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ABSTRACT

Building large-scale generalist pre-trained models for many tasks
is becoming an emerging and potential direction in reinforcement
learning (RL). Research such as Gato and Multi-Game Decision
Transformer have displayed outstanding performance and general-
ization capabilities on many games and domains. However, there ex-
ists a research blank about developing highly capable and generalist
models in multi-agent RL (MARL), which can substantially acceler-
ate progress toward general Al To fill this gap, we propose Multi-
Agent multi-Game ENtity TrAnsformer (MAGENTA) from the en-
tity perspective as orthogonal research to previous time-sequential
modeling. Specifically, to deal with different state/observation spaces
in different games, we analogize games as languages by aligning
one single game to one single language, thus training different
"tokenizers" and a shared transformer for various games. The fea-
ture inputs are split according to different entities and tokenized
in the same continuous space. Then, two types of transformer-
based models are proposed as permutation-invariant architectures
to deal with various numbers of entities and capture the atten-
tion of different entities. MAGENTA is trained on Honor of Kings,
Starcraft II micromanagement, and Neural MMO with a single
set of transformer weights. Extensive experiments show that MA-
GENTA can play games across various categories with arbitrary
numbers of agents and increase the efficiency of fine-tuning in
new games and scenarios by 50%-100%. See our project page at
https://sites.google.com/view/rl-magenta.
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1 INTRODUCTION

In recent years, transformer-based models, as a solution to build
large-scale generalist models, have made substantial progress in
natural language processing [5, 8], computer vision [1, 9], graph
learning [21, 30], Furthermore, they are showing their potential in
reinforcement learning (RL) [15, 20, 27] by modeling and solving
sequential problems.
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However, there are a few inherent challenges in building large-
scale general RL agents. First, when the training environment and
the test environment are the same, RL is inclined to overfit the
training environments, while lacking generalizability to unknown
environments. As a result, a model is often needed to be re-trained
from scratch for a new task. Second, it is challenging for a sin-
gle model to adapt for various environments with differences in
the number of agents, states, observations, actions, and dynam-
ics. Third, training from scratch normally suffers from expensive
computational costs, especially for large-scale RL. For example,
AlphaStar requires 16 TPUs to train for 14 days, and Honor of King
(HoK) requires 19,600 core CPUs and 168 V100 GPUs to train for
nearly half a month. Thus, building a general, reusable, and effi-
cient RL model has been an increasingly important task for both
industrial and non-industrial research.

To this end, we investigate whether a single model, with a single
set of parameters, can be trained by playing multiple multi-agent
games in an online manner, which is a blank in current research
after Gato [20] and MGDT [15]. We consider training on Honor of
Kings (HoK), Starcraft II micromanagement (SMAC), and Neural
MMO (NMMO), informally asking:

Can models learn some general knowledge about games across
various categories?

In this paper, we answer this question by proposing Multi-Agent
multi-Game ENtity TrAnsformer (MAGENTA). We consider this
problem as a few-shot transfer learning with the hypothesis, that a
single model is capable of playing many games and can be adapted
to never-seen-before games or scenarios with fine-tuning. For in-
terpretability, we align the design of MAGENTA with the Entity
Component System (ECS) architectural pattern of video games
and the multilingual transformer. Specifically, we treat different
games as different languages by aligning one single game to one
single language as shown in Fig.1. Different languages have dif-
ferent tokenizers, so do games. Also, we expect that the learned
representations in different games are similar to the word2vec in
NLP. In this case, our transformer can be viewed as a multilingual
transformer to capture the common knowledge among different
games. We split the feature input according to different entities and
tokenize the features in the same continuous space. Unlike existing
applications of the transformer as a causal time-sequential model,
the transformer in MAGENTA serves as a permutation-invariant
architecture to attend to the features of different entities. We pro-
pose two types of transformer architecture, Encoder-Pooling (EP)
and Encoder-Decoder (ED), to build permutation-invariant mod-
els. In this way, the output of the model should not change under
any permutation of the elements in the input. Lastly, we show the
training scheme of MAGENTA about how to train and transfer the
pre-trained model.
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As a step towards developing a general model in RL/MARL,
our contributions are threefold: First, by aligning games and lan-
guages, we show that it is possible to train a single generalist
agent to act across multiple environments in an online manner.
Second, we present permutation-invariant models for adapting var-
ious numbers of agents in different games. And third, we find that
MAGENTA can achieve rapid fine-tuning in an online fashion to
different scenarios within a single game, to a new type of game,
and to different numbers of agents. Furthermore, we release the
pre-trained models and code to encourage further research in this
direction.

