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Outline Current Projects

1 Rational Drug design (DFG SPP Algorithms for Big Data)
Maximum Common Subgraph Problem for Molecule Graphs
Structural Clustering of Sets of Graphs

2 Weisfeiler-Lehman for Data Analysis

3 Explorative Data Analysis

4 Adiabatic Quantum Computing

2 / 52



Rational Drug Design

Rational Drug Design

Project: Graph-based Methods for Rational Drug Design:
GraBaDrug

DFG SPP Algorithms for Big Data

jointly with Dr. Oliver Koch (Medical Chemistry)
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Rational Drug Design

Data Analysis: Collect, Analyse, Evaluate

Dateiname: U800126 Pagina: 1
Seite: 1 te von 2 Umfang (Seiten): 2

Humbeck, Weigang, Schäfer, Mutzel, Koch: CHIPMUNK: A Virtual Synthesizable Small-Molecule Library for Medicinal
Chemistry, ChemMedChem 2018 + Cover Feature 4 / 52



Rational Drug Design MCS for Molecule Graphs

Maximum Common Subgraph for Molecule Graphs

Techniques for big data

Utilization of the structure of the input instances

Analysis of the given problem from practice

Problem decomposition

Approximation

Randomization

Parallelisation

Fixed-Parameter Algorithms

ILP-Modelling

Kriege, Kurpicz, Mutzel 2018, Gutwenger, Mutzel 2000, Kriege, Mutzel 2014
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Rational Drug Design MCS for Molecule Graphs

Properties of Molecule Graphs

almost always planar, often outerplanar

bounded tree width

bounded degree

have vertex and edge labels (e.g. activity attributes)
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Rational Drug Design MCS for Molecule Graphs

Analysis of the Chemical Problem

Rings and bridges shall be preserved

very important in Cheminformatics

→ Block-and-bridge preserving MCS → simpler
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Rational Drug Design MCS for Molecule Graphs

Block/Bridge MCS [Eur. J. Combinatorics 2018]

G SPQR-tree of G

NP-completeness of MCS for biconnected partial 2-trees with almost
all vertices of degree bounded by 3
pol. Algorithm for Block/Bridge MCS for partial 2-trees
previously pol. algorithms for trees and outerplanar G
Idea: BC-tree and SPQR-tree decomposition

Kriege, Kurpicz, Mutzel 2018, Gutwenger, Mutzel 2000, Kriege, Mutzel 2014

8 / 52



Rational Drug Design Structural Clustering of Sets of Graphs

Structural Clustering of Sets of Graphs

Techniques for Big Data

Utilization of the structure of the input instances

Analysis of the given problem from practice

Problem decomposition

Approximation

Randomisation

Parallelisation

Fixed-Parameter Algorithms

ILP-Modelling

Mutzel, Schäfer 2017
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Rational Drug Design Structural Clustering of Sets of Graphs

Structural Clustering (StruClus) [ADMA 2017]

structural clustering of large sets of graphs with attributes

sets of representatives for clusters → interpretability

based on common subgraphs

new error-bounded sampling strategy for support counting

linear running time → scalable

parallelisable → very fast in practice
Mutzel, Schäfer: International Conference on Advanced Data Mining and Applications 2017
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Rational Drug Design Structural Clustering of Sets of Graphs

Evaluation of the StruClus Algorithm

Quality of the clustering for 3 molecule data bases:

Heterocyclic: 10 000 (39), AnchorQuery: 65 700 (11)

only StruClus: ChemDB (5 Mio. in 19 h)
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Rational Drug Design Structural Clustering of Sets of Graphs

Rational Drug Design: GraBaDrug

DFG SPP Algorithms for Big Data

Explorative analysis of molecule data bases ← Scaffold Hunter

Search for similar molecule structures ← Graph similarity, clustering

Creation of virtual molecule data bases for drug design
← CHIPMUNK: 95 Mio. molecules with ≤ 700 atoms, 90 attributes

