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Abstract

Unlike traditional optimization algorithms focusing on find-
ing a single optimal solution, Quality-Diversity (QD) algo-
rithms illuminate a search space by finding high-performing
solutions that cover a specified behavior space. However,
tackling adversarial problems is more challenging due to the
behavioral interdependence between opposing sides. Most
applications of QD algorithms to these problems evolve only
one side, thus reducing illumination coverage. In this pa-
per, we propose a new QD algorithm, Generational Adversar-
ial MAP-Elites (GAME), which coevolves solutions by alter-
nating sides through a sequence of generations. Combining
GAME with vision embedding models enables the algorithm
to directly work from videos of behaviors instead of hand-
crafted descriptors. Some key findings are that (1) emerg-
ing evolutionary dynamics sometimes resemble an arms race,
(2) starting each generation from scratch increases open-
endedness, and (3) keeping neutral mutations preserves step-
ping stones that seem necessary to reach the highest perfor-
mance. In conclusion, the results demonstrate that GAME
can successfully illuminate an adversarial multi-agent game,
opening up interesting future directions in understanding the
emergence of open-ended coevolution.

Code and videos available at: https://github.
com/Timothee-ANNE/GAME

Introduction
Quality Diversity (QD) (Pugh et al., 2016) is a branch of
evolutionary algorithms that seeks to illuminate a problem,
i.e., discovering a diverse set of high-quality solutions that
maximize a fitness function while covering a behavior space.
It has demonstrated success across various domains, includ-
ing robotics (Cully et al., 2015), procedural content genera-
tion (Gravina et al., 2019), chemical synthesis (Jiang et al.,
2022), and aeronautics (Brevault and Balesdent, 2024).

One may wish to apply such methods to adversarial prob-
lems, which arise across many domains, for example, in mil-
itary conflicts (Schelling, 1980), economic regulation (Bald-
win et al., 2011), machine learning (Chakraborty et al.,
2018), and cybersecurity (Li et al., 2021).

Several such efforts have already been undertaken. For
instance, in the turn-based strategy card game, Hearth-
stone, Fontaine et al. (2019) illuminate the deck space,

while Fontaine et al. (2020) evolve a set of neural network
controllers with a fixed deck to find different strategies.
More recently, Samvelyan et al. (2024a) investigate strate-
gic weaknesses in a Deep Reinforcement Learning (DRL)
agent during a simulated football game, while Samvelyan
et al. (2024b) search for different safety-violating prompts
for a Large Language Model (LLM). A limitation of these
approaches is that they only optimize one side of the ad-
versarial problem. This is problematic, as adversarial sys-
tems often lead to an arms race (Dawkins and Krebs, 1979),
which requires improvements on both sides to emerge.

Optimizing both sides simultaneously to broaden the il-
lumination aligns with the artificial life challenge of fos-
tering open-ended evolution through adversarial coevolu-
tion (Bedau et al., 2000; Dorin and Stepney, 2024). Some
works explore this avenue: Costa et al. (2020) coevolve
Generative Adversarial Networks (GANs) using QD, lead-
ing to improved models; Wang et al. (2019, 2020) coevolve
bipedal walkers and their environments to foster open-ended
evolution, creating an automatic curriculum; and Dharna
et al. (2024) introduce a QD algorithm that generates Python
scripts to control both sides of a car chase game. However,
these works rely on problem-specific methods.

This paper introduces a new QD algorithm for adversar-
ial problems, which we call Generational Adversarial MAP-
Elites (GAME). Combined with a Vision Embedding Model
(VEM) such as CLIP (Radford et al., 2021), GAME can
work from videos of behaviors instead of requiring hand-
crafted behavior descriptors. GAME handles the embed-
ding space’s high dimensionality by using growing unstruc-
tured archives (Vassiliades et al., 2017). To evaluate the ap-
proach, we apply it to a multi-agent adversarial game and
show through ablation studies that it effectively illuminates
the space of strategies. The paper’s main contributions are:

• a new adversarial coevolution QD algorithm, GAME;
• the use of a VEM as the behavior space in a MAP-Elites

algorithm with a growing archive;
• an empirical evaluation of GAME on a multi-agent adver-

sarial game, including comparisons with ablations.

