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Genetic Programming (GP) can be used to evolve human-interpretable Behavior Tree controllers for real-
time strategy games. Current Behavior Trees-based GP approaches compute fitness only at the end of
each episode, which does not allow learning from finer-grained tactical decisions during gameplay. In this
work, we integrate tabular Q-learning within the BT controller to gate actions at terminal nodes based on
learned action-values, and collect additional rewards at each tick of the game that are used to augment
the final fitness signal. Since the Q-table is reset at the start of each episode, our approach allows the
learned information to affect fitness, while keeping the learned values from one generation separate from
subsequent generations (a form of Baldwinian learning). Applied to plain-terrain MicroRTS microman-
agement challenge (population of 100 BTs, 2000 generations, against a deterministic rush opponent), our
approach achieves a maximum fitness of 26.44 compared to GP’s max fitness of 22.0, a relative improve-
ment of 20.2%. Mean best-fitness was also increased by 17.8% compared to the GP-only baseline. These
results are reported from a single representative run per configuration; multi-seed replication is identified
as a priority for future work. The additional per-episode RL reward signal is strongly correlated with elite
fitness (r = 0.89), confirming that it provides informative guidance for the evaluation. Unit coordination
exhibited by the hybrid agents is also found to be more structured, with defined front-line and support roles.
The agent maintains its interpretable Behavior Tree structure.

Povzetek: Prispevek predstavlja hibridni pristop, ki združuje genetsko programiranje in Q-učenje za
evolucijo vedenjskih dreves v strateških igrah v realnem času, dosegajoč boljše rezultate pri ohranjanju
interpretabilnosti.

1 Introduction
Real-Time Strategy (RTS) games are a challenging do-
main for artificial intelligence research. Computer agents
must operate under severe time pressure, uncertainty, high-
dimensional state and action spaces and have to face in-
creasingly difficult adversaries. Having a suitable bench-
mark for the evaluation of single RTS game-playing AI
agents is crucial to compare the advances and performances
of different approaches. However, common benchmarks
such as a competitive multiplayer version of Starcraft2, are
very hard to replicate, due to their complexity and scale.
Commercial RTS games such as Warcraft III, Starcraft or
Age of Empires II are hard to scale down for empirical eval-
uations because the amount of knowledge required to make
them playable increases exponentially with the reduction
of their inherent complexity. The MicroRTS [21] game is
a downscaled RTS benchmark that was designed specifi-
cally to be easy to understand and to provide a fully cus-
tomizable base that researchers can use to implement, test
and compare their own approaches without having to invest
considerable amounts of resources, time and knowledge.

One of the established techniques to control agents in
such a simulation is through the use of Behavior Trees
(BTs) [5, 11]. These are trees which are made of several
decisions, which can be seen as nodes in a tree, and form
a hierarchical and also a modular control structure for the
agents, and which remain understandable even after the
learning phase. They can also be built manually but, as with
any other manual control technique, this could be very te-
dious if all that the agents need to do is to follow multi-unit
tactics for a particular game. One way of bypassing this
problem is by using a technique called Genetic Program-
ming (GP) to build or rather to ‘evolve’ the structure of the
BTs [15, 22]. Masek et al. [16] have shown that with suffi-
cient learning through population level selection over many
thousands of (simulated) matches, GP can be used to learn
emergent combat tactics for a game called MicroRTS.

It would appear that there is at least one remaining re-
striction on fitness assessment in GP-based BT evolution.
Current GP technology is typically able to only assess a
controller (BT) at the very end of a simulation episode of
play. The terminal evaluation criterion is generally either
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remaining hit points or the difference in damage between
the two teams. This sparse information is provided for the
evolutionary process only at the termination of the episode
of play, and none of the individual actions selected and ex-
ecuted within the episode have any direct impact on the ac-
tual fitness assigned to the overall BT. In other words, a BT
with locally poor action sequences may well be assigned a
moderate fitness value if its final score is still reasonably
high, and a BT with relatively few suboptimal choices may
be assigned a very low fitness value if it is defeated with
a significantly lower score than it had at some stage dur-
ing the episode of play. In summary, the current GP-based
approach is only able to proceed in a slow and information-
ally coarse fashion. It has a coarse information base which
fails to differentiate between very efficient winning strate-
gies and those that merely succeed due to the presence of
numerous suboptimal actions.
To alleviate the above issue, we develop a hybrid ap-

proach that incorporates GP-based BT evolution and uses
Q-learning as the fitness-shaping mechanism within an
episode. Instead of replacing the GP search, Q-learning is
employed only at the terminal nodes of the BTs during each
simulation episode. At the time that the BT selects an ac-
tion, the value of the corresponding Q-function for that ac-
tion will decide whether the action is actually executed by
the agent or not. The RL-gated execution yields a per-tick
qualitymetric of the selected actions, which is then summed
up to obtain a reward for the actions selected by the evolved
BT within the episode.
The Q-table is initialized at the start of each episode so

knowledge of the actions in a state is not retained between
episodes and cannot be used as a basis for behavioral trans-
mission. In this sense the system can be considered a com-
plete Baldwinian learning scenario. In this mode learning
within the lifetime of an agent can affect the detail or granu-
larity of themapping from fitness space to behavioral space;
that is, learning can increase the amount of information con-
tained in the fitness evaluation metric, but does not alter the
structure of the genotype.
The main contributions in the proposed approach are:

First, the within-episode reward signal serves to transform
the sparse, episodic feedback provided by the environment
into a gradient of the reward function that is much denser
over the space of search, thereby helping the GP to bet-
ter discriminate between high and low action values for
more similar BTs. Second, by punishing suboptimal action
choices at the time of choice rather than retrospectively, we
guide the evolutionary search toward promising action se-
quences that avoid unwanted behaviors such as excessive
stagnation or incoherent movements. Third, our learning
procedure is confined to the leaf nodes of the BT, which
means that the resulting controller still benefits from the
useful properties that BTs possess, specifically their hierar-
chical and human-readable structure that makes them prac-
tical to visually inspect and use in practice.
We investigate the behavior of our hybrid approach in

controlled combat scenarios that include diverse sets of

units, and the experimental results provide compelling evi-
dence that the use of GP+RL hybrid approach yields higher
peak fitness value and more clearly differentiated unit roles
than the pure GP approach for BTs. Thus, even a lim-
ited form of reinforcement learning that can be considered
within the episode as form of shallow shaping, seems to in-
crease the evolution speed of GP-evolved BTs without loss
of interpretability.
The remainder of this paper is organized as follows.

