 V
pv 2 [pv , pv ] Pressure of vertex v 2 V
qa 2 R≥0 Flow over arc a 2 A
da 2 Da Diameter of pipe a 2 Api

xa,d 2 {0, 1} Choice of da 2 Da for a 2 Api

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 5
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Determine optimal pipe diameters - Notation

Incoming and outgoing arcs:

δ−(v) = {a 2 A | a = (u, v)}
δ+(v) = {a 2 A | a = (v , u)}

Intermediate nodes:

Vm
:= {v 2 V | |δ−(v)| = |δ+(v)| = 1 ^ δ−(v) [ δ+(v) 2 Api ^

|Da=(u,v)| > 1 ^ |Da=(v ,w)| > 1}.

Note: Node v /2 Vm
if junction node, tail or head node of pump, tail or head node of pipeline with

a fixed diameter

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 6

Determine optimal pipe diameters - Network elements

I Pipelines are main type of element to transport CO2

I In general, fluid flows from higher pressure to lower pressure

I Pressure change in a pipeline

pv − pu = φa(da, qa) qa|qa|| {z }
friction term

− (H0
v − H0

u )⇢g| {z }
elevation di↵erence

8a = (v , u) 2 Api

I Friction loss coefficient φa(da, qa) is highly nonlinear

I Pumps can be used to increase pressure of fluid

pu ≥ pv 8a = (v , u) 2 Apu

H
0
v : height of v ; ⇢: density of fluid, g : gravitational constant

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 7
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Determine optimal pipe diameters - Model

min
x,q,p

X

a2Api

X

d2Da

ca,dxa,d

s.t.

X

a2�+(v)

qa −
X

a2��(v)

qa = bv 8v 2 V ,

pv − pu =

X

d2Da

xa,dφa(d , qa) qa|qa| − (H0
v − H0

u )⇢g 8a = (v , u) 2 Api,

pu ≥ pv 8a = (v , u) 2 Apu,

pv  pv  pv 8v 2 V ,
X

d2Da

xa,d = 1 8a 2 Api,

X

d2D(u,v)

x(u,v),d d =

X

d2D(v,w)

x(v ,w),d d 8v 2 Vm,

xa,d 2 {0, 1} 8a 2 Api, 8d 2 Da.

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 8

Initialization - Reduce complexity

Initialization

Determine optimal pipe diameters
and pressure levels

Diameters and
pressure converged? END

Compute temperature distribution

Update parameters w.r.t to p and T

k=1

YesNo

k + 1

I Reduce complexity by precomputing unique flow values

and friction loss coefficients

I We have an in-tree graph rooted at a single exit node

and a given inflow scenario, i.e., all inflow are known

I Recursively determine arc flow values starting at leaf

nodes towards the exit node

I For each pipeline a 2 A and each possible diameter

d 2 Da determine friction loss coefficient φa(d , qa)

Assume constant physical parameters, e.g., ⇢ = const, the model to determine optimal pipe

diameters becomes a tractable mixed integer linear program (MILP)

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 9
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Thermophysical modeling

I Physical properties are nonlinear functions of

pressure and temperature, e.g.:

Density ⇢ = ⇢(p,T )

Viscosity ⌫ = ⌫(p,T )

Heat capacity cp = cp(p,T )

Thermal conductivity f =f(p,T )

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 10

Thermophysical modeling

Initialization

Determine optimal pipe diameters
and pressure levels

Diameters and
pressure converged? END

Compute temperature

distribution

Update parameters w.r.t to p and T

k=1

YesNo

k + 1

E↵ects on the temperature in the network

I Temperature Tv at a junction node v due to mixing

Tv =

P
a2��(v) cp,aqaT

out
aP

a2��(v) cp,aqa

I Temperature change along a pipeline

T out
= T in

+ µJT(p
out − pin)| {z }

Joule-Thomson e↵ect

− 1

qacp
kL∆Tln

| {z }
Heat exchange with

surrounding

I For given flow values and pressure distribution,

calculate temperature distribution similar to

computing flow values

T out: Outlet temperature of pipe; T in: Inlet temperature of pipe; qa: Mass flow over pipe; cp: Heat capacity of fluid; µJT:
Joule-Thomson coefficient; k: Heat transmission rate; ∆Tln: Logarithmic temperature di↵erence with surrounding

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 11
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Algorithm

Initialization:
Flow and Friction Factor

Determine optimal pipe diameters
and pressure levels

Diameters and

pressure converged?
END

Compute temperature distribution

Update parameters w.r.t to p and T

k=1

YesNo

k + 1

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 12

Case study - Network data

Connect four cement plants to harbour in North-Western Germany by tree-shaped network

Set |V−| |V+| |V 0| |Vm| |Api| |Apu| |Da|
N 1 4 1661 1652 1662 3 12

D P S B

Inflow in kg/s 16 8 8 8

Temperature in
◦
C 50 60 20 30

Max Pressure in bar 95 105 88 88

Minimal pressure at exit: 80 bar

Network consists of: ⇠830 km pipelines

Length of each pipe segment: 500m

Sections 1 and 17: Fixed to 300mm

Surrounding temperature: 10
◦
C

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 13

554



Case study - Results

Pressure Temperature Phase state

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 14

Case study - Results

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 15
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Conclusion

I We presented an iterative algorithm for finding optimal pipeline diameters in a tree-shaped

multi-source single-sink network for CO2 transport

I To account for the complex thermophysical behavior of CO2, we split the problem into

a) Finding optimal pipe diameters by solving a tractable MILP
b) modeling the thermophysical e↵ects in the network, including mixing, heat exchange with the

surrounding and the Joule-Thomson e↵ect

I In each iteration we update physical parameters w.r.t. pressure and temperature levels

I We showed Proof-of-Concept by applying our method to a real-world planning instance

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 16

Outlook

I Verify coarse solution of optimization with results by a simulator

I Robustness of method by applying method to multiple instances and scenarios

I Extend method to handling CO2-rich fluids =) change of phase envelope, i.e., more complex

pressure bounds

I Extend method to demand-based components, e.g., hydrogen or ammonia as energy carrier

=) single-source multiple-sink network

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 17
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Thank You For Your Attention!

Any Questions?

