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Abstract
This document contains a short description of the solver CherryPicker for the Maximum Agreement
Forest (MAF) problem, submitted to the heuristic and lower-bound tracks of the PACE Challenge
2026. The heuristic solver combines a small set of standard reduction rules—singleton elimination,
common-cherry reduction, and a forced-pendant-cut rule—with an iterated local search (ILS). For
the lower-bound track, the solver uses a column generation method.
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1 Introduction and Overview

The Rooted Maximum Agreement Forest (MAF) problem for two binary trees is defined as
follows. The input is a pair of rooted trees (T0, T1) on the same set of n leaves with labels
{0, 1, . . . , n− 1}. The task is to find the minimum number of edges C ⊆ E(T0) ∪E(T1) such
that T0 − C and T1 − C are isomorphic, respecting the labels on leaves after contractions of
degree-two vertices. If T0−C and T1−C are isomorphic, we call the resulting object (T0−C

after degree-two contractions) an agreement forest. We refer to a not necessarily minimum
set C ⊆ E(T0) ∪ E(T1) as an edge cut. We say that an edge cut is valid if it produces an
agreement forest, and partial otherwise. We present algorithms that solve this problem
heuristically and with a lower-bound guarantee as a submission to the PACE Challenge
2026 [5]. The convention is to count the number of components in the output forest, that is,
|C|
2 + 1. The minimum such number is denoted as OPT. We define a cherry in a forest F as

a pair of leaves that share the same parent node in F . Given a pair of forests (F0, F1), we
say that a pair of distinct leaves a, b ∈ X is a conflicting cherry if it is a cherry in exactly one
of F0 or F1. We would like to point out, unlike many common approaches in the literature
that maintain an asymmetric (tree, forest) pair, a key feature of our algorithms is the full
symmetry of operations applied to the trees. As reflected in the definitions, we operate on
both T0 and T1 explicitly, allowing us to simultaneously consider conflicting cherries and
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Algorithm 1 Heuristic algorithm pseudocode.

Input: Trees T0, T1
Output: A valid edge cut C

1: C ← an initial solution obtained by starting with the partial edge cut ∅ and repeatedly
applying Repair() and Reductions().

2: C⋆ ← C

3: repeat
4: C ← Perturb(C)
5: while C is not a valid edge cut do
6: D ← Repair(C)
7: C ← Reductions(C ∪D)
8: end while
9: if |C| ≤ |C⋆| then

10: C⋆ ← C

11: end if
12: until a stop signal has been received
13: return C⋆

reductions on either side.

1.1 Heuristic Algorithm Overview
The heuristic algorithm runs an iterated local search (ILS) loop until it receives a stop signal.
Each subsequent iteration starts with a valid edge cut and tries to improve it with the
operations described in detail in the subsequent sections. Within one iteration, our solver
maintains a partial edge cut denoted by C ′ together with the corresponding pair of forests
(F0 := T0 − C ′, F1 := T1 − C ′). See Algorithm 1 for the pseudocode overview.

1. Perturbation (Section 2.1). A subset of edges from a valid edge cut is selected at the
start of each iteration to form an initial partial edge cut for the repair loop.

2. Repair (Section 2.2). Starting from an arbitrary partial edge cut, the solver greedily
finds a conflicting cherry and chooses which edges to cut next. This process repeats until
a valid edge cut is produced.

3. Reductions (Section 2.3). Whenever an edge is added to a partial edge cut, we
exhaustively apply a set of standard reduction rules [3, 7]: singleton elimination, common-
cherry reduction, and forced pendant cuts.

A candidate solution updates the incumbent best solution whenever it is no worse than
the current best. The initial valid edge cut is constructed by starting with C ′ = ∅ and
running repair/reduce until an agreement forest is reached.

A detailed description of the heuristic algorithm is given in Section 2.

1.2 Lower-Bound Algorithm Overview
The lower-bound track provides numbers a and b such that the task is to provide a solution
to MAF with at most ⌊a ·OPT + b⌋ components. The lower-bound algorithm can be seen as
an extension of our heuristic algorithm. The only difference is that before running the ILS
stage, we derive a lower-bound certificate k such that k ≤ OPT. Then we run the heuristic
local search algorithm described in Section 1.1 until it reaches a number of components
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at most ⌊a · k + b⌋. For the lower-bound certificate, we implement a solver based on the
branch-and-price algorithm by Frohn, Kelk, and Vychytilova [1]. We adapt the block-based
linear programming (LP) formulation by Olver, Schalekamp, Ster, Stougie, and Zuylen [4]
to rooted trees. A detailed description of the lower-bound certificate generation is given
in Section 3.