2 PRELIMINARY
2.1 Reinforcement Learning and Multi-agent RL

An RL problem is generally studied as a Markov decision pro-
cess (MDP) [2], defined by the tuple: MDP = (S, A,P,r,y,T),
where S C R”" is an n-dimensional state space, A C R™ an m-
dimensional action space, # : S X A X S — Ry a transition
probability function, r : & — R a bounded reward function,
y € (0,1] a discount factor and T a time horizon. In MDP, an
agent receives the current state s; € S from the environment and
performs an action a; € A defined by a policy 7y : S — A pa-
rameterized by 6. The objective of the agent is to learn an optimal
policy: 7+ = argmax,, En, [erzo Yiresilse = s]. A MARL prob-
lem is formulated as a decentralized partially observable Markov
decision process (Dec-POMDP) [3], which is described as a tuple
(n,S,A,P,R,O,Q,y), where n represents the number of agents.
S, A, P, R are all global versions of those in MDP. O = {O;}i=1,... n
denotes the space of observations of all agents. Each agent i receives
a private observation o; € O; according to the observation function
Q(s,i): § — 0;. 1.

2.2 Attention Mechanism in Transformer

One of the most essential components of Transformer [26] is the
attention mechanism, which captures the interrelationship of input

'We present this paper in the scope of MARL, and abuse the term "feature" an alternative
of observation.
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Figure 2: An Example of ECS of the BattleCity game in Atari
2600.

sequences. Assume that we have n query vectors (corresponding
to a set with n elements) each with dimension dy : Q € R"%4q_ The
attention function is written as Attention(Q,K,V) = w(QKT)V,
which maps queries Q to outputs using n, key-value pairs K €
R"0Xdq ¢ RM0%do_ The pairwise dot product QKT € R™*" mea-
sures how similar each pair of query and key vectors is, with weights
computed with an activation function w. The output © (QK T) Ve
R™%o js g weighted sum of V where a value gains more weight if its
corresponding key has a larger dot product with the query. Further-
more, self-attention refers to cases where Q, K, V share the same set
of parameters. Multi-head attention is an extension of attention by
computing h attention functions simultaneously and outputting a
linear transformation of the concatenation of all attention outputs.

2.3 Entity in Video Game Design

In video game development, the Entity Component System (ECS) is
the often used software architectural pattern for the representation
of game world objects [4]. An ECS has three parts: entities, compo-
nents, and systems. Entities are composed of data from components,
while systems operate on entities’ components. For example, as
shown in Fig.2, in BattleCity, the enemy tank, the player, and the
bullets can be represented as different entities. These entities that
can cause damage might have a health component. The physics
system in this game may query entities whether having mass, ve-
locity, as well position components and do physics calculations on
the sets of components for each entity.

3 RELATED WORK
3.1 Transformer in RL

Recently, transformer-based models have been shown to be a pow-
erful tool for RL to capture global dependencies or model long-term
sequence. The architecture of MAGENTA is closely related to Al-
phaStar [12] and OpenAl Five [18], which use transformer-based
models to embed unit features for each player. Another perspective
of using transformer-based models is to model an RL problem as a
sequence prediction problem that models trajectories autoregres-
sively, such as Decision Transformer (DT) [7], Trajectory Trans-
former (TT) [13], GATO [20], and Multi-Game DT (MGDT) [15]. In
addition, Multi-Agent transformer (MAT) [27] considers the MARL
problem as a sequence prediction problem that generates the opti-
mal action of each agent sequentially.

