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Abstract

Developing collaborative Al hinges on Theory of
Mind (ToM) — the ability to reason about the beliefs
of others to build and maintain common ground.
Existing ToM benchmarks, however, are restricted
to passive observer settings or lack an assessment
of how agents establish and maintain common
ground over time. To address these gaps, we intro-
duce the Yokai Learning Environment (YLE) — a
multi-agent reinforcement learning (RL) environ-
ment based on the cooperative card game Yokai. In
the YLE, agents take turns peeking at hidden cards
and moving them to form clusters based on colour.
Success requires tracking evolving beliefs, remem-
bering past observations, using hints as grounded
communication, and maintaining common ground
with teammates. Our evaluation yields two key
findings: First, current RL agents struggle to
solve the YLE, even when given access to perfect
memory. Second, while belief modelling improves
performance, agents are still unable to effectively
generalise to unseen partners or form accurate
beliefs over longer games, exposing a reliance
on brittle conventions rather than robust belief
tracking. We use the YLE to investigate research
questions in belief modelling, memory, partner
generalisation, and scaling to higher-order ToM.

1 Introduction

Effective collaboration among partners requires common
ground — the shared knowledge, beliefs, and assumptions
that enable them to interpret each other’s actions and respond
appropriately [Clark, 1996]. When common ground cannot
be reliably maintained, collaboration often breaks down
[Klein et al., 2005]. To establish common ground, humans
use Theory of Mind (ToM) [Premack and Woodruff, 1978] to
infer others’ mental states. Consequently, enabling compu-
tational agents to perform ToM reasoning has been identified
as a critical step toward effective human-Al collaboration
[Klien et al., 2004; Dafoe et al., 2020; Dafoe et al., 2021].
Research in cognitive science suggests that human ToM
integrates multiple reasoning processes — including mem-
ory, spatial navigation, and mentalising [Suddendorf and

Corballis, 2007; Mitchell, 2009]. Prior work in compu-
tational ToM has focused on the latter, for example, by
predicting others’ behaviour from an omniscient observer’s
perspective [Baker et al., 2011; Rabinowitz er al., 2018;
Gandhi et al., 2021]. However, humans are rarely passive
observers of a scene where they solely predict behaviour
[Sclar er al., 2022]. Instead, they are active participants and
must adjust their ToM reasoning to the interactive setting in
which their own actions change the environment, influence
the behaviour of others, and vice versa. This interactive
structure necessitates tracking how common ground -
the mutually recognised shared experience built through
interaction [Tomasello, 2010] — evolves during collaboration.
The goal of this paper is thus to

propose an environment in which effective col-
laboration between computational agents requires
building common ground by tracking beliefs over
space and time.

This is the Yokai Learning Environment (YLE)' — a novel
multi-agent reinforcement learning (RL) environment based
on the collaborative card game Yokai. In the YLE, players
must collaborate to group face-down cards by colour over
multiple rounds without direct communication (see Figure 1,
left). Each round, one player privately observes the colour
of two cards, moves one of them to a new position on the
table, and may place a hint card to communicate information
about unobserved card colours to others (see Figure 2).
Importantly, players may end the game early for a higher
reward, but at the risk of losing the game. This makes it a
high-stakes, all-or-nothing decision that requires strong ToM
reasoning to infer card colours from partners’ actions rather
than first-hand observation.

The design of YLE creates a uniquely challenging coor-
dination task. Agents must: (1) remember the colours of
moving cards to avoid redundant checks, (2) infer the beliefs
and knowledge of others to establish and maintain common
ground, (3) interpret teammates’ actions and hints as implicit
belief updates, (4) use hint cards as grounded communication,
and (5) assess when to end early based on inferred shared
knowledge. These challenges require belief tracking over
both space (shifting card locations) and time (multi-round

!Code available at https:/git.hcics.simtech.uni-stuttgart.de/
public-projects/Yokai_env.
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Figure 1: The YLE poses a challenging ToM reasoning task for cooperative agents in a dynamic environment. Agents cannot observe all
cards in a single game. Successful play requires agents to remember and reason about others and their own mental states. In the example, it’s

’s turn.
card 7,

observes the colour of two cards (! and ) privately.

gameplay with limited observability), and together reflect
key components of ToM [Premack and Woodruff, 1978;
Clark, 1996; Pillow, 1989; Southgate et al, 2007
Tomasello, 2010] in a dynamic, interactive setting. Ef-
fectively establishing common ground requires aligning on
ad hoc conventions for grouping cards with partners. Prior
environments, such as Hanabi [Bard et al, 2020], were
used to study zero-shot coordination and ToM, but lack the
spatial-temporal structure, evolving belief dynamics, and the
challenge of ending early based on inferred knowledge.

We evaluate a range of agents on YLE and highlight
key limitations in their ability to track common ground
in this novel spatial-temporal belief reasoning task. Our
experiments show that even with access to perfect memory,
agents struggle to collaborate effectively. Among agents
without perfect memory, those with explicit memory modules
perform best, and performance drops further in four-player
settings. While belief representation learning improves
performance, agents fail to generalise to new partners or
maintain accurate beliefs over longer time horizons. Instead,
they rely on brittle conventions rather than robust and
generalisable belief tracking. Our contributions are:

1. A fast JAX-based YLE — a new cooperative multi-agent
RL benchmark for belief tracking, common ground, and
ToM, training at hundreