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AE 4 Sorting
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Quicksort
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PipeliningςBranch Mispredictions
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Branch Mispredictions
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Block Quicksort
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Block Partitioning
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SomeOptions
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-1.3999 -> -1.4112 [E. Weiß, Wild, Algorithmica2020]
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[E., Elmasry, Katajainen, TCS 2017]
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A* = Dijkstra + Reweighting

h consistent 0 Җ w(u,v) + h(v) ςh(u) 

Select:u mit f(u) = min { f(v) | v ist in Open }

Update:f(v) = min { f(v), f(u) + w(u,v) +h(v) ςh(u) |  v isSuccessorof u }

Initialisierung:f(s) = h(s), f(u) = infinity, if u <> s
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Reweighting
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Set-BasedDijkstra

open0Ŷ I , closed ŶṶ, g Ŷ 0
repeat

if (openg G᷈ÍṶ) STOP

opengŶ openg !᷈closed
für c ŶмΣ ΧΣ /

openg+cŶ openg+c i᷉magec(openg)
closed Ŷ closed ᷉ openg

g Ŷ g + 1
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SetA*

h

g
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Cache-EfficientSSSP

ÅFlood-filling algorithms as used for coloring images and shadow 
casting show that improved locality greatly increases the cache 
performance and, in turn, reduces the running time of an algorithm. 

ÅIn [E., KI-2017] I ƭƻƻƪ ŀǘ 5ƛƧƪǎǘǊŀΩǎ ƳŜǘƘƻŘ ǘƻ ŎƻƳǇǳǘŜ ǘƘŜ ǎƘƻǊǘŜǎǘ 
paths for example to generate pattern databases.

ÅAs cache-improving contributions, Ipropose edge-cost factorization 
and flood-filling the memory layout of the graph
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Ideafor PTSP
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Traveling Salesman 
Tours

ÅGiven a map, compute a minimum-cost round trip 
visiting certain cities

ÅShortest paths graph reduction: precompute all-pairs-
shortest-paths with

Å5ƛƧƪǎǘǊŀΩǎ ŀƭƎƻǊƛǘƘƳ όōŜ ǎƳŀǊǘΥ ŜƳǇƭƻȅ ǊŀŘƛȄ ƘŜŀǇǎύ

ÅModel problem as an IP and call solver (CPLEX, IPSolve,. 
. . )

ÅNeighborhoodsearch (xOPT: SA; GA; AA; PSO; LNS,. . . )

ÅDepth-First Branch and Bound with

ÅDFBnB0 No Heuristic ςincremental O(1) time

ÅDFBnB1 Column/Row Minima ςincremental O(1) time

ÅDFBnB2 Assignment Problem ςincremental O(n²) time

Å. . . New in the arena: Monte-Carlo Search 
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Nested Rollout Policy Adaptation
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Input: Iteration width (exploitation), 
nestedness(exploration)

Policy: (city-to-city) mapping 
NxNĄ IR to be learnt



Constraints

ÅTime Windows, Capacities, 
Premium Services, Pickup and 
Deliveries
ÅTSP+TW: Restricted time intervals / 

service times
ÅC+TSP: Limited vehicle load
ÅTSP+PD: Pickup and deliveries 

(PDP)
ÅTSP*: Premium service ςsame-day 

delivery preferred
ÅVRP: Vehicle routing ςseveral 

vehicles
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Physical TSP
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Multi-Goal Motion Planning with Dynamics
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Dynamics

ÅExpress relation between input 
controls and resulting motions

ÅNecessary to plan motions that can 
be executed

ÅImpose significant challenges

üConstrain the feasible motions

üOften are nonlinear and high-
dimensional

üGive rise to nonholonomicsystems

üState and control spaces are 
continuous

üSolution trajectories are often long

ÅComputational complexity of motion planning 
with dynamics 

ÅPoint with Newtonian dynamics NP-Hard 
[DXCR 1993]

ÅPolygon5ǳōƛƴΩǎcar Decidable[CPK 2008]

ÅGeneral nonlinear dynamics Undecidable 
[Branicky1995]
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Dynamics

ÅExpress relation between 
input controls and resulting 
motions

ÅModeledvia physics-based 
engines
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ROS/Gazebo, ODE, Bullet, PhysX
general rigid-body dynamics
friction and gravity



Introduce Discrete Layer to Guide the Search

ÅWorkspace decomposition provides

Ådiscrete layer as adjacency graph G = (R,E)

ÅR denotes the regions of the decomposition

ÅE = {(ri,rj) | ri, rj in R are physically adjacent}

Åhcost(r) estimates the difficulty of reaching 
the goal region from r

Ådefined as length of shortest path in G = (R,E) 
from r to goal

Å[hcost(r1), hcostόǊнύΣΧΣ hcost(rn)]

Åcomputed by running BFS/A* on G backwards 
from goal
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Sampling Based Motion Planning

ÅExpand a tree T of collision-free 
and

Ådynamically-feasible motions

üselect a state s from which to

expand the tree

üsample control input u

ügenerate new trajectory by

üapplying u to s
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Guided Expansion of Motion Tree
ÅSampling-based motion planning

ügenerality: dynamics as black-ōƻȄ ŦǳƴŎǘƛƻƴ ǎΩ Ґah¢Lhbόs,u,dt)

ücontinuous state/control spaces: probabilistic sampling to make it feasible

ühigh-dimensionality: search to find solution

Åcoupled with discrete abstractions

üprovide simplified planning layer

üguide search in the continuous state/control spaces

Åand motion controllers

üopen up the black-box MOTION function

üfacilitate search expansion

ÅFormal guarantees

üprobabilistic completeness
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selecting an equivalence class
from which to expand motion tree T

sampling-based motion planning to expand T


