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Abstract
Branch-and-Bound (BB) is an exact method in integer pro-
gramming that recursively divides the search space into a
tree. During the resolution process, determining the next sub-
problem to explore within the tree—known as the search
strategy—is crucial. Hand-crafted heuristics are commonly
used, but none are effective over all problem classes. Recent
approaches utilizing neural networks claim to make more
intelligent decisions but are computationally expensive. In
this paper, we introduce GP2S (Genetic Programming for
Search Strategy), a novel machine learning approach that au-
tomatically generates a BB search strategy heuristic, aim-
ing to make intelligent decisions while being computation-
ally lightweight. We define a policy as a function that evalu-
ates the quality of a BB node by combining features from the
node and the problem; the search strategy policy is then de-
fined by a best-first search based on this node ranking. The
policy space is explored using a genetic programming al-
gorithm, and the policy that achieves the best performance
on a training set is selected. We compare our approach with
the standard method of the SCIP solver, a recent graph neu-
ral network-based method, and handcrafted heuristics. Our
first evaluation includes three types of primal hard problems,
tested on instances similar to the training set and on larger in-
stances. Our method is at most 2 percents slower than the best
baseline and consistently outperforms SCIP, achieving an av-
erage speedup of 11.3 percents. Additionally, GP2S is tested
on the MIPLIB 2017 dataset, generating multiple heuristics
from different subsets of instances. It exceeds SCIP’s aver-
age performance in 7 out of 10 cases across 15 times more
instances and under a time limit 15 times longer, with some
GP2S methods leading on most experiments in terms of the
number of feasible solutions or optimality gap.

1 Introduction
Mixed-integer linear programming (MILP) is crucial for
optimizing various sectors like transportation (Archetti,
Peirano, and Speranza 2022; Yang et al. 2016), produc-
tion (Tiwari et al. 2015), and e-health services (Rais and
Viana 2011), by minimizing or maximizing an objective
function under specific constraints. While exact algorithms
ensure optimal solutions and quantify proximity to the
optimum, they are computationally intensive. Branch-and-
Bound (B&B), the standard algorithm for solving discrete
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optimization problems, utilizes a ”divide and conquer” ap-
proach, partitioning the solution space and constructing a
tree where simpler subproblems are solved at deeper levels.

B&B has key components that guide decision-making:
cutting (adding constraints), branching (choosing variables
to split the search space), and searching (determining ex-
ploration order within the B&B tree). The solver aims to
quickly find high-quality solutions and prove optimality.
However, decision-making in B&B remains an open chal-
lenge, with no universal method effective across diverse in-
stances (Zarpellon et al. 2021; Parsonson, Laterre, and Bar-
rett 2023). The choice of search strategy (SS) (Ibaraki 1976;
Morrison et al. 2016)—the focus of this paper—impacts so-
lution updates and pruning efficiency, significantly affecting
overall execution time. Current methods rely on manually
crafted heuristics, which lack consistency across MILP in-
stances (Linderoth and Savelsbergh 1999). Recent research
has explored ML-based SS policies, often using neural net-
works to mimic oracle decisions (He, Daume III, and Eis-
ner 2014; Song et al. 2018; Yilmaz and Yorke-Smith 2021;
Labassi, Chételat, and Lodi 2022), but these approaches are
constrained by the oracle’s limitations and the computational
overhead of neural networks.

This paper introduces GP2S (Genetic Programming for
Search Strategy), a method designed to automatically gen-
erate a SS policy using genetic programming (GP), aiming
to be both lightweight and efficient. We define node scoring
functions based on operations applied to data related to the
node and the specific problem. A SS heuristic is then im-
plemented using a best-first search (BFS) approach, which
iteratively prioritizes nodes based on their scores. The space
of SS heuristics is explored through GP, with the quality of
each policy assessed on a training set. The method is pre-
sented in Section 4.

Our approach, integrated into the SCIP solver, is bench-
marked against SCIP’s native method, a recent a neu-
ral network-based imitation learning algorithm (Labassi,
Chételat, and Lodi 2022), and three state-of-the-art heuris-
tics. In the first phase, we evaluate performance on three
primal hard problem types: Fixed Charge Multicommod-
ity Network Flow (FCMCNF), Maximum Satisfiability
(MAXSAT), and Generalized Independent Set (GISP). Each
method is evaluated on instances comparable in size to the
training set as well as on larger instances. Our method
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achieves solving times within 2% of the best baseline for
each instance set. Compared to the SCIP, GP2S consis-
tently performs equally or better, with an average speedup
of 11.3%. In the second phase, we apply GP2S to MIPLIB
2017, training multiple GP-based SS heuristics on 50 in-
stances with a 10-second time limit. Seven out of ten heuris-
tics outperform SCIP at a 150-second time limit, with some
methods excelling in terms of the number of feasible solu-
tions or optimality gap across various instance sets and time
limits. Detailed experimental results are provided in Sec-
tion 5.

The contributions of this paper are as follows:

• Definition of a space of SS heuristics using a scoring
function that integrates node and problem data, includ-
ing existing handcrafted heuristics.

• Design of a GP algorithm to explore this space, aiming to
improve B&B performance on a training set of instances.

• When trained on a specific problem type, GP2S performs
within 2% of the best baseline and achieves an average
speedup of 11.3% over SCIP, even on larger instances
than those used for training.

• Evaluation on the MIPLIB 2017 instance set, contrast-
ing with the focus on synthetically generated problems
in most evaluations.

• On MIPLIB 2017, GP2S surpasses SCIP in 7 out of 10
cases on 15 times more instances than those used for
training, with a time limit 15 times longer, with some GP-
based methods excelling in terms of feasible solutions or
optimality gap on both reduced and full sets across dif-
ferent time limits.

2 Background

SS Policies in B&B A MILP can be formulated as
minx∈N0{cTx : Ax ≥ b}, where N0 = Zk × Rn−k,
A ∈ Rm×n, b ∈ Rm and c ∈ Rn are vectors of con-
stants. The B&B algorithm addresses this problem through
the following steps: (i) relaxation: solve the relaxed prob-
lem over x ∈ Ni (initially Ni = N0). Let xi = (xj

i )1≤j≤n

denote the optimal solution and zi represent the objective
value; (ii) feasibility check: if xi satisfies the integrality con-
straints, update the best objective value to z∗ = min(z∗, zi);
if xi does not meet the integrality constraints, zi serves as a
lower bound (LB); if zi exceeds z∗ (z∗ < zi), the prob-
lem is pruned; (iii) branching: if the problem is not pruned,
select a variable xj (for 1 ≤ j ≤ k) that fails to meet inte-
grality constraints; generate two subproblems: N j−

i = Ni,
xj ≤ ⌊xj

i ⌋ and N j+
i = Ni, xj ≥ ⌊xj

i ⌋ + 1; additionally,
denote di as the total number of times a variable has been se-
lected as a branching variable to define Ni, so dj+i = di + 1

and dj−i = di + 1; here, di represents the depth of the
node in the tree; (iv) exploration: continue by selecting a
new subproblem from the remaining unexplored domains
Ni and terminate once all subproblems are either explored
or pruned. The process of selecting the next node to explore

is known as the search strategy (SS). The efficiency of find-
ing the best-known solution z∗ is significantly impacted by
the sequence in which nodes are explored, with faster con-
vergence to high-quality solutions enhancing the effective-
ness of subsequent pruning. A SS policy can be character-
ized by two components. First, the node-comparing method
establishes a relationship (dominance or equivalence) be-
tween two nodes. Second, the node-selection method deter-
mines which node to explore, typically selecting the highest-
ranked node (defining a BFS) or through a more complex
paradigm. This structure is exemplified in SCIP (Bolusani
et al. 2024), which uses a similar decomposition.

GP Framework An evolutionary algorithm is a
population-based metaheuristic where a population of
individuals is evaluated and evolved using operators to
enhance their quality assessed via a fitness function. A
key feature of GP is that each individual is defined as
a computer program. When these individuals represent
heuristics, GP explores the heuristic space, thus classifying
it as a generative hyper-heuristic (Dokeroglu, Kucukyilmaz,
and Talbi 2024). An evolutionary algorithm, including
GP, follows a generic structure for defining and evolving
individuals within a population. After generating the initial
population, the population is refined through multiple
iterations, or generations, using three primary evolutionary
processes, typically in the following order: (i) selection,
which determines which individuals are chosen for the
next processes according to their fitness and how many
offspring each selected individual produces; (ii) crossover,
which combines two or more individuals to generate new
ones; and (iii) mutation, which modifies an individual. The
evolutionary process concludes based on criteria such as
the number of generations, elapsed time, or convergence
rate, after which the best individual(s) are returned. For a
more detailed understanding of evolutionary methods, refer
to (Talbi 2009). In GP, individuals are often structured as
trees, which simplifies the representation of mutations and
crossovers; the programs are reassembled recursively (Koza
1989). The individuals in this structure include two main
types of components: terminals, found at the leaves of
the tree and acting as the building blocks of the program,
and operators, located at non-leaf nodes, which perform
operations on one or more terminals depending on their
arity. Typically, all terminals are of the same type, and
operators produce results of the same type.

3 Related Work

Handcrafted SS Heuristics The literature on SS for B&B
includes various handcrafted heuristics employing different
methods for node comparison and selection (Lawler and
Wood 1966; Morrison et al. 2016; Tomazella and Nagano
2020). Typically, a node is evaluated based on features de-
rived from the relaxation of the problem, with node com-
parison involving these feature-based scores. A common ap-
proach is to prioritize nodes with the smallest LB zi, assum-
ing that if the relaxed problem yields a promising solution,
the original problem is likely to follow suit. An alternative
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method introduced by (Benichou et al. 1971) provides an
estimate of the objective function’s value. For a branching
variable xj , its fractional part is f j

i = xj
i − ⌊xj

i ⌋. The ob-
jective values of the related subdomains N j−

i and N j+
i are

denoted as zj−i and zj+i , respectively. Pseudocosts are com-
puted as P j−

i = (zj−i − zi)/f
j
i and P j+

i = (zj+i − zi)/(1−
f j
i ). The metric, known as the best estimate at node Ni, is

given by BEi = zi +
∑

1≤j≤k min(P j−
i f j

i , P
j+
i (1 − f j

i )).
For node selection, the best node is generally chosen from
a set of open nodes, with ranking determined by the node-
comparing method. The set of open nodes can include all
nodes for BFS, offspring nodes relative to the active node for
depth-first search (DFS), or siblings for breadth-first search,
with potential transitions from DFS to BFS upon reaching a
leaf node.