https://github.com/Timothee-ANNE/GAME
https://github.com/Timothee-ANNE/GAME
https://arxiv.org/abs/2505.06617v1


(b) Move through swarm: Red fitness 46% vs Blue fitness 61%

(a) Spread: Red fitness 37% vs Blue fitness 24% 

(c) Mutual annihilation: Red fitness 100% vs Blue fitness 92%

(d) Defensive shield: Red fitness 30% vs Blue fitness 100%

(f) Hide in the corner: Red fitness 1% vs Blue fitness 14%

(e) Keep position:  Red fitness 0% vs Blue fitness 0% 

(g) Spread and attack: Red fitness 100% vs Blue fitness 13% 

(h) Send Grenadiers: Red fitness 63% vs Blue fitness 4%

Figure 1: GAME’s illumination of a multi-agent adversarial game. The point cloud is a 2D PCA projection (22% and
12% explained variance) of the intergenerational tournament between elites found for one run of GAME across 20 generations
with 100 000 evaluations per generation. We display timed snapshots of eight duels exhibiting different behaviors. We also
indicate the fitness of both sides, represented as the percentage of depleted health of the opposing side. Videos of these duels
and supplementary data are available in the repository https://github.com/Timothee-ANNE/GAME .

Related-work
Artificial Life, Open-endedness, and Coevolution
GAME aims to create an open-ended adversarial coevolu-
tion of solutions that broaden illumination. Creating an
open-ended artificial environment that continually presents
new, interesting challenges, and in turn, fosters the evolution
of novel and meaningful solutions to those challenges is one
of the main quests in the artificial life community (Bedau
et al., 2000; Dorin and Stepney, 2024).

A way to move toward open-endedness is through coevo-
lution in an arms race dynamic (Dawkins and Krebs, 1979).
A key difficulty lies in finding a balance that avoids the
collapse of one side or the emergence of a stable equilib-
rium where both sides cease to innovate (Ficici and Pollack,
1998). Moran and Pollack (2019) demonstrate that a blend
of cooperation and competition can lead to greater complex-
ity growth. Similarly, Harrington and Pollack (2019) show
that greater policy evolvability supports a longer-lasting
arms race and increased complexity.

A form of non-strictly adversarial problems is the coevo-
lution of an environment and the agent interacting with it.
The objective is for the environment to evolve in a way that
presents new challenges that are neither too easy nor too dif-
ficult, effectively creating a curriculum for the agent by of-
fering a sequence of meaningful stepping stones. Brant and
Stanley (2017) coevolve mazes and maze-solving agents us-
ing minimal criterion coevolution, i.e., any agent that solves
a maze and any maze that is solved at least once can re-
produce. Their approach demonstrates that no handcrafted
fitness function or behavior descriptor is required.

Building on this idea, POET (Wang et al., 2019) gener-
ates an open-ended sequence of environments for training
bipedal walkers. It maintains a population of active envi-

ronment–controller pairs. New environments are generated
from recently active ones that have shown sufficient progress
where the task is neither easy nor difficult for the associated
controller. Each controller is independently optimized using
an evolutionary strategy. POET also facilitates transfer be-
tween pairs, attempting to apply controllers trained in one
environment to others. A key insight is that some resulting
controllers could not be obtained through direct optimiza-
tion on the final environment, suggesting that POET enables
the discovery of critical stepping stones.

Enhanced-POET (Wang et al., 2020) introduces a new
measure of novelty for environments, called Performance of
All Transferred Agents – Environment Comparison (PATA-
EC). This metric requires only fitness scores, eliminating the
need for handcrafted behavior descriptors. It is based on a
round-robin tournament of agents, comparing their perfor-
mance rankings across environments. The underlying idea
is that a novel environment should yield a different ranking.

In contrast to those works, GAME is not designed for
the particular problem of evolving controllers and environ-
ments, but applies to any adversarial problem.

Self-Play
Self-play is a closely related field, which creates a learn-
ing curriculum by making the agent play against itself or an
earlier version of itself. Alpha-Star (Vinyals et al., 2019)
achieves grandmaster level in the Real-Time Strategy (RTS)
player-versus-player game StarCraft 2. It uses a league of
agents that serve as training opponents for the main agents.
Using a league prevents strategy collapse, improves robust-
ness, and helps avoid local minima and forgetting.

