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Abstract: Online  content  generation  enables  automatic  and  adaptive  creation  of  diverse  and  playable  game

content  for  maximizing  player  experience  or  testing  Artificial  Intelligence  (AI)  algorithms.  Multiple  diversity

metrics have been formulated on different content facets in the literature, while some of them conflict with one

another.  Existing work addresses this multi-dimensional  diversity  nature by converting those metrics into one

term that is further used to direct the training of content generators. However, each generator is trained to meet

the  preference  specified  by  the  weights  and  fails  to  fully  interpret  the  relationships  among  these  metrics  or

provide  different  trade-offs.  This  paper  proposes  a  multi-objective  procedural  content  generation  via

reinforcement learning to train a set of generators that create diverse game content in an online manner while

balancing  the  trade-off  between  multiple  diversity  metrics  with  playability  as  a  constraint.  Our  framework  is

compared with state-of-the-art approaches on the commonly used Mario-AI benchmark. Results show that our

framework  is  capable  of  increasing  the  diversity  of  the  generator  distribution  while  accelerating  the

convergence  during  the  early  stages  of  model  training.  Our  approach  enables  researchers,  designers,  and

practitioners  to  gain  a  better  understanding  of  the  relationship  among  conflicting  diversity  metrics,  allowing

them to generate content more efficiently and accurately tailored to specific needs.
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1    Introduction

Video games can simulate various scenarios in the real
world  through  their  complex  environments  and
dynamic  feedback  mechanisms,  and  produce  diverse
datasets  in  the  interaction  process  with  humans  or
Artificial  Intelligence  (AI)  agents[1,  2].  They  also
provide  a  certain  degree  of  controllability  for
researchers to adjust scenarios according to their needs,

which  makes  it  easier  to  reproduce  experiments.
Therefore,  they  are  ideal  testbeds  for  AI  research[3–8].
However,  testing  such  algorithms  usually  requires  a
large  amount  of  interactive  content,  which  is  typically
labor-intensive  and  time  consuming  to  manually
design.  By  applying  Procedural  Content  Generation
(PCG)[9–13],  diverse  testing  content  can  be  efficiently
and  automatically  generated  from  scratch  or  with
limited human input. 
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There is a growing demand for diversity of generated
content in the field of PCG nowadays[14], since it is an
important  evaluation  criterion  of  interactive  content.
From the  perspective  of  AI  algorithm evaluation,  Risi
and  Togelius[15]  pointed  out  that  Machine  Learning
(ML)  researchers  are  turning  to  PCG  methods  to
address  challenges  such as  transferring trained models
from simulated  scenarios  to  the  real  world.  Since  ML
algorithms are prone to overfitting, the obtained models
are  constrained  by  both  specific  training  tasks  and
initial  parameter  configurations  used  for  optimization.
Leveraging  PCG  approaches  for  generating  more
diverse  datasets  or  training  scenarios  can  improve  the
generalization ability of ML-based systems[16,17]. From
a  gaming  perspective,  content  generators  that  are
capable of generating diverse content allow developers
to  optimize  game  creation  based  on  user  data,
providing  players  with  a  personalized  gaming
experience,  thus  extending  the  life  cycle  of  video
games[1].
According  to  Li  et  al.[14],  diversity  of  game  content

can  be  measured  with  various  metrics  on  different
content  facets,  such  as  rules,  levels,  gameplay,  and
game  pacing.  Distance-based  metrics  can  be  a
straightforward  method  for  evaluating  the  diversity
between  scenarios,  thus  being  applied  widely  in  2D
content  generation[18–24]  and  even  voxel-based  3D
maze  generation[25].  Some  research  calculates  the
similarity  between  content  like  symmetry[26]  and  tile-
pattern  distribution[22,  27,  28]  when  distance  cannot
present diversity precisely. The aforementioned studies
all  formulate  their  objective  functions  with  either  one
diversity  metric  or  a  linear  combination  of  metrics.
However, designing a single objective which is able to
capture  the  complex  standard  of  modern  testbeds  is  a
significant  challenge.  It  is  essential  to  consider
optimizing  multiple  aspects  simultaneously  when
designing objectives within a single game facet[29, 30] as
well  as across different facets[31],  since the metrics for
evaluating  the  diversity  of  these  facets  can  vary
significantly.
Characterized  by  their  multi-dimensional  nature[14],

many  diversity  metrics  may  conflict  with  one
another[31].  Applying  a  multi-objective  approach  to
content  generation  can  illuminate  the  relationship
among  metrics  in  a  more  intuitive  way,  and  generate
scenarios  that  better  match  specific  preferences[31].
However,  the  generation  method  used  in  the  work  of
Ref.  [31]  is  offline,  thus,  its  generation  process  is
independent of player behavior or experience. It  is not

able to generate subsequent content based on the current
game  state.  Online  generators  are  capable  of  creating
content  whilst  adapting  to  the  player’s  behavior  and
experience[21]  in  real  time,  allowing  them  to  handle
dynamically  changing  and  interactive  environments
better  than  offline  methods.  Traditional  ML  methods
are  able  to  realize  online  generation,  but  may struggle
with training-data collection and game rule design[32–36].
Deep  Reinforcement  Learning  (RL)  methods  are
particularly  well-suited  for  online  content  generation,
since  once  training  is  complete,  they  can  generate
content  adaptively  and  even  in  real  time.  Also,  it  is
independent  of  training  data,  and  has  strong
interactivity  with  the  environment[37].  Recent  works
show great interest in applying RL algorithms to online
content  generation[20–23,  38],  but  few  consider  the
conflicts  of  their  chosen  diversity  metrics.  Moreover,
identifying  such  conflicts  requires  repeatedly  training
generators[23].
Inspired  by  the  recently  proposed  multi-objective

offline  content  generation  framework[31]  and  previous
studies on online content generation[22, 23], we integrate
a  multi-objective  approach  with  PCG  via  RL.  In
contrast  to  the  weighted-sum  approaches,  we  model
two conflicting diversity metrics as separate objectives.
By employing a multi-objective optimizer, we are able
to explore the trade-offs between them within a single
run  and  obtain  a  Pareto  front  that  directly  reveals  the
underlying  conflicts.  This  formulation  offers  a  more
interpretable  way  to  understand  and  control  diversity
than  heuristic  combinations  via  weighted  sums,  and
does not reply on the assumption that user preference is
known  and  can  be  explicitly  modeled  by  weights.  In
addition, we consider setting playability as a constraint
instead  of  an  objective  function  as  done  in  previous
offline work[31].  Unplayable contents generated offline
can  be  discarded  or  repaired  before  gameplay.  In
contrast,  online  generation  occurs  in  real-time  during
gameplay,  thus  requires  high  playability  to  maintain
content  continuity.  We  set  a  hard  constraint  on
playability  to  ensure  the  generators  provide  high-
quality playable content.
This  paper  aims  to  explore  an  approach  to  train

diversified  online  content  generators  while  optimizing
multiple objectives, and support AI testing with a large
amount  of  interactive  content  that  better  captures  the
relationship  between  game  diversity  metrics.  The
contributions of this paper are as follows.
•  We  propose  a  multi-objective  optimization

framework  with  constraints,  providing  a  set  of  game
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content  generators  capable  of  balancing  different
diversity  metrics  and  generating  content  in  an  online
manner, while achieving decent playability. To the best
of our knowledge, this is the first time a multi-objective
RL approach to PCG has been applied.
•  This  framework  is  able  to  generate  content  that

matches  its  objectives  effectively,  while  achieving
better  performance with a  lower computational  budget
compared to state-of-the-art online generation methods.
•  We  design  a  warm-up  training  strategy  for

initialization  to  enhance  population  diversity  and
reduce  training  costs.  It  demonstrates  better  diversity
and  convergence  compared  to  other  initialization
strategies that require more training resources.
The  structure  of  this  paper  is  as  follows.  Section  2

briefly  introduces  related  works  of  online  and  multi-
objective  generation  in  the  field  of  PCG.  Section  3
details  our  proposed  framework,  including  the  applied
algorithms  and  diversity  metrics.  Section  4  compares
our  approach  to  state-of-the-art  online  generation
methods,  and  verifies  the  effectiveness  of  the
initialization  strategy  through  an  ablation  study.
Section  5  concludes  our  work  and  discusses  its
potential and weaknesses§.