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 18
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Determine optimal pipe diameters - Pipeline

Pressure change in a pipeline

pv − pu = φa(da, qa) qa|qa|| {z }
friction term

− (H0
v − H0

u )⇢g| {z }
elevation di↵erence

8a = (v , u) 2 Api

Friction loss coefficient φa using Weymouth equation

φa(da, qa) =
8La

⇡2⇢d5
a

λa(da, qa)

Darcy friction factor λa using implicit Colebrook-White equation

1p
λa

= −2 log10

✓
"

3.7da
+

2.51

Re
p
λa

◆
with Re =

daqa
Aa⌫

H0
v : height of v ; ⇢: density of fluid, g : gravitational constant; La: length of pipe; ": roughness of pipe; Re: Reynold’s

number; ⌫: dynamic viscosity of fluid; Aa: cross section of pipe
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Heat exchange with surrounding in buried pipe1

Determine heat transmission factor ↵

Pr = Pr(⌫, f, cp) =
⌫

f/cp
=

cp⌫

f

Re = Re(⌫, d , q) =
dq

A⌫

Nu =
↵d

f
() ↵ =

Nuf

d

Nu =
(⇣/8)Re Pr

1 + 12.7
p

⇣/8(Pr 2/3 � 1)

"
1 +

✓
d

L

◆2/3
#

⇣ = (1.8 log10 Re � 1.5)�2

Heat exchange

∆Q = LQc = kL∆Tln

∆Tln =
T

in
� T

out

log T in�T s

T out�T s

k =
2⇡

2
↵d

+ 1
p

log do
d
+ 1

s
log 4s

d

Start with initial guess T
out,0

, using mean

temperature Tm = (T in + T
out,i�1)/2 and

pressure pm = (pin + p
out)/2

cp(pm,Tm), ⌫(pm,Tm), f(pm,Tm), µJT(pm,Tm)

T
out,i = T

in + µJT(p
out

� p
in)�

1

qcp
kL∆T

i�1
ln

1VDI Wärmeatlas, berlin, Heidelberg: Springer, 2013.
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Compute flow values

I Let G = (V ,A) be directed in-tree graph rooted at a single exit node

I Let V (u) := {v 2 V : (u, v) 2 A _ (v , u) 2 A} be the set of nodes adjacent to node u

I Let L := {v 2 V : |V (v)| = 1 ^ v /2 V−} be the set of leafs in the tree G

I For each v 2 L set the flow of the unique outgoing arc a 2 δ+(v) to qa = bv and update

bu := bu + qa for each neighbor u 2 V (v)

I Let V = V \L and A = A\
S

v2L δ
+
(v), update L

I Iterate until A is empty

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 23
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Compute temperature distribution

I Let G = (V ,A) be a directed in-tree graph with given flow value qa for each a 2 A and

pressure level pv for each v 2 V .

I Let L := {v 2 V : |V (v)| = 1 ^ v /2 V−} be the set of leafs in the tree G

I Let V (u) := {v 2 V : (u, v) 2 A _ (v , u) 2 A} be the set of nodes adjacent to node u

I For each v 2 V+
, an inflow temperature Tv = T in

is given.

I For each v 2 L, set the inlet temperature of the unique outgoing arc a 2 δ+(v) to T in
a = Tv .

I If a 2 Api
, the outlet temperature T out

a is determined by solving correlations for buried pipelines

I If a 2 Apu
, set T out

a = T in
a .

I Then, for each node u 2
S

v2L V (v), compute its mixing temperature Tu

I Let V = V \L and A = A\
S

v2L δ
+
(v)

I Update L, and iterate until A is empty

Jaap Pedersen, pedersen@zib.de Optimal discrete pipe sizing for tree-shaped CO2 networks 24

Results
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Spotlights on success stories of 
public-private partnership  

Uwe GOTZES 
Open Grid Europe GmbH, Essen, Germany 

uwe.gotzes@oge.net 
 
 

The Zuse Institute Berlin [1] and OGE, Germany's largest natural gas transmission 
system operator [2], have been cooperating for more than a decade in a variety of 
application-oriented research projects [3]. In my talk I will briefly go through the history 
of the projects and the collaboration. A more recent project addressing telecom-
munication network design by the application of ZIB’s SCIP-Jack and SCIP [4][5] will 
be presented in detail. 
 
 

 

References 
[1] https://www.zib.de/ 
[2] https://oge.net/en 
[3] https://www.zib.de/features/research-campus-modal 
[4] https://scipjack.zib.de/ 
[5] https://www.scipopt.org/ 
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Spotlights on success stories of 
public-private partnership

Uwe GOTZES

6th RIKEN-IMI-ISM-NUS-ZIB-MODAL-NHR Workshop – 21 September 2022

Shortened and annotated version of the presentation slides

1

Started in 2010

Originated from E.ON Ruhrgas having 
a history going back more than 80 
years

Headquartered in Essen

1450 employees

Plans, constructs, operates and 
monitors one of Europe’s largest
natural gas transmission systems

Total length of about 12,000 km, 
around 30 compressor stations with 
about 100 units

Hundreds of metering and pressure 
regulating plants

450 energy suppliers obtain gas over
1000 Exit points

Annual offtake:
~ 300 TWh (DSO and industry)
~ 880 TWh total offtake incl. other TSO

2
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2

We offer…
¡ the transmission of natural gas through our network

¡ the technical and commercial services to go with it

and we provide…
¡ commercial, technical and IT services for other companies

Capacity 
calculation

Capacity
marketing

Processing 
nominations and
offtake behavior

Technical and
non-technical

network operation

Quantity
determination and

billing

Related research projects with ZIB/MODAL

Project Forne Various forecasting
projects

Project OAD

Project Carp (Detailed presentation on the following slides)

3

The specially protected right of way strip contains cable
ducts with fiber optic cables for highspeed internet.
A subsidiary of OGE offers the capacities of this data
network to its customers. Another subsidiary of OGE
plans new routes to connect new customers according
to their enquiries. The project Carp delivers new
research driven software tools to support the planning.

A cross section through a pipeline route

4
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3

How does a customer enquiry look like?
Mathematically spoken, we are given an undirected weighted graph G.
The subset I consists of the green vertices that form our backbone
network in the cable ducts right next to the gas pipelines.
The k disjoint groups of n_k nodes are all hidden in the dark blue,
densely packed area in the lower left corner of the graph
(next slide is a zoom into this area).