Baker et al. (2019) propose an RL framework for ad-
versarial self-play in a 3D multi-agent hide-and-seek game.
They revealed how it allowed the emergence of six strategy

https://github.com/Timothee-ANNE/GAME


phases as both sides found new ways to counter the other’s
high-performing behaviors. The goal of self-play is, how-
ever, the learning of one robust and high-performing policy,
not the illumination of all possible strategies.

Quality-Diversity for adversarial problems
Two popular QD algorithms are Novelty Search with Lo-
cal Competition (NSLC) (Lehman and Stanley, 2011) and
Multidimensional Archive of Phenotypic Elites (MAP-
Elites) (Mouret and Clune, 2015). MAP-Elites works
by constructing an archive of high-performing solutions,
known as elites, which are organized into different cells that
discretize the behavior space. MAP-Elites generates a new
candidate solution at each iteration using evolutionary vari-
ation operators, evaluates it, and if it either exhibits a novel
behavior (i.e., fills a previously empty behavior cell) or has a
greater fitness than the current elite in its corresponding cell,
it becomes the elite of that cell.

Multi-Task MAP-Elites (MT-ME) (Mouret and Maguire,
2020) is a variant of MAP-Elites that addresses multi-task
problems, i.e., the simultaneous optimization of multiple
fitness functions. The idea is that solving these tasks si-
multaneously can improve sampling efficiency, as related
tasks may share similar solutions. Building on this, Multi-
task Multi-behavior MAP-Elites (MTMB-ME) (Anne and
Mouret, 2023) extends MT-ME by evolving diverse high-
performing solutions for each task, rather than just a sin-
gle solution. In this paper, GAME uses MTMB-ME at each
generation to evolve solutions that compete against a set of
solutions from previous generations (i.e., the tasks).

QD algorithms have been used to illuminate adversar-
ial problems. For example, Fontaine et al. (2019) propose
MAP-Elites with sliding boundaries to build different decks
in Hearthstone, using as opponents first a fixed set of decks
and then the best decks found in the first phase to explore the
possible counters. Using the six best found decks as oppo-
nents, Fontaine et al. (2020) use Covariance Matrix Adap-
tation MAP-Elites to evolve a diverse set of neural network
controllers and find different strategies when playing with
one deck. Steckel and Schrum (2021) use MAP-Elites to il-
luminate the space for generated levels by different GANs
in the Lone Runner game. Wan et al. (2024) apply QD
principles to adversarial imitation learning to train agents
on several behaviors simultaneously and show that it can
potentially improve any inverse RL method. Samvelyan
et al. (2024a) apply MAP-Elites to explore adversarial sce-
narios for a pre-trained DRL agent in a multi-agent game
environment (Google Research Football), uncovering strate-
gic weaknesses in the agent’s behavior. Samvelyan et al.
(2024b) use MT-ME to find a set of diverse adversarial
safety attacks on an LLM, using an LLM for the variation
operator and for evaluating the fitness of the attack. These
methods only consider optimizing one side of the adversarial
problem, significantly limiting the illumination.

Few QD methods currently try to coevolve both sides.
Costa et al. (2020) use NSLC to coevolve GANs (i.e., the
generators and descriptors), showing that it improves di-
versity and discovers better models. Closer to our work,
Dharna et al. (2024) propose a self-play QD algorithm to
coevolve adversarial controllers as Python code for an asym-
metric adversarial game between pursuer and evader agents.
They also use the embedding space of a foundation model
for diversity, but use an LLM’s embedding space from the
Python controller script, which relates to genotypic diver-
sity, not behavioral, as in this paper. Their work also uses
an unstructured archive to handle the high-dimensional em-
bedding space. However, they employ an NSLC-type un-
structured archive to define novelty, which requires a more
problem-specific tuning of the novelty threshold parameter
compared to the growing archives used in GAME.

Using a VEM for behavior space

One limitation of MAP-Elites is the need to define a behav-
ior space to determine what is different. Automated Search
for Artificial Life (ASAL) (Kumar et al., 2024) have shown
that a VEM, such as CLIP (Radford et al., 2021), can be used
to explore the space of artificial life substrates. Inspired by
them, we propose, to our knowledge, the first use of a VEM
as a behavior space for a MAP-Elites algorithm.