No single method dominates the others for node evalu-
ation or node selection. For example, BFS is theoretically
more efficient but can significantly increase the open node
list size, leading to scheduling and memory issues that slow
down the process. (Linderoth and Savelsbergh 1999) eval-
uated 13 handcrafted SS heuristics, integrating the node-
comparing and node-selection methods discussed. These
heuristics are highly interpretable and computationally effi-
cient but are manually constructed, indicating that automat-
ing their generation could potentially enhance performance.

ML for MILP Recent advancements have seen ML be-
ing increasingly applied to MILP, as summarized in several
surveys. (Lodi and Zarpellon 2017) reviews ML contribu-
tions to B&B SS policies, focusing on approaches using im-
itation learning and reinforcement learning. (Bengio, Lodi,
and Prouvost 2020) provides an in-depth survey on the in-
tersection of ML and combinatorial optimization, explor-
ing various integrations between the two fields and differ-
ent ML learning objectives. (Cappart et al. 2022) discusses
the applications of graph neural networks (GNN) to opti-
mization problems. Furthermore, (Scavuzzo et al. 2024) ex-
amines ML’s role in developing primal heuristics, branching
strategies, SS policies, cutting planes, and other solver con-
figurations.

Classification Method Applied to Node Selection The
node-comparing method can be framed as a classification
problem with three potential outcomes: one node dominat-
ing another, the other node dominating, or equivalence be-
tween the nodes. The decision should be made based on the
current state, which includes the compared nodes, the prob-
lem’s features, and the current progress of the B&B pro-
cess. Classification models are trained on previously solved
instances with the objective of identifying the dominant
node that leads to faster resolution, using imitation learn-
ing on an oracle that is presumed to be the perfect solver.
These methods are applied to obtain a fixed number of fea-
sible solutions before switching to a handcrafted method,
such as best-estimate BFS, to complete the resolution. (He,
Daume III, and Eisner 2014) introduced a selection method
and a pruning technique based on support vector machines
and the DAgger algorithm. (Yilmaz and Yorke-Smith 2021;
Song et al. 2018) trained a multilayer perceptron model

with the same feature as (He, Daume III, and Eisner 2014),
while (Labassi, Chételat, and Lodi 2022) employed a GNN.
Each of these methods has its specific characteristics, but
the GNN approach is generally more versatile, enabling it
to handle problems of different sizes. However, imitation
learning is confined to predefined methods within the solver.
Additionally, methods based on neural networks require sig-
nificant computational resources for each node comparison
and function as black boxes. Furthermore, these methods are
only applied during the initial stages of tree exploration, and
thus cannot be considered comprehensive SS policies.

GP Based on Node Scoring GP is also a branch of ML,
though it remains relatively unexplored in combination with
MILP; no works related to GP are reported in the following
surveys (Lodi and Zarpellon 2017; Bengio, Lodi, and Prou-
vost 2020; Cappart et al. 2022; Scavuzzo et al. 2024). How-
ever, there are preliminary works proposing the application
of GP for SS in B&B. In two papers (Kostikas and Fragakis
2004; Morikawa, Nagasawa, and Takahashi 2019), GP is
used to define a function that evaluates the quality of a node,
enabling the construction of a SS policy by iteratively se-
lecting the node with the highest quality. (Kostikas and Fra-
gakis 2004) introduced a two-phase B&B approach. The first
phase involves a traditional exploration of the search space,
followed by a second phase where a GP-based method is
employed to develop a new SS policy. The fitness function
for this GP approach is defined based on improvements in
integer infeasibilities during dives, according to the tree con-
structed in the first phase. (Morikawa, Nagasawa, and Taka-
hashi 2019) developed a GP scoring method using terminals
specific to job shop scheduling.

Positioning Our methodology leverages a generic hyper-
heuristic GP approach akin to (Kostikas and Fragakis 2004),
with key distinctions. Unlike their two-phase resolution pro-
cess tailored to individual instances, our GP build heuris-
tics that generalize effectively across diverse instance sets.
While their implementation in GLPK omits critical de-
tails—such as the initial SS, phase-transition criteria, and
GP configurations—we integrate our method with the mod-
ern SCIP solver and provide an open-source implementa-
tion. Experimentally, their approach shows limited perfor-
mance gains and is at least twice as slow as contemporary
state-of-the-art heuristics, highlighting the inefficiency of
two-phase strategies. Unlike the neural network-based ap-
proaches proposed by (Yilmaz and Yorke-Smith 2021; Song
et al. 2018; Labassi, Chételat, and Lodi 2022), our focus is
on constructing an SS policy that is both computationally
lightweight for node comparison and interpretable. Since
our heuristic space encompasses most handcrafted heuris-
tics, the goal is to develop a policy that is smarter than those
previously discovered. This approach is classified under
“Learning to configure algorithms” with a “multi-instance”
learning objective, as defined in (Bengio, Lodi, and Prouvost
2020).

4 GP-based Node Scoring Function
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We now introduce GP2S, an ML method that generate a
SS policy for B&B through GP. A policy is represented as
the scoring of a B&B node, coupled with a BFS approach
that always selects the node with the best score. The scor-
ing function has a tree structure, and we explore the space
of scoring functions using the GP method. Firstly, we delin-
eate the SS policy space, followed by an explanation of our
choices for the evolutionary algorithm tuning.

Definition of the SS Policy Space
We define the space of scoring functions using standard op-
erations on features derived from both the node and the
problem. The SS is then constructed by combining these
functions with a BFS-based node-selection method. Since
the scoring function is real-valued, we utilize terminals of
floating-point types and operators tailored for real number
operations, as summarized in Table 1. The operators are
selected as standard arithmetic functions over real num-
bers. To integrate our approach within the SCIP solver, we
employ real-type variables that are either node-specific or
model-specific—commonly used attributes for characteriz-
ing nodes and models. Node-related variables vary from
node to node, while model-related variables differ between
instances but remain constant within a single instance. Ad-
ditionally, we introduce the constant M , a sufficiently large
positive value. This allows for the definition of multiple lev-
els of scoring, particularly when the scoring function con-
sists of the sum of several components, each weighted by
different powers of M . For instance, the SS policy combin-
ing DFS with the lowest LB can be represented in this way:
depth is prioritized first, and in the case of a tie, the node
with the lowest LB is selected. The corresponding mini-
mization function is expressed as f(Ni) = zi − M × di.
This construction significantly expands the SS policy space
beyond manually defined heuristics. Given α as the num-
ber of 2-arity operators and β as the number of terminals,
β2r × α2r−1 perfect trees of size r can be generated. As
a numerical example, using the operators and terminals de-
tailed in Table 1, approximately 1011 different trees of depth
3 can be obtained.

OPERATORS
Sym Meaning

+
Add two in-
puts

− Substract
two inputs

× Multiply two
inputs

/

Divide with
protection: if
division by 0,
return 1

TERMINALS
Sym Name

Node-related
di Depth
BEi Best estimate
zi Lower bound

Model-related
z0 Dual bound at the root
m Number of constraints
n Number of variables

Constant
M Big positive constant

Table 1: Operators and terminals.

GP Framework
We base our GP approach on the framework outlined in
(Baeck, Fogel, and Michalewicz 2000), which includes pa-

rameters such as population size p, number of generations g,
and probabilities for crossover Pmate ∈ [0, 1] and mutation
Pmutate ∈ [0, 1]. The process begins with the creation of an
initial population of size p. Each generation starts with the
selection phase, where individuals are chosen (with possible
duplication) to maintain the population size. During the evo-
lution phase, individuals are paired for crossover with prob-
ability Pmate. Following crossover, mutation occurs where
each individual in the population has a probability of Pmutate
of undergoing mutation.

Fitness Function A crucial aspect of defining an evo-
lutionary algorithm is the characterization of an individ-
ual’s fitness, which signifies the desired traits and is refined
through the evolutionary process, serving as a discriminat-
ing factor during selection. In our case, we may aim to de-
fine an SS policy for either complete or incomplete instance
resolution (typically under a time limit), which leads to two
distinct methods for evaluating the policy’s performance on
an instance. For each performance measure defined on the
training set instances, the fitness function is based on the 1-
shifted geometric mean, a standard metric for assessing aver-
age performance on a benchmark (Achterberg 2007). For the
complete resolution objective, as examined in the first part of
the simulation, the focus is on solving instances as quickly
as possible, so solving time is used as the criterion. In the
case of incomplete resolution, explored in the second part of
the simulation, the performance of the best-found solution
(if any) is assessed using the optimality gap. This gap mea-
sures the relative difference between the best integer solution
and the lowest LB among unexplored nodes. The lowest LB
is defined as Best LB = mini,Ni unexplored(zi), and the gap is
calculated as Gap = |(z∗ − Best LB)/(min(z∗,Best LB))|.
If the optimal solution is found, then Gap = 0. By con-
vention, if no solution is found, the optimality gap is set to
1e + 20 (as returned by the SCIP solver). This fitness func-
tion is structured to first minimize the number of infeasible
solutions and then to speed up convergence toward a better
solution.

GP Population Initialization Initially, a population of p
individuals, represented as trees, is generated. The genera-
tion of an individual begins at the root node, whose nature
is determined by selecting uniformly at random from the set
of operators and terminals. If an operator is chosen, its child
nodes are generated, and the process continues. If a termi-
nal is selected, the branch is completed. Each branch is con-
strained to have a minimum depth of Dinit-min and a maxi-
mum depth of Dinit-max.

Selection For selection, we use a double tournament
method as defined in (Luke and Panait 2002), designed to
avoid convergence towards excessively deep trees. Deep
trees can incur higher costs during node score calculations
and are particularly prone to overfitting, whereas simpler
formulations tend to be more general. In the first tournament,
of size k, we randomly select k individuals from the GP pop-
ulation and retain the best one based on one of the previously
defined fitness criteria. After performing two fitness-based
tournaments, the two winning candidates proceed to a sec-
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Figure 1: Selection process based on double tournament: this
step is repeated p times to generate p offspring.

ond round, where the deciding factor is the total number of
nodes in the tree. for this second round, to favor the selec-
tion of smaller trees, the smaller tree has a probability Psize

2
of being selected, where Psize ∈ [1, 2]. An illustration of the
double tournament selection process is presented in Fig. 1.

Figure 2: Crossover and mutation processes: the whole pop-
ulation completes phase 1, then moves to phase 2.

Crossover and Mutation After the selection process
comes the crossover, then mutation. If a crossover operation
is performed for an individual (with probability Pmate), an-
other individual (typically the previous one in the selection
list) is chosen from the population. A one-point crossover
is then executed by selecting a node in each tree and swap-
ping the subtrees rooted at these nodes, thereby modifying
both offspring. If no crossover occurs, the individual remains
unchanged. Next, we perform the mutation process on the
modified population. With probability Pmutate (otherwise un-
changed with probability 1 − Pmutate), a uniform mutation
is applied: the new tree is defined with leaves bounded by
the limits Dmut-min and Dmut-max. A node is chosen randomly
such that the new tree grafts at this point, replacing the previ-

ous subtree. The crossover and mutation processes are sum-
marized in Fig. 2.

5 Experiments

Our experiments are conducted in two phases. In
the first phase, GP2S is evaluated on three synthetic
problem types, testing performance and generalizabil-
ity on instances similar in size to the training set and
larger instances. In the second phase, GP2S heuristics
are generated from a subset of MIPLIB 2017 instances
under a solving time limit and evaluated on the full
dataset with extended time limits. This phase examines
the heuristic’s generalization to a heterogeneous dataset
and efficiency within constrained time. All simulations
use the SCIP solver (Bolusani et al. 2024; Maher et al.
2016), with complete code available on the Git repository:
https://gitlab.com/uniluxembourg/snt/pcog/ultrabo/search-
strategy-generation-for-branch-and-bound-using-genetic-
programming.git. Detailed integration of our method into
SCIP is also provided within the framework.

As we are evaluating performance within SCIP, we use
the default SCIP SS policy as the primary baseline, mak-
ing no modifications to the solving core (denoted as SCIP in
the performance evaluation table). We further compare our
approach to several manually crafted heuristics. Specifically,
we include the method that ranks nodes by their LB in a BFS
(LB BFS), as well as the best estimate in BFS (BE BFS) and
DFS (BE DFS). Additionally, for the first part of the experi-
ment, we include a recent GNN-based SS method (Labassi,
Chételat, and Lodi 2022). The original GNN SS policy is
implemented in two phases: the trained GNN is used until
two solutions are found, after which the policy switches to
BE BFS. For comparison, we include this approach (GNN 2
dives), as well as the variant where the trained GNN-based
node-comparison method is applied throughout the entire
resolution process (GNN full). This method requires the
complete resolution of training instances so that the GNN
learns to replicate decisions leading to the best solutions.
However, because complete B&B resolution is not guaran-
teed for MIPLIB 2017 instances, this method is not included
in the comparisons for the second part of the experiment.

GP2S is a parametric approach that requires defining
evolutionary features. We have chosen classical parame-
ters that are widely used in the development of such meth-
ods (Ahvanooey 2019; Luke and Panait 2002; Duflo et al.
2019): the probabilities for crossover and mutation are set
to Pmate = 0.9 and Pmutate = 0.1; the depth of population
initialization is restricted by minimum and maximum limits
of Dinit-min = 1 and Dinit-max = 17; the depth of branches
generated during mutation is bounded by Dmut-min = 1 and
Dmut-max = 5; the parameter related to the selection of the
smallest tree size is set to Psize = 1.2. The parameters gov-
erning the number of individuals and generations are de-
tailed in each part of the experiment, as these factors greatly
influence the computational cost of the solution. To visually
compare the performance of each baseline across different
sets of instances and evaluation metrics, we color the text in
the performance table: green indicates the best results, red
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PROBLEM FCMCNF MAXSAT GISP
PARTITION TEST TRANSFER TEST TRANSFER TEST TRANSFER
BE DFS 2.9±1.5 17.4±1.9 5.2±1.9 9.6±1.9 3.4±1.5 34.3±1.7
BE BFS 3.0±1.5 18.6±1.9 6.3±1.8 12.6±1.8 2.7±1.6 26.2±1.7
LB BFS 3.0±1.5 20.0±2.0 4.6±1.8 10.2±2.1 2.9±1.6 25.6±1.5
GNN 2 dives 3.8±1.4 20.0±1.9 5.7±1.8 11.0±2.1 3.6±1.5 25.6±1.5
GNN full 4.0±1.6 27.3±2.4 4.9±1.9 10.5±2.3 3.5±1.6 31.3±1.5
SCIP 3.3±1.5 20.0±1.9 5.8±1.7 10.3±1.8 2.4±1.6 20.9±1.6
GP2S 3.0±1.5 17.7±1.9 4.5±1.8 8.9±2.1 2.4±1.6 20.9±1.6