2    Background

This  section  first  reviews  existing  research  on  online
content generation and its methods to optimize multiple
metrics. Then, we examine what diversity metrics have
been applied in multi-objective PCG.

2.1    Online diverse content generation

In  previous  studies  of  online  content  generation[32–36],
researchers tend to use search-based or traditional ML-
based  methods,  with  much  of  their  focus  centered  on
how  the  difficulty  level  affects  player  experience.
Shaker  et  al.[32]  performed  an  exhaustive  search
through  level  feature  parameters,  which  are  then
combined  with  observed  gameplay  features  and
processed by Multi-Layer Perceptron (MLP) models to
predict  emotions  and  generate  content  accordingly.
Jennings-Teats et al.[33] trained a difficulty model along
with  a  player  skill  model,  enabling  the  game  to
dynamically select level segments based on the current
performance  of  the  player.  Stammer  et  al.[34]  defined
level  templates,  play  styles,  and  difficulty  adjustment
rules,  producing  adaptive  content  by  modifying  the
probabilities  of  tile  occurrence.  Shi  and  Chen[35]

defined constructive primitives (quality yet controllable
segments,  short  for  CP)  to  control  level  geometry  and
properties. In their following work[36], they proposed a
Dynamic  Difficulty  Adjustment  (DDA)  algorithm  for
online  CP  generation  to  align  level  difficulty  with
player  performance.  The  difficulty  of  the  next
generated  CP  is  only  affected  by  the  last  played  CP.
They  formulated  this  process  as  a  Markov  Decision
Process (MDP)[39] and aimed to maximize the player’s
expected long-term performance, which is very similar
to  the  later-developed  RL-based  online  generation
methods.  However,  in  contrast  with  RL,  it  still  relies
heavily  on  high-quality  training  data  and  detailed
handcrafted rules, just like other traditional online PCG
studies above.
RL-based online generation requires minimal domain

knowledge  and  training  data  while  being  suitable
for  interactive  tasks.  Experience-Driven  PCG  via
Reinforcement  Learning  (EDRL)  framework[21]  is  a
typical  example.  It  can  generate  personalized  content
using experience-based reward functions (modeling fun
and  historical  deviation),  rather  than  level  features
alone[21].  The  real-time  endless  generation  approach
relies  on  the  cooperation  of  a  pre-trained  Generative
Adversarial  Network  (GAN)[40]  and  an  RL agent.  The
former produces level segments, while the latter selects
the  most  fitting  segment  to  append  to  the  end  of  the
current  level.  Wang  and  Liu[38]  used  the  current  level
segment and musical features as inputs to realize online
generation  of  levels  with  varying  difficulty  that  align
with corresponding features. Wang et al.[22] focused on
two  game  facets,  defined  as  level  and  gameplay,  to
formulate the concept of fun as two metrics in order to
improve  intra-scenario  diversity.  Reference  [23]
proposes  a  negatively  correlated  ensemble  RL
approach  to  enhance  inter-scenario  diversity.  Notably,
a  Pareto  front  can  be  observed  in  Ref.  [23]  by  tuning
the  regularization  coefficient,  demonstrating  the
conflicts  between  different  metrics  after  repeated
training.  However,  in  the  aforementioned  studies,  the
design of the reward function for the experience model
is limited to a linear combination of different diversity
metrics.  Only  a  single  model  corresponding  to  a
specific  weighted  combination  of  objectives  can  be
obtained during one run. To meet specific requirements
in AI testing, extensive effort in tuning the parameters
may be needed.
In  order  to  enhance  content  diversity  and

demonstrate  the  conflicting  relationship  among
diversity  metrics,  multi-objective  optimization  is

  
 

§  Code  and  results  of  this  paper  are  available  at  https://github.com/
SUSTechGameAI/MOPCGRL.
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particularly suitable for this scenario. To the best of our
knowledge,  no  work  has  applied  multi-objective
methods  for  online  content  generation.  Our  approach
aims to provide a diversified range of interactive content
through  trade-off  solutions,  which  enables  content
designers  to  more intuitively  select  the  generators  that
best fit their needs and saves training time.

2.2    Enhancing  content  diversity  with  multi-
objective optimization

Multi-Objective  Evolutionary  Algorithms
(MOEAs)[41–45]  demonstrate  trade-offs  among
conflicting  objectives  through  a  set  of  non-dominated
solutions  known  as  the  Pareto  front[46].  Due  to  the
multi-dimensional  nature  of  diversity  metrics[14],
MOEAs  are  highly  suitable  for  enhancing  content
diversity.
Togelius  et  al.[30,  47,  48]  first  applied  MOEA to  PCG

and  later  extended  their  work.  They  used  various
distance  metrics  as  fitness  functions  to  evaluate
subjective  map  qualities  of  StarCraft†   like  aesthetics,
fairness, and interestingness, revealing partial conflicts
between objectives and confirming the effectiveness of
the generated maps through a user study. Lara-Cabrera
et  al.[49]  characterized  interestingness  through  game
balance  and  dynamism  using  fuzzy  rules,  developing
a  self-adaptive  evolutionary  algorithm  to  optimize
these  objectives.  They  further  optimized  aesthetic
preferences via graph-theoretic feature sets[50]. Loiacono
et  al.[29,  51]  designed  fitness  functions  for  racing  and
first-person shooting games to maximize diversity. Ma
et  al.[52]  proposed  an  angle-based  pruning-power
indicator guided evolutionary algorithm. They validated
the  effectiveness  of  the  algorithm  on  a  series  of
benchmark problems and content generation tasks for a
real-time  strategy  game  based  on  the  principles  of
fairness,  playability,  strategy,  and  interestingness.
Some  of  the  mentioned  studies  further  validate  the
effectiveness  of  their  multi-objective  approaches  by
evaluating the diversity of solution sets with indicators
like  HyperVolume  (HV)[53]  and  Inverted  Generational
Distance  (IGD)[54].  Zhang  et  al.[55]  directly  employed
spatial  diversity  as  one  of  the  objective  functions  to
maximize Sokoban‡ level generator performance.
The  studies  mentioned  above  are  all  search-based