Nature Chem. Biol. 2009: Wetzel, Klein, Renner, Rauh, Oprea, Mutzel, Waldmann
ChemMedChem 2018: Humbeck, Weigang, Schäfer, Mutzel Koch + Cover Feature, u.v.m.
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Weisfeiler-Lehman

Weisfeiler-Lehman for Data Analysis

Weisfeiler-Lehman for Data Analysis

DFG SFB 876:
Providing Information by Resource-Constrained Data Analysis
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Weisfeiler-Lehman

Weisfeiler-Lehman Algorithm

Coloring algorithm with the goal of vertex classification

WL-Algorithm

Initial: All vertices v have the same color.

Iteration: Further separation of identically colored vertex sets based
on color histograms of neighbors.

G H G H G H
Initialization 1. Iteration 2. Iteration
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Weisfeiler-Lehman

Weisfeiler-Lehman Algorithm

G H

Properties of WL

If G and H have different colors =⇒ G 6' H

WL can identify all trees, i.e. non-isomorphic trees get different colors

random graphs G will be identified correctly with high probability

running time: O((|V |+ |E |) log |V |)
cannot separate regular graphs (same degree) → same color
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Weisfeiler-Lehman

k-dimensional Weisfeiler-Lehman Algorithm

Two k-vertex sets are neighbors if they differ in only one element. 1

k-WL Algorithm

Initial: k-sets U,W get the same color if G [U] ' G [W ].

Iteration: Two identically colored k-sets U und W get different
colors if there exists a color c so that U and W have a different set of
neighbors of color c .

G Initialization 2-WL 1. Iteration 2-WL
1defined on k-tuples, for visualization reasons here for k-sets
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Weisfeiler-Lehman

k-WL Algorithm

Properties of the k-WL

k-WL (k > 1) is stronger than 1-WL

exact for large enough k (identifies each graph)

graph isomorphism approach by Babai uses k = O(log n)

there exist graph classes for which k = θ(n) is necessary

running time: O(k2|V |k+1 log |V |)

G Initialization 2-WL 1. Iteration 2-WL
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Weisfeiler-Lehman

k-WL Algorithm

k-WL can separate regular graphs: k = 3

G H

→ strong for k ≥ 2, but also very slow
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Weisfeiler-Lehman

Local k-WL Algorithm [ICDM 2017]

Techniques for Big Data

Utilization of the structure of the input instances

Analysis of the given problem from practice

Problem decomposition

Approximation

Randomization

Parallelisation

Fixed-Parameter Algorithms

ILP-Modelling

Morris, Kersting, Mutzel: IEEE International Conference on Data Mining 2017
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Weisfeiler-Lehman

Local k-WL Algorithm (k-LWL) [ICDM 2017]

Idea: Define neighbors of the k-sets depending on graph structure

Two k-sets U und W are neighbors, if they differ in only one element
and there exists at least one edge from a vertex in U (resp. W ) to a
vertex in W (resp. U).

→ takes sparsity of the original graph into account

→ considers local and global graph properties

G Initialization 2-LWL 1. Iteration 2-LWL

Morris, Kersting, Mutzel 2017
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Weisfeiler-Lehman

Comparison: Local k-LWL vs. k-WL

Running time

k-sets of the k-LWL have much less neighbors

much faster than k-WL

G 2-WL 2-LWL

Morris, Kersting, Mutzel 2017
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Weisfeiler-Lehman

Comparison: Local k-LWL vs. k-WL

Separation Strength: Conjecture (for connected G)

Local k-LWL refines at least as much as k-WL.

If k-WL can separate two graphs, then also k-LWL.

Local k-LWL is stronger than k-WL.

Sherali-Adams Relaxation of k-LWL is stronger than that of k-WL.