Table 2: Solving time with standard deviation (1-shifted geometric mean and geometric standard deviation) for our proposal
and baselines on three problem types, for both training-similar (test) and larger instances (transfer).

marks results that are more than 40% worse than the opti-
mum, and a color gradient is applied for intermediate results.

Solving Time for Specific Types of Problem

Types of Problem Solved We benchmark our method
against the SS policy from (Labassi, Chételat, and Lodi
2022) using similar experimental settings, including prob-
lem types and instance sizes, that enable indirect compar-
isons with methods evaluated in their study (He, Daume III,
and Eisner 2014; Yilmaz and Yorke-Smith 2021; Song et al.
2018). We evaluate three challenging primal problem types,
each with 50 instances: a training set for development, a test
set with similar instances for effectiveness, and a transfer
set with larger instances for generalizability. The problem
types are: (i) FCMCNF (Hewitt, Nemhauser, and Savels-
bergh 2009), with n = 15 nodes for training and testing, and
n = 20 for transfer, with m = 1.5n commodities (Chmiela
et al. 2021); (ii) MAXSAT, with n ∈ [60, 70] for train-
ing and testing, and n ∈ [70, 80] for transfer (Béjar et al.
2009); (iii) GISP, with n ∈ [60, 70] for training and test-
ing, and n ∈ [80, 100] for transfer (Chmiela et al. 2021). All
problems are defined on Erdos-Rényi random graphs (Erdos
1961) with p = 0.3 for FCMCNF and p = 0.6 for MAXSAT
and GISP. Each instance is solved to optimality.

Hardware and GP2S Setup In the first phase, a neu-
ral network-based method is used as the baseline, requiring
GPU-equipped hardware. Each run, involving solving an in-
stance with a baseline SS policy, is executed on a node with
7 CPU cores, 192 GB of RAM, and an NVIDIA V100 GPU
with 16 GB of RAM.

For the GP2S setup, the method uses 50 individuals over
50 generations with a tournament size of k = 5. The fitness
function, as detailed in Section 4, evaluates the GP-based
SS policy using the geometric mean solving time across 50
training instances for each problem. GP convergence plots
and scoring functions are presented in Appendix B.

Evaluation and Discussion For each method, problem
type, and instance size, we record the solving times across
all instances. The average solving times, calculated using the
1-shifted geometric mean, are presented in Table 2.

Among the handcrafted heuristics, none demonstrate con-
sistent performance across all studied problem types. Each
heuristic tends to be relatively effective on two problems but

slower on the third. For the GNN-based methods, GNN 2
dives is preferable, as the GNN full approach can signifi-
cantly slow down solving times, particularly for the FCM-
CNF transfer instances. The GNN 2 dives method offers sta-
ble results for the transfer partition, avoiding extreme per-
formance deviations, making it a more reliable SS policy
compared to handcrafted heuristics. Similar results are ob-
served for SCIP, which achieves notably better performance
on GISP problems. Regarding our proposed method, GP2S,
the solving time is at most 2% slower than the best SS
baseline. It either surpasses or matches SCIP’s performance
across all categories, achieving an average speedup of 11.3%
across the six categories. Thus, GP2S outperforms all other
SS policies considered when trained on a specific problem
type. It is important to note that solving an instance takes
several seconds, making the total time for the GP algorithm
to develop a SS policy for one problem O(503) seconds,
which translates to several days of computation. This com-
putational effort is a one-time investment and is beneficial,
as it significantly accelerates resolution for problems of such
types compared to the other baselines. Furthermore, as our
simulation results show, GP2S can be trained on simpler
problems while maintaining high efficiency on more com-
plex ones.

Time-Limited Performance on MIPLIB2017

Partitions and Time Limits We conducted experiments
using the MIPLIB 2017 collection (Gleixner et al. 2021),
excluding instances unlikely to yield meaningful results un-
der time constraints. We removed instances tagged as fea-
sibility, numerics, infeasible, no solution, as well as those
with presolve times exceeding 300 seconds, those unsolved
within 600 seconds, or solved at the root, resulting in 758
instances. GP methods were trained with a 10-second solv-
ing time limit. To focus on informative cases, we selected a
subset of 166 instances where SCIP, in standalone mode, ex-
plores more than one node within 10 seconds. Experiments
were conducted with time limits ranging from 10 seconds to
150 seconds for both subsets.