One difficulty with such a space is its high dimensionality
(e.g., 2 560 dimensions in this paper). The original MAP-
Elites uses a grid to divide the behavior space, which is not
scalable to high dimensions (as the number of cells grows
exponentially with the dimensions). One solution is using
Centroidal Voronoi Tessellations (CVT) (Vassiliades et al.,
2016) to divide the behavior space uniformly. However,
in very high-dimensional spaces, one cannot easily predict
which proportion of the space will be covered by the studied
system, making it difficult to tune the selection pressure. If
too many cells are available to fill, the pressure will be too
low, reducing quality, and if there are not enough cells, the
pressure will be too high, reducing diversity. One solution
is to learn a low-dimensional representation using an auto-
encoder (Cully, 2019), which requires extra computation.

Our intuition is that we can grow the archive to cover the
relevant part of the behavior space instead of defining it be-
forehand. This is similar to how NSLC defines novelty with
a growing archive of solutions. This is called an unstructured
archive (Vassiliades et al., 2017). Unlike NSLC, which uses
a distance parameter threshold to determine that a new so-
lution should be added to the archive, unstructured archives
have a predefined maximal number of cells and only update
the position and boundaries of those cells. This can be done
by updating the centroids of CVT when the replacement of
an old centroid by a new one would increase the minimal
distance between all centroids, thus growing the archive.
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Figure 2: GAME is an adversarial coevolution QD algorithm that iterates the illumination of one side of an adversarial problem
using MTMB-ME (Anne and Mouret, 2023), switching sides at each generation to promote an arms race dynamics that expands
the illumination. One key feature of GAME is the ability to use a VEM as a behavior space.

Generational Adversarial MAP-Elites
GAME is a QD algorithm that aims to illuminate both sides
(Blue and Red) of an adversarial problem using coevolution
to nurture an open-ended discovery of solutions (Fig. 2). It
is divided into two levels: (1) Intergenerational illumination
of solutions, switching from one side to the other at each
generation, Alg. 1 (a, f, and g); and (2) Intragenerational
execution of MTMB-ME at each generation, using one side
as tasks and the other as solutions, Alg. 2 (b, c, d, and e).

It proceeds as follows (the paper’s values in parentheses):
(a) randomly sample Ntask (100) Blue solutions as tasks;

For Ngen (20) generations:
(b) initialize a multi-task multi-behavior growing archive

with Ncells (25) for each task;
For Nbudget (100 000) evaluations:

(c) pick a task at random and use a variation operator
on randomly picked elites from the whole archive
to generate a candidate solution s;

(d) evaluate s against the task, collect the video and
fitness f , subsample the video (five uniformly
spaced frames) to get frames, get the embedding
(512D) from each using a VEM (CLIP), and con-
catenate to get the behavior descriptor b (2 560D);

(e) update task’s archive (Alg. 3): (1) if the new be-
havior b is farther from all the current cell’s cen-
troids than the closest pair of centroids, it is added
to the archive and one of the two centroids from
the pair is removed; (2) else if the new fitness f
is greater than the corresponding cell’s fitness then
the new solution becomes the elite of its cell;

(f) aggregate all the elites, cluster them into Ntasks clus-
ters using K-Means, and select the elite of each cluster
to form the next generation of tasks;

(g) bootstrap the next generation with a tournament be-
tween the new and previous tasks.

Algorithm 1 GAME
Inputs: Red search space SRed, Blue search space SBlue

Parameters: Ngen, Ntask

1: Tasks← Sample Ntask random Blue solutions ▷ (a)
2: Generations = {0 : Tasks}
3: B = ∅ ▷ For storing bootstrapping evaluations
4: for gen id = 1 in Ngen do
5: S← SRed if gen id is odd else SBlue

6: A ← MTMB-ME(Tasks, S,B) ▷ (b-e) - Alg. 2
7: Behaviors← Aggregate the archive’s elites ▷ (f)
8: Clusters← K-means(Behaviors, k = Ntask)
9: Tasks← {Elite(cluster)}cluster∈Clusters

10: Generations[gen id] = Tasks
11: B ← Tasks versus Generations[gen id− 1] ▷ (g)
12: return Generations

Using a VEM for behavior space When using a VEM,
GAME follows ASAL by using cosine similarity to compute
the distance between two behaviors (which are 2 560D):

dist(b, b′) = 1− b · b′

∥b∥2∥b′∥2
.