However, these transformer-based models study the generality
with trajectory sequences in single agent scenarios [15, 20] or focus
on a single task with the sequences [7, 12, 13, 18, 27]. In addition,
they use causal transformer decoders, which use causal masking to
discard future information. MAGENTA fills the current research



Table 1: Related Work on Transformers in RL

Method Sequence Data  Agent Task  Transfer Games/Domains

DT, TT trajectory offline single single No Atari,OpenAl Gym,Key-to-Door
Gato trajectory offline single multi No Atari,caption,chat,robotics,etc.
MGDT trajectory offline single multi Yes Atari

online DT trajectory online single single Yes OpenAl Gym

MAT agent online multi single No Starcraft Il micromanagement
AlphaStar entity online multi single No Starcraft II full game

OpenAl Five entity online multi single No Dota 2

MAGENTA entity online multi multi Yes HoK,Neural MMO,

Starcraft I micromanagement

blank by using a transformer model without positional encoding
and exploring generality with entity sequences in multi-agent sce-
narios. Note that models such as DT, TT, and MGDT utilize the
sequence along the time dimension, while MAGENTA along the
entity dimension, so MAGENTA is orthogonal to time trajectory
sequence modeling methods by viewing MAGENTA as a tokenizer
in these methods. We summarize these related works as shown in
Table 1.

3.2 Reuse Trained RL Models

Another related research direction is to reuse trained RL models,
which is an important subfield of RL. Some approaches directly use
the trained models. For example, to avoid restarting from scratch
after changes in code and environment, OpenAlI Five [18] used the
"surgery" approach to convert a trained model to certain larger
architectures with customized weight initialization. MGDT [15]
and Gato [20] follow the manner of few-shot transfer learning by
using a single set of weights to play many games or handle tasks in
multiple domains simultaneously. Furthermore, some approaches
implicitly exploit trained models, such as behavior cloning [10,
11], distillation [19, 22], and the use of the teacher-student frame-
work [6, 23, 24]. Considering that all these methods are based on
well-pretrained model weights, MAGENTA follows the fashion of
direct usage and provides our code and trained agents. Interested
researchers can use the provided models for further exploration of
how to reuse such models.

4 MULTI-AGENT MULTI-GAME ENTITY
TRANSFORMER

In building generic multi-agent Al for different games, the following
challenges are encountered: (1) different feature inputs (i.e., differ-
ent observations), different action spaces, and different rewards
across different classes of games; (2) the number of entities varies
across different classes of games.

Motivated by multilingual models [8, 16, 28] in the NLP com-
munity, we treat different games as different languages to deal
with different inputs of features. Although words or sentences in
different languages have different representations, such as "I love
you" in English, and "Je t’aime" in French; however, the meaning
behind those words is the same. We also find the analogy in the ECS
game design pattern. Games are designed based on physical rules
in the world. Basically, entities in most games can move, collide,

and even attack. The components or attributes of these entities
are changing according to the "virtual rules”, which are mimics
of the physical rules. The RL policy can be considered as a neural
network system to approximate such rules. So we divide such neu-
ral network systems into three parts: tokenizer, transformer, and
output. Tokenziors are trained for different games, just as they are
trained for different languages in NLP. Transformer is a multi-game
transformer, as an analogy to the multilingual transformer. While
output are finetuned according to the down-streaming tasks.

4.1 Games as Languages

Tokenizer is used to obtain initial embeddings of words in the NLP
community. When we treat games as languages, different features
of entities can be analogized to different "words". Such "words" are
typically composed of images and vectors. Therefore, we need to
divide the features into "words" and then map them into the same
continuous space.

A good tokenization for different games should be feature-space-
agnostic. Different games have different features, such as images or
vectors. Furthermore, the features of different entities have different
shapes, dimensions, and meanings. Therefore, good tokenization
is supposed to handle different feature spaces and split the entire
feature into individual elements, such as the tokenizer in NLP splits
sentences into words.