PCG  approaches,  which  typically  rely  heavily  on
domain  knowledge  and  complex  modeling  processes
related to game mechanics, and tend to have relatively

slow generation speed. Khalifa and Togelius[56] viewed
generators  as  content  itself  coded  by  Marahel  script.
Each  Marahel  script  functions  as  a  constructive  level
generator that can be created by converting an integer-
based chromosome into a corresponding script using a
text generation tool.  In their study, objective functions
are  defined  for  three  simple  game  level  problems
separately, and a multi-objective approach is employed
to  search  for  available  solutions.  Constructive
generators are capable of producing levels much faster,
but  rely  on  manually  designed  rules,  which  are  often
hard  to  specify  and  are  based  on  complex  game
mechanics. Zhang et al.[31] enhanced multi-dimensional
diversity by applying a generation framework via deep
learning  to  optimize  a  content-based  metric,  a  player-
centered  metric,  and  a  playability  metric.  Their  work
demonstrates  the  conflicts  between  diversity  metrics
across  two  different  game  facets,  but  compromises
playability by including it as an optimization objective.
Though  diversity  improves  during  evolution,  more
low-playability  content  is  generated,  resulting  in
limited  utility  for  agent  testing.  Moreover,  their
generation method is  in an offline manner.  For offline
generators,  content  is  determined  before  the  gameplay
begins. If researchers want to change certain settings of
the  generated  scenario  like  level  length  to  extend  the
testing phase, they need to adjust the parameters of the
generator  and  regenerate  new  content.  In  contrast,
online  generation  takes  agent  behavior  and experience
into  consideration,  while  also  enabling  real-time
generation during gameplay. To meet the requirements
of AI testing for more complex and dynamic scenarios
that  can  adapt  to  the  agent’s  actions,  online  content
generation is a more suitable choice.
Therefore, we aim to enhance the diversity in online

content  generation,  as  existing  research  in  online
content  generation  is  all  limited  to  single-objective
optimization  approaches.  MOEAs  can  effectively
balance diversity metrics, looking beyond monotonous
game elements or a single game facet. Researchers can
purposefully  generate  content  online  fit  for  more
specific  preferences  by  leveraging  the  trade-offs
between different optimization objectives. Furthermore,
we view playability as a constraint to improve diversity
without  compromising  the  usability  of  generated
content.

3    Multi-Objective  Procedural  Content
Generation via RL

In this section, we propose a Multi-Objective PCG via
RL  (MOPCGRL)  framework,  extending  the  single-

  
 

† Blizzard Entertainment, 1998, https://starcraft.blizzard.com/zh-tw/.
  
 

‡ Thinking Rabbit, 1982, https://zh.wikipedia.org/zh-cn/sokoban.
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objective optimization approach in EDRL. This section
first presents an overview of our framework and gives
a  detailed  description  of  the  key  components  in  its
process.  Next,  the  diversity  metrics  used  to  formulate
the objective functions are introduced.

3.1    Framework overview

M = {M1,M2, . . . ,Mλ}
π

The  framework  considers  optimizing  a  set  of  online
content  generators  (e.g.,  RL-based  generators  detailed
in  Section  3.2)  denoted  as   using
a multi-objective optimizer  , where generators form a
population  within  the  evolutionary  process.  Figure  1
illustrates the detailed process. The framework consists
of three algorithmic modules—the overall optimization
framework  (Algorithm  1)，  the  pretraining  stage
(Algorithm  2),  and  the  online  generation  process
(Algorithm 3).

F
G

First,  the  models  act  as  individuals  of  the  initial
population,  which  are  pretrained  for  specified
timesteps, and a replay memory is initialized if needed
(Line  1  in  Algorithm 3).  In  this  paper,  the  pretraining
stage  is  named  mixed  evolution  warm-up,  shown  in
Algorithm  2,  which  mixes  models  of  different
pretrained  steps  as  the  initial  population.  Then,  the
models are evaluated based on the diversity metrics 
and constraints   of their generated content (Line 2 in
Algorithm  1).  After  entering  the  main  loop,  the

π

λ

P

P
O

to

environmental  selection  component  of    is  applied  to
select    better-performing  models  as  the  parent
population    (Line  4  in  Algorithm  1).  Subsequently,
we  perform  crossover  and  mutation  on  the  parent
population  .  The resulting individuals are denoted as
the offspring population   (Lines 5 and 6 in Algorithm
1).  Then,  each  offspring  model  is  trained    timesteps
to stabilize the newly generated networks, and updated
with replay memory (Lines 7 and 8 in Algorithm 1). At
the  end  of  every  iteration,  the  offspring  models  are
evaluated  on  all  the  metrics  to  prepare  for  the  next
round of environmental selection (Line 9 in Algorithm
1),  until  the  algorithm  has  met  its  termination
condition.
The RL generator  model  and the  components  of  the

multi-objective optimizer used in the framework can be
selected  according  to  the  desired  game  content  type,
optimization  functions,  and  constraints.  Regarding  the
conflicts between different game diversity metrics, this
paper optimizes a content-based divergence metric and
a  player-centered  distance  metric  simultaneously,  and
takes  level  playability  as  the  constraint  of  the
evolutionary algorithm.

3.2    Modeling RL-based generators as individuals

Each individual  is  an  Episodic  Generative  Soft  Actor-
Critic  (EGSAC)  model[22].  An  evolutionary  algorithm
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Fig. 1    Applying MOPCGRL framework to generate diverse levels of Super Mario Bros.
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searches  over  the  weights  of  policy  network  models.
Each  individual  consists  of  a  policy  network  (actor)
and a value network (critic), both of which contain a 3-
layer  MLP  with  256  neurons  per  layer[22].  Crossover
and  mutation  operations  are  performed  on  parameters

of the policy network[57].

n
st

n

n

Deval d
Deval

In  this  paper,  the  initial  state  of  the  environment
consists of   randomly generated initial segments, each
segment is represented as a latent vector, denoted as 
in  the  segment  set  in  Algorithm  3  (Line  3).  In  the
subsequent  generation  process,  EGSAC  samples  an
action of a new latent vector—the concatenation of the
latest    latent  vectors—according  to  the  current  state
(Lines  5–7  in  Algorithm 3).  The  transitions  are  stored
in  a  temporary  buffer  (Line  8  in  Algorithm  3).  Each
level  for  evaluation  is  composed  of    initial  segments
and  subsequent  generated  action  segments.  The
accumulative reward of each segment is computed after
the whole episode is completed (Line 10 in Algorithm
3).  They  are  stored  to  the  buffer  with  previous
transitions,  and  later  used  to  fill  the  replay  memory
(Line 11 in Algorithm 3). The initial segment set used
to  test  the  performance  of  the  model  is  denoted  as

.  Every  model  is  evaluated  on    levels  generated
from  , where the quality of each level is simulated
and  assessed  according  to  the  agent’s  performance
(shown in Fig. 1).