5

B
ackbone netw

ork Backbone network

dark blue edges = potential new line constructions

6
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4

7

Approach to solve Task A
• Almost a Steiner Tree Problem…but not exactly

• It just so happens that Daniel Rehfeldt from ZIB has developed (one of) the best Steiner tree 
solvers in the world…so why not talk with him first?

Algorithm:

1. Replace all edges by an antiparallel pair of directed edges

2. Connect all vertices from I unidirectionally witch a ‘supernode’ i* at cost 0

3. Solve as many Steiner Aborescence Problems (SAP) as there are groups and consider 
vertices of other groups as already connected to the backbone network

After all SAP for all groups are solved, it might happen, that vertices of several groups are 
connected in a tree structure, but not yet to the backbone network. To overcome this flaw:

1. Set all edge costs of tree edges to 0

2. Solve ordinary Steiner Problem with all group nodes as terminals

8
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5

Example graph with euclidean
distance as edge weights

Backbone network (green) and 
three vertex groups (magenta, 
turquois and yellow)

9

Solution of the first SAP in the modified
graph according to the algorithm.
Important: choose a group node and 
not the supernode as root node (green
circle) for the SAP to make sure that
the group is connected in a tree
structure in the original graph.

10
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6

Solution edges of all three SAP in the
original graph.

All groups are connected by a tree
structure, but turqouis and magenta
groups are not yet connected to the
backbone network. To achieve this: 
Solve ordinary SPG with magenta, 
turqouis, yellow groups and supernode
as terminals.

11

Hooray, nice feasible solution found!

However, the method is a heuristic

1. How good is the heuristic?

2. How can the method be improved?

3. Example where the heuristic does
not yield the optimal solution?

12
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Real world example Task A)

13

Not discussed in detail here

14
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8

T1T0

T2

Nightly E-Mail ping-pong-session 
with Thorsten Koch to solve task D 
as follows:

1. Modify original graph as shown
here (now directed and new
vertex T_2)

2. Set up three shortest path
problems

3. Bundle all three shortest path
problems in one huge Three
ways round trip problem
containing three copies of the
modified graph

4. Add additional constraints to
forbid shortcuts via T_2

15

16
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9

T0 T1

T2

Solution of the
Three ways round trip problem.

This solution has a flaw, because it took
a shortcut via T_2 and hence is
not a circle in the original graph.

17

Modifications of the model in red. Effect: Shortcuts via 
T_2 are now forbidden. ¥overline{E} denotes the
edges of the original graph. ¥delta is Kronecker‘s
delta.

18
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T0 T1

T2
19

Shortest node disjoint circle
Real world example Task D)

Thank you!

20
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Deep Switching State Space Model 
(DS3M) for Nonlinear Time Series 
Forecasting with Regime Switching 

Xiuqin Xu*1 and Ying Chen*1 
 

*1 Integrative Sciences and Engineering Programme, NUS 
Graduate School Institute of Data Science, National University of 
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*2 Department of Mathematics, National University of Singapore 

Asian Institute of Digital Finance,  National University of 
Singapore, 

Risk Management Institute, National University of Singapore, 
Singapore 

matcheny@nus.edu.sg 
 

 
 

We propose a deep switching state space model (DS3M) for efficient inference and 
forecasting of nonlinear time series with irregularly switching among various regimes. 
The switching among regimes is captured by both discrete and continuous latent 
variables with recurrent neural networks. The model is estimated with variational 
inference using a reparameterization trick. We test the approach on a variety of 
simulated and real datasets. In all cases, DS3M achieves competitive performance 
compared to several state-of-the-art methods (e.g. GRU, SRNN, DSARF, SNLDS), with 
superior forecasting accuracy, convincing interpretability of the discrete latent variables, 
and powerful representation of the continuous latent variables for different kinds of time 
series. Specifically, the MAPE values increase by 0.09\% to 15.71\% against the second-
best performing alternative models. 
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Deep Switching State Space Model (DS3M) for
Nonlinear Time Series Forecasting with Regime
Switching

Xiuqin XU
Ying CHEN

https://arxiv.org/abs/2106.02329
Institute of Data Science & Integrative Sciences and Engineering Programme
Department of Mathematics & Risk Management Institute & Asian Institute of
Digital Finance
National University of Singapore

Motivation 1-1
Nonlinear time series with regime switching

Figure: The U.S. monthly unemployment rate 2002 – 2021.

� The U.S. unemployment rate depends on (discrete)
unobservable economic status of booming or recession. It is
also influenced by some latent (continuous) variables, e.g.
elasticity of regional wage level and others, that in turn vary
with the discrete status.

� Deciphering these discrete and continuous latent variables can
gain insights.

DS3M
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Motivation 1-2

Technical challenges
� In many studies, researchers need to model and infer similar

type of time series that disobey traditional assumptions of e.g.
linearity, normality and stationarity in the statistical modeling,
but exhibit nonlinearity with stochastic regime switching
behaviours.

� Examples: health care (sleep apnea), economics
(unemployment rate), traffic and transportation (metro
passengers volume), meteorology (sea surface temperature),
energy (electricity demand), to name just a few.

� Two challenges:
I a severe modeling misspecification
I lack of interpretation on the stochastic regimes

DS3M

Motivation 1-3
Switching state space models (SSSM)
� The evolution of time series is assumed to be driven by hidden

factors switching among discrete regimes, see Bae et al.,
2014; Fox et al., 2009; François et al., 2014; Ghahramani
et al., 2000.

� The SSSM is a generalization of the Hidden Markov Models
(HMMs) and State Space Models (SSMs).