We categorize the feature input into two types: images and vec-
tors. When playing games, we can have a screenshot as an image.
Typically, we call them frames as shown in [17]. The numerical
attributes of the entities can be vectors. For example, a vector com-
posed of the health point, the mana point, the speed, the attack, and
the defense, etc. As shown in Fig.3, to process images, we first use
convolution neural networks to extract the latent representation
and then linearly project the representation into the embedding
space. For processing vectors, we divide the vectors into many
inputs that correspond to different entities. Then we use a fully con-
nected neural network to get tokens for different entities. The same
types of entities share the same parameters in neural networks.

We chose our tokenization scheme with simplicity in mind, but
many other schemes are possible. For example, more sophisticated
methods, such as VAE [14] can be used to learn a more effective
token representation.

4.2 Transformer in MAGENTA
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Figure 3: Overall framework of MAGENTA. (Left) An example tokenizer for HoK. Spatial features are as images and entity
features as vectors. (Mid) The transformer architecture in MAGENTA. We denote the the token representations of entities by
(el, ...,€") and the output of the attentive features by (él, ...,é"). We unify z; from different architectures as the permutation-
invariant representation. (Right) The value head and policy head for decision making. Detailed Architecture can be seen in

Fig.?? and Fig.?? in the Appendix.

In many game scenarios, the number of entities to be modeled
changes over time (e.g., deaths of soldiers in Starcraft II, the revival
of enemies in Neural MMO), and although some empty spaces can
be set aside in advance from a network compatibility perspective,
these spaces are not always suitable for new entities. In addition,
the order of the entities should not affect the RL model training.
Unlike the order of words in sentences, the order dependence in
RL leads to an inability to handle the input of a varying number of
entities.

A model for this issue should satisfy two critical requirements.
First, the model should be able to process input of any size. The
number of input tokens depends on the number of entities. Second,
it should be order-agnostic or permutation-invariant. The output of
the model should not change under any permutation of the elements
in the input. Classical feedforward neural networks violate both
requirements and RNNs are sensitive to input order. To this end,
we use the transformer architecture as the core of MAGENTA.
We modify the vanilla transformer architecture by removing the
positional encoding to satisfy these two requirements.

Furthermore, to force our model to order agnostic, we design two
types of transformer architecture, as shown in Figure 3: Encoder-
Pooling (EP) and Encoder-Decoder (ED). Detailed description can
be found in Appendix. The encoder is used to obtain the mapping
between the token representations of entities (el, .. .,e") and the
output of the attentive features (él, o é"), where n is the number
of all entities. The key idea is that each agent can only affect the
related entities, and thus should pay more attention to them.

For EP, we use the pooling function to post-process the embed-
dings. A network that performs pooling over embeddings extracted
from the elements of a set. More formally, net ({él, el é"}) =
p (pool ({¢ eYH,....¢ (é")})). Here, operations like mean, summa-
tion, max, or similar can be used as the pooling function to aggregate
the embeddings. Zaheer et al. have proven that all permutation-
invariant functions can be represented as this inline equation when
pool is the sum operator and ¢, p any continuous functions, thus
satisfying the permutation-invariance requirement.

For ED, we design a decoder to post-process the embeddings.
Specifically, instead of using self-attention, the decoder uses the
original attention mechanism and outputs Attention(Q,K,V) €
R%do_ where Q is the embedding é’ of the current agent i (an agent
is also an entity), while K, V are the embeddings of all entities. In
this way, the output of ED is only one single vector that does not
change under any permutation of the elements in the input.

4.3 Training and Implementation Details

Training scheme. We focus on MARL scenarios and choose three
representative environments from the industrial and academic do-
mains: Honor of Kings (HoK), Neural MMO (NMMO), and Starcraft
II micromanagement (SMAC). We design our three-stage training
scheme as shown in Fig.5.

Stage 1. From the random initialized model M°, we train expert
models with MAGENTA on each individual game and obtain expert

models MfIxP , Mflx‘o ,Mﬁxl) in different games, where H represents
HoK, N represents NMMO, S represents SMAC.

Stage 2. We transfer szp to new games and get MIJLVI, % Mgg;
The tokenizer and output are trained from scratch in the new
games. Note that HoK, with a state and action space of magni-
tude 1020900 [29], is much more complex. So we transfer the trained
HoK transformer to NMMO and SMAC.