2-WL: 5 color classes 2-LWL: 10 color classes
12, 6, 6, 3, 1 4, 4, 4, 4, 2, 4, 2, 2, 1, 1
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Weisfeiler-Lehman

Cai, Führer, Immerman - Graphs for lower bound

2-WL: 4 color classes 2-LWL: 5 color classes

2-WL: 4 color classes 2-LWL: 11 color classes

→2-WL cannot separate graphs, but 2-LWL
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Weisfeiler-Lehman

Immerman, Grohe - Graphs for lower bound

2-WL: 2 color classes 2-LWL: 15 color classes

2-WL: 2 color classes 2-LWL: 15 color classes

→ 2-LWL refines more but unfortunately does not separate
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Weisfeiler-Lehman

Local k-LWL Algorithm [ICDM 2017]

Idea: Increase scalability by sampling

Sample a subset of the k-sets

Explore the h-neighborhood around these sets

Run the local k-LWL on each of the h-neighborhoods

Lemma

These k-sets get the same color as the k-LWL after h rounds.

Morris, Kersting, Mutzel 2017
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Weisfeiler-Lehman

WL, k-WL, k-LWL for Data Analysis

Idea: Combination of WL with similarity measures

Construct feature vector for each graph

e.g. after each round: sort the vertices according to colors, vector gets
information of number of vertices with color c

append these (possibly weighted) vectors to each other

Φ(G) = (3, 1, 1) Φ(H) = (3, 1, 1)

Φ(G) = (3, 1, 1, 2, 0, 0, 1, 1, 1, 0) Φ(H) = (3, 1, 1, 2, 1, 1, 0, 0, 0, 1)

→ Similarity measure based on graph kernel, Jaccard-Coefficient, ...
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Weisfeiler-Lehman

Evaluation of the k-LWL (graph kernel)

Protein interaction networks (ENZYMES)

Molecule data bases (MUTAG)

Cancer data sets (NCI1, NCI109)

Social networks (IMDB-BIN, REDDIT-BIN)

Morris, Kersting, Mutzel 2017
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Weisfeiler-Lehman

Recognition of Cuneiform Characters

right vertex

left vertex
tail vertex
depth vertex

500.000 digitized cuneiform fragments (LS7, TU Dortmund)

group of wedge signs corresponds to a character

so far 1000 different characters known

only a very small set of cuneiform characters have been classified

Goal: Recognition of Cuneiform characters for supporting classic
Altphilologists

mit Kriege, Fey, Fisseler, Weichert: COST, Proc. MLR 2018
DFG SFB 876: Providing Information by Resource-Constrained Data Analysis
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Explorative Data Analysis

Explorative Data Analysis

Explorative Data Analysis
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Explorative Data Analysis

Which type of grill shall I buy?

• • 

08 JtölnaGlaDt·!nadllrr Magazin Mittwoch, 7. Mai 2014 - Nr. 105 

Im Park um 
die Ecke 

Haben Sie Lust 
viel zu schleppen? 

Kohle, Gas, Elektro oder doch besser eine Wurst vom Imbiss? Finden Sie es heraus 
VON ILKA KNIGGE, CHRISTIAN SEITER &MARTIN GÄTKE 

Nachbarn? 
Mir ,ehört alles 
Im Umkreis von 

zehn Kilometern. 

Mal ehrlich: 
Wie steht es um Ihr 
. Können am Grill? 

Wur5l:vom 
Imbiss 

EINMALGRILL 
In Tankstellen oder Kiosks zu finden, ist der Einmalgrill 

der perfekte Begleiter fO r Spontan-Griller. 
Er besteht aus einer einfachen Aluschale mit 

eingefOllter Holzkohle und i1tegriertem GrillanzOnder. 
Mit zwei bisfOnf Euro sind Sie dabei. 

Ich bqlOdclam 
liebsten die psamte 

Nachbarschaft mit meinen 
,ecrillten K6stIlchkelten 

QualltJt hat halt Ihren PreIs. 
Der Crlil sol ja lInprals 

eine SIIson halten! 