3.3    Multi-objective optimizer

Previous  studies  in  multi-objective  PCG  consider
offline generation and constraint-free cases[29, 31, 49–51],
and often use NSGA-II[58] or NSGA-III[59] as the multi-
objective  optimizer.  Despite  of  the  diversity  metrics,
playability  is  also  an  essential  metric  for  evaluating
content  quality,  which  directly  affects  the  agent’s
performance.  If  a  level  is  unplayable,  it  leads  to  the
player’s  death  and  results  in  game  failure.  Therefore,
we set playability as a constraint to limit the number of
deaths of the agent within a certain range. Considering
our problem formulation, the Constrained Two-Archive
Evolutionary  Algorithm  (C-TAEA)[60]  is  used  as  the

 

Algorithm 1    MOPCGRL framework
Input: Multi-objective optimizer π, populationsize λ, local search
            steps to, evaluation metric set F, constraint metric set G
Output: Optimized model set 
1 Obtain pretrained models  as the set of pretrained models

 {M1, M2, . . . , Mλ} using mixed evolution warm-up (Algorithm 2)
 as the initial population;

2 Evaluate the pre-trained models in , obtain their objective
 values F () as {F1, F2, . . . , Fλ} and their constraint values 
 G () as {g1, g2, . . . , gλ};

3 while termination has not been satisfied do
4 Set P by selecting λ individuals from  through

 environmental selection component of π;
5 Set O by performing crossover component of π on P;
6 Update O by perform mutation component of π on O;
7 Update O by training models O with to timesteps;
8 Evaluate models in O, obtain their objective values F (O)

as {F1, F2, . . . , Fλ} and constraint values G (O) as
{g1, g2, . . . , gλ};

9 Obtain  by performing environmental selection of π
on  [ O according to their objective and constraints
values;

10 end
 
 

Algorithm 2    Mixed evolution warm-up
Input: Episode length e, batch size b, update frequency u, step
            counter tc, transition counter trs, budget range Tstart and Tend

Output: Pretrained model set  as {M1, M2, . . . , Mλ}
1 Initialize an empty model set  to empty set ∅ and a model ;
2 Initialize batch , a temporary buffer B, and replay memory ;
3 Set tc to 0 and trs to 0;
4 while tc ≤ Tend do
5 Perform online generation in Algorithm 3, obtain a buffer B;
6 Update  by adding transitions and rewards from B;
7 Update trs by adding |B| to trs;
8 if trs > u and || >  then
9 for i from 1 to trs

u dob             c
10 Set  by randomly sampling a batch of size b from

the replay memory ;
11 Update model M with ;
12 end
13 Update trs to the result of trs % u;
14 end
15 if Tstart ≤ tc ≤ Tend and t%10 000 = = 0 then
16 Update  by adding the current model M to the set ;
17 end
18 Increment tc by 1;
19 end
 

 

Algorithm 3    Online generation
Input: Episode length e and model M
Output: Buffer B
1 Initialize buffer B to empty set ∅;
2 Initialize transition set U to empty set ∅;
3 Initialize a segment set l to contain the initial state {st};
4 while |l| < e do
5 Sample next segment at using the policy in M;
6 Update l by adding at to the set l;
7 Obtain st+1 by updating state based on at and st;
8 Update U by adding the new transition (st, at, st+1);
9 end

10 Obtain reward set  by computing total reward for level l;
11 Update B by combining transition and reward set (U, );
 

    62 Complex System Modeling and Simulation, March  2026, 6(1): 57−74

 



1− f
f

multi-objective  optimizer.  The  testing  performance  of
C-TAEA on  a  series  of  artificial  benchmark  problems
and  a  practical  problem  is  significantly  stronger  than
that  of  famous  constrained  MOEAs[60].  Thus,  we
choose  C-TAEA  as  it  is  more  suitable  for  high-
dimensional  decision  space  in  optimizing  parameters
of  content  generators.  To  remain  consistent  with
the  original  constrained  multiobjective  optimization
problem  setting  in  C-TAEA,  the  diversity  scores  are
transformed  by    during  algorithm  execution  for
minimization,  where    denotes  the  two  objective
functions  described  in  Section  3.4.  Since  the  binary
crossover  and  the  polynomial  mutation  used  in  the
original  paper  are  not  suitable  for  evolving  policy
network  parameters,  we  adopt  the  evolution  operators
from Ref. [57], which are specifically designed for this
type  of  optimization.  The  archive  management
mechanism  remains  unchanged  from  the  original
algorithm.

λ

Population  initialization.  The  population  size  is
denoted as  ,  and set  to 10 considering the simulation
time required for agents to evaluate the diversity of the
generated  content.  During  the  warm-up  stage,  the
EGSAC  model  population  is  first  pre-trained  with  a
specified  number  of  time  steps.  We  use  the  designed
initialization  strategy  mixed  evolution  warm-up
introduced in Algorithm 2, to increase model diversity
within  the  population  by  selecting  pre-trained  models
of  different  step  sizes  with  the  same  timestep  interval
in-between.

Tstart

Tstart =

Tend =

Specifically,  we  initialize  an  empty  model  set  and  a
new  model  along  with  other  parameters  needed  in
training  (Lines  1–3  in  Algorithm  2).  During  the
training  session,  after  online  generation  (Line  5  in
Algorithm  2),  replay  memory  is  updated  with  the
transition  information  stored  in  the  buffer  (Line  6  in
Algorithm  2).  The  model  is  updated  several  times
under the condition that the transition counter is larger
than  the  update  frequency  and  the  size  of  the  replay
memory  exceeds  the  batch  size  (Lines  8–14  in
Algorithm  2).  Before  the  model  is  trained  for 
steps, no saving is performed. Starting from   200 000
steps,  we  save  the  model  every  10 000  steps  until

 290 000, obtaining a total of 10 saved models as
initial population (Line 15–17 in Algorithm 2).

µ σ

Mutation. The  mutation  operator  in  this  paper  is  to
add  noise  directly  to  weight  parameters  in  the  policy
network[57].  The  noise  is  generated  from  a  normal
distribution with mean   and standard deviation  .

Crossover.  During  crossover,  all  parameters  of  the
two  parent  networks  are  traversed.  If  the  structure  of
the  input  parameter  is  a  one-dimensional  vector,  one-
point  crossover  is  applied.  If  it  is  a  2-dimensional
matrix,  random  rows  are  selected  for  exchanging
information between parents[57].

3.4    Evaluation metrics

fc
fg

gp

According  to  Liapis  et  al.[61],  a  game  consists  of  six
creative  facets:  visuals,  audio,  narrative,  ludus,  level
architecture,  and  gameplay.  For  the  Mario  AI
Framework used in Ref. [62], level geometry—such as
platform  lengths,  gaps,  and  enemy  distribution—
directly  influences  the  agent’s  gameplay  trajectory.
Conversely,  its  trajectory  also  reflects  the  types  and
distribution  of  tiles  within  the  level.  Therefore,  we
consider  optimizing  content  architecture  diversity 
and  gameplay  diversity    to  evaluate  the  behavioral
patterns of  the testing agents  during gameplay[14].  The
playability constraint, denoted as  , is assigned 0 if no
constraint  is  violated.  This  indicates  that  the  agent  is
able  to  complete  the  level  within  a  limited  number  of
failures.  A  detailed  evaluation  process  of  these  three
metrics is illustrated in Fig. 2.
Our aim is to maximize the objective functions while

ensuring  that  the  constraint  is  satisfied.  In  summary,
the problem of this work can be modeled as follows:
 

maximize F = { fc, fg}T (1)
 

subject to gp = 0 (2)

TPJS (., .)