Stage 3. We start from M° and train the transformer MNS =

Mgf\] g in selected scenarios in these three environments. The

tokenizer and output are from MNC. Then we check whether MNS
can handle never-seen-before scenarios in these games with few-
shot transfer

Policy updates. In order to avoid training instability in our
large-scale distributed environment, we use the dual-clip PPO
method for each agent. Unlike the original algorithm, we introduce
the policy 7y (a; | 0;) and the estimate of advantages A, (ai, 07).
When 7 (a; | 0;) > mq,, (ai | 0i) and A; < 0, the ratio r;(6) =

2We follow MAT [27]’s setting to treat 1%, 5%, 10% of 10M-shot (100k, 500k, 1M-shot)
as few-short in the SMAC/NMMO environment.



Figure 4: Games where MAGENTA trains. (Left) Neural MMO, a massively multiagent game environment provided by OpenAlI;

(Mid) Honor of Kings, the best-selling mobile game worldwide; (Right) Starcraft II micromanagement, the most popular MARL
research environment. See detailed descriptions of these games in the Appendix.

| o |
NN NN
L~ || H §o-------------- >
’ W
’ VU U U
\
Performance [ L —— -

1
I_ - v
| — e |\ mE—=

, A\ N LY ~ ~ ~ ~
, 'I N
5\————-» N | 11l HF---- »}
5 U/ VU \ U U U U
MO ) \
Random | mE—ma |\ m=——
e . \ -
initialized model'. NN . N N
S o) S S HE---- N
U\_J/ U U U U\ U
MExp MNG MNS

expert models transfer models final model
on diff. games on new games on all games

Figure 5: The training scheme of MAGENTA. The dotted lines
represent transfers to a new game or a new scenario. Each cell
represents a tokenizer, transformer, and output, respectively.
Different colors represent different games.

M is huge, causing the large and unbounded variance
70014 (ailo;)

since r;(0)A; < 0. Dual-clip PPO introduces another clipping pa-
rameter ¢ that indicates the lower bound when A; < 0. The new
objective is defined as:

policy (6) =By [ max (cAt, min (clip(r;(0),1-17,1+ T)A;, rt(Q)At))]

)

where 7 is the original clip parameter in PPO.
Value updates. We use the multi-head value mechanism for
different reward sources. Specifically, the values of achieving one

reward are regarded as one head. Therefore, the value loss is defined
as:

Lvalue (9) — Et Z (R/tc _ ‘}tk) ®)
head

where wy is the learnable weight of the k-th head and Vtk (0j) is
the k-th value.

Table 2: Transfer experimental settings. A->B means training
on A and transferring to B.

EP ED TL
MExP HSN HSN H
MNG H-> H->
(new games) SN SN
MGS H+S+N-> H+S+N->
(new scenarios) SN SN

5 EXPERIMENTS

We answer the following research questions. Q1: How is the per-
formance of the entity transformer in a single game? (Sec. 5.2) Q2:
How effective is MAGENTA in transfer to new games? (Sec. 5.3)
Q3: How effective is MAGENTA in transfer to new scenarios?
(Sec. 5.4) Q4: How does MAGENTA scale with model size? (Sec.
5.5) Q5: What does MAGENTA attend to? (See Appendix 5.6 due

to page limits.) Q6: What does the learned embedding look like?
(See Appendix 5.7)

5.1 Experimental Setup

Models used in the experiments. Magenta is trained in three en-
vironments: Honor of King, Starcraft II micromanagement SMAC,
and Neural MMO. We summarize the training set with the abbrevia-
tion H, S, and N to represent the three games in the following table.
We list the different versions of MAGENTA and the corresponding
transfer experiments in Table 2.

Training and fine-tuning. We train MAGENTA models on
Hok with an ADAM optimizer of a 2 - 104 learning rate, f; = 0.9
and 2 = 0.999, without weight decay, gradient clip 0.5, and batch
size 2048. And we train MAGENTA on SMAC and NMMO with an
ADAM optimizer of 1- 10~ learning rate, f; = 0.9 and f2 = 0.999,
no weight decay, gradient clip 0.3, and batch size 4096. Detailed
hyperparameters are described in the Appendix ??.