Figure: State Space Model

DS3M
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Motivation 1-4

Linear Gaussian State Space Model (LGSSM)
The dynamics in each regime are usually represented by simple
models that could be efficiently estimated even with a small sample
size (Durbin et al., 2012), and the switching among regimes is
controlled by hidden transition probabilities of a Markov chain.
� Transition function for the latent continuous variable zt :

(zt |zt≠1, xt) ≥ N(µt , Σz) (1)

where µt = Wzzt≠1 + Wxxt + bz and Σz is covariance.
� Emission function for the observation yt :

yt |zt ≥ N(mt , Σy ) (2)

where mt = Wy zt + by and Σy is covariance.
DS3M

Motivation 1-5
SSSMs and misspecification
� Hidden Markov Model (HMM): Baum et al. (1966), Linear

Gaussian State Space Model (LGSSM): Durbin et al. (2012),
� Non-linear and non-Gaussian SSM: Doucet et al. (2009),

Julier et al. (1997), and Smith et al. (1962)
� Non-stationary SSM: Ackerson et al. (1970), Chang et al.

(1978), Fox et al. (2009), Ghahramani et al. (2000), Hamilton
(1990), and Murphy (1998)

- By extending the local linear models with different regimes, the
resulting model approximates a globally nonlinear behaviour and is
expected to retain interpretation.

- The existing nonlinear models rely on pre-specified local parametric
forms that usually have simple structures, either linear or nonlinear,
which may not be comprehensive enough to describe the actual
patterns in the modern nonlinear time series, and thus easily lead to
model misspecification.

DS3M
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Motivation 1-6
Deep learning
Recurrent neural networks (RNN) have emerged as the new
benchmark to model nonlinear time series with highly complex
dependence.

� Gate structure alleviates gradient vanishing:
Long-Short Term Memory (LSTM,Hochreiter et al., 1997),
Gated recurrent unit (GRU,Chung et al., 2014), Transformers
(Li et al., 2019) and temporal convolution networks (Sen
et al., 2019)

DS3M

Motivation 1-7

Recurrent Neural Networks (RNN)

� Transition function for hidden states ht to encode past input
x1:t with a deterministic nonlinear function

ht = f (ht≠1, xt) (3)

f is commonly chosen as LSTM or GRU.
� Emission function for yt

yt |ht ≥ fi(yt ; „) (4)

„ = g(ht) (5)

g is often chosen to be a nonlinear function.

DS3M
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Motivation 1-8

Overparametrization and interpretation
� The classic DL models are deterministic and ignore the presence of

unobserved stochastic signals.

� The only randomness allowed appears in the conditional output
probability models, with either a simple unimodal distribution, e.g.
Gaussian (Salinas et al., 2020), or a mixture of simple unimodal
distributions, e.g. Gaussian Mixture models (Graves, 2013).

� It has to require a large number of parameters to ensure a
reasonable modeling accuracy (Zhang et al., 2005). This in turn
requires a large sample size to ensure estimation efficiency and to
avoid overfitting.

The relatively small sample size of real data, and more importantly, the
stochastic behaviors of regime switching make standard deep learning
approaches computationally infeasible and lack of interpretation on the
fitted models.
DS3M

Motivation 1-9

SSM and RNN

Figure: State Space Model Figure: Recurrent Neural Network

� SSM only allows for simple state structure or linear transitions;
RNN enables to represent complex dependence with richer
internal states and nonlinear transitions

� The latent variables in SSM are random;
The hidden states in RNNs are deterministic.

DS3M
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Motivation 1-10
Deep state space models (DSSM)
DSSM introduce continuous Gaussian latent variables at each
time-step and combine SSM and RNN/MLP.
� SRNNs (Fraccaro et al., 2016) incorporate the deterministic

dynamics of RNNs by interlacing them with SSM. The hidden states
do not depend on zt and transition is linear.

� STORNs (Bayer et al., 2014), VRNN (Chung et al., 2015) make the
transition equation non-linear via cutting the ties between the latent
states and connect them through the deterministic state of RNNs.

zt continuous.
Uneasy to inter-
pret

DS3M

Motivation 1-11

DSSM with discrete latent variable
While continuous latent variables has more expressive power,
discrete latent variables representing regime switching are natural.

� Johnson et al. (2016): emission function is a neural network.
� Dong et al. (2020): both the emission and transition functions

are nonlinear neural networks.
� Farnoosh et al. (2021): approximates high-dimensional time

series with a multiplication of latent factors and latent
weights, where the latent weights are modeled by a nonlinear
autoregressive model, switched by a Markov chain of discrete
latent variables.

The evolution of time series is purely driven by the discrete latent
variable only.
DS3M
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Motivation 1-12
Deep Switching State Space Model (DS3M)
� Incorporate both continuous and discrete latent into RNN and

prove consistency and stability:
I RNN + nonlinear SSSM: emission and transition governed by

a Markov chain of dt and parameterized by MLPs.
I discrete latent dt represents unknown regimes and influences

both Yt and continuous latent zt

I zt in the SSSM could use the long-term information embedded
in the RNN; the RNN is skip-connected to the observations to
further improve the forecasting.

� Develop efficient estimation based on an approximate
variational inference algorithm that can scale to large data sets

� DS3M can leverage the interpretability of discrete latent
variables, the powerful representation ability of continuous
latent variables, and the nonlinearity of deep learning models
compared to SOTA.

DS3M

Outline

1. Motivation X
2. SOTA
3. Model
4. Experiments
5. Conclusion

DS3M
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SOTA 2-13

Settings

� A time series of T observations as y1:T = {y1, y2, · · · , yT },
yt œ RD.

� A sequence of inputs as x1:T = {x1, x2, · · · , xT }, xt œ RU .
I In time series forecasting, xt can be one or multiple lagged

values of the time series, e.g. yt≠1 and higher orders
yt≠2, yt≠3, · · · .

I The inputs xt could also contain exogenous variables.
We are interested in modeling p(y1:T |x1:T ) and inferring the
predictive distributions for the one-step-ahead to · -step-ahead
observations {yT+1, · · · , yT+· } and the discrete latent states
{dT+1, · · · , dT+· }.

DS3M

SOTA 2-14

Switching linear dynamical system (SLDS)
� The dynamics of each regime is explained by a linear state

space model.

zt = W (dt )
z

zt≠1 + W (dt )
x

xt + b(dt )
z

+ et , et ≥ N(0, Σ(dt )
z

) (6)
yt = W (dt )

y
zt + b(dt )

y
+ ‘t , ‘t ≥ N(0, Σ(dt )

y
) (7)

� The discrete latent variables dt œ {1, 2, · · · , K} at each time
step t = 1, 2, · · · , T , follows a Markov chain, dt |dt≠1 follows a
transition matrix Γ œ RK◊K , where Γi ,j = p(dt = j |dt≠1 = i).