The reason is that Euclidean distance loses meaning as the
number of dimensions increases. This doesn’t impact the
growing archive, as it uses the relative comparison of dis-
tances between behaviors and not their actual positions.



Algorithm 2 MTMB-ME with growing archive and a VEM
Inputs: Tasks, search space S, bootstrap set B
Parameters: Number of evaluations Nbudget, Number of
initial random search Ninit, evaluation function Evaluate,
variation operator Variation, VEM
1: A ← Initialize Ntask growing archives ▷ (b)
2: for (task, s, f, b) in B do ▷ (g) - Bootstrapping
3: A ← Update(A[task], s, f, b) ▷ Alg. 3
4: for i = 1 to Nbudget do ▷ Main loop
5: task ← Select a task at random from Tasks ▷ (c)
6: if A has less than Ninit elites then
7: s← Sample a random solution from S
8: else
9: s← Variation(A)

10: f , video← Evaluate(s, task) ▷ (d)
11: frames← Subsample the video
12: b← Apply the VEM on each frame
13: A ← Update(A[task], s, f, b) ▷ (e) - Alg. 3
14: return Archives

Growing an unstructured archive One point to consider
when growing an archive is that when a new behavior takes
over a cell, it can “steal” the elites of neighboring cells as
it changes the whole CVT, which creates “holes”. A sim-
ple solution to fill those “holes” is to reinstate the centroid
as the elite of its cell, as it can never be “stolen.” It only
requires storing an additional solution per cell. More elabo-
rate heuristics can be used, e.g., storing all the past elites and
checking with the current CVT. However, we found that this
doesn’t significantly improve performance for most prob-
lems while increasing computation and memory space.

Case study: Multi-agent adversarial game
To evaluate GAME, we applied it to a competitive RTS game
research environment, Parabellum (Anne et al., 2025). Com-
petitive games are inherently adversarial, making them a di-
rect target for illuminating adversarial problems. In addi-
tion, RTS games employ many agents in a top-down view of
the map, and characterizing the multi-agent behavior is not
trivial. Parabellum also shares similarities with ALife sim-
ulation, with many agents moving and interacting in a 2D
map, allowing us to study using a VEM as a behavior space.

Parabellum Multi-Agent Game
Parabellum is a multi-agent game where two sides, Blue
and Red, try to eliminate the other, i.e., the fitness of each
side is the sum of the depleted health of the opposing side’s
units. Each unit can only see other units within its sight
range (15 m with the map being 100 m wide). At each time
step, each unit can either move, stand, attack an enemy in
reach, or heal an ally in reach, given its local observation
(position, type, side, and health of all the units in sight). It
is implemented in JAX (Bradbury et al., 2018), a Python li-
brary for just-in-time compilation and vectorization. It per-
mits fast parallelization of the units’ behaviors using a ded-

Algorithm 3 Growing unstructured archive update
Inputs: archive A, solution s, fitness f , behavior b
Parameters: max archive size Ncells, distance function dist

1: (C,E,Ebackup) = A ▷ Centroids, Elites and Backup Elites
2: if size(C) < Ncells then ▷ Add a new cell
3: i = size(E)
4: Ci = b
5: E[i]← (s, f, b)
6: Ebackup[i]← (s, f, b)
7: else ▷ Check behavior and fitness
8: distances = {dist(Ci, Cj)}0≤i<j<Ncells

9: dmin = min(distances)
10: d = min{dist(b, Ci)}0≤i<Ncells

11: cid = find cell(C, b) ▷ Closest centroid’s index
12: if d > dmin then ▷ New enough behavior = growth
13: j, k ← argmin(distances)
14: dj ← min{dist(Cj , Ci)}0≤i ̸=b<Ncells

15: dk ← min{dist(Ck, Ci)}0≤i ̸=a<Ncells

16: k ← j if dj < dk else k
17: Ck ← b
18: E[k]← (s, f, b)
19: Ebackup[k]← (s, f, b)
20: for i = 0 to Ncells do ▷ Check and repair holes
21: if find cell(C,E[i].b) ̸= i then
22: E[i]← Ebackup[i]

23: else if f > E[cid].f then ▷ Better fitness
24: E[cid]← (s, f, b)

25: return (C,E,Ebackup)

icated GPU. Parabellum contains stochasticity, but we use
the same seed for all encounters to make comparisons fair.