Metrics. We measure the performance of MAGENTA in HoK by
the win rate and in SMAC/NMMO by cumulative rewards. Due to
prohibitively long training times, we only evaluated one training
seed in HoK and three training seeds in SMAC/NMMO.
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Figure 6: Transfer performance in SMAC. The y-axis is named with “X”m(“hardness”), which represents the different tasks in

SMAC.

5.2 How is the performance of the entity
transformer?

In this subsection, we mainly evaluate ME*P of MAGENTA in HoK
3v3 scenario. We trained 3 different variants of MAGENTA: EP,
ED, TL (EP followed by an LSTM network), and train FC+LSTM
(FC layers as replacement of the transformer) as the opponent to
calculate the win rate with three variants. All variants have similar
model sizes. We introduce the TL model to show that MAGENTA is
orthogonal to the time-sequential modeling methods. At each point,
two models with the same training time compete with each other.
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Figure 7: The performance of different variants of MA-
GENTA in HoK 3v3°.

In Fig.7, we can see that after 160 hours of training, all variants of
MAGENTA outperform the FC+LSTM model. It shows the benefit
of using the transformer architecture. An interesting finding is that,
at the beginning, MAGENTA hardly won the FC+LSTM model. The
transformer can increase model capacity and expressiveness while
needing more training data compared to the FC model.

We also provide a comparison to existing single-game base-
lines. Since Magenta is a multi-game multi-agent method focusing
on getting good knowledge transfer from training on multiple

games, we select the optimal performance of other single-game
MARL algorithms in every single game as the algorithmic baselines.
We report IPPO in HoK and NMMO as the single game baseline,
since HoK, and NMMO provide individual rewards while QMIX is
trained based on a global reward assumption. Then we report the
win rate of trained QMIX and VMIX in SMAC as the single-game
baseline in Table.3 and 4.

. . Finetuned-QMIX VMIX Magenta
SMAC Senarios | Difficulty (Value-based) (Policy-based) (Policy-based)

3m Easy 100% 100% 100%

8m Easy 100% 100% 100%

25m Easy 100% 100% 100%
8m_us 9m Hard 84% 75% 100%
5m_vs_6m S-Hard 73% 9% 50%
6h_v5_8z S-Hard 84% 80% 88%
3552453562 S-Hard 65% 56% 74%
27m vs 30m S-Hard 95% 93% 97%

Table 3: Comparison to existing single-game (SMAC) base-
lines.

IPPO Senarios IPPO (Policy-based) Magenta (Policy-based)
4agent playground 0.32 0.91
8agent playground 1.19 1.68

Table 4: Comparison to existing single-game (nmmo) base-

lines.

5.3 How effective are MAGENTA at transfer to
new games?

We want to evaluate whether MAGENTA can adapt the novel games.
To do this, we transfer the trained HoK transformer to NMMO and
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Figure 8: The transfer in HoK. The win rate is against the FC+LSTM model.

SMAC. We show the training process of ME?, MNC and MNS,
In Fig.6, we show the result of the transfer to SMAC. Before this
transfer, MY G is already trained in HoK, M{V S in HoK, SMAC
5m_vs_6m scenario, NMMO 8 agent scenario, and Mév Sin HoK,
SMAC 8m_vs_9m, NMMO 8 agent scenario. For MN G, the tokenizer
and the output are trained from scratch with the pre-trained trans-
former. For MY 5, all modules in MAGENTA are pre-trained. In this
subsection, we focus on ME*P and MNG, since MO is trained in
the new games. We can see that MNC can outperform ME*P in most
SMAC scenarios, including easy, hard, and super hard scenarios. In
Fig.9, we show the result of the transfer to NMMO. We show the
performance in the 4-agent scenario and the 8-agent scenario. We
can clearly see that MNC can outperform MEXP. The results verify
our hypothesis that pre-training in other games should indeed help
with the rapid learning of a new game.
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Figure 9: Transfer performance in NMMO.

