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Exercise 2.1
Specify all possibilities of reconnecting the tour segments in a 3-exchange move for the TSP once three edges have
been removed. How many possibilities of reconnecting the tour segments are possible in a k-exchange move?

Does the following assertion hold? If in a fixed-radius search for no vertex an improving 2-exchange move has
been found, then the tour is 2-opt, that is, it cannot be improved by further 2-exchange moves.

Exercise 2.2
Design a variable depth search algorithm for the graph bipartitioning problem. As the basic move, choose the
transfer of one node into the other partition.

(The graph bipartitioning problem: given a graph G = (V,E), with V being the set of nodes and E being the set
of edges, the task in the graph bipartitioning problem is to find a partitioning of the into two node sets V1 and V2,
with |V1| = |V2| and V1 ∪ V2 = V , such that the number of edges having end nodes in each of the two partitions
is minimized.)

Exercise 2.3
Show that the condition for the independence of a pair of 2-exchange steps to be considered for a complex dy-
nasearch move is necessary to guarantee feasibility of the tour obtained after executing a pair of 2-exchange
moves. To do so, consider what happens if we have i < k < j < l for the indices of the 2-exchange moves that
delete edges (ui, ui+1), (uj , uj+1) and (uk, uk+1), (ul, ul+1), respectively.

Exercise 2.4
Compute the probability that a Randomised Iterative Improvement does a sequence of exactly one, two, or three
random walk steps. Give a formula that computes the probability of doing a sequence of exactly k successive
random walk steps.

Exercise 2.5
Derive the Metropolis condition for maximization problems.

Exercise 2.6
The temperature parameter in Probabilistic Iterative Improvement and Simulated Annealing determines the proba-
bility of accepting worse neighboring candidate solutions. Explain the impact high and, respectively, low tempera-
tures have on the search behavior of these algorithms. Considering Simulated Annealing, what effect have cooling
schedules that drop the temperature very quickly (slowly)?

Exercise 2.7
Compute the complexity of a Simulated Annealing algorithm that finishes once a fixed temperature Tf is reached.
For doing so, assume that the starting temperature is fixed to T0, the temperature length is O(n), and a geometric
cooling is used (0 < α < 1).

Exercise 2.8
The computation of the exponential function in the Metropolis acceptance criterion is computationally expensive
and can slow down algorithms that rely on it considerably if the incremental updates can be computed very fast.
Consider a possibility to approximately evaluate the exponential function by using precomputations stored in an
additional data structure.

Exercise 2.9
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Explain the impact on the value of the tabu tenure parameter in Simple Tabu Search on the diversification vs.
intensification of the search process.

Exercise 2.10
Which tabu attributes would you choose when applying Simple Tabu Search to the TSP? Are there different pos-
sibilities for deciding when a move is tabu? Could it make sense to use two tabu lists with different parameter
settings for the tabu tenure? Characterize the memory requirements for efficiently checking the tabu status of
solution components.

Exercise 2.11
In the Generalized Assignment Problem (GAP) a set of tasks I, i = 1, . . . , n has to be assigned to a set of agents
J , j = 1, . . . ,m. Each agent j has a limited capacity aj and each task i requires, when being assigned to agent
j, an amount bij of the agent’s capacity. dij is the cost of assigning task i to agent j. The goal in the GAP is to
assign tasks to agents such that the total cost of the assignments is minimized under the condition that all agents’
capacity constraints are satisfied and all tasks are assigned to some agent. A mathematical formulation of the GAP
can be given as follows.

min f(y) =

n∑
i=1

m∑
j=1

dij · yij (1)

u.d.B.

n∑
i=1

bij · yij ≤ aj j = 1, . . . ,m (2)

m∑
j=1

yij = 1 i = 1, . . . , n (3)

yij ∈ {0, 1} i = 1, . . . , n; j = 1, . . . ,m (4)

• Interpret the meaning of the objective function and the constraints in the given mathematical formulation.

• Design a greedy constructive heuristic for GAP.

• Consider what would be an appropriate neighborhood structure for a perturbative local search for the GAP.

• Design metaheuristic algorithms for the GAP. Consider which are the main features that have to be defined
for the various methods we have seen in the lectures and define accordingly these algorithms.