2 Heuristic Algorithm Description: Iterated Local Search

Here, we present a detailed description of the individual steps of our heuristic algorithm.
The initial solution is found by a repair/reductions loop starting with an empty partial edge
cut. See the pseudocode in Algorithm 1 for an overview.

2.1 Perturbation
Let C be a valid edge cut from the previous iteration. The solver draws, uniformly at random:

a tree index i ∈ {0, 1};
an integer count k ∈ [kmin, kmax];
a seed edge e ∈ C ∩ E(Ti).

It then chooses a discard set D ⊆ C ∩ E(Ti) by one of the following two strategies.
Close-neighborhood (default): up to k edges of C ∩ E(Ti) that are closest to e in Ti

(found by breadth-first search).
Uniform (small probability): each edge of C ∩ E(Ti) is discarded independently at
random with probability min{1, k

|C∩E(Ti)|}.
This step outputs a partial edge cut C ′ := (C \D) ∩ E(Ti).

2.2 Repair
The repair phase can be viewed as a randomized modification of the FPT algorithm of
Whidden, Beiko, and Zeh [7]. At each step, a single move is selected at random (with
configurable weights) and applied immediately.

Throughout the algorithm, we maintain an updated set of cherries for both F0 and F1;
see Section 4.1 for more details. First, the algorithm selects uniformly at random i ∈ {0, 1}.
Second, it picks an arbitrary cherry (a, c) from Fi. If a and c are connected in F1−i, we
proceed as follows. Let b1, . . . , bs be all the pendant subtrees on the ac-path in F1−i. We
select one of the following three moves with probabilities described below.

1. Cut a: cut the edge above a in both forests.
2. Cut c: cut the edge above c in both forests.
3. Cut the sibling path: cut the edges above b1, . . . , bs in F1−i.

If a and c are not connected in F1−i, we uniformly sample from the first two cases only.
The algorithm uses the following probabilities when move 3 is available. We choose move 3
with probability p(s), where p(2) = 3

5 , p(3) = 1
2 , p(4) = 1

3 , and p(s) = 1
5 for s ≥ 5 (we favor

small s). With the remaining probability, we choose move 1 or move 2 uniformly at random.

2.3 Reductions
Whenever edges are added to a partial edge cut, the following standard reduction rules [3, 7]
are applied exhaustively.

1. Contraction of degree-two vertices.
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2. Singleton reduction: If a leaf u is an isolated vertex (a singleton component) in Fi but
not in F1−i, then u must be separated in F1−i as well. We cut the parent edge of u in
F1−i.

3. Common-cherry reduction: If leaves a and b are siblings in both Fi and F1−i, the
two forests agree on this pair, so it can be contracted without any cut. We merge a and b

into a single leaf in both forests, adding no edge to C.
4. Forced pendant cut: Suppose leaves a and c are siblings in some forest Fi, while the

ac-path in F1−i contains exactly one pendant subtree rooted at b. Then we cut the edge
above b.

3 Lower-Bound Solver

We describe the LP formulation for the MAF problem [1, 4] in Section 3.1. In Section 3.2, we
list the improvements implemented to speed up solving the LP relaxation from Section 3.1.
As discussed in the introduction, we finish by running the heuristic algorithm described
in Section 2 to find a solution that satisfies the computed lower-bound threshold (or runs
indefinitely if it is unable to compute such a solution).

3.1 Linear Program Definition
We follow the notation given in [1]. Let X be the set of leaves. For Y ⊆ X, let Vi[Y ] denote
the internal (non-leaf) vertices of the induced subtree of Ti for i ∈ {0, 1}. Furthermore, let
V [Y ] = V0[Y ] ∪ V1[Y ]. Let Y be the (exponentially large) family of all sets of leaves that
induce a connected component in a valid agreement forest. This set-partitioning formulation
was shown in [4] to be a valid LP relaxation of the (integer) MAF problem. Consequently,
the optimal value of its LP relaxation is a lower bound for MAF.

The relaxed primal LP formulation is:

min
∑
Y ∈Y

aY

s.t.
∑
Y ∈Y
x∈Y

aY ≥ 1 ∀x ∈ X

∑
Y ∈Y

v∈V [Y ]

aY ≤ 1 ∀v ∈ V [X]

aY ≥ 0 ∀Y ∈ Y

Now, we describe the corresponding dual program, where αx is the coverage dual of leaf
x ∈ X and βv is the packing dual of internal node v:

max
∑
x∈X

αx −
∑

v∈V [X]

βv

s.t.
∑
x∈Y

αx −
∑

v∈V [Y ]

βv ≤ 1 ∀Y ∈ Y (1)

αx ≥ 0 ∀x ∈ X

βv ≥ 0 ∀v ∈ V [X]
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We solve this LP with the column generation (CG) method: rather than enumerating Y
explicitly, we maintain Y ′ ⊆ Y, which is initially the set of all single-leaf components. We
repeatedly solve the primal LP using the HiGHS solver [2] over a small subset of columns
Y ′ (not the whole Y) and then search for a dual constraint indexed by Y (see Equation (1))
that is violated for the current dual solution (α, β). Such a set Y corresponds to a primal
column (variable) of negative reduced cost, defined as rc(Y ) = 1−

∑
x∈Y αx +

∑
v∈V [Y ] βv.