� The discrete latent variables dt have impact on both the
continuous latent variables zt œ RZ and yt

When K = 1, the model is also termed as the Linear Gaussian
State Space Model (LGSSM).

DS3M
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SOTA 2-15
SOTA
� GRU, SRNN (Fraccaro et al., 2016), DSARF (Farnoosh et al.,

2021) and SNLDS (Dong et al., 2020)

(a) DSARF (b) SNLDS

� Most of the extensions assumed that the discrete latent dt

only influences the transition of the continuous latent zt .
� SRNN can be viewed as DS3M model without discrete latent

variables.
DS3M

SOTA 2-16

Other alternative models
� Recurrent SLDS (rSLDS) by Becker-Ehmck et al. (2019) and

Linderman et al. (2017) which extends the open-loop Markov
dynamics and makes dt depending on the hidden state zt≠1.
Dong et al. (2020) extended the open-loop Markov dynamics
by making dt depends on last observations.

� Tree structure prior on the switching variables of rSLDS
(Nassar et al., 2018), deep Rao-Blackwellised Particle Filter
(Kurle et al., 2020)

� Sometimes can improve accuracy, but can also lead to
unnecessarily frequent state shifts in the estimated discrete
latent variables, making interpretations difficult.

DSARF has been shown to outperform several models such as
rSLDS, SLDS for time series forecasting (Farnoosh et al., 2021).
DS3M
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Model 3-17

Deep Switching State Space Model (DS3M)

� stack an RNN below the switching state space model
� design a direct connection of the RNN hidden state ht to the

time series yt inspired by the skip connection in ResNet,
Transformers and SRNN.

DS3M

Model 3-18

Formulation
1. Recurrent step:

ht = fh(ht≠1, xt)
fh is chosen as an LSTM or GRU

2. Switching step: p(dt |dt≠1) follows a Markovian transition
matrix Γ œ RK◊K

Γi ,j = p(dt = j |dt≠1 = i)

3. Transition step:

(zt |zt≠1, ht , dt = k) ≥ N(zt ; µ
(k)
t , Σ(k)

t )

µ
(k)
t = f (k)

1 (zt≠1, ht) , log Σ(k)
t = f (k)

2 (zt≠1, ht)

f (k)
1 ,f (k)

2 are parameterized by neural network models (MLP)
DS3M
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Formulation (Con’t)
4. Output step:

yt |zt , ht , dt = k ≥ fi(Φ(k)
t ) (8)

Φ(k)
t = f (k)

o (zt , ht) (9)

f (k)
o is parameterized by neural network models (MLP)

fi can be chosen according to the stochastic nature of the
time series, e.g. Gaussian for bell-shaped data, Log-Gaussian
for data with asymmetry etc.

The DS3M includes all the parameters that parameterize the
following functions:

◊ = {fh, Γ, fo, {f (k)
1 }K

k=1, {f (k)
2 }K

k=1, {f (k)
o }K

k=1}

DS3M
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Estimation
The loglikelihood is

L(◊) = log p◊ (y1:T |x1:T )
p◊ (y1:T , z1:T , d1:T |x1:T ) =

r
T

t=1 p◊ (yt |zt , ht , dt) p◊ (zt |zt≠1, ht , dt) p◊ (dt |dt≠1)

� L(◊) can be obtained by averaging out z1:T and d1:T in above
joint probability. Intractable!

� Maximum likelihood method is not applicable!
� Use variational inference instead. Specifically, we design an

inference network with parameter „, i.e. using an
approximated posterior q„ (z1:T , d1:T |y1:T , x1:T ) for the true
posterior p◊(z1:T , d1:T |x1:T , y1:T ) and then optimize an
evidence lower bound ELBO(◊, „).
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Variational Inference

� For any approximated posterior q„ (z1:T , d1:T |y1:T , x1:T )
L(◊) Ø ELBO(◊, „)

=
⁄⁄

q„ (z1:T , d1:T |y1:T , x1:T ) log p◊ (y1:T , z1:T , d1:T |x1:T )
q„ (z1:T , d1:T |y1:T , x1:T )dz1:T dd1:T

= Eq„
[log p◊ (y1:T |z1:T , d1:T , x1:T )]

≠ KL (q„ (z1:T , d1:T |y1:T , x1:T ) Îp◊ (z1:T , d1:T |x1:T ))

� When q„ (z1:T , d1:T |y1:T , x1:T ) = p◊ (z1:T , d1:T |y1:T , x1:T )
(the true posterior), we have L(◊) = ELBO(◊, „).

DS3M
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How to choose q„ (z1:T , d1:T |y1:T , x1:T )?

� To achieve a tight ELBO, consider true posterior factorization
derived from the d-separation (Geiger et al., 1990):

p◊ (z1:T , d1:T |y1:T , x1:T ) =
Ÿ

t

p◊ (zt |zt≠1, dt , yt:T , ht:T ) p◊ (dt |dt≠1, yt:T , ht:T )

� We design the approximated posterior with the same form of
factorization:

q„ (z1:T , d1:T |y1:T , x1:T ) =
Ÿ

t

q„z
(zt |zt≠1, dt , At) q„d

(dt |dt≠1, At)

where At = g„A
(At+1, [yt , ht ]), „ = {„z , „d , „A}, and g„A is

parameterized as a backward RNN.
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Parameterization

� q„z
(zt |zt≠1, dt , At) is parameterized to be a Gaussian density:

zt |zt≠1, At , dt = k ≥ N(zt ; µ
(k)
t , Σ(k)

t )

µ
(k)
t = g (k)

1 (zt≠1, At) , log Σ(k)
t = g (k)

2 (zt≠1, At)

g (k)
1 , g (k)

2 is parameterized by neural network model (MLP)
� q„d

(dt |At , dt≠1) is parameterized to be a Categorical
distribution:

dt |At ,dt≠1=k ≥ Cat(softmax(W (k)At))

DS3M

Model 3-24
Inference Network

Figure: The graphical model which represents q„ (z1:T , d1:T |y1:T , x1:T ).
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How to estimate the parameters?