Section 2 reviews related work on GP-based BT evolu-
tion, reinforcement learning in RTS games, and hybrid
evolutionary-learning approaches. Section 3 describes the
hybrid framework, including the evolutionary setup, RL
module design, reward structure, and fitness evaluation pro-
cedure. Section 4 presents experimental results and analy-
sis. Section 5 concludes the paper and outlines directions
for future work.

2 Related work

Over the years, a large body of research has been carried out
at the intersection of evolutionary computation, reinforce-
ment learning and hierarchical decision-making, which is
directly applicable to the field of automated tactical be-
havior synthesis for real-time strategy games. This section
gives a brief introduction to the underlying components that
form the basis of our work, namely Behavior Trees, Genetic
Programming and Reinforcement Learning and finally ex-
plains in detail the motivation behind the hybrid approach
we present in this paper.
Real-time strategy games (RTS) have been a prominent

testbed for artificial intelligence (AI) research for many
years; requiring AI agents to operate under substantial
amounts of uncertainty, use a large action space and to con-
duct constant strategic analysis of an opponent [21, 29].
While deep reinforcement learning based systems such as
AlphaStar [27] and OpenAI Five [3] have been demon-
strated to have the ability to achieve a fully grandmaster
level of play in popular commercial RTS games, they tend
to be highly complex systems and their inner workings are
not always well understood. The systems are also highly
specialized, lacking the flexibility needed to be deployed in
many of the scenarios where tactical decision making from
an RTS would be useful. This motivated the creation of
the MicroRTS environment by Ontañón et al. [20]. It is
a small, fully observable environment that isolates tactical
aspects from strategic part of a game and focuses solely on
the tactical aspects. Over time, MicroRTS has been aug-
mented and modified to include features such as random
map scouting, different unit types and more, and is cur-
rently divided into three distinct micro-management sce-
narios (basic unit tracking, evolution of units and a hybrid
based control flow) [10].
Behavior Trees (BTs) are currently one of the popu-

lar methods to program the decision-making of artificial
agents, applied for robotics and in game AI [5, 11]. They
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offer advantages such as modularity, high reusability and
a clear, easily readable, hierarchical structure in contrast
to, for example, finite state machines, where reactive and
deliberative behaviors are not separated and analyzing, al-
tering and drawing conclusions about decision-making of
the agent is much simpler in Behavior Trees [4], an ad-
vantage that is also retained when an agent has to inter-
act with multiple other agents [8], a phenomenon which
was demonstrated with robot-based scenarios, while being
largely manually constructed by the knowledge engineers
based on their expertise on the subject and thus cannot scale
when the complexity of the scenarios increases. In this sec-
tion, we review recent research on Behavior Trees (BTs)
automatic generation, as observed in the corresponding lit-
erature.
Genetic Programming (GP) – formalized by Koza [15]

and later surveyed by Poli et al. [22] – provides a promis-
ing formalism for automated BT synthesis by modeling tree
structures as evolvable programs. Iovino et al. [12] demon-
strated that BT controllers for a robotic task can be obtained
in an adaptive manner using GP in the presence of uncer-
tainty. Styrud et al. [25] then synthesized BTs for robotic
assembly tasks using GP and task planning, demonstrat-
ing the merits of structural combinations of methods for in-
creasing the flexibility of the resulting evolved BTs in more
complex, sequential decision-making scenarios.
The most relevant work to ours has been done by Masek

et al. [16] where they apply GP-based BT evolution for tac-
tical combat scenarios in MicroRTS. In their method, they
evolve the structure of BTs with the help of a series of sim-
ulations. Their motivation for this method is the fact that
the evolution of BTs should allow for emergent behavior of
coordinated units without requiring explicit programming.
The fitness of individuals is evaluated solely based on the
terminal outcome signal which could be anything from the
hit points difference between armies to any other desired
metrics. Unfortunately, their fitness criteria are sparse and
are only provided at the end of a simulation episode which
makes it a very late and infrequent signal to the evolution-
ary search for the actions being performed in the midst of
the episode. Thus, a GP-based BT evolved with optimal
actions in between could potentially be provided with mod-
erate fitness due to the fact that the overall outcome of an
episode is usually adequate (even in the cases when both
armies are almost eliminated, the fitness of the losing army
would be smaller than that of the winner), therefore the GP
cannot determine if the strategy found for the current prob-
lem is effective or just lucky. The absence of this problem
has been addressed in our proposed method by introducing
the within-episode feedback signal.
Reinforcement learning is an alternative approach to

decision-making, where agents can learn an action policy
from experience in the environment. The most basic such
algorithm is known as tabular Q-learning [28]. It updates
the action-values in a table based on a temporal difference
between the current and next value, which is received as
feedback for the current decision at each step. Deep Q-

Networks (DQN) by Mnih et al. [18] showed that by apply-
ing RL to deep function approximators, agents can compete
with the human level of expert performance on various con-
trol tasks. Building upon this work, other algorithms for RL
in RTS have been implemented and successfully applied to
full RTS games via the Gym-µRTS environment [10].
Even with their recent advances, standalone Reinforce-

ment Learning (RL) agents for tactical game AI suffer from
two problems: 1. opaque learned behaviors (policies) are
difficult to understand, analyze, and reuse [11]; 2. policies
learned against a particular opposing agent policy will tend
to fit the particular pattern of the fixed opposing policy they
were trained against and so do not generalize well to new
opposing agent policies, new terrain layouts etc [24, 23].
While GP-evolved BTs offer a very different and poten-
tially more interpretable and more flexible approach to con-
trolling tactical game agents, it seems possible that combin-
ing an RL training stage with a BT evolved control structure
may be able to blend the benefits of each approach.
The incorporation of RL signals into a BT is not a new

topic in research. Dey and Child [7] proposed a frame-
work named QL-BT (Q-learning-Based BT) based on Q-
learning, which updates the action value functions for each
BT node at run-time. The simulation results demonstrated
that using RL to select which actions to be executed for each
node in BTs can facilitate the compositional behaviormodel
to make decisions adaptively and proved that the leaf-level
learning is feasible and effective. Iovino et al. [13] applied
the learned BT to collaborative multi-robot systems and
demonstrated the validity of the learned BT in the multi-
robot domain.
The combination of evolutionary search with within-