Hardware and GP2S Setup The method in (Labassi,
Chételat, and Lodi 2022) is not considered in this phase, as it
requires a training set of pre-solved instances, which is not
available for all MIPLIB 2017 instances. A CPU-only ar-
chitecture is used, with a dedicated node featuring 28 cores
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REDUCED MIPLIB 2017: 166 instances ALL MIPLIB 2017: 758 instances
10 seconds 50 seconds 150 seconds 10 seconds 50 seconds 150 seconds

INF GAP INF GAP INF GAP INF GAP INF GAP INF GAP
BE BFS 34 0.72±4.0 33 0.62±3.5 26 0.45±3.8 455 2.08±5.8 289 0.75±4.4 249 0.69±4.4
BE DFS 34 0.75±4.1 28 0.44±3.9 21 0.33±4.5 391 1.06±4.5 297 0.77±4.4 240 0.72±4.5
LB BFS 51 1.26±4.4 30 0.39±4.1 30 0.4±4.0 398 1.03±4.3 298 0.74±4.4 304 1.14±4.8
SCIP 38 0.76±4.1 26 0.41±4.0 26 0.41±4.1 393 1.06±4.5 289 0.76±4.4 293 1.14±4.8
GP2S 2 35 0.73±4.0 27 0.42±3.9 26 0.34±4.3 454 2.08±5.8 297 0.75±4.4 254 0.66±3.9
GP2S 4 49 1.25±4.4 30 0.47±3.8 30 0.38±4.2 394 1.0±4.3 299 0.76±4.3 304 1.16±4.7
GP2S 6 34 0.71±4.1 27 0.44±3.9 25 0.36±4.2 392 1.04±4.5 297 0.77±4.3 253 0.67±3.9
GP2S 8 33 0.76±4.1 24 0.47±3.8 21 0.42±3.9 390 1.07±4.5 285 0.79±4.3 290 1.19±4.7
GP2S 10 37 0.73±4.1 28 0.44±3.9 24 0.35±4.3 395 1.03±4.4 298 0.77±4.4 249 0.67±4.0
GP2S 12 35 0.75±4.0 22 0.49±3.8 16 0.41±4.0 393 1.04±4.3 283 0.78±4.3 232 0.75±4.3
GP2S 14 36 0.76±4.1 29 0.48±3.8 29 0.5±3.7 392 1.05±4.4 297 0.8±4.3 251 0.75±4.4
GP2S 16 35 0.72±4.1 30 0.39±4.1 29 0.28±5.0 450 2.07±5.8 300 0.75±4.4 246 0.68±4.4
GP2S 18 36 0.77±4.1 25 0.48±3.8 24 0.39±4.2 394 1.07±4.5 362 1.48±5.1 296 1.18±4.7
GP2S 20 37 0.75±4.0 27 0.5±3.8 21 0.38±4.2 450 2.09±5.8 284 0.77±4.4 236 0.7±4.4

Table 3: Number of instances with no feasible solution (Inf) and geometric mean gap (Gap) for instances where all SS baselines
found a solution. GP-based functions are labeled as GP2S+seed. Results are shown for reduced and full MIPLIB 2017 sets at
time limits of 10, 50, and 150 seconds.

and 128 GB of RAM to solve instances using SS baseline
policies.

From the reduced set, we randomly select 50 instances
with a 10-second time limit for the GP process. To account
for the heterogeneity of MIPLIB 2017, we perform multiple
independent GP runs to vary the training set through dif-
ferent seeds. To manage computational demands, we set the
population size to 20, limit generations to 20, and use a fit-
ness tournament size of k = 3. The fitness function, detailed
in Section 4, uses the 1-shifted geometric mean gap (assign-
ing 1e+20 when no integer solution is found). The resulting
scoring functions are presented in Appendix C.

Evaluation and Discussion To assess solution quality, we
use two metrics: the number of instances with no feasible so-
lution (where z∗ = +∞) and the 1-shifted geometric mean
optimality gap for instances where all SS baselines found a
feasible solution. Results for 10 GP methods are presented
with time limits of {10, 50, 100} in Table 3.

No single method consistently outperforms all others
across both metrics for any given time limit. However, GP2S
surpasses SCIP in at least 7 out of 10 instances, both in terms
of infeasibility and optimality gap, for both the reduced and
full sets at a 150-second time limit. The handcrafted heuris-
tics generally perform well, with BE DFS showing partic-
ularly stable results, never performing worse than 32% rel-
ative to the best performance, making it the top method in
this regard. Some GP-based methods demonstrate remark-
able effectiveness: GP2S 12 has a number of unresolved in-
stances only 5% higher than the best-performing solution,
while GP2S 16, except for the entire MIPLIB at a 10-second
time limit, achieves an optimality gap within 1% of the best-
known solution; these methods are the best according to
these metrics. Given that GP-based SS policies are trained
on a small pool of diverse instances, their performance can
be highly variable. Yet, despite being automatically gener-
ated in just a few days of computation without any assump-
tions, and tested on 15 times more instances with a time limit

up to 15 times longer, they perform very well compared to
expert-engineered methods refined over years.