� Instead of maximizing L(◊) w.r.t ◊, we maximize a variational
evidence lower bound ELBO(◊, „) w.r.t ◊, „

� ˆELBO(◊,„)
ˆ◊ and ˆELBO(◊,„)

ˆ„

� Method: Stochastic gradient descent

DS3M
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Factorization of ELBO
� With the defined approximate posterior, the ELBO can be

rewritten as
ELBO(◊, „) = Eq„

[log p◊ (y1:T |z1:T , d1:T , h1:T )]
≠ KL (q„ (z1:T , d1:T |y1:T , h1:T ) Îp◊ (z1:T , d1:T |h1:T ))

� The factorization of the approximated posterior:

q„ (z1:T , d1:T |y1:T , x1:T ) =
Ÿ

t

q„z
(zt |zt≠1, dt , At) q„d

(dt |dt≠1, At)

� The factorization for the prior:

p◊ (z1:T , d1:T |x1:T ) = p◊ (z1:T , d1:T |h1:T ) = p(d1:T )p (z1:T |d1:T , h1:T )

=
Ÿ

t

p(dt |dt≠1)p (zt |zt≠1, dt , ht)
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Factorization of ELBO (Con’t)

ELBO(◊, „)

=
q

t

;
Eqú

„
(zt≠1,dt≠1)

q
dt

q„d
(dt)Eq„z

(zt) [log p◊ (yt |zt , dt , ht)] ≠

Eqú
„

(zt≠1,dt≠1)
q

dt
q„d

(dt)KL [q„z
(zt |zt≠1, dt , At) Îp◊ (zt |zt≠1, dt , ht)]

≠ Eqú
„

(dt≠2)
q

dt≠1 q„d
(dt≠1)KL [q„d

(dt |dt≠1, At) Îp◊(dt |dt≠1)]
<

,

� qú
„ (zt , dt) =

s
q„ (z1:t , d1:t |y1:T , x1:T ) dz1:t≠1dd1:t≠1

� qú
„ (dt) =

s
q„d

(d1:t |y1:T , x1:T ) dd1:t≠1.
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Approximate ELBO

We approximate the ELBO using a Monte Carlo method. We
sample (z(s)

t , d (s)
t ) for t = 1 · · · , T from qú

„ (zt , dt) using ancestral
sampling.

ELBO(◊, „)

¥
q

t

;q
dt

q„d
(dt) log p◊

1
yt |z(s)

t , dt , ht

2

≠
q

dt
q„d

(dt)KL
Ë
q„z

1
zt |z(s)

t≠1, dt , At

2
Îp◊

1
zt |z(s)

t≠1, dt , ht

2È

≠
q

dt≠1
q„d

(dt≠1)KL [q„d
(dt |dt≠1, At) Îp◊(dt |dt≠1)]

<
.
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Gradient: ˆELBO(◊,„)
ˆ◊

The derivative of the ELBO(◊, „) with respect to ◊ can be
calculated as:

ˆELBO(◊, „)
ˆ◊

= Eq„(z1:T ,d1:T |y1:T ,x1:T )
ˆ log p◊ (y1:T , z1:T , d1:T |x1:T )

ˆ◊

=
Tÿ

t=1
Eq„

{ˆ log p◊ (yt |zt , dt , ht)
ˆ◊

+ ˆ log p◊ (zt |zt≠1, dt , ht)
ˆ◊

+ ˆ log p◊ (dt |dt≠1)
ˆ◊

}

¥
Tÿ

t=1
Eq„

{
ˆ log p◊

1
yt |z(s)

t , d(s)
t , ht

2

ˆ◊
+

ˆ log p◊

1
z(s)

t |z(s)
t≠1, d(s)

t , ht

2

ˆ◊
+

ˆ log p◊

1
d(s)

t |d(s)
t≠1

2

ˆ◊
}

(10)
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Gradient: ˆELBO(◊,„)
ˆ„

The derivative of the ELBO(◊, „) with respect to „ is more tricky
as „ appears in the expectation in ELBO(◊, „).
� Score function gradient estimator (Williams, 1992) can be

used but suffer from high variance.
� Reparameterization trick (Kingma et al., 2014; Rezende et al.,

2014) is often used instead, low variance gradient estimator
I z = g(‘; „)

ˆEq(z|x ;„) f (z)
ˆ„

= ˆE‘f (g(‘; „))
ˆ„

= E‘[
ˆf (g(‘; „))

ˆ„
] (11)

I e.g.
zt ≥ N(µt , Σt), ‘t ≥ N(0, 1), zt = g(‘; µt , Σt) = µt + ‘tΣt
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Predictive distributions using Monte Carlo

� First make inference on the posterior distributions of
{zt , dt}T

t=1 and then generate samples of {z(s)
t , d (s)

t , y (s)
t }T+·

t=T
,

s = 1, · · · , S. S represents the number of Monte Carlo
samples.

� The predictive distributions for the one-step-ahead to
· -step-ahead observations {yT+1, · · · , yT+· } and the discrete
latent variables {dT+1, · · · , dT+· } are then approximated
with empirical distribution functions of the generated samples.

DS3M
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Stability in mean square

Theorem
Under regular conditions, for the neural networks f (k)

1 and f (k)
2 that

parameterize the mean µ
(k)
t and diagonal covariance matrix Σ(k)

t of
the latent state dynamics zt ≥ N(µ(k)

t , Σ(k)
t ) with arbitrary

activation function a, there exists an equivalent pointwise affine
map which ensures that the latent variable zt is globally stable in
mean-square.
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Experiments

� Simulations
I Toy example
I Lorenz attractor

� Real data analysis
I Six datasets in Econ, Medicine, Traffic, Meteorology, Energy
I Sleep apnea, Hangzhou metro flow, Seattle traffic flow, Pacific

temperature, Unemployment rate, French electricity
I First four datasets are analyzed in Farnoosh et al. (2021); The