Dann 
schnorren 

Sie sich 
doch 
durch 

JA 

GAS••••  
Der Gasgrill wird durch Butan- oder Propangas betrieben  
und lässt sich schnell und leicht anheizen. Die Hitze ist  

regulierbar und lästiges Kohleentsorgen bleibt aus.  
Gegner des Gasgrills vermissen das echte Grillaroma. 

GOnstige Modelle sind ab 70 Euro zu haben.••  

)er J Je • 

ELEKTRO 
Beim Elektrogrill garen Sie Ihre Speisen Ober elektrischen 
Heizstäben. Die Hitze ist regulierbar. Spontanes Grillen 

ohne viel Vorlaufzeit zeichnet ihn aus. Echtes Grillaroma: 
Fehlanzeige! Einfache Tischgrills gibt es fur 25 Euro, hoch-

wertigere Modelle liegen zwischen 70 und 150 Euro. 

SMOKER 
Der Smoker ist der Porsche unter den Grills:  

Die Speisen liegen nicht Ober heißer Kohle, sondern  
werden vom Rauch gegart, der von der seitlichen  

Feuerkammer hineinzieht. Bestes Grillaroma garantiert!  
Ab 100 Euro. Profi-Modelle kosten aber bis 4000 Euro.  

HOUKOHLE 
Der Holzkohlegrill ist der Klassiker unter den Grills.  

Er ist in allen möglichen Variationen und Preisklassen  
zu haben. Kleine.EimergrillsH gibt es schon ab 15 Euro,  

größere Kugel-oder S:lulenmodelleliegen bei  
50 Euro aufw:lrts.  
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Explorative Data Analysis

Social Network Analysis

and bank accounts. Furthermore, there will be a link (p,a) mean-
ing that p is allowed to operate on a (e.g., if p is the owner of a
or if p has been delegated from an owner of a). As in other sys-
tems for criminal network analysis, VISFAN uses a specific icon to
convey each type of entity in a FAN. Fig. 1 shows a layout gener-
ated by VISFAN for a simple network like that described above. In
the FAN a and b are labeled #001-0000-0000 and #002-0000-0000,
respectively; A is the New York City Bank, B is the Philadelphia
Bank, p is James Smith, and the node representing the bank trans-
fer t is labeled with the amount of the transfer, i.e., 25,000 USD.

4 THE SYSTEM VISFAN

Subsection 4.1 briefly illustrates the system requirements, accord-
ing to the needs of FIU analysts. Subsection 4.2 describes the user
interface and the interaction functionalities of VISFAN. Clustering
and drawing algorithms are discussed in Subsection 4.4. Subsec-
tion 4.5 presents a case study that illustrates the use of VISFAN on
real data.

4.1 System Requirements

In order to collect the system requirements we cooperated with
analysts of the financial investigation unit of the Republic of San
Marino. They helped us to understand the typical process followed
by an FIU analyst: She usually begins a new investigation from a
specific STR or from a people involved in an STR, and then she
explores the network around this seminal node until, based on her
experience, she judges the acquired information enough promising
to infer potentially criminal patterns, if any. The analyst typically
wants to elaborate on the portion of network on the screen, and aims
to understand how the different actors currently under examination
(i.e., those displayed) are related to each other, independently of
the other elements of the network. In case the analyst judges the
displayed information insufficient, she can continue to expand the
network, and both centrality indices and clusters should be updated
by the system. The system is typically required to deal with net-
works having at most few hundreds of nodes and edges. Indeed,
if a network becomes too large, the analyst usually decides to save
the map and to start from a new investigation seed, so to handle the
visual complexity. The analyst should be allowed to reload at any
time all maps generated and saved for the same investigation pro-
cess, and to use them for comparisons or reporting activities. One
important issue is that the system is not required to discover crim-
inal patterns by itself, but it is mainly intended by the analyst as a
strong support for her investigation activity. For this reason the sys-
tem must provide strong interaction, conceived for semi-automatic
solutions. For instance, during the analysis of the network the ana-
lyst may decide to enhance an automatically computed cluster with
additional elements or to force some objects to keep some relative
positions in order to preserve her mental map.