Content  diversity.  The  content  diversity  of
generated  2D  segments  is  assessed  by  tile-pattern
Jensen-Shannon divergence[27] following Refs. [22, 23, 31],
denoted  as  .  It  evaluates  the  frequency  of
 

(3) ComputeLevels

Play traces

Content
diversity fc

Gameplay
diversity fg

 

RL generator (policy)

(1) Online generating

(2) Agent playing

(3) Compute

…

… Playability gp

 
Fig. 2    Process  of  evaluating  content  diversity,  gameplay
diversity, and playability.
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S i−k

Rc(S i)
S i

distinct  tile  patterns  between  the  -th  segment    and
the  k-th  previously  generated  segment  .  A  higher
TPJS divergence value indicates greater diversity in tile
distributions[22].   denotes the clipped TPJS value
of the i-th segement  ,
 

Rc(S i) =

n∑
k=1

AC (TPJS (S i,S i−k); tc, rk)

n∑
k=1

rk

(3)

AC (·)
tc rk = 1− k/(n+1)

n

m
AC (·)

where   is an A-clip function to adjust the amount
of  variation  within  segments;    and 
represent  the  target  diversity  value  of  the  reward
function  and  the  clipping  rate,  respectively;    denotes
the  observation  length  of  the  online  generator
explained  in  Section  3.2.  Let    be  the  metric  being
clipped,   is formulated as
 

AC (m) =min
{

rm, 1− |m− tm|
tm

}
, m ∈ {l, g} (4)

Rc Rg

S fc
d× e

Accordingly,  the  reward  functions    and    for
each level  segment   are  derived.  Then,    is  defined
as  the  mean  reward  of  the  clipped  metric  on  all 
level segments, aiming to maximize the objective value
for better diversity,
 

fc =
1
d

1
e

d∑
j=1

e∑
i=1

Ri j
c (S i j; tc, n) (5)

DTW (., .)
τ (·) S i S i−k

Rg(S i)
S i

Gameplay  diversity.　 Following  previous
work[22, 23, 31],  the diversity of play traces produced by
agents  is  calculated  by  dynamic  time  warping

,  which  tracks  the  sequence  of  coordinates
 of  the  agent  while  passing segments   and  .
  denotes  the  clipped  DTW  value  of  the  i-th

segement  ，
 

Rg(S i) =

n∑
k=1

AC (DTW (τ(S i), τ(S i−k)); tg, rk)

n∑
k=1

rk

(6)

tg
tc

fc
fg

where   is another target diversity value set separately
from  .  A  higher  DTW  value  indicates  the  agent’s
movement  path  is  more  complex.  Similar  to  ,  the
second objective   is formulated for maximization,
 

fg =
1
d

1
e

d∑
j=1

e∑
i=1

Ri j
g (S i j; tg, n) (7)

Playability. For playability constraint evaluation, if a
level segment allows the agent to pass smoothly during

Rp

ϵ

simulation, the playability for that segment is recorded
as 0, and −1 if the agent dies due to flawed generation.
  denotes  whether  the  current  segment  causes  the

agent’s  death,    is  the  manually  defined  threshold  of
segments  that  the  agent  should  be  able  to  pass
successfully  in  a  complete  level.  Note  that  this
definition  is  focused  on  the  playability  of  game
content.  Agents  and  human  players  follow  the  same
rules  during  the  gameplay  process.  A  level  is
considered playable if there is at least one feasible path
to  completion  (i.e.,  the  level  can  be  solved)[22,  23],
regardless  of  human  performance  skills.  The
formulation of playability is defined as follows:
 

gp =

−α, α < 0;
0, α > 0

(8)

α

e
ϵ α

where   is measured by excluding all flawed segments
from total episode length  , normalizing it by dividing
  then subtracting by 1 to  set   of  all  individuals  that
violate  the  constraint  negative  (consistent  with  the
original design of C-TAEA[60]),
 

α =

(e+ 1
d

1
e

d∑
i=1

e∑
j=1

Ri j
p )

ϵ
−1 (9)

4    Experiment

This section lists the details of experiments carried out
in this paper. We begin with experimental settings and
the  benchmark  used.  In  the  following  sections,  we
conduct  two  sets  of  experiments  to  evaluate  the
framework.  To  validate  the  effectiveness  of  our
approach,  we  compare  several  online  generation
methods  performed well  on  our  two diversity  metrics:
(1)  three  SACs including the  classic  SAC[63],  state-of-
the-art  EGSAC[22],  and  ASAC[23];  (2)  four  ensemble
generation  methods  published  within  the  past  five
years, including PMOE[64], DvD[65], SUNRISE[66], and
NCERL[23].  Then,  we  verify  the  effectiveness  of  our
initialization  approach  through  an  ablation  study,  and
measure  the  performance  of  training  with  a  varied
initial  population  with  multi-objective  optimization
indicators.

4.1    Experimental settings and benchmark

e

Our  framework  can  be  divided  into  two  aspects:  the
training  process  of  the  RL  model  and  the  evolution
process of MOEA. Table 1 lists the parameters of two
aspects used in our experiment. Each level is generated
from 4 initial segments with an episode length   of 25
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(the  initial  segments  are  not  included).  Episode  length
is  set  longer  than  the  longest  original  levels  in  Super
Mario  Bros  to  demonstrate  that  the  length  in  online
generation  is  independent  from  the  original  game
setting.  Considering  pretrained  steps,  evolution
generations, and local search steps, the total budget in a
single  MOPCGRL  run  is  within  800 000  timesteps,
lower  than  that  of  the  compared  models  (1 000 000
timesteps).  All  experiments  are  conducted  on  an
NVIDIA A800 80 GB PCIe GPU and an AMD EPYC
9654 96-Core Processor CPU. One run of MOPCGRL
with  current  parameter  settings  takes  approximately
4−5 days to complete. The majority of the training time
is  spent  on  agent-based  gaming  simulations,  which  is
executed  on  CPU.  To  align  with  the  number  of  our
experimental runs for a more robust statistical analysis,
we train additional models for each method using their
provided code♯.  The hyperparameters remain the same
as  those  in  their  original  papers  for  the  training  and
evaluation of our comparative experiments.
C-TAEA maintains two different solution sets at the

end of each generation (a convergence-oriented archive
and  a  diversity-oriented  archive,  denoted  as  CA  and
DA,  respectively),  for  all  experiment  analysis  and
visualization presented in this paper, we select DA for
demonstration,  as  DA  explores  the  regions  under-
exploited by CA and achieves better performance over
CA  in  terms  of  both  diversity  and  convergence  in
our work.

Benchmark. The  experiments  are  conducted  on  the
Mario  AI  benchmark[62],  a  classic  tile-based  2D
platform  game  that  has  been  commonly  used  as  a
benchmark  problem  in  PCG[7].  Each  tile  type  in  a
Mario level is represented by a distinct integer that can

be  converted  to  a  one-hot  vector.  The  entire  level  can
thus  be  represented  as  a  latent  vector  with  one-hot
encoding.  The  latent  vector  is  generated  through
uniform  random  sampling,  and  the  decoder  that
converts the latent vector into a level is MarioGAN[67].