episode learning is part of the broader class of challenges in
evolution of learning, and is termed Baldwinian evolution
when lifetime adaptation of an individual to its environment
improves the fitness evaluation for the purpose of selection,
but without the evolved parameters being heritable [2, 9].
The reason for this distinction is that in order for the indi-
vidual to benefit from the evolved parameters in an evo-
lutionary search context, they would have to be inherited,
effectively replacing the learning process in the evolution-
ary context. Khadka and Tumer [14] have provided an ex-
ample in deep RL of how evolution of population diversity
and gradient based policy improvement can be beneficial,
when properly decoupled. A recent survey by Sigaud [24]
provides more details about hybrid evolutionary-RL ap-
proaches, and highlights that fitness-shaping (a method to
define a fitness function which captures the goals of an evo-
lutionary process in an efficient way, often by exploiting
the structure of the search space) is an especially promising
direction of research.
We use the theoretical framework of reward shaping that

the additional rewards (or bonuses) given at every time step
are designed to guide the policy search in desired ways and
lead tomore efficient exploration. Commonly referred to as
a sparse terminal reward augmented by intermediate bonus
rewards, this was shown by Ng et al. [19] that potential-
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based reward shaping leads to an optimal policy in the orig-
inal problem as long as a set of general conditions are sat-
isfied. Extensions of this result have since been reported
by Devlin and Kudenko [6] to the class of dynamic shap-
ing functions where the shaping rewards may change over
time. Based on these theoretical contributions, in our GP-
based framework, we augment the per-tick RL rewards with
an additional fitness term.
There is a clear research gap in the literature between

Evolutionary Computation of BT using GPs and within-
episode Reinforcement learning feedback. While several
GP-based approaches for synthesis of BTs are available
in the literature [16, 12], they all utilize only terminal fit-
ness, and the lack of gradient information prevents any
discrimination within the strategy at the level necessary
for the problem in question. Likewise, while several ap-
proaches for integrating learning and BTs for tactical ac-
tion games exist in the literature, e.g. [7], they all utilize
only action or observation reward, and the resulting control
decisions are only marginally improved. Finally, hybrid
evolutionary-reinforcement learning approaches, e.g. [14,
24] have shown that hybrid approaches may lead to higher
level of performances and more robust control policies, but
these approaches have not yet been adopted for the domain
of BTs evolution in tactical game domains. In our work,
we fill this crucial gap by employing Q-learning within the
framework of a GP-based BT evolution, in a Baldwinian
approach that shapes fitness values during the search, and
leads to the evolution of adaptive, interpretable and opti-
mized BTs for a tactical action game.

3 Methodology

3.1 Overview of the hybrid framework
In this section we describe the hybrid framework employ-
ing Genetic Programming (GP) and Reinforcement Learn-
ing (RL) for evolving interpretable yet adaptable decision-
making controllers for a tactical MicroRTS [20]. In this
scenario, we have a decoupling between two learning com-
ponents:

– the global evolutionary process carried out by the GP
for evolving the structure of the controllers over gen-
erations (Behavior Trees, BTs);

– the local Q-learning [28] carried out within each
gameplay episode to decide the actions of the nodes
in the BT (the terminal actions) based on the instanta-
neous rewards given by the game at each game tick.

While the pure RL approaches lack interpretability due
to the lack of transparency of the approximating func-
tions used, and the pure GP approaches lack efficient feed-
back for terminal fitness functions, the hybrid approach can
leverage the transparency provided by the BTs and at the
same time solve the lack of feedback efficiency observed
in previous works for the GP-based evolution of BTs [16].

Within each generation the evolutionary-learning loop is
as follows. A population of BTs is evaluated using simula-
tion, Q-learning updates are performed in parallel for each
episode, the combined fitness is calculated from the final
state and the sum of the RL-reward, and the next genera-
tion is evolved using a selection, crossover and mutation
strategy. Only the BTs are evolved, and the Q-tables are
reset between episodes, thus implying a Baldwinian learn-
ing model [2, 9], where the within-episode learning is for
the purpose of fitness evaluation and does not bypass the
evolutionary search for the optimal BTs, as the learnt infor-
mation is not inherited directly.

3.2 Evolutionary framework

The evolutionary component follows the standard Ge-
netic Programming approach [15, 22], where each indi-
vidual is represented by a Behavior Tree (BT). BTs con-
sist of two types of nodes: (i) control nodes (Selector,
Sequence), which comply with the standard BT traversal
rules [5]; (ii) terminal nodes (actions or conditions such as:
AttackClosestEnemy, MoveToClosestAllies, Idle,
CheckForEnemies) corresponding to low-level actions or
conditions that are performed by each unit.
Initial population is generated by using the ramped

half-and-half method [15] with full and grow initializa-
tion strategies alternated to balance the population with
respect to tree depth and diversity. Parents are selected
from the population by using stochastic universal sampling
(SUS), which is known to produce lower variance selection
pressure than the traditional fitness-proportionate roulette
wheel selection method, while preserving diversity [1].
Structural variations are introduced into the individuals by
using subtree crossover (SX) which swaps two randomly
selected subtrees from two parent BTs, and subtree muta-
tion (SM) which replaces a randomly selected subtree in a
parent BT with a newly generated random subtree. Elitism
is adopted to keep the top ⌊N ·re⌋ = 10 of best-fit individu-
als from the current population unchanged for the next gen-
eration, thus preventing the evolution from drifting away
from the best-found solutions. Evolution always runs for
the full G = 2,000 generations, as no early-termination
criterion was triggered in any of the reported experiments.

3.3 Reinforcement learning module

In order to include adaptive decision making in the simula-
tion, a tabular Q-learning process [28] is applied to each BT
controller throughout each episode. Within each game tick,
each unit extracts a compact state representation st from its
local tactical state, and uses the learned action-value func-
tion to decide whether to carry out BT-suggested terminal
actions.
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Figure 1: Overview of the hybrid GP–RL evolutionary loop. GP evolves BT structure across generations while Q-learning
shapes terminal-node execution within each episode. Q-tables are reset between episodes, implementing Baldwinian
adaptation.

3.3.1 State space

The state in the tabular Q-learning model for our policy is
denoted by the discretized tuple:

st =
(
bhp, benemy, binRange, ballyDist, bbase

)
(1)

The unit’s health point (HP) is discretized into 3 buck-
ets using the normalized ratio HP/HPmax: bhp ∈ {0, 1, 2}
where the thresholds are set to 0.33 and 0.66 corresponding
to low, medium and high health points respectively. The
enemy-related variables are discretized into binary vari-
ables, where the value benemy ∈ {0, 1} indicates whether
there is a closest enemy unit within the observable field of
the unit, and the value binRange ∈ {0, 1} indicates whether
this unit is within the attack range of the unit. The variable
ballyDist is discretized into 3 bins based on the Manhattan
distance. The value of ballyDist = 0 if d ≤ 2, ballyDist = 1
if 2 < d ≤ 5, and ballyDist = 2 otherwise. The value of
the variable bbase is bbase ∈ {0, 1} to indicate the existence
of a closest enemy base structure. We discretized the state
space into discrete states.

|S| = 3× 2× 2× 3× 2 = 72 (2)

The discrete number of states was chosen to keep the size of
the Q-table manageable, while at the same time preserving
the most critical information for each unit’s local context.