French electricity is analyzed in Xu et al. (2021), the
unemployment rate is selected to represent Econ data.
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Toy example

d0 ≥ Bernouli(0.5), z0 = 0

dt |dt≠1 ≥ Γ =
C
0.95 0.05
0.05 0.95

D

, dt œ {0, 1}

xt = yt≠1

zt|dt=0 = 0.6zt≠1 + 0.4 ◊ tanh(xt + zt≠1) + w (0)
t , w (0)

t ≥ N(0, 10)

zt|dt=1 = 0.1zt≠1 + 0.2 ◊ sin(xt + zt≠1) + w (1)
t , w (1)

t ≥ N(0, 1)

yt|dt=0 = 1.5zt + tanh(zt) + v (0)
t , v (0)

t ≥ N(0, 5)

yt|dt=1 = 0.5zt + sin(zt) + v (1)
t , v (1)

t ≥ N(0, 0.5)

DS3M

591



Experiments 4-35
Toy example (1- step-ahead forecasting)

Figure: Prediction for the toy example. The red color represents dt = 0
and the blue color for dt = 1

DS3M
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Toy example

Table: Summary of the simulation results (mean ± standard deviation)

Toy
DS3M SNLDS DSARF

Forecasting RMSE 14.572 ± 0.352 16.541 ± 0.024 15.244 ± 0.136
Duration for dt=1 7.509 ± 1.579 1.282 ± 0.001 3.946 ± 0.426
Duration for dt=0 7.634 ± 1.667 1.667 ± 0.012 3.274 ± 0.985
Accuracy (%) 0.788 ± 0.033 0.543 ± 0.001 0.765 ± 0.047
F1 score 0.778 ± 0.023 0.549 ± 0.001 0.757 ± 0.035

Inference Accuracy (%) 0.849 ± 0.004 0.692 ± 0.003 0.819 ± 0.044
F1 score 0.831 ± 0.005 0.544 ± 0.002 0.808 ± 0.039
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Lorenz attractor
Lorenz attractor is a canoinal nolinear dynamical system with the
dynamics:

yt = Wzt + vt , where W œ R10◊3, vt ≥ N(0, 0.5I10).

dz
dt =

S

WU
– (z2 ≠ z1)

z1 (— ≠ z1) ≠ z2
z1z2 ≠ “z3

T

XV

� The latent variable zt = [zt,1, zt,2, zt,3]T . yt œ R10 is
observable.

� Simulated the time series with a length of 3 000 and transform
the time series into subsequences with a length of 5.

� Training: Validation: Testing = 1:1:1
DS3M
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Lorenz attractor forecasted switching variable

Figure: DS3M: The forecasted switching variable against the true zt .
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Lorenz attractor

Table: Summary of the simulation results (mean ± standard deviation)

Lorenz
DS3M SNLDS DSARF

Forecasting RMSE 0.168 ± 0.017 0.226 ± 0.065 0.030 ± 0.000
Accuracy (%) 0.882 ± 0.079 0.616 ± 0.065 0.788 ± 0.143
F1 score 0.837 ± 0.127 0.600 ± 0.100 0.775 ± 0.124

Inference Accuracy (%) 0.911 ± 0.068 0.744 ± 0.174 0.789 ± 0.146
F1 score 0.883 ± 0.103 0.680 ± 0.244 0.761 ± 0.113
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Real data

Table: Description of the datasets

Dataset Frequency Dimension T_train+T_valid T_test (time)
Sleep half a second 1 1000 1000 (500 seconds)
Unemployment month 1 639 240 (20 years)
Hangzhou 10 mins 80 2160 540 (5 days)
Seattle 5 mins 323 6624 1440 (5 days)
Pacific month 2520 336 60 (5 years)
Electricity half a hour 48 2601 320 (1 year)

� Short-term: 1-step-ahead forecast
� Long-term: make multiple forecasts simultaneously for all

T_test, standing at the end of the T_train+T_valid
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Real data analysis
Table: Summary of forecastes on testing data. The best models are in
bold. “-" indicates the model forecasts diverge to unreasonable values
and are omitted.

RMSE MAPE (%)
Datasets DS3M SNLDS DSARF SRNN GRU DS3M SNLDS DSARF SRNN GRU

Short-term

Sleep 1201 2789 1557 1806 1264 15.46 88.06 39.25 50.8 31.17
Unemployment 0.75 1.59 1.06 2.01 1.05 4.53 16.13 8.11 23.15 5.13

Hangzhou 32.53 36.67 34.81 33.80 38.42 24.04 23.90 29.73 25.40 30.48
Seattle 4.16 4.18 4.44 4.17 4.18 5.81 5.85 7.27 6.00 6.89
Pacific 0.57 15.78 0.53 0.58 0.56 1.69 58.01 1.57 1.74 1.68

Electricity 2971 5133 8805 3642 4784 4.58 7.79 18.64 5.34 6.60

Long-term

Hangzhou 47.50 42.83 42.28 60.89 73.18 38.20 50.6 43.65 82.81 86.61
Seattle 4.17 4.19 - 4.17 16.93 5.81 5.86 - 5.81 27.95
Pacific 0.72 - 0.73 0.98 0.76 2.15 - 2.29 2.99 2.22

� Long-term forecasting is only achievable for time series with
regular patterns (Farnoosh et al., 2021). Thus, we exclude
some datasets for long-term forecasting.
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Short-term forecasts

(a) Sleep apnea (measured at 2 Hz)

(b) US unemployment rate
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Short-term forecasts II

(c) Hangzhou metro station 0 (d) Seattle tra�c loop 0

(e) Pacific location 0 (f) French Electricity 0:00

DS3M
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Conclusion

� Proposed a deep switching state space model (DS3M) for
forecasting nonlinear time series with regime switching.

� The switching among regimes is modeled by both discrete and
continuous latent variables with recurrent neural networks.

� Developed an e�cient scalable inference and learning
method

� The DS3M achieved competitive performance against several
state-of-the-art methods for a variety of simulated and real
datasets.

� Code and data are available at https://github.com/Sherry-Xu.
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[1] Institute of Mathematics for Industry, Kyushu University, An Unparalleled Research Institute for 

Industrial Mathematics Based on Diverse Fields of Mathematical Study, official homepage, 
https://www.imi.kyushu-u.ac.jp/en/ 
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Kyushu University, Fukuoka, Japan

The 6th RIKEN-IMI-ISM-NUS-ZIB-MODAL-NHR Workshop on Advances in 
Classical and Quantum Algorithms for Optimization and Machine Learning

September 21, 2022

MEXT Joint Use / Research Center
Joint Research Center for Advanced and 
Fundamental Mathematics-for-Industry

Unparalleled industrial mathematics research institute with 
a foundation in diverse mathematical research

Research Achievements
First in the world ranking in the Graph500 

benchmark test using the supercomputer Fugaku
(total of 15 terms, 5 consecutive victories).