We directly use an algorithm based on [1, Proposition 1] (the rWMAST dynamic program)
that finds Y minimizing rc(Y ) in time O(n2), and we add Y to the current Y ′. We call this
procedure pricing. We repeat until no dual constraint is violated, which means we have
found an optimal solution to the relaxed LP.

3.2 Stabilization and Convergence
We employ several techniques and heuristics to accelerate convergence:
1. Warm Starting: Before column generation, we run a short ILS phase and collect the

components present in a valid edge cut C. From C, we use components of T0−C ∼ T1−C

whose size is at most 10 and add them to the initial Y ′.
2. Wentges Smoothing [6]: We stabilize the pricing duals using a standard method

by Wentges [6]. That is, instead of pricing directly against the raw weights wi(u) at
iteration i (i.e., αx for a leaf x, or −βv for an internal node v), we price against smoothed
weights w′

i(u) obtained from the recurrence w′
i(u) = λ w′

i−1(u) + (1 − λ) wi(u), with
w′

0(u) := w0(u). Empirically, we set the initial smoothing weight to λ = 0.775 and decay
it by a factor of 0.85 every time smoothed pricing fails to find an improving column (in
which case we re-price once at the raw weights wi(u) before continuing).

3. Early CG Breaking: Recall that the input gives numbers a and b such that the task
is to provide a solution to MAF with at most ⌊a · OPT + b⌋ components. Suppose
that at some point the primal LP objective value is obj, and let κ be the result of (not
smoothed) pricing problem. Then, setting α′

x = αx

κ and β′
v = βv

κ is a valid solution to
the relaxed dual with objective value obj

κ . Let y denote the number of components in the
best solution found during the warm-start phase. If y ≤ ⌊a·obj

κ + b⌋, then y already meets
the lower-bound requirement and we terminate the column generation phase early.

4. Large Component Penalty: When rWMAST selects the columns to add to the LP after
the pricing phase, we use a scaled reduced cost defined by the formula rc′(Y ) = rc(Y )√

|V [Y ]|
.

This prioritizes columns that describe small subtrees.
5. Batched Column Management: We employ the following heuristics directly related

to column management:
a. At each iteration, we remove from Y ′ all columns with reduced cost higher than 0.4.
b. We add multiple columns in batches, all found by rWMAST, as follows: In the first

iteration, we add at most 10 columns and linearly increase the per-batch capacity
up to 400 columns by the tenth iteration, after which the capacity is kept constant.
When adding a batch of columns, we skip any candidate block that would reuse a leaf
or internal node already covered more than 8 times by blocks accepted earlier in the
same batch. This avoids adding near-duplicate overlapping columns and consequently
increases the diversity of the column pool added in one batch.

4 Practical Considerations

Here, we include separate issues that were useful in speeding up the performance of the
solver but were not essential to the general description of the algorithm.
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4.1 Iteration in Linear Time
The most important detail that allows the algorithm to traverse the search space sufficiently
fast is performing each perturbation/repair iteration in linear time with respect to the number
of leaves in the trees. The key observation is that whenever a cut, merge, or contraction is
performed, there are at most O(1) new candidates for reductions and, similarly, at most O(1)
new cherries introduced in the forests. We maintain a dynamic set of cherries and reduction
candidates throughout the algorithm so that each basic tree operation takes amortized
constant time.

4.2 Batched Iterations
The purpose of this part is to speed up computation in Section 2.1. Empirically, the best
results on the testing instances are achieved by discarding (kmin := 5)–(kmax := 50) edges
from the current valid edge cut. For larger instances, this is only a small fraction of the tree
size, and the algorithm wastes a lot of time on reapplying similar cuts (as C \ D is very
similar in many iterations when |C| ≫ |D|) in each iteration. For this reason, we introduce
batched iterations, which perform the repair phase (Section 2.2) several times on the same
partial edge cut obtained by one perturbation. Efficient rollback is possible as we maintain a
stack of the performed operations. Therefore, repeating m repairs on the forest obtained
by discarding k edges from a valid edge cut takes roughly O(n + m · k), compared to m full
perturbation/repair iterations, which run in time O(m · n). This approach slightly decreases
the number of perturbations considered within a fixed time limit, but it greatly increases the
chance of a successful repair that improves the current best solution. Empirically, we set the
batch size to m = 20.
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