3.3.2 Action space

The RL action space is identical to the set of BT terminal-
node keys that are active during execution.

A = {ACE, ACB, MTCA, CFE, CFA, CFB, Idle} (3)

so that |A| = 7. Thus, the tabular action-value function
stores |S| × |A| = 72 × 7 = 504 state–action values. It is
important to note that the terminal nodes of the BT are of
two types: actuator terminals (which result in the issuance
of executable game commands {ACE, ACB, MTCA, Idle})
and condition terminals (which result in the evaluation of
some predicate and returning {CFE, CFA, CFB} a success or
failure flag without issuing any command). See Table 1 for

a detailed mapping of the action keys to the relevant BT
terminal semantics.

3.3.3 RL-gated action execution

In the BT traversal phase, the terminal action a∗ for the cur-
rent state st is nominated by the RL module, which refer-
ences the shared Q-table to decide whether to perform the
nominated action a∗ or not. qsel and qmax are respectively
calculated as:

qsel = Q(st, a
∗), qmax = max

a∈A
Q(st, a). (4)

θ is the dynamic execution threshold for action a∗, which
is set to:

θ = 0.78 · qmax, (5)

qmax with a hyperparameter of 0.78 determined exper-
imentally to obtain the optimal exploration space for BT-
nominated actions while keeping enough space for the evo-
lution search to search for other possible structures. In any
case, the nominated action a∗ will be performed uncondi-
tionally with exploration probability ε [26]. Otherwise the
action a∗ will only be performed when the value of qsel is:

qsel ≥ θ. (6)

This helps to explore the state and action space, which is
very limited in the early generations when the unit should
never be idle in a tactical sense at any time during the
episode. If the nominated action is cancelled and the unit
detects an enemy nearby, a fallback strategy will be per-
formed in a deterministic way; in case the enemy is within
attacking range, an attack command is sent to the unit, oth-
erwise the command move toward an ally is sent. The RL-
gated execution procedure is shown in Algorithm 1.
It should be noted that the deterministic fallback mech-

anism (lines 11–14 of Algorithm 1) is given priority over
ε-greedy exploration when the gated action fails and an en-
emy is detected. In other words, passive actions such as
Idle are suppressed in combat situations, regardless of the
outcome of the exploration mechanism. This ensures that
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Table 1: RL action keys and their corresponding BT terminal semantics.
Key Terminal Semantics Type

ACE Attack closest enemy unit (if present) Actuator
ACB Attack closest enemy base structure (if present) Actuator
MTCA Move toward closest allied unit Actuator
Idle Remain idle unless enemy within proximity threshold Actuator
CFE Condition: at least one enemy unit exists Condition
CFA Condition: allied unit within d ≤ 2 tiles Condition
CFB Condition: enemy base structure exists Condition

Algorithm 1 RL-gated execution of a BT-nominated termi-
nal action.
1: Input: current state st, BT-nominated terminal a∗, ex-

ploration rate ε
2: qsel ← Q(st, a

∗)
3: qmax ← maxa∈A Q(st, a)
4: θ ← 0.78 · qmax
5: explore←

(
rand() < ε

)
6: if explore or qsel ≥ θ then
7: status← Execute(a∗)
8: else
9: status← Failure
10: end if
11: if status = Failure and enemy detected then
12: afb ← ACE if enemy in range else MTCA
13: status← Execute(afb)
14: end if
15: Return status

all units are tactically engaged at all times. In other words,
the scope of exploration is restricted to non-passive actions
in combat situations, which is a desirable bias.

3.4 Reward function
Q-values were updated at every game tick using the stan-
dard TD(0) update rule [28, 26]:

Q(st−1, at−1)← Q(st−1, at−1)

+α
[
rt + γmax

a∈A
Q(st, a)−Q(st−1, at−1)

]
,

(7)

whereα is the learning rate and γ is the discount factor. The
per-tick reward rt is a composite signal combining rewards
for individual unit behavior and for teamwork, and was de-
signed in accordance with potential-based reward shaping
principles [19, 6] to encourage survival, damage per sec-
ond to the enemy team, and to promote spatial proximity
between the Heavy and Ranged units. The individual com-
ponents and their respective weights can be seen in Table 2.
The local damage and self-damage terms form the core

of the offense vs. defense trade-off. The team damage term
then adds a cooperative aspect by giving points to individ-
ual units for the damage their teammates deal. The cohe-
sion terms enforce that Heavy and Ranged units stay close

to each other and no explicit penalty is applied to penalize
the former if the latter goes too far ahead, thus preventing
the common abuse of shooting ahead of a defensive shield.
The idle penalty stops units from just standing around do-
ing nothing, and the time pressure term adds a mild global
pressure to keep the action moving. The per-tick rewards
are then accumulated over all ticks in the episode into a sin-
gle scalar totalReward, which is then used for the fitness
calculation, as will be detailed in the next subsection.

3.5 Fitness evaluation
The fitness of the BT individuals evaluated at the end of
each episode is obtained as theweighted sum of the terminal
condition and the sum of the RL rewards:

F = Fbase + λ · totalReward, (8)

The base fitness, Fbase, is a measure of the terminal condi-
tion of the combat:

Fbase = ∆HP +∆damage, (9)

where∆HP is the difference of the Blue/Red team hit points
at the end of the combat and ∆damage is the damage differ-
ential between the teams. The coefficient λ ≥ 0, set to
λ = 0.3 in our experiments and derived from a small sen-
sitivity analysis, determines the influence of the RL reward
signal; λ = 0 results in the pure GP algorithm of Masek et
al. [16] that we also have as a baseline, while the effect of
varying λ is discussed further in Section 4.