Education

Industrial 
Collaboration

Research

International 
Collaboration

Joint researches with Industry 
and social implementations
Joint

Research
Commissioned 

research

25 15

International Activities
IMI Australia Branch

Asia-Pacific Consortium 
of Mathematics for 

Industry

Forum “Math-for-Industry” 

Joint Use / Research Center

・・ Workshops (I),(II)

・・ Short-term joint 
research
・・ Short-term 
visiting researcher

・・ General Research
・・ Project Research
・・ International   
Project Research
・・ Young Researcher
・・ Female Researcher

××

Joint Use 
Center

International Journal of 
Mathematics for Industry

Springer Series Mathematics 
for Industry

Education

Long-term research internship（2006--）
Study Group Workshops （2010--）

Publications

31 volumes 
published

12 volumes
published

Graduate School of Mathematics

Math-for-Industry: A new area of research in mathematics that is valuable as mathematics 
itself as well, responding to the demands of society and industry, by reorganizing pure and 
applied mathematics. 

Participation from industry is essential.

2021

Graduate Program of 
Mathematics for Innovation

Since 2011
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International Activities of IMI

IMI Australia Branch at Melbourne

Forum “Math-for-Industry” 2008－

Since October 2014

The most important graduate program of Kyushu University

Graduate Program of Mathematics for Innovation
RIKEN, ISM, 
NUS, ZIB also 
participate in 
this WISE 
Program!

WISE Program supported by 
MEXT, Japan
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数学博士と新修士養成」（H19-21年度）および、同グローバル COEプログラ
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れた講義の講義録として出版されてきた。平成 23年 4月のマス・フォア・イ
ンダストリ研究所（IMI）設立と平成 25年 4月の IMIの文部科学省共同利用・
共同研究拠点として「産業数学の先進的・基礎的共同研究拠点」の認定を受け、
今後、レクチャーノートは、マス・フォア・インダストリに関わる国内外の
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COE Lecture Note Vol.14 Michal Beneš,  
Tohru Tsujikawa 
Shigetoshi Yazaki

Proceedings of Czech-Japanese Seminar in Applied Mathematics 2008  
77pages

February 12, 2009
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129pages
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非線形波動の数理と物理  66pages February 27, 2009
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COE Lecture Note Vol.19 Ichiro Suzuki The Pattern Formation Problem for Autonomous Mobile Robots 
―Special Lecture in Functional Mathematics―　23pages
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COE Lecture Note Vol.20 Yasuhide Fukumoto 
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Math-for-Industry Tutorial: Spectral theories of non-Hermitian 
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COE Lecture Note Vol.21 Faculty of Mathematics,  
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Forum “Math-for-Industry” 
Casimir Force, Casimir Operators and the Riemann Hypothesis　
95pages

November 9, 2009
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Hoon Hong 
Hirokazu Anai 
 Chee Yap 
Yousuke Sato 
Hiroshi Yoshida

The Joint Conference of ASCM 2009 and MACIS 2009:  
Asian Symposium on Computer Mathematics Mathematical Aspects of 
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December 14, 2009

COE Lecture Note Vol.23 荒川　恒男 
金子　昌信

多重ゼータ値入門　111pages February 15, 2010

COE Lecture Note Vol.24 Fulton B.Gonzalez Notes on Integral Geometry and Harmonic Analysis　125pages March 12, 2010

COE Lecture Note Vol.25 Wayne Rossman Discrete Constant Mean Curvature Surfaces via Conserved Quantities  
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May 31, 2010

COE Lecture Note Vol.26 Mihai Ciucu Perfect Matchings and Applications　66pages July 2, 2010
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November 26, 2010
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横山　俊一
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201pages
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高木　　剛 
山本　昌宏
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September 30, 2011
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計算機代数システムの進展　210pages November 30, 2011
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Masato Kimura 
Shigetoshi Yazaki
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107pages
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Kirill Morozov 
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栄　伸一郎 
穴井　宏和 
福本　康秀

平成23年度 数学・数理科学と諸科学・産業との連携研究ワーク
ショップ　拡がっていく数学　～期待される “見えない力”～ 
154pages

February 20, 2012
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COE Lecture Note Vol.38 Fumio Hiroshima 
Itaru Sasaki 
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COE Lecture Note Vol.39 Institute of Mathematics  
for Industry,  
Kyushu University
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March 13, 2012
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梶原　健司 
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離散可積分系・離散微分幾何チュートリアル2012　152pages March 15, 2012

COE Lecture Note Vol.41 Institute of Mathematics 
for Industry,
Kyushu University

Forum “Math-for-Industry” 2012 
“Information Recovery and Discovery”　91pages

October 22, 2012

COE Lecture Note Vol.42 佐伯　　修
若山　正人
山本　昌宏

Study Group Workshop 2012 Abstract, Lecture & Report　178pages November 19, 2012

COE Lecture Note Vol.43 Institute of Mathematics 
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Kyushu University

Combinatorics and Numerical Analysis Joint Workshop　103pages December 27, 2012
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University

Forum “Math-for-Industry” 2013
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岡田　勘三
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溝口　佳寛
脇　　隼人
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November 14, 2014

MI Lecture Note Vol.60 西浦　　博 平成26年度九州大学 IMI共同利用研究・研究集会（I）
感染症数理モデルの実用化と産業及び政策での活用のための新
たな展開　120pages

November 28, 2014

MI Lecture Note Vol.61 溝口　佳寛
Jacques Garrigue
萩原　　学
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66pages
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田上　大助
山本　昌宏

Study Group Workshop 2017 Abstract, Lecture & Report　118pages October 20, 2017

MI Lecture Note Vol.76 宇田川誠一 Tzitzéica 方程式の有限間隙解に付随した極小曲面の構成理論
―Tzitzéica方程式の楕円関数解を出発点として―　68pages

August 4, 2017

MI Lecture Note Vol.77 松谷　茂樹
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