6 Conclusion and Perspectives

In this paper, we have examined the SS component in B&B,
a crucial factor affecting the solving time of MILP solvers.
We presented GP2S, a method that automatically generates a
heuristic from a training set, implemented in the open-source
solver SCIP. We trained GP2S on well-known synthetic
problem types and demonstrated its significant superiority
over the baselines, even when tested on instances larger than
those used in training. When applied to the MIPLIB 2017
collection, GP2S generated a variety of heuristics based on
different training instance pools. Generally, these heuristics
outperformed SCIP, with some methods surpassing all base-
line approaches. Given the complexity of generating a single
heuristic for all MILP problems—due to challenges such as
defining the training pool and achieving generalizability—a
promising direction for future work would be to define mul-
tiple problem subsets and generate a heuristic tailored to
each specific subset. Another significant highlighted of this
paper is the effective use of the GP paradigm to define fea-
tures within an MILP solver. While current trends in op-
timization often rely on neural networks, these approaches
have notable drawbacks, including their dependency on ora-
cles, their opaque ”black-box” nature, and their inconsistent
performance, which may arise from the expansive search
space and significant computational overhead. In contrast,
methods like ours, with their simpler and more constrained
search spaces, offer faster convergence to high-quality solu-
tions. Additionally, our approach is designed to be highly
efficient, imposing minimal additional cost on the overall
solving process. Future work could explore the application
of automatic heuristic search methods to other solver com-
ponents, such as branching strategies or cutting plane selec-
tion.
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Figure 3: 1-shifted geometric mean solving time over the training set of the best SS policy in the population across generations
for: (a) FCMCNF, (b) MAXSAT, and (c) GISP.

Problem GP function
FCMCNF BEi

di

MAXSAT m
BEi+M

GISP di

BEi
− di

Table 4: Scoring functions produced by GP from training
sets for three problem types.
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Appendices
A Hardware and Software Settings

We used SCIP 9.1 along with the DEAP 1.4.1 package as
the framework for implementing our GP algorithm. Addi-
tionally, we integrated the method from (Labassi, Chételat,
and Lodi 2022) as a baseline. For their method, we retained
all parameters used in the original paper. This baseline relies
on PyTorch, and we used PyTorch 2.4.0 for our implemen-
tation.

To specify the hardware setup used in each simulation
phase, we utilized the following:
• For the first phase, requiring GPU resources: 1 Xeon

Gold 6132 @ 2.6GHz [14c/140W], 2 Tesla V100 SXM2
16G.

• For the second phase, which only required CPU
resources: either 2 Xeon E5-2680v4 @ 2.4GHz

[14c/120W] or 2 Xeon Gold 6132 @ 2.6GHz
[14c/140W] nodes.

B GP Behavior for Specific Problem Types

We applied GP methods to the FCMCNF, MAXSAT, and
GISP problems. Due to the extensive runtime of each GP
method, we did not conduct robustness tests by repeatedly
running GP on the same problem. However, the SS policies
derived for each problem type can be considered effective, as
they demonstrate strong performance compared to the other
baselines.

In Fig. 3, we present convergence graphs showing the fit-
ness function (1-shifted geometric mean solving time) of the
best individual among the 50 considered for each genera-
tion. These graphs allow us to assess the convergence speed
of the method towards the optimal solution. Additionally,
in Table 4, we display the scoring function that performed
best on the training set for each problem studied. Notably,
as seen in Fig. 3(a), the best scoring method for FCMCNF
converges very quickly with little subsequent improvement.
This result is due to the final method representing a best esti-
mate BFS; the convergence is consistent, as seen in Table 2,
where this heuristic is the best-performing baseline. For the
other methods, the final function is slightly more complex
(using three terminals rather than two) and is found after a
greater number of generations. Interestingly, for MAXSAT
and GISP, the GP2S method prioritizes higher values of the
best estimate (since they are divisors in the formula).

C GP Scoring Functions for MIPLIB 2017

We now present the functions generated by GP across the
10 seeds in Table 5. It is important to note once again that the
set of instances has a significant impact on the convergence
of the GP method. We observe that, due to the increased
heterogeneity of the instances (including varying instance
sizes and problem types), the final scoring functions are con-
siderably more complex, incorporating a greater number of
problem-related variables.
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Seed GP Function
1 zi +

n
di−n

2 BEi + zi +m
4 zi

z0
+ n× di

6 (BEi + zi)× (BEi + zi)
8 z0×(M+M−zi)−BEi−di×zi
10 zi

m
di

12 zi
di×(n+BEi+di)

14 zi ×
di
zi

zi
× (BEi − n)

16 zi + zi
18 M − zi × di +BEi

20
n−m
M

BEi

Table 5: Functions generated by GP from training sets based
on MIPLIB 2017 instances.
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