3.6 Simulation environment
All experiments were performed using the MicroRTS [20]
simulator. MicroRTS is a lightweight, open-source real-
time strategy (RTS) game simulator, providing full observ-
ability of the game state, deterministic behavior, and a large
library of scripted character behaviors. MicroRTS proves
to be a good testing ground for the evolutionary and hy-
brid approaches proposed in this paper, as they require a
tightly controlled environment for fair comparisons [10].
The duration of an evaluation episode is capped at 3,000
game ticks, and episodes are always terminated and fitness
computed after the earliest of these two events, regardless
of the outcome of the game.
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Table 2: Per-tick reward components and their contributions to rt.
Component Description Weight

Local Damage Damage inflicted on an enemy by this unit +1.000
Team Damage Damage inflicted on enemies by allied units +0.250
Self Damage Hit points lost by this unit in the current tick −1.000
Cohesion (Spacing) Reward when an ally is within 1–2 tiles +0.050
Cohesion (Formation) Reward when Ranged unit is positioned behind Heavy +0.050
Idle Penalty Penalty applied when unit is idle while enemies exist −0.050
Kill Bonus Bonus awarded when a nearby enemy unit is destroyed +0.500
Time Pressure Penalty proportional to active enemies remaining −0.0005

The primary scenario we have for testing is a plain ter-
rain map with no objects. For this scenario we control two
different types of units on the Blue team. The first is the
Heavy unit. A Heavy unit has high hit points and melee in
close range. It is our front line attack unit. The second is
the Ranged. A Ranged unit has low hit points and attacks
at range. It will act as our support unit. For the Red team
we have multiple Light enemy agents following a simple,
deterministic rush policy where at each tick they charge to-
ward the closest Blue team unit. The scripted enemy con-
tinuously applies pressure on the Blue team and requires
our Heavy and Ranged units to undertake complex micro-
management to stay alive. We chose a plain terrain for this
scenario so that we could isolate our decision-making ca-
pabilities from any path finding or terrain navigation issues
that may occur in more complex scenarios, thus allowing us
to more closely examine the Blue teams’ tactical decisions
and micromanagement required in order to protect them-
selves against the attacking Red team.

3.7 Parameter settings
The GP parameters were set based on the typical settings
found in the literature for tree-based GP such as in [15, 22].
The population size N was set to 100 and the maximum
tree depth dmax was set to 6, similar to that used by Masek
et al. [16]. The RL parameters were set to the default values
for tabular Q-learning as specified in [28, 26]. In this work,
the parameters of the RL component (α = 0.1, γ = 0.9,
ε = 0.1) were not modified in order to investigate the ef-
fects of GP+RL integration, rather than tuning the individ-
ual hyperparameters of the RL component. The weighting
factor λ was set to 0.3 after a preliminary sensitivity analy-
sis on λ ∈ {0, 0.1, 0.3, 0.5} that showed 0.3 to be the best
trade-off between the contribution of the base combat fit-
ness and the contribution of the RL reward. All the used
parameters are summarized in Table 3.

Table 3: Parameter settings for the GP evolutionary process
and RL module.
Parameter Symbol Value Component

Population size N 100 GP
Generations G 2000 GP
Crossover probability pc 0.6 GP
Mutation probability pm 0.4 GP
Elitism ratio re 0.1 GP
Maximum tree depth dmax 6 GP
Learning rate α 0.1 RL
Discount factor γ 0.9 RL
Exploration rate ε 0.1 RL
RL weighting factor λ 0.3 Fitness

4 Results and discussion

4.1 Experimental setup and evaluation
protocol

Experiments were conducted in the MicroRTS environ-
ment [20] on a plain, obstacle-freemap to isolate tactical as-
pects from path planning. The Blue team consisted of a Be-
havior Tree-controlled Heavy unit (high HP, melee) and a
Behavior Tree-controlled Ranged unit (lower HP, ranged),
requiring light micro-management between them. The Red
team comprises Light units that rush the nearest Blue unit
each tick, applying constant pressure and forcing Blue to
coordinate defense.
Each evaluation episode is limited to at most 3 000 game

ticks. Parameters for this experiment areN = 100 BTs and
G = 2000 generations. The two configurations to be com-
pared under the same conditions are labeled as: 1. GP-only
(λ = 0): in this case fitness is reduced to the base value
Fbase that is the terminal combat score. GP+RL hybrid
(λ = 0.3): where the Baldwinian learning scheme [2, 9]
is used with Q-learning as within-episode reward shaping,
and without Q-values being inherited from one generation
to the next. Fitness in both cases is the one defined by (8)
and (9) in Section 3.
We report results for a single representative run from

a set of initial training runs for each configuration, re-
serving multi-seed statistical replication for future work
as indicated below. We note that because our focus here
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Figure 2: Best-fitness trajectory per generation for the GP-
only baseline (λ = 0) and the GP+RL hybrid (λ = 0.3)
over 2 000 generations. The hybrid configuration sus-
tains improvement across a substantially longer evolution-
ary horizon, reaching a peak of 26.44 compared to 22.0 for
GP-only, consistent with the hypothesis that within-episode
reinforcement feedback densifies the fitness landscape and
supports continued structural exploration.

is on understanding qualitatively the effects of including
within-episode exploration through reinforcement learning
as a means of shaping the evolutionary search and associ-
ated behaviors, as opposed to achieving quantitative per-
formance guarantees on a defined metric, trajectory-level
analysis of a single run per configuration is sufficient and
aligns with our previous experiments [16]. These findings
should thus be viewed as heuristic and aimed at motivating
the direction of research explored here.

4.2 Evolutionary convergence dynamics
Figure 2 shows the best fitness of the elite BT over the 2 000
generations for both configurations. The GP-only baseline
quickly found a fitness of 19.0 at generation 2 due to basic
combat competencies, but was unable to show sustained di-
rectional progress in the remainder of the evolution period.
The best fitness achieved by the GP-only model was 22.0
at generation 1 444, and remained almost static for the sub-
sequent generations, where it only occasionally increased.
The lack of gradient information in sparse and delayed
fitness feedback, a known issue in standard GP [16, 22],
means that only minor differences in within-episode tacti-
cal performance between similar BTs are available to guide
the search. The fitness value of the GP-onlymodel at gener-
ation 2,000 was 20.0. What is interesting to note is that the
GP-only model never exceeded its peak fitness of 22.0 af-
ter generation 1,444, indicating that the potential of the GP-
only model was exhausted with 556 generations remaining.
This is a direct result of the sparse fitness gradient.
In contrast, the GP+RL hybrid exhibited a rather distinct

convergence behavior. It first reached a fitness of 19.0 at

generation 46, a bit later than for GP alone, due to the early-
game conservatism imposed by the uninitialized Q-values,
which initially contribute very little discriminative infor-
mation to the fitness function and thus cause the hybrid to
behave much like a noisier version of the pure GP algo-
rithm during the early episodes. As the Q-values start to
contain more knowledge about the environment and the GP
is evolving better structures for the BTs (which serve as a
better context for the RL gate), the per-tick reward signal
contained in the fitness function became more discriminat-
ing for the structures of the BTs that choose locally optimal
actions versus those that merely exploit a fluke leading to
the goal. This gradual increase in the complexity of the fit-
ness function due to the ongoing co-evolution of the GP and
the RL policy allows the hybrid to remain improving for
the full duration of the 2 000 generations. The hybrid even-
tually reached a peak fitness of 26.44 at generation 1 977
(20.2% more than the peak fitness of 22.0 — reached by
GP alone). The final fitness was 24.62.
Table 4 summarizes the two slopes explicitly as fit-

ness unit per generation for early and late phases. The
early phase (generations 1–50) fitness slope for GP-only is
0.0139, and for the hybrid approach is 0.0203: therefore the
hybrid model evolves faster during the first 50 generations
as its slope is higher and the starting point is lower. The GP-
only curve reaches very early the slope value close to zero
and enters in a long near-plateau period: on the other side,
the hybrid still benefits from the high performance of the
RL shaping input provided through the evolutionary pro-
cess, which we detail next.