4.2    Effectiveness of MOPCGRL

l

l

MOPCGRL  aims  to  balance  and  improve  content
diversity and gameplay diversity by providing a set  of
online  generators.  To  verify  the  effectiveness  of
MOPCGRL,  we  compare  the  generation  results  of  ten
independent  runs  of  classic  and  state-of-the-art  online
generation  methods  (SAC[63],  EGSAC[22],  ASAC[23],
PMOE[64], DvD[65], SUNRISE[66], and NCERL[23] with
different regularization parameters denoted as   ranging
from 0 to  0.5)  on 100 testing levels.  The performance
results  are  visualized in Fig.  3,  where most  generators
obtained by MOPCGRL outperform those generated by
other  methods.  The  levels  produced  by  some
generators,  such  as  PMOE  and  NCERL,  with
regularization parameters   larger than 0.2, have rather
unstable  quality  on  two  diversity  metrics.  In  contrast,
MOPCGRL  generators  demonstrate  greater  stability
while still achieving high diversity scores. They mainly
aggregate  in  the  region  where  gameplay  diversity  is
greater  than  0.94,  and  more  than  half  of  them  also
exhibit  higher  game  content  diversity  compared  to
other methods, reaching above 0.97.
The  evolution  process  of  one  arbitrary  run  is

illustrated  in  Fig.  4.  As  the  number  of  generations
increases,  the  color  of  markers  turns  deeper.  The
population converges  quickly  towards  the  Pareto  front
marked in red at the first half of the evolution process.
Testing  results  may  fluctuate  near  the  front,  possibly
due  to  certain  generated  segments  exhibiting  low
diversity,  which  leads  to  decease  in  overall  level
quality after concatenation.

fc
fg

fc fg

In Table 2, besides the compared models, we choose
three specific models from each run of MOPCGRL and
calculate their mean and standard deviation values: the
model performs best on content diversity  , gameplay
diversity  ,  and the knee point.  The generators of the
best   and   are able to achieve the best performance
respectively,  and  the  performance  of  the  knee  point
models  are  in  between.  The  model  with  the  highest
hypervolume[53]  value  is  selected  as  the  knee  point,
which  represents  the  most  balanced  solution  on  two
objectives[31,  68].  Under  the  condition  that  playability
constraints  are  satisfied  (96%  playability,  at  least  24
out  of  25  segments  are  playable),  all  selected  models

 

Table 1    Parameter settings of MOPCGRL.

Aspect Parameter

Model training

eEpisode length  : 25
bBatch size  : 384

uUpdate frequency  : 10
tc tgTarget divergence  ,  : 0.1, 0.25

nObservation length  : 4

Multi-objective
evolution process

λPopulation size  : 10
Number of iterations: 100

ϵPlayability constraint  : 24
dEvaluation size  : 20

µ σMutation noise  ,  : 0, 0.02
toLocal search steps  : 5000

  
 

♯https://github.com/PneuC/NCERL-Diverse-PCG
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from  MOPCGRL  outperform  other  online  generation
methods on both diversity metrics, and maintain decent
playability with nearly all generated segments playable.

l

The  dominance  relationship  between  MOPCGRL
generators  and  the  compared  algorithms  is  further
listed in Table 3. Game content diversity and gameplay
diversity of every MOPCGRL model in 10 independent
runs are compared with baseline models obtained from
each  run.  We  quantify  dominance  relationships
between  them  using  three  categorical  metrics:
Dominate,  Incomparable,  and  Dominated  values[69].
Specifically,  if  MOPCGRL  generators  perform  better
on  both  metrics,  they  dominate  the  compared
generator.  If  incomparable,  only  one  metric
outperforms  the  compared  one,  and  is  dominated  if
both  metrics  are  outperformed.  The  performance  of
MOPCGRL  generators  dominates  all  of  PMOE  and
NCERL (  = 0.3, 0.4, 0.5) generators, only very few are
incomparable  with  the  rest  NCERL  generators.  SAC

and DvD generators perform better on the two metrics
than NCERL and PMOE, but are still outperformed by
MOPCGRL.  The  dominance  over  EGSAC  generators
is  the  lowest,  while  still  reaching  three-fourths  of  all
compared  pairs.  These  results  verify  MOPCGRL
framework  is  able  to  optimize  content  diversity  and
gameplay  diversity  of  the  levels  generated  by  online
generators, while ensuring strong playability.

fc fg

To further address the performance difference among
methods,  we conduct  a  statistical  significance analysis
using  the  Nemenyi  post-hoc  test  with  the  significance
level  set  to  0.05.  The  resulting  critical  difference
diagrams (Fig. 5) present the difference in rankings on
  and  .  MOPCGRL is  statistically  better  compared

to  PMOE  and  NCERL  variants  on  both  diversity
objectives, and remains superior to other ensemble and
non-ensemble baselines.
In  conclusion,  we  present  a  constrained  multi-

objective  approach  for  training  online  content
generators that is able to balance conflicting objectives.
It  outperforms  classic  and  state-of-the-art  approaches
when converging to the Pareto front.

4.3    Effectiveness of mixed evolution warm-up

To  assess  the  effectiveness  of  our  population
initialization  strategy,  mixed  evolution  warm-up,  we
use  four  commonly  used  indicators  in  multi-objective
optimization[70]:  HV[53],  Generational  Distance
(GD)[71],  Pure  Diversity  (PD)[72],  and  spacing  (SP)[73].
The  overall  quality  of  generators  is  evaluated  using
HV,  which  reflects  convergence,  spread,  uniformity,
and  cardinality  of  the  multi-objective  optimization
process[45].  The  other  indicators  are  used  to  evaluate
the convergence, spread, and uniformity, respectively.
Four  combinations  of  initial  populations  are  tested,
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Fig. 3    All ten independent runs of MOPCGRL experiments compared with classic and state-of-the-art online PCG methods,
higher metric score indicates better content and gameplay diversity.
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Fig. 4    MOPCGRL  evolution  process  from  one  arbitrary
run. The color deepens with the increase of generations, and
the last generation is marked in black stars. The Pareto front
formed by the last generation is illustrated in red.
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each  consisting  of  models  pretrained  for  a  different
number of timesteps. Mixed evolution warm-up in one
MOPCGRL  run  utilizes  10  pretrained  models  evenly
sampled  at  10 000-timestep  intervals  obtained  from  a
single  EGSAC  training  run,  ranging  from  200 000  to
290 000  timesteps.  The  rest  three  populations  used  in

the ablation study each consist of 10 pretrained models
with identical training timesteps: 200 000, 250 000, and
290 000, respectively. Each population is obtained from
10  different  EGSAC  training  runs.  We  compare  10
independent runs of MOPCGRL initialized with mixed
evolution warm-up (obtained from 10 EGSAC models
trained independently to 290 000 timesteps) against five
runs  of  MOPCGRL  for  each  of  the  three  baseline
populations, where each population consists of models
trained to the same timestep (obtained from 50 runs of
EGSAC to 290 000 timesteps).
The  calculation  of  HV  and  GD  requires  the  nadir

point  derived from the true Pareto front.  However,  for
content  generators,  the  true  Pareto  front  cannot  be
obtained  directly.  We  aggregate  the  test  results  of
generators  from  all  independent  experiments  to
calculate the estimation of the true Pareto front. While
normalizing  objective  values  in  HV,  we  scale  the
objective  space  to  half  the  original  range.  All  quality
indicator values are calculated every 10 generations in
one run, with a total of 100 generations.
Average  value  of  four  indicators  over  four

initialization strategies is illustrated in Fig. 6. The mean
and  standard  deviation  indicator  values  of  the  initial
population  and  last  generation  are  further  listed  in
Table  4.  Except  for  the  population  of  200 000
timesteps,  the  HV  values  of  the  other  three
initialization  strategies  increase  with  the  number  of

 

Table  2    Performance  comparison  on  three  metrics  (fc, fg,  and  playability  percentage  converted  from gp)  across  different
methods. Generators on best fc, best fg, and the knee point are selected in each run and averaged. As all of generated levels do
not violate the constraint (achieve 96% of playability), we calculate the percentage of playability for more precised comparison.
The  best-performing  results  on  two  objective  functions  and  the  constraint  are  bolded  in  black.  The  standard  deviations  are
recorded in parentheses.