4.2 Interface and Interaction

We designed the visual paradigms and interaction functionalities of
VISFAN having in mind the system requirements described above.
The analyst can start a new investigation from a desired seed en-
tity (e.g., a person, a company, an STR), searching in the database
accessed by VISFAN. She can also control the size of the initial
network, by specifying the maximum graph theoretic distance from
the selected entity. With a distance equal to one only the seed entity
and its adjacent nodes are displayed. Fig. 2(b) shows an example of
an initial network obtained by considering all entities having graph
theoretic distance at most two from the seed entity Paolo Amato
(the selected node in the figure). The analyst can then explore and
elaborate on the network with different interactive tools:

- Bottom-up exploration. The set of nodes and edges can be in-
crementally enhanced by exploring some of the displayed entities.

(a)

(b)

Figure 2: (a) Interface that allows the analyst to begin a new investigation. (b)
The initial network obtained from the seed entity Amato Paolo with maximum
graph theoretic distance two.

By double clicking on a node, all of its neighbors and their connec-
tions are added to the current network if not already shown. A new
layout is automatically computed according to the status of the pre-
vious network, which depends on the presence of cluster regions or
other types of geometric constraints. If the previous drawing con-
tained a hierarchy of cluster regions, every node that enters in the
new network is automatically assigned to a suitable cluster region
according to a criterion that will be explained in Subsection 4.4. A
small green box over a node indicates that such a node has not been
explored yet; this avoids the analyst to repeat the same exploration
action twice. Fig. 3(a) shows the layout of a new network obtained
from that of Fig. 2(b) by exploring two entities, Fabio De Santis
and Claudia Fontana (the selected nodes in the figure).

- Top-down exploration. The analyst can ask the system to auto-
matically compute a cluster hierarchy on the current network. This
action will group nodes into clusters and subclusters according to
some specific algorithm. Our current clustering algorithm exploits
the concept of k-core, and it will be explained in details in Subsec-
tion 4.3. Once a cluster hierarchy has been computed, the system
decides the initial dimensions of each cluster region based on the
number of nodes inside it. In the layout, the boundary of each clus-
ter region is displayed as a rectangle. To help the analyst in captur-
ing the structure of the cluster hierarchy, the corresponding cluster
inclusion tree is also displayed on the left-hand side of the inter-
face. VISFAN offers various interaction facilities with the clusters
and their regions. The analyst can drag nodes inside or outside a
cluster region, so modifying its associated cluster. She can move
a cluster inside or outside another cluster, so modifying the cluster

!"%

Source: Didimo, Liotta, Palladino, Montecchiani 2011 31 / 52



Explorative Data Analysis

Co-author Network (Information FUSION)
Table III

TOP FIVE AUTHORS FROM DATASET 3 (BASED ON DEGREE CENTRALITY)

Author Degree centrality
Blasch E 72
Hanebeck UD 67
Li XR 60
Willett P 58
Farina A 57

Table IV
TOP FIVE AUTHORS FROM DATASET 3 (BASED ON BETWEENNESS

CENTRALITY)

Author Betweenness centrality
Bar-Shalom Y 7.2
Blasch E 7.1
Maskell S 4.4
Kirubarajan T 4.1
Chen H 4.1

centralization can be said to consist of a few highly dominant
researchers, while lower values indicate a research community
in which contributing authors are more equal in their centrality
scores [14]. The most centralized network topology possible
is the star topology, and the centralization result should be
interpreted as the degree of inequality in the FUSION network
as a percentage of that of a perfect star network of the same
size.

Moreover, we have calculated the average distance in the
network to be approximately 7.0. It should however be noted
that the FUSION network actually consists of one large com-
ponent (often called the connected core in network science)
and several very small components which are disjoint from the
large component (see Figure 6). Hence, when calculating the
average distance, this has been calculated among reachable
pairs. A summary of statistics for the information fusion
community is given in Table V.