We defined five types of units (each with a different color
for visualization): spearman: slow and high-health close
combat unit; archer: low-health long-range combat unit;
cavalry: fast and medium health close combat unit; healer:
low-health healing unit with close range; grenadier: low-
health mid-range unit that inflicts area damage to all units.

Each side comprises 32 units of each type uniformly
spread in each side’s starting area, which are placed so that
no unit can initially see an enemy unit (see Fig. 1 frames 1).

Behavior Tree as Controller

We pair Parabellum with behavior trees (BTs) (Colledan-
chise and Ögren, 2018) to determine the behavior of each
agent. BTs are commonly used in robotics and video games,
intuitive to design, and inherently interpretable.

More specifically, the units from each side share the same
BT, meaning that the search space of GAME is one BT for
the Red side and one BT for the Blue side. At each eval-
uation, each unit visits its BT starting from the root node,
and undergoes a left-most depth-first visit of the tree until it
finds a valid action. The BT comprises intermediate nodes:
Sequence/Failwith nodes, which stop at the first invalid/valid
node, and leaves nodes: Action nodes that return an action
and its validity, and Condition nodes that return a boolean.
To get a fast evaluation, we implemented a BT evaluation
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function in JAX that allows vectorization of the BT evalua-
tion at the price of setting a maximal number of leaves (100).

Their tree nature allows the use of genetic variation op-
erators for trees. For example, Iovino et al. (2021) evolve
BTs for robot control, and Montague et al. (2023) use MAP-
Elites with BTs to learn controllers for heterogeneous robot
swarms. Taking inspiration from them, GAME randomly se-
lects a variation operator: deleting a sub-tree (35%), adding
a random node at a random location (21%), mutating a
node by changing its parameters (7%), replacing a node
with a random node (7%), or doing a crossover, i.e., copy-
ing a random sub-tree of another BT at a random location,
(30%). Those probabilities could be tuned, but do not seem
to change GAME’s performances significantly.

Another advantage of using BT is that it is straightfor-
ward to increase its complexity by allowing it to grow, pro-
moting an open-ended evolution (Harrington and Pollack,
2019). Such an increase in complexity is not trivial to ob-
tain with neural networks and must rely on specific methods
such as NEAT (Stanley and Miikkulainen, 2002).

The BT evolution requires the design of atomic functions
(the Actions and Conditions) that take the unit’s local obser-
vation and return the corresponding output. To allow syn-
chronization between units, each side can set a target posi-
tion on the map and move toward it even if it’s out of sight.
Different qualifiers parametrize the atomics to improve in-
terpretation and usage, e.g., a target qualifier corresponding
to either closest, farthest, weakest, strongest, or random.

The available Actions are: Stand (do nothing); Attack
(attack the target enemy in reach of a given type); Heal

(heal the target ally in reach of a given type); Move (move
toward/away from the target ally/enemy of a given type);
Go To (got to the target position); Set Target (mark
the position of the target ally/enemy as target position).

The available Conditions are: In Sight (Is there an
ally/enemy of a given type in sight?) In Reach (Is there
an ally/enemy of a given type in reach?) Is Dying (Is my
health or an ally/enemy’s health below a given threshold?)
Is Type (Am I of a given type?) Is Set Target (Is
the target position set on the map?)

GAME variants and ablations
To evaluate GAME, we evaluate six variants:
• GAME-MO: full variant with a multi-objective fitness

that first maximizes the opposing side’s depleted health
and only secondly minimizes the size of the BT;

• GAME-MO (no bootstrap): GAME-MO with an abla-
tion of the bootstrapping between generations;

• GAME-SO: full variant that uses a single-objective fit-
ness to maximize the opposing side’s depleted health;

• GAME-MO (no VEM): full variant with a 2D hand-
crafted behavior space equal to the evaluated side average
remaining health and the time before completion (i.e., one
side wins or 100 steps timeout) instead of a VEM;

• Quality-only: MT-ME instead of MT-MB ME, i.e., each
task has only one solution;

• Diversity-only: do not use fitness, only rule (e.1).
We run three replications of 20 generations for each vari-

ant with 100 000 evaluations of 100 steps per generation,
100 tasks per generation, and 25 cells per task’s archive.