5.4 How effective is MAGENTA in transfer to
new scenarios?

We devise our own evaluation setup by transferring to the never-

seen-before scenarios in HoK, SMAC, and NMMO. HoK has three

scenarios: 1v1, 3v3, and 5v5. In HoK, we have two experiments to
answer whether we can transfer to more or fewer agents.

. . Exp
In Fig.8a, we show the training performance of model M 7,

Mﬁ? Mgg and M5N0§;4. The result shows that the models trans-
ferred from 3v3 and 5v5 to 1v1 outperform the model trained in 1v1
from scratch. And there is a slight performance difference between
M3Nv 3G and Mst g; In Fig.8b, the model transferred from 1v1 to 5v5
outperforms the model trained in 5v5 from scratch. The experi-
ments show that MAGENTA learned some transferable knowledge
that can be used in the never-seen-before scenarios, even in the
single-agent scenario. Then we look back at Fig.6 and Fig.9. We
can see that MNS can outperform MNC in the held-out scenarios.
The results in this subsection highlight the benefit of MAGENTA’s
rapid fine-tuning to new scenarios across different tasks and the

number of agents or entities.
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Figure 10: Normalized scores for all training games with
different model sizes.

5.5 How does MAGENTA scale with model size?

We obtain the final performance of MNS on all games and choose
ME*P a5 the baseline to compute the normalized score. In Fig.10 It
shows that when the size of the model increases, in the complex
game, i.e., HoOK, MAGENTA has better performance. In less complex
games, MAGENTA shows a flat or decreasing performance with
increasing model size. We interpret this result as overparameteriza-
tion, where a richer model is more fitting than necessary. In fact,
we conducted a confirmatory experiment using just a few FC layers
in SMAC and NMMO. It can show a performance similar to MEXP.

“We omit other games in the subscript.
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Figure 13: The visualization of entity embedding in HoK and
SMAC.

5.6 What does MAGENTA attend to?

We find that MAGENTA consistently attends to related entities.
Fig.11 visualizes the selected attention heads and layers for HoK 3v3
scenarios. By fixing one frame in a running competition in HoK, we
find that heads attend to entities such as monster, enemy, and friend,
which are the entities highly related to the current agent’s state.
The visualization of MAGENTA in SMAC is shown in Appendix 12.
We find that heads attend to allies.

5.7 What the learned embedding in games look
like?

In this subsection, we visualize the embedded entities in HoK and

SMAC using t-SNE [25]. We run MAGENTA for one episode in HoK

and collect the embedding of entities for 6000 game frames. Also,
we run MAGENTA for 50 episodes in SMAC and collect the embed-
ding of the entities. We can see a clear separation between allies’
embedding and enemies’ embedding in both HoK and SMAC. Even
though HoK and SMAC are two different games, MAGENTA can
still learn some general knowledge across different games.

6 CONCLUSION

In this paper, we have made an attempt to develop highly capa-
ble generalist agents. Namely, we provide a perspective: viewing
different games as different languages. When different tokenizers
are trained for various games, entities are split into tokens. The
utilization of transformer models can deal with different feature
inputs and various numbers of entities. The attention mechanism
in the transformer also encourages the agent to focus on highly
related entities. Our results exhibit a clear benefit of using large
transformer-based models from an entity perspective in multi-agent
multi-game domains. We believe the trends suggest clear paths for
future work, that with larger models and larger suites of tasks.

Limitations. We acknowledge some limitations of our conclu-
sions. First, our results are largely based on performance in battle
games, such as real-time strategy games, MOBA games, and MMO
games, where the rules are similar to each other. Second, the tok-
enizer is not general for all games. We still need to train specific tok-
enizers to handle different entities in various games. Third, we still
follow the online fashion, which remains the question of whether
offline datasets can help boost training efficiency. Lastly, it remains
unclear whether we can observe other forms of generalization, such
as zero-shot adaptation, as well as whether our conclusions hold
for other settings.
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