Table V
STATISTICS FOR THE FUSION COMMUNITY (YEARS 2002–2010)

Tot. nr of papers 2412
Tot. nr of authors 3305
Mean nr of authors per paper 2.9
Mean nr of collaborators per author 4.4
Mean distance 7.0
Centralization 0.16%
Density 0.0013

F. Community detection

As briefly mentioned in Section III-E, the FUSION network
actually consists of a large connected core and a couple of
smaller components which are not connected to the large
component (once again, in terms of co-authorship). These
can be viewed as different clusters, but obviously there are
also various sub-communities within the large component.
To identify subgroups in e.g. terrorist networks can be of
very high relevance for intelligence analysts, and we will
here demonstrate this task by identifying sub-communities

Figure 8. An overview of various sub-communities within the main
component of the FUSION network.

in the FUSION network. The topic of community detection
has in recent years been a popular research area and a good
introduction is given in [27]. The algorithm that has been
used for community detection in our experiments is the so-
called spin glass method. The name of algorithm stems from
an analogy to how community detection can be interpreted as
an optimization problem where we search for the ground state
of an infinite range Potts spin glass. For a detailed description
of how the algorithm works, we refer the interested reader to
[28].

When the spin glass algorithm was applied to the main
component of the FUSION network without any constraints,
45 sub-clusters were identified. Since this is too many sub-
clusters to actually provide any useful insight, we have limited
the number of clusters to 10 before the algorithm was run a
second time. The resulting sub-clusters from the second run
of the algorithm are visualized using different colors in Figure
8. To judge the overall quality of these sub-clusters is quite
hard, but a visual inspection of the created clusters suggests
that most of the created clusters are reasonable. As an example,
if we look at various Swedish researchers, these tend to end
up in one of two clusters: one cluster involving people from
University of Skövde, and one cluster involving people from
Swedish Defence Research Agency (FOI).

IV. DISCUSSION

Table VI
COMPARISON OF COMMUNITY STATISTICS

Community Mean dist. Coll. per auth. Auth. per paper
FUSION 7.0 4.4 2.9
MEDLINE 4.6 18.1 3.8
SPIRES 4.0 173 9.0
NCSTRL 9.7 3.6 2.2

1768

Source: Johansson, Martenson, Svenson 2011, layout by Pajek
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Explorative Data Analysis

Data Base Model (Original)
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Explorative Data Analysis

Data Base Model (Force-Directed)
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Explorative Data Analysis

Data Base Model (Sugiyama)
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Explorative Data Analysis

Data Base Model (Planar Quasi-Orthogonal)
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Explorative Data Analysis

Data Base Model by Insurance Company (Original)
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Explorative Data Analysis

Data Base Model by Insurance Company (Layout)
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Explorative Data Analysis

Optimization Topics in Graph Drawing

Crossing minimization

Layered crossing minimization

(Planar) bend minimization

Compaction for (planar) orthogonal drawings

Vertex and edge labelling

Embedding optimization

. . .
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Explorative Data Analysis

Explorative Data Analysis — Impressions

Scaffold Hunter: Visualization of chemical molecule data bases

40 / 52



Explorative Data Analysis

Map based Layout of Molecule Data

Irwin 2009: “In principle, one would like to be able to organize and
browse large chemical datasets [...] as easily as one can today browse
maps on the internet.“ [Nat. Chem. Biol.]