Measures
After each run, we realize a tournament between each gen-
eration’s tasks, 10 Blue generations against 10 Red genera-
tions (i.e., 1 000 Red elites against 1 000 Blue elites), result-
ing in 1 000 000 evaluations. This allows us to study whether
there are intergenerational improvements.

Solution Size and Behavioral Complexity To measure
the variations of solution size, we measure the number of
nodes of the BT elites (Fig. 3.a), and for behavioral com-
plexity, we measure the entropy of the distribution of actions
performed over time and units of the same side (Fig. 3.b).

Visual Diversity and Quality Visual Diversity Coverage
and QD-Score are classic measures of QD algorithms, but
are not easily computed using the archive in a large behav-
ior space. As a proxy, we compute a single 2D projection
using PCA (the two components capturing 22% and 12% of
the explained variance) for all the behaviors of the intergen-
erational tournaments for all replications (Fig. 4), discretize
this space with a 100 × 100 grid, and compute the corre-
sponding elites. The Coverage (Fig. 3.c) corresponds to the
proportion of non-empty cells, and the QD-Score (Fig. 3.d)
to the average fitness of the elites.

Quality One limitation with computing the quality di-
rectly from the fitness in the QD-Score is that the fitness can
be high because the opposite side is bad, and not because the
winning side is good. To measure a less ambiguous quality
of the elites found by each method, we follow Dharna et al.
(2024) and select the best 10 solutions from each side for
each run of each variant, perform a round-robin tournament,
and compute the ELO score (Elo, 1978) (Fig. 5).

Open-endedness The Coverage measures the volume of
novelty discovered by GAME with the VEM. One limita-
tion is that this behavior is dependent on two solutions. An-
other limitation is that visual behavior may not capture the
full range of novelty. We use another measure similar to
PATA-EC proposed in Enhanced-POET. The idea is that a
BT is different from another if, in a tournament, the rank-
ing it generates in the opposition is different. Using the
intergenerational-tournament, we compute the ranking of all
the BTs, and count the number of new rankings per gener-
ation compared to the previous generations (Fig. 3.e). The
idea is that an open-ended system will continue to create
new challenges that require new solutions.

Results
Solution Size (Fig. 3.a) As expected, GAME-SO and
Diversity-only lead to the largest increases in BT size across
generations. Diversity-only is the only variant showing a
constant increase in size, suggesting that fitness maximiza-
tion indirectly leads to pruning.

Figure 4: PCA projections of the tournaments’ behav-
iors. GAME variants with a VEM show the most uniform
coverage with less variance between replications.
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Figure 5: Round robin tournament ELO score between
the 10 best solutions of each replication. GAME-SO is
significantly better than all variants.

Behavioral Complexity (Fig. 3.b) GAME-SO also
demonstrates the largest increase in behavioral complexity,
suggesting that minimizing BT size prunes necessary step-
ping stones that lead to more complex behaviors. Diversity-
only doesn’t show an increase in behavioral complexity
similar to its BT size growth, showing that increased size
doesn’t necessarily lead to greater behavioral complexity.

Visual Diversity (Fig. 3.c and Fig. 4) Quality-only and
GAME-MO (no VEM) exhibit significantly less diversity
than other variants, which show similar diversity levels, with
Diversity-only being slightly superior. Additionally, using
the VEM results in less variance in coverage between repli-
cations, further validating its use as a behavior space.

Quality and Visual Diversity (Fig. 3.d) Quality-only
and GAME-MO (no VEM) show significantly worse QD-
Scores (due to their poorer coverage). Diversity-only shows
only a slightly worse QD-Score, suggesting that diversity
alone is already a powerful optimizer, though the best QD-
Score is achieved when also considering quality.

Quality (Fig. 5) Comparing the best solutions’ quality, we
observe that GAME-SO produces significantly better BTs.
This suggests that increased behavioral complexity leads to
significant performance improvements and that directly at-
tempting to reduce solution size with a secondary objective
prevents the discovery of the highest-performing solutions.
GAME-MO (no VEM) also produces high-performing so-
lutions. One explanation is that the handcrafted behavior
space correlates more with the fitness, thus focusing the
search toward better-performing solutions.
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Figure 6: Global trends: Percentage of elites using (a) the
Attack atomic with different targets and (b) the Go to
atomic for different thresholds through the generations. The
solid line represents the median, and the shaded area be-
tween the min and max of GAME-MO’s three replications.