Method fc ± ( std) (%) fg ± ( std) (%) ±Playability ( std) (%)
SAC ±0.9605 ( 0.0035) ±0.8907 ( 0.0139) ±99.94 ( 0.04)

EGSAC ±0.9621 ( 0.0050) ±0.9356 ( 0.0085) ±99.85 ( 0.07)
ASAC ±0.9580 ( 0.0039) ±0.8931 ( 0.0128) ±99.90 ( 0.11)
PMOE ±0.7337 ( 0.1464) ±0.6888 ( 0.1051) ±96.79 ( 2.32)
DvD ±0.9533 ( 0.0276) ±0.8823 ( 0.0580) ±99.82 ( 0.30)

SUNRISE ±0.9568 ( 0.0039) ±0.8888 ( 0.0080) ±99.86 ( 0.08)
lNCERL (  = 0.0) ±0.8977 ( 0.1028) ±0.8178 ( 0.1214) ±99.23 ( 1.55)
lNCERL (  = 0.1) ±0.9163 ( 0.0470) ±0.8415 ( 0.0665) ±99.33 ( 1.21)
lNCERL (  = 0.2) ±0.8603 ( 0.1281) ±0.7966 ( 0.1155) ±98.50 ( 2.07)
lNCERL (  = 0.3) ±0.7891 ( 0.0630) ±0.7160 ( 0.0850) ±97.59 ( 1.48)
lNCERL (  = 0.4) ±0.8392 ( 0.0871) ±0.8011 ( 0.0815) ±98.71 ( 1.10)
lNCERL (  = 0.5) ±0.7594 ( 0.1162) ±0.7141 ( 0.1106) ±97.22 ( 1.73)

fcMOPCGRL (best average  ) ±0.9677 ( 0.0052) ±0.9485 ( 0.0069) ±99.84 ( 0.08)

fgMOPCGRL (best average  ) ±0.9666 ( 0.0055) ±0.9520 ( 0.0061) ±99.84 ( 0.10)
MOPCGRL (knee point) ±0.9675 ( 0.0052) ±0.9510 ( 0.0064) ±99.84 ( 0.08)

 

Table  3    Dominate,  incomparable,  and  dominated
percentages  (mean  (±standard  deviation))  of  MOPCGRL
averaged  over  10  runs  compared  with  classic  and  state-of-
the-art  algorithms.  A  dominate  (incomparable/dominated)
value  of  100% indicates  that  ten  out  of  ten  models  in  one
population dominates  (unable  to  dominate/is  dominated by)
one  compared  model.  Arrows  indicate  preference: ↑ higher
is better; ↓ lower is better. (%)

Algorithm Dominate (↑) Incomparable (↓) Dominated (↓)

SAC ±85.4 ( 29.4) ±14.6 ( 29.4) ±0 ( 0)

EGSAC ±75.2 ( 31.1) ±22.0 ( 27.3) ±2.8 ( 8.4)

ASAC ±89.8 ( 23.5) ±10.2 ( 23.5) ±0 ( 0)

PMOE ±100.0 ( 0) ±0 ( 0) ±0 ( 0)

DvD ±83.3 ( 29.8) ±16.7 ( 29.8) ±0 ( 0)

SUNRISE ±91.8 ( 18.9) ±8.2 ( 18.9) ±0 ( 0)

lNCERL ( =0.0) ±99.0 ( 3.0) ±1.0 ( 3.0) ±0 ( 0)

lNCERL ( =0.1) ±99.0 ( 3.0) ±1.0 ( 3.0) ±0 ( 0)

lNCERL ( =0.2) ±99.0 ( 3.0) ±1.0 ( 3.0) ±0 ( 0)

lNCERL ( =0.3) ±100.0 ( 0) ±0 ( 0) ±0 ( 0)

lNCERL ( =0.4) ±100.0 ( 0) ±0 ( 0) ±0 ( 0)

lNCERL ( =0.5) ±99.5 ( 1.5) ±0.5 ( 1.5) ±0 ( 0)
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generations,  indicating  that  the  solution  sets  are
constantly  approaching  the  Pareto  front  while
maintaining  a  good  distribution.  The  population  using
mixed evolution warm-up ranks highest of all, followed
by  290 000-timestep  populations.  Unsurprisingly,
250 000-timestep populations rank third highest  in HV
since  their  budgets  lie  between  the  least  and  the  most
trained  models.  The  average  HV  value  of  200 000-
timestep  populations  remains  0  is  due  to  its  poor
optimization  performance;  all  generators  produced  by
these  runs  are  unable  to  reach  the  region  between  the
estimated  Pareto  front  and  the  nadir  point.  The
decrease  of  GD  values  on  all  four  strategies  proves
the  convergence  of  our  approach.  The  initial  state  of

290 000 warm-up  reaches  the  lowest  GD value  due  to
its  highest  training  budget,  indicating  its  better
convergence  at  the  beginning.  However,  it  is
outperformed by the population using mixed evolution
warm-up  at  the  final  generation.  Initial  PD  values
suggest  that  mixed  evolution  warm-up  has  the  widest
spread  across  both  diversity  metrics.  The  decrease  of
average PD value suggests that  the problems exhibit  a
small  final  front,  and  the  populations  gradually
approach  the  final  front  from  their  scattered  initial
state.  In  the  final  generation,  affected  by  the
convergence  of  the  population,  those  further  from  the
Pareto  front  tend  to  have  higher  PD  values.  The
populations  with  lower  initial  timesteps  demonstrate

 

(a) (b)

Critical distance = 5.7701

13 12 11 10 9 8 7 6 5 4 3 2 1

MOPCGRL
(best average fc)
EGSAC
DvD
SAC
SUNRISE
ASAC
NCERL (l = 0)

NCERL (l = 0.1)
NCERL (l = 0.2)
NCERL (l = 0.4)
NCERL (l = 0.5)
NCERL (l = 0.3)

PMOE
MOPCGRL
(best average fg)

NCERL (l = 0.1)

NCERL (l = 0)
NCERL (l = 0.2)
NCERL (l = 0.4)
NCERL (l = 0.5)
NCERL (l = 0.3)

PMOE

Critical distance = 5.7701

EGSAC
DvD
ASAC
SAC
SUNRISE

13 12 11 10 9 8 7 6 5 4 3 2 1

 
Fig. 5    Critical distance diagrams on both objectives (a) fc and (b) fg.
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Table 4    Average (±standard deviation) on four multi-objective optimization indicators across four initialization strategies at
the initial state and final generation. Mixed evolution warm-up samples models pretrained from 2.0×105 to 2.9×105 timesteps
per 0.1×105 timesteps, the rest three populations contain models of identical training timesteps: 2.9×105, 2.5×105, and 2.0×105.
Arrows indicate preference: ↑ denotes higher is better; ↓ denotes lower is better. The best results are highlighted in bold.