4.3 Population-level diversity and stability

The mean best fitness of the GP+RL is, as expected, higher
than that of the GP-only run. We have a mean best-fitness
value of 23.52 for the GP+RL configuration, compared to
19.98 for the GP-only configuration. This corresponds to
an increase in mean best-fitness of approximately 17.8%.
Moreover, the rolling standard deviation of the best-fitness
trajectory (window size 20) — a measure of local volatil-
ity within each 20-generation window — was 0.0802 for
GP+RL compared to 0.0296 for GP-only. This larger lo-
cal variance signaled that the hybrid continues to discover
improved solutions throughout the run rather than stagnat-
ing. The validity of this claim is reinforced by the global
standard deviation of the best-fit trajectory, which was cal-
culated as 1.37 for the GP+RL algorithm in comparison
with the result obtained from the GP-only algorithm, which
was only 0.26. The variance was therefore 5.3× greater,
showing that the hybrid algorithm was consistently find-
ing better solutions across all 2,000 generations, as opposed
to converging quickly to a near-flat trajectory. Together,
both measures confirm that the RL-augmented fitness pro-
vides a landscape in which a broader variety of Behavior
Tree structures receive meaningfully different fitness val-
ues, rather than being clustered at the tail of the fitness dis-
tribution with almost identical values. This is consistent
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Figure 3: Mean population fitness with ± one standard
deviation over 2 000 generations. The GP+RL configura-
tion maintains a substantially higher mean population fit-
ness (18.33 versus 15.18 for GP-only). The shaded bands
represent ±1 standard deviation of the population fitness
at each generation, with GP+RL showing a wider spread
(mean per-generation std of 5.66 versus 4.62 for GP-only),
indicating that the RL-augmented fitness landscape sustains
a more diverse population throughout the evolutionary pro-
cess.

with findings on fitness-shaping in evolutionary computa-
tion [19, 24], where amoderately high density of fitness val-
ues at intermediate points tends to enhance the evolutionary
search process due to an increased exploration horizon.

4.4 Within-episode reinforcement signal
quality

Figure 4 illustrates the AvgRL and the weighted fitness con-
tribution λ ·AvgRL over the 2 000 generations of the hybrid
run. The AvgRL signal increased from a minimum value of
1.82 (generation 1) up to a global maximum value of 12.81
(generation 1 835) before converging to a value of 10.72 at
generation 2 000. Similarly, the weighted fitness contribu-
tion λ·AvgRL increased from 0.55 (generation 1) to a global
maximum value of 3.84 (generation 1 835) before converg-
ing to a value of 3.22 at generation 2 000. Therefore, it can
be concluded that the Q-learning module learned increas-
ingly better estimates of the action-values over time, due to
the fact that the GP evolves structurally superior BTs and,
therefore, better execution contexts for the RL gate.
These trends are strongly supported by the high corre-

lation between AvgRL and the best-fitness trajectory (r =
0.89), and moderately supported by the correlation with
mean population fitness (r = 0.58). It is likely that the
reason for the higher alignment to elite fitness as opposed
to average fitness is that the RL signal is used to mark and
reinforce successful BTs, rather than uniformly increasing
all fitnesses. This behavior is in line with the Baldwinian
form of evolutionary co-adaptation [9, 14], where improved
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Figure 4: Evolution of the per-episode reinforcement signal
in the GP+RL configuration over 2 000 generations. AvgRL
increases from 1.82 (generation 1) to a global maximum
value of 12.81 (generation 1 835) before settling on a fi-
nal value of 10.72 at generation 2 000. The weighted fit-
ness contribution λ · AvgRL follows the same pattern, rises
to a global peak of 3.84 (generation 1 835) and settling to
a final value of 3.22, confirming that the RL module pro-
vides a progressively more informative fitness-shaping sig-
nal throughout the evolutionary process.

BTs lead to more conducive RL environments, which in
turn produces more precise signals for evolution to act upon
in the search for subsequent improvements. At the behav-
ioral level, the increasing value of the RL signal is associ-
ated with the elimination of a number of unproductive fi-
nal actions (that were not strongly penalized in the original
learning session), including lingering and lack of body co-
ordination, which are replaced by more rewarding actions
such as infliction of damage and preservation of body cohe-
sion, in accordance with the design of the reward function
described in Section 3.

4.5 Effect of the reinforcement shaping
weight λ

The parameter λ controls the relative importance of the
within-episode RL reward in comparison to the overall fit-
ness score. Therefore, changing the value of λ affects the
relative emphasis on the terminal fight performance and
the behavioral quality in the objective function for evolu-
tion. We explored two configurations, λ = 0 (GP-only) and
λ = 0.3 (GP+RL hybrid). Figure 2 and Figure 3 revealed
that evolution was greatly altered by setting λ = 0.3 — a
relatively small adjustment to the fitness evaluation — in-
dicating the impact of using a regularizer on the behavioral
aspects of the genotypes: the evolution trajectory is greatly
modified, the fitness landscape is made smoother, geno-
types of diverse structures are maintained over the long-
term (i.e. across the 2 000 generations), and the final fitness
and mean best-fitness are strongly increased.
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The rest of the parameter space would have to be swept
with a different set of intermediate λ values in order to char-
acterize the full range of transitions and to potentially shed
light on the optimal point for a particular scenario. This
is considered one of the major avenues for future research,
in that it would allow for design of experiments that yield
intelligible results on how to configure λ in a new setting
without the need for experimentation. In the interim, we
hope that these initial experiments suffice to make clear that
the effects we are seeing are not merely trivial or artefac-
tual in nature. Rather, we believe that they provide a robust
and replicable demonstration of non-trivial impact for the
predicted effects across all metrics considered.