Open-endedness (Fig. 3.e) The GAME-SO and GAME-
MO show similar open-endedness, which slightly decreases
with each iteration, finding 80% new tasks in the 2nd and
3rd generations and declining to 60% by the final genera-
tions. GAME-MO (no bootstrap) consistently generates
90% novel BTs, suggesting this variant is the only one show-
ing signs of true open-endedness throughout all 20 genera-
tions. The other variants demonstrate less open-endedness,
with Quality-Only converging to 0% novelty after eight
generations in one replication. This further demonstrates
that diversity prevents getting trapped in local minima.

Two illumination takeaways GAME’s goal is to illumi-
nate the solution space. We looked at the elites of each gen-
eration across GAME-MO’s three replications and exam-
ined the atomics they used to determine global trends. We
discovered two interesting findings.

Regarding the Attack atomic (with any unit type), all
replications converged to favor attacking either the far-
thest unit or a unit at random (Fig. 6.a). Attacking at
random spreads damage and avoids wasting resources on
overkills. Attacking the farthest unit is also beneficial be-
cause grenadiers deal area damage that can be avoided if
they target a unit sufficiently far away.

Examining the Go to atomics, all replications favor us-
ing a threshold distance equal to 50% of the sight range
while avoiding exact positioning, i.e., 0% (Fig. 6.b). This
likely represents a balance between spending time moving
precisely to the target position (i.e., 0%), which prevents
units from performing other actions, and merely moving
within sight of the target (i.e., 100%), which limits visibility
of what can be observed from the target position itself.

An example of arms race We found an “arms race” in
one of GAME-SO’s replications (Fig 7). The Red elites in-
creased their focus on the archers, leading to the Blue elites’
counter-strategy to focus their healing on their archers.
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Figure 7: Arms race example: Percentage of Red elites us-
ing the Attack atomic on weakest enemy archer and Blue
elites using the Heal atomic to random ally archers through
the generations for GAME-SO’s three replications. For
replication 2, as more Red elites targeted the Blue archers,
Blue elites evolved to heal their archers.

Discussion
We hypothesized that minimizing the BT size as a secondary
objective wouldn’t impact quality and lead to smaller, more
interpretable BTs. However, the results indicate it prunes
the neutral mutations that seem essential stepping stones for
high-performing solutions. This supports the neutral the-
ory of molecular evolution (Kimura, 1979), which states that
most variation at the molecular level is neutral yet leads to
the evolution of complex organisms in nature.

We also hypothesized that bootstrapping each generation
using solutions from previous ones would accelerate the
search compared to starting from scratch. The results con-
firm this hypothesis. Nonetheless, GAME (no bootstrap)
is the only variant demonstrating constant generation of new
solutions throughout all 20 generations. This phenomenon
could be related to extinction events (Lehman and Miikku-
lainen, 2015) and warrants further investigation, as it cur-
rently doesn’t yield the best diversity or quality.

One limitation of our current evaluation of GAME is that
Parabellum is a symmetrical game that may not present im-
balance issues between sides. For example, POET (Wang
et al., 2019), which coevolves controllers and environments,
must rely on a selection of environments that are neither
too easy nor too difficult for the current population of con-
trollers. Future work should examine the application of
GAME in asymmetric adversarial problems.

Conclusion
We present a new algorithm, GAME, that illuminates ad-
versarial problems using coevolution. In combination with
a vision embedding model, GAME implements a behav-
ior space requiring only videos of the behavior instead of
handcrafted behavior descriptors. Results on an adversarial
multi-agent game confirm GAME’s effectiveness in illumi-
nating the adversarial space. The study also reveals inter-
esting insights: bootstrapping reduces the reachable search
space, thereby limiting open-endedness; and not pruning
neutral mutations allows for preserving necessary stepping
stones that lead to discovering the best-performing solutions.
Future work will aim to demonstrate that GAME is a gen-
eralist algorithm applicable to various adversarial problems,
not limited to symmetrical problems or behavior trees.
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