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Overview

• Branching and Fixing

• Upper bound heuristics

• Test results
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Branching and Fixing

• Tree traversal and Diving

• Strong Branching

• Reduced Cost Fixing
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Tree Traversal and Diving

Branch node evaluation:

• Eager, solve branch nodes before search direction is chosen

• Lazy, chose search direction then solve branch node

Tree search strategies:

• Best bound search, eager branching

• Breath search, lazy branching

• Depth search

Diving:

• Combining depth first search with any other

• Explore a (part of) sub-tree by diving

• Used to find feasible solutions fast
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Strong Branching

See Achterberg et al. [2]

Combines eager and lazy branch node evaluation:

• Choose a branch node candidate set

• Solve branch nodes given an LP iteration limit

• Choose search direction

Pros:

• Avoids getting stuck in hard solvable nodes (for the time

being)

• Infeasible nodes are often detected

• More candidates can be processed than with eager branching

Cons:

• Stores many half solved LPs, or recalculates LP when pro-

cessing branch node
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Reduced Cost Fixing

See Wolsey [6]

Fix binary variables based on reduced cost

Consider MIP:

min{cx : Ax ≤ b, x ∈ B}

and reduced cost c̄

Fix non basic variables with c̄ > 0 to 0 iff:

LB + c̄j ≥ UB, ∀j ∈ B : xj = 0

Note:

• Only valid for true LB, i.e., take care in Branch-and-Price

algorithms

• Can be generalized to integer variables at their lower or upper

bound
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Upper bound heuristics

Why do we need good upper bounds?

• Prune nodes in Branch-And-Bound tree

• Reduced cost fixing of variables in LP
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Approaches

• Rounding

• Feasibility Pump (FP)

• Objective Feasibility Pump (OFP)

• Local Branching (LB)

• Relaxation Induced Neighborhood Search (RINS)

• Guided Dives (GD)
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Rounding

Simple approach

• Round fractional variables to nearest integer

• Check feasibility

Pros:

• Fast to compute

• Simple to implement

Cons:

• High probability for infeasibility
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Feasibility Pump (FP) – 1

See Bertacco et al. [3]

Outline:

• Solve LP relaxation of MIP

min{cx : Ax ≤ b, l ≤ x ≤ u}

• Round solution to x̃, stop if feasible

• Change objective function of LP to minimize on variable dis-

tance from integrality.

∆(x, x̃) =
∑

j∈I

|xj − x̃j|

• Minimize on integer variables by adding artificial variables d

to measure distance from upper bound u and lower bound l

• Solve sub-MIP

min ∆(x, x̃) =
∑

j∈I:x̃j=lj

(xj − lj) +
∑

j∈I:x̃j=uj

(uj − xj) +
∑

j∈I:lj<x̃j<uj

dj

s.t. Ax ≤ b

d ≥ x − x̃

d ≥ x̃ − x

l ≤ x ≤ u
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Feasibility Pump (FP) – 2

Notes:

• Can cycle between solutions, handled by restarting with ran-

dom perturbed solution

• A three step procedure:

1. Pumping rounds on binary variables only

2. Include integer variables

3. Process MIP

min{∆(x, x̃) : Ax ≤ b, l ≤ x ≤ u, xj ∈ Z∀j ∈ I}

Pros:

• Does not need an incumbent

Cons:

• Can be time consuming to solve sub-MIP

• Quality of integral solutions can be poor
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Objective Feasibility Pump (OFP)

See Achterberg and Berthold [1]

Extends previous method:

• Gradually reduces influence of original objective function

• Replace ∆(x, x̃) with

∆α(x, x̃) = (1 − α)∆(x, x̃) + α
||∆||

||c||
cx, 0 ≤ α ≤ 1

• Depending on step: ||∆|| =
√

|B| or ||∆|| =
√

|I|

• α decreased with a fixed factor in each iteration

Same notes pros/cons as before plus:

Pros:

• Generally finds higher quality solutions than normal Feasi-

bility Pump
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Local Branching (LB) – 1

See Fischetti and Lodi [5]

Solves a sub-MIP problem

• Improves on the current incumbent

• Considers Hamming distance from a subset of the binary

variable in the incumbent

H(x, x∗) =
∑

j∈B

|xj − x∗
j |

• Add constraint
∑

j∈B∩{x∗
j
=1}

(1 − xj) +
∑

j∈B∩{x∗
j
=0}

xj ≤ r

with radius r and optimize sub-MIP

• Can be extended to include integer variables

• Adding complementary constraint

H(x, x∗) ≥ r + 1

to LP avoids reexploitation of B
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Local Branching (LB) – 2

Pros:

• Despite the name ”Local Branching”, cuts

H(x, x∗) ≥ r + 1

are globally valid

Cons:

• Adding complementary constraints makes LP dense

• Needs incumbent to improve, i.e., only usable when new IP

solution is found in Branch-and-Bound tree

• Can be time consuming to solve sub-MIP
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Relaxation Induced Neighborhood
Search (RINS) – 1

See Danna et al. [4]

At a node of the Branch-and-Bound tree:

1. Fix variables that have same value as in incumbent

2. Set an objective cut-off based in incumbent value

3. Solve a sub-MIP

Notes:

• Sub-MIP can be large. Only explore part of tree

• RINS is run for each f >> 1 branch nodes

• Cutting planes from original LP can be exploited

• RINS can be regarded as a Large Neighborhood Search method
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Relaxation Induced Neighborhood
Search (RINS) – 2

Pros:

• Loose relaxations are guided by incumbent

• Poor quality incumbents are guided by LP relaxation

Cons:

• Can be time consuming to solve sub-MIPs

• Same RINS sub-MIPs can be constructed in different branch

nodes

• Sub-MIP can be identical to part of branch tree

• An incumbent solution is needed
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Guided Dives

See Danna et al. [4]

Does not solve sub-MIP problems.

• Modified tree traversal strategy

• Choose variable to branch on

• Choose which child node to explore - based on value of branch-

ing variable in incumbent

Pros:

• Easy to implement

• Surprisingly good results

Cons:

• Calculation of child node candidates before branching

• An incumbent solution is needed
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Test Results – 1

FP and OFP – MIBLIB 3.0
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Test Results – 2

RINS, LB, GD – includes job-shop scheduling, network flows

Best solution ratio:

• LB+RINS1 is LB used to improve RINS solution

• LB+RINS2 is LB used in RINS neighborhood
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Test Results – 3

Time to improved solution:
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Remarks

• RINS implemented in CPLEX

• Appears to be the best working approach overall

• Hybrid method between LB and RINS implies

• MIBLIB instance swath has value

471.03 – best known UB

1630.20 – by FP

1280.95 – by OFP

in neither case impressive
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