4.6 Quantitative performance summary
Table 4 summarizes statistics of the main quantitative re-
sults from both the two experiments that ran for 2 000 gen-
erations. Note that the GP-only run achieved a maximum
fitness of 22.0 at the generation 1 444 — a relatively late
stage of the evolution process — and only reached a final
fitness of 20.0, with amean best-fitness of 19.98 over all the
generations, along with a small standard deviation of 0.26
over the best-fitness evolution trace, indicating an almost
flat trace. The GP+RL run instead achieved a maximum
fitness of 26.44 at generation 1 977, a final fitness of 24.62,
amean best-fitness of 23.52 over all generations, and a stan-
dard deviation of 1.37 over the best-fitness trace. Thus the
inclusion of the within-episode reinforcement learning led
to an improvement in the maximum fitness of 20.2% and to
an improvement in the mean best-fitness of 17.8%.
To verify the comparability of the fitness scales in the

two settings, note that the population-average base com-
bat fitness, Fbase, at the GP+RL peak generation (1 977) is
14.63, while at the GP-only peak generation (1 444), the
base combat fitness is 13.94. This observation confirms
that the improvement in composite fitness has indeed re-
sulted in an improvement in the base combat fitness and that
this improvement has not been artificially induced through
the inflation of the fitness scores via the RL bonus term
λ · totalReward. Notably, this confirms that the fitness
gains originate from genuine combat improvements rather
than mere score inflation.

4.7 Behavioral analysis of emergent tactics
While our primary focus was on the quantitative assessment
of bot fitness, we noticed systematic differences in terms
of bot behavior when looking at the replay videos of the
simulationswe ran. It appears that there are distinct patterns
in theway that bots of different shapes behave, which points
to some very interesting implications of the way in which
individual bot learning behaviors get shaped by the reward
model.
In the GP-only scenario, units generally displayed poorly

coordinated and fragmented behavior (short bursts of at-
tacking versus idling etc. and with unclear role assign-

ments). In particular, the Heavy and Ranged units often
ended up at the same positions, thus wasting the Ranged
unit’s shooting advantages and regularly leaving it open to
the attack of the Heavy units. This occurred mainly be-
cause the rather rare fitness signal of the GP did not ad-
equately constrain such suboptimal actions: Although the
GP assesses BTs after every episode, the global fitness sig-
nal does not discriminate between individual decisions such
as staying still despite being attacked, or advancing while
there are still enemies within the reach of the Ranged unit,
etc.
Agents using the GP+RL approach behaved in more

structured and coherent ways when it comes to tactics. The
Heavy unit would always advance toward the enemy to ab-
sorb incoming damage and the Ranged unit would always
stay at a distance of 1-2 tiles from the enemy to constantly
shoot. The structure of the behavior is enforced by the
reward function (cohesion bonus and idle penalty) which
motivates units to stay close to each other (formation) and
heavily punishes inaction on a per-tick basis. The improve-
ment in the agent’s performance is then a matter of be-
havior that is more temporally coherent and more under-
standable in terms of strategy as opposed to simply win-
ning more fights. This result is consistent with other work
on our research line that explores the application of Rein-
forcement Learning to optimize the execution of BTs for
a Robot Arm [12, 13]. As in those other results, the hy-
brid system proposed here produces as output a valid BT,
maintaining full interpretability of the decisions taken by
the system. This is also a desirable feature, as it avoids us-
ing the BT as just a black-box function approximator, such
as what would happen if a technique like Deep Learning is
applied to BTs [5, 11, 24].

4.8 Discussion
In this section, we compare our results to the state-of-the-
art approaches summarized in Section 2, and analyze the
reasons behind the observed improvements.

Comparison to GP-only BT evolution. For a more di-
rect comparison, Masek et al. [16] have employed GP-
based BT evolution in the MicroRTS environment using
terminal fitness only. We compare our hybrid method
against GP-only (reproduced here) and see that it achieves
a peak fitness of 26.44 against 22.0 for the terminal-only
method, thus attaining a relative improvement of 20.2%.
This large difference in performance is due to the vastly
different fitness landscapes that the search processes have
to traverse. The terminal-only method cannot distinguish
between a very efficient BT and a not so efficient one, that
however wins the game by chance, due to suboptimal but
lucky intermediate actions. In contrast, the within-episode
RL rewards create a very dense and detailed fitness land-
scape. Thus, the evolutionary search is provided with a
much richer gradient than the search in the terminal-only
scenario, and it can take full advantage of the awarded re-
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Table 4: Summary of best-fitness dynamics over 2 000 generations for both experimental configurations, computed from
logged per-generation data.

Variant Peak Final Mean Std
Peak
Gen.

Avg. Fbase
at peak

Slope
(Gen. 1–50)

GP-only 22.00 20.00 19.98 0.26 1 444 13.94 +0.0139
GP+RL (λ = 0.3) 26.44 24.62 23.52 1.37 1 977 14.63 +0.0203

wards for damage and/or for keeping units together in order
to traverse the search space efficiently. Idle behavior, how-
ever, is strictly penalized.

Comparison to RL-integrated BT approaches. An ad-
ditional study [7] has integrated RL with BTs. However,
it does not include a Baldwinian separation between with-
inepisode learning and across-generation evolution. Dey
and Child [7] do not include any evolutionary structure
search within the BT structure; therefore the number of
possible BT structures is very large, but the Q-values are
updated at runtime using normal RL Q-value update rules.
This leads to a number of problems including the poten-
tial to by-pass the evolutionary process and lead to pre-
mature convergence as discussed in [14]. As previously
mentioned, the Q-table is reset to zero at the start of each
episode, therefore the within-episode learning will only
serve to produce a fitness-shaping signal which will be used
by the structural GP search within the evolutionary algo-
rithm. The GP-only approach stagnated after generation 1
444; however, the sustained improvement over the 2 000
generations in the hybrid approach clearly demonstrates the
Baldwinian decoupling [2, 9] between the within-episode
learning and the across-generation evolution.

Comparison to hybrid evolutionary-RL approaches.
The improvement of diversity and performance in contin-
uous control domains by combining evolution with pol-
icy gradient methods has been demonstrated in work by
Khadka and Tumer [14]. However, their approach targets
the evolution of neural network policies, in this way lack-
ing interpretability of the evolved controller. In our work
we follow this line of research also for the evolution of BT
controllers for tactical games. Here however as opposed
to large-scale deep RL domains like AlphaStar [27] that
achieve superior performance but are opaque, we can in-
spect, analyze, and even reuse the fully hierarchical and
human-readable BTs evolved for tactical games by our hy-
brid GP+RL approach.

Novelty of the proposed approach. While several works
have incorporated behavior trees (BTs) into game playing
AI using Genetic Programming (GP) to evolve the struc-
ture of the trees, and within-episode reinforcement learn-
ing (RL) to learn behaviors within an episode, and even
combined GP-based BT evolution with within-episode RL
before, within a Baldwinian fitness inheritance framework

suitable for tactical game AI, so far no work has com-
bined GP-based BT evolution with within-episode tabular
Q-learning in a Baldwinian framework for tactical game
AI. Here, three main aspects of novelty are presented:
(i) within-episode RL reward signals to densify the GP’s
sparse search space while not affecting the evolutionary
search process; (ii) strict Baldwinian fitness inheritance
separation by clearing the Q-tables at the start of each
episode to prevent Q-values to be inherited, while allow-
ing the GP search space to evolve in a structural way; (iii)
light-weight integration, which also proves to be effective,
with the search process maintaining full interpretability of
the evolved BTs, and achieving both quantitative and quali-
tative improvements over the baseline GP search for gener-
ating functional teams of units within episodes of a tactical
game, with the quantitative improvements being +20.2%
peak fitness and +17.8% mean best-fitness over the base-
line, and the qualitative improvements being more struc-
tured and coherent unit roles such as front-line Heavy units
and support Ranged units.

Limitations and threats to validity. Amain limitation of
the study presented in this paper is that in each experiment
a single run was performed for a given configuration. This
means that it is not possible to draw statistically reliable
conclusions from the results obtained. The results obtained
could only be confirmed by performing multi-seed replica-
tion (i.e., ten or more independent seeds for each configura-
tion). In addition, all experiments were performed using a
single plain-terrain and against a fixed, deterministic oppo-
nent (i.e., the rush opponent). In order to drawmore general
conclusions, it would be necessary to perform experiments
on other terrains, using different opponents, etc. Finally,
the effect of the RL weighting factor λ only was studied for
two values (i.e., 0 and 0.3). A more detailed study, i.e., a
systematic sweep of λ over a wider range of values (e.g., 0,
0.1, 0.2, 0.3, 0.5), would be necessary in order to identify
the value that leads to the best results. The main points de-
scribed above are addressed as priorities for future work in
Section 5.

5 Conclusion
In this work, we explored whether within-episode rein-
forcement learning could improve the evolution of Behav-
ior Trees via Genetic Programming for tactical decision-
making in real-time strategy games. Our motivation came
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from a key limitation identified in prior work [22, 16]:
standard evolutionary approaches lackwithin-episode feed-
back, making it impossible to distinguish between BTs that
execute optimal sequences and those that recover from poor
local choices.
To address this constraint, we proposed a hybrid ap-

proach in which tabular Q-learning [28] was used in con-
junction with the BT and gated the actions toward the termi-
nal nodes based on a learned action-value threshold and the
per-tick rewards that were aggregated to form the terminal
fitness score. In between the episodes, the Q-tables were
reset and thus within-episode adaptations were performed
in accordance with the Baldwinian learning strategy [2, 9],
in which the evolved BTs are exploited to enhance the fit-
ness evaluation, whereas the evolved action-values in the
Q-tables are not encoded as genotype variables, hence not
transmitted to the next generation. Overall, our hybrid ap-
proach maintains the full rigor of GP structural search, but
transforms the sparse and discrete episodic fitness evalua-
tions into a continuous dense gradient of per-tick evalua-
tions.
Our experiments in the MicroRTS environment [20]

show that the hybrid GP+RL approach consistently and sig-
nificantly outperforms the base GP method across all mea-
sures. While GP alone shows slow, steady improvement
over generations, the hybrid approach yields steeper fitness
gains. Importantly, the RL rewards are strongly correlated
with fitness, indicating that Q-learning provides meaning-
ful guidance rather than adding noise.
At the behavioral level, the GP+RL agents displayed

clear role differentiation: Heavy units charge forward to ab-
sorb damage while Ranged units maintain distance and fire
continuously. In contrast, GP-only control led to more er-
ratic behavior, with units switching unpredictably between
attacking and idling. Despite these gains, the hybrid ap-
proach retains full interpretability, producing output con-
trollers as Behavior Trees [5, 11]—a key advantage over
opaque models like deep neural networks.
The results of this study are constrained by a number

of limitations. First of all, our experiments give the re-
sults of a single run for each configuration, and we do not
have enough statistical evidence to turn the improvements
in peak fitness, mean fitness and convergence rates into
firm conclusions; we recommend that multi-seed replica-
tion with at least ten independent seeds for each configu-
ration be performed to validate the findings here reported
as strong indicative evidence. Secondly, the rush opponent
and plain terrain with no obstacles are deterministic and al-
low for the isolation of the strategic level in the simplest
possible way; we will be eager to explore the behavior of
the hybrid approach with more varied opponents and maps.
Finally, we did not investigate the sensitivity of the results
with respect to the values of evolutionary computation pa-
rameters (such as the RL weighting factor λ, the learning
rate α, the discount factor γ, and the exploration rate ε)
other thanλ = 0.3whichwas selected beforehand. The fact
that within-episode learning does not accelerate the compu-

tation of the evolutionary algorithm, in spite of making each
evaluation faster, is an additional observation worth men-
tioning: each generation is still computationally costly, be-
cause the update of the Q-table for the within-episode learn-
ing occurs at each game tick.
To address these limitations, future work will pursue

multi-seed replication across at least ten independent runs
per configuration to establish stronger statistical evidence.
We will also conduct a thorough sensitivity analysis on λ
and other RL parameters to better understand their influ-
ence on the trade-off between evolutionary and reward-
based mechanisms.
Beyond validation, we plan several extensions. We will

explore more complex MicroRTS scenarios, including var-
ied terrain features and diverse opponent behaviors, to as-
sess the generalizability of our hybrid approach. The cur-
rent tabular Q-learning will be replaced with more ex-
pressive function approximation methods, such as deep
Q-networks or actor-critic models [18, 17], to enhance
fitness-shaping while preserving the Baldwinian separation
between within-episode adaptation and across-generation
evolution. We will also introduce partial observability by
limiting units to local sight ranges, making the environment
more realistic. Finally, we will incorporate tree-size regu-
larization to mitigate bloat and maintain interpretability as
scenario complexity increases [22].

Data Availability

The MicroRTS simulator used in this study is open-
source and publicly available at https://github.com/
Farama-Foundation/MicroRTS. The source code of the
hybrid GP+RL framework, the evolved Behavior Trees,
and the per-generation logs underlying Figures 2–4 and Ta-
ble 4 are available from the corresponding author upon rea-
sonable request.
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