Population state Initialization strategy HV (↑) GD (↓) PD (↑) SP (↓)

Initial

Mixed evolution warm-up ±0.0000 ( 0.0000) ±0.0375 ( 0.0091) ±89.0458 ( 67.0840) ±0.0248 ( 0.0391)

2.9×105  steps warm-up ±0.0000 ( 0.0000) ±0.0296 ( 0.0048) ±75.2852 ( 50.0033) ±0.0268 ( 0.0279)
2.5×105  steps warm-up ±0.0000 ( 0.0000) ±0.0326 ( 0.0027) ±64.2461 ( 20.9113) ±0.0153 ( 0.0092)
2.0×105  steps warm-up ±0.0000 ( 0.0000) ±0.0393 ( 0.0033) ±35.5383 ( 9.5786) ±0.0070 ( 0.0056)

Final

Mixed evolution warm-up ±0.2355 ( 0.0700) ±0.0029 ( 0.0015) ±4.5189 ( 1.5741) ±0.0006 ( 0.0002)
2.9×105  steps warm-up ±0.1716 ( 0.0567) ±0.0041 ( 0.0018) ±6.1448 ( 1.5964) ±0.0008 ( 0.0005)
2.5×105  steps warm-up ±0.0871 ( 0.0537) ±0.0070 ( 0.0020) ±6.3265 ( 1.0826) ±0.0015 ( 0.0004)
2.0×105  steps warm-up ±0.0000 ( 0.0000) ±0.0181 ( 0.0021) ±10.3941 ( 2.0854) ±0.0015 ( 0.0008)
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more  instability.  Compared  to  the  mixed  evolution
warm-up and 290 000-timestep warm-up,  SP values of
200 000  and  250 000  warm-up  exhibit  greater
variability,  reflecting  less  uniform  distribution  of  the
solution sets.
We  select  one  arbitrary  run  from  four  initialization

strategies respectively and illustrates their initial  states
and  the  solution  sets  of  the  final  generation  in Fig.  7.
The  initial  state  of  mixed  evolution  warm-up  exhibits
the widest range on two diversity metrics, suggesting a
more  diverse  and  well-distributed  starting  population.
Applying  the  mixed  evolution  warm-up  strategy,  one
EGSAC training  can  fully  support  the  initialization  of
one MOPCGRL experiment and be able to outperform
the  initial  population  composed  entirely  of  models

trained  with  the  highest  timestep.  It  ensures  the
diversity  of  initialization  at  the  beginning  of  the
evolution  process  while  keeping  training  costs
minimal.

4.4    Sensitivity analysis

λ ∈ {5,10}
ϵ ∈ {20,22,24} λ = 5

λ = 10

To  examine  the  key  hyperparameters  that  may  affect
model  performance,  we conduct  a  sensitivity  study on
the  population  size    and  the  playability
constraint  .  For  ,  the  number  of
iterations is set to 200 to match the total budget of the
original  setting (  with  100 iterations).  The other
parameters are kept the same as those listed in Table 1.
All comparative experiments are repeated for five runs.

λ ∈ {5,10}

λ = 5

λ = 10

λ = 5

The  sensitivity  analysis  for  both  parameter  sets  is
also  evaluated  using  HV,  GD,  PD,  and  SP.  Their
comparison  is  illustrated  in  Fig.  8.  Figure  8a
demonstrates results of parameter set  . In the
early  stages  of  the  evolution  process,  the  experiments
with  a  population  size   obtain  higher  HV values,
but  they  stabilize  around  0.15  without  further
improvement. In contrast, the HV values for the 
population  continue  to  increase  steadily,  ultimately
outperforming the population of   once they reach
the  same  budget.  This  indicates  that  a  smaller
population  may  exhibit  quick  progress  in  finding
quality  solutions  due  to  its  size,  yet  its  limited
exploration  capacity  prevents  further  improvement.  A
larger  population  size  allows  more  model  to  explore
more  policies  in  parallel,  enabling  MOPCGRL  to
discover  a  broader  range  of  solutions.  The  other  three
indicators,  despite  the  randomness  of  initial  states,
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fail  to  distinguish  more  between  the  two  types  of
populations.

ϵ

ϵ

ϵ

ϵ

As  can  be  seen  in  Fig.  8b,  changing  the  playability
constraint    to  smaller  values  does  not  significantly
affect  the  testing results  of  MOPCGRL. The final  HV
values  fluctuate  slightly  around  0.2,  but  they  are  not
clearly  correlated  with  .  While  there  exist  trade-offs
between  playability  and  diversity  metrics[31],  our
exploration on varying   does not seem to capture this
relationship.  A  possible  explanation  is  that  since
playability is a prior in online generation, models in our
initial population can already generate diverse contents
with  relatively  high  playability.  Lowering  the  value 
will not affect as much under this circumstance.

5    Conclusion

In our paper, we propose an MOPCGRL framework for
online  content  generation.  The  framework  combines
multi-objective  evolutionary  reinforcement  learning
with  procedural  content  generation  techniques,
providing  a  set  of  online  game  generators  capable
of  balancing  multi-dimensional  diversity  metrics.
Experiment results demonstrate the effectiveness of our
approach;  the  models  obtained  by  MOPCGRL
outperform  seven  generation  methods,  including  both
classic  and  recent  state-of-the-art  approaches,  by
achieving  the  best  diversity  scores.  To  enhance  the
evolution  performance,  we  design  a  population
initialization  strategy  and  test  it  with  three  alternative
populations through an ablation study. We analyze the
generation results by comparing HV, PD, GD, and SP.
Our  strategy  with  mixed  pretrained  models  as  initial
population,  namely  mixed  evolution  warm-up,  shows
the  best  diversity  and  convergence  in  the  evolution
process.
For  future  study,  approaches  can  be  explored  to

reduce the training time of MOPCGRL models,  as the
simulation  process  at  the  end  of  each  generation  is
time-consuming.  Implementing  agent  trace  prediction
or  surrogate  models  may  improve  time  efficiency.
Second,  additional  diversity  metrics  can  be  taken  into
consideration.  As demonstrated in Ref.  [23],  hamming
distance  contradicts  the  linear  sum  of  two  different
diversity  metrics.  We  are  interested  in  expanding
the  number  of  simultaneously  optimized  metrics
with  different  combinations.  The  integration  of
explainability  or  interpretability  tools[55,  74]  is
also  helpful  for  analyzing  meaningful  correlations
between  objective  values  and  specific  content

design.  Furthermore,  applying  multi-objective  online
generation  to  other  game  genres  is  also  a  direction
worth exploring. Since our proposed framework is not
tied  to  specific  game  rules  or  mechanics,  it  is
transferable  to  other  genres  as  long  as  the  generated
content  can  be  represented  and  evaluated  under
appropriate  objectives.  This  also  introduces  new
challenges like determining which genres benefit  most
from  online  generation.  Games  that  require  real-time
interaction  and  are  sensitive  to  environmental
uncertainty  should  be  considered—such  as  track
generation  in  racing  games  or  task  generation  in
multiplayer  cooperative  games.  For  larger  content
spaces  such  as  3D  worlds,  extending  MOPCGRL
would require  more expressive content  representations
and  effective  simulation  strategies.  For  example,
mapping  3D levels  to  2D sketches  and  computing  the
top-view tile distribution may reduce the computational
cost of diversity evaluation.
In  terms  of  multi-objective  approaches,  the  MOEAs

currently used in the field of PCG are primarily Pareto-
dominance-based.  Recently  proposed  decomposition-
based  many-objective  optimization  methods[75–77]  and
multi-objective  genetic  programming[78]  could  be
explored  for  complex  game  scenario  generation  and
may serve as comparative methods with our approach.
Quality-diversity  methods[79],  such  as  MAP-Elites[80]
and  its  variants,  have  been  used  in  PCG  to  enhance
content  diversity  as  well.  With  their  focus  more  on
solution set coverage, they can yield different outcomes
compared  to  MOEAs  when  applied  to  online
generation.  Multi-agent  RL  methods[81,  82]  could  also
be  employed  to  collaboratively  generate  game
scenarios.
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