Cluster hierarchy based on structural similarity (height level)

Gronemann, Jünger, Kriege, Mutzel 2013
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Explorative Data Analysis

Map based Layout of Molecule Data
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Explorative Data Analysis

Protein Interaction Network in Yeast

Schwikowski, Uetz, Fields [Nature Biotechnology 2000]

drawn with our graph drawing software AGD (MPI Informatik)

1548 proteins with 2358 interactions
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Explorative Data Analysis

Protein Interaction Network in Yeast
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Explorative Data Analysis

Protease with Centrality Analysis

Cooperation with AG Albrecht (MPI Informatik, TU Graz), Cytoscape 2011
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Explorative Data Analysis

Protein-Domain Interaction Network

Cooperation with AG Albrecht (MPI Informatik, TU Graz), Cytoscape 2011
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Adiabatic Quantum Computing

Adiabatic Quantum Computing

Structure of Adiabatic Quantum Computer by D-Wave:
4x4 Chimera grid

D-Wave 2017: 2000Q with 2048 Qubits (16x16 Chimera grid)
mit Jünger (Köln), Reinelt (Heidelberg), Rinaldi (Rom); Stollenwerk, Lobe (DLR), Kaibel (Magdeburg); McGeoch (D-Wave)
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Adiabatic Quantum Computing

Adiabatic Quantum Computing

Idee: Adiabatic Quantum Computing

construct system (A) with (unknown) ground state, which
corresponds to the solution of my problem

construct system (B) whose ground state can be prepared and
measured experimentally

transfer system (B) slowly to system (A) and measure the ground
state ← Adiabatic Theorem

D-Wave: 2017: 2000Q with 2048 Qubits (16x16 Chimera grid)
Quelle:
https://www.researchgate.net/publication321133310_Molecular_Spin_Qudits_for_Quantum_Algorithms/figures?lo=1
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Adiabatic Quantum Computing

Quantum Annealing

ijJ

Definition (Ising Spin Model Problem (ISM))

Given: G = (V ,E ) with weights hi (i ∈ V ) and Jij ((i , j) ∈ E )

Find: Values for the spin variables si ∈ {−1,+1}, i ∈ V , so that

E (s) =
∑
i∈V

hi si +
∑

(i ,j)∈E

Jijsi sj

is minimized. ← ground state

(ISM) equivalent to QUBO, MAX W2SAT, MAX CUT
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Adiabatic Quantum Computing

Experimental Evaluation (exact solution)

random QUBO instances random ISM instances

D-Wave Quantum Annealer (C8 with 500 Qubits) vs. QP CPLEX
[McGeoch,Wang 2013]

Experiments with MIP-solver CPLEX [Dash/Puget 2015]

Our MaxCut Branch-and-Cut vs. strengthened MaxCut B&C by
cutting planes ← provable exact solutions

mit Jünger (Köln), Reinelt (Heidelberg), Rinaldi (Rom)
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Adiabatic Quantum Computing

Future Research

DWave 2048 Qubit Rigetti 20 Qubit IBM 50 Qubit Google Bristlecone 72 Qubit

Quality comparisons with D-Wave (via DLR to D-Wave at NASA)

Practical problems: MAX SAT for general graphs; must be embedded
into Chimera grids ← graph-minor embedding problems

similar for true Quantum computers by Rigetti, IBM, Google

Fixed-Parameter-Tractable Algorithms for Qubit instances

mit Jünger (Köln), Reinelt (Heidelberg), Rinaldi (Rom); Stollenwerk, Lobe (DLR), Kaibel (Magdeburg); McGeoch (D-Wave)
Image sources: Goodrich, Horton, Sullivan 2018
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Adiabatic Quantum Computing

Plan (possible topics) for this Lecture Series

Data streaming algorithms, e.g., for the matching problem in graphs

Temporal graphs, e.g., for quickest path problems or multicriteria
path problems

Dynamic graph algorithms, e.g., shortest path problems

Weisfeiler-Lehman algorithms for graph classification

Graph similarity: maximum common subgraphs

Parallel/distributed graph algorithms

Graph clustering (clustering of a set of graphs and clustering of
vertices of a graph)

Graph and network visualization

Crossing minimization in graphs

Fixed-parameter algorithms, e.g., for max-cut on 1-planar graphs

External memory algorithms and data structures

Anything else you are interested in: max-cut problem for quantum
computing, ILP-models for graph coloring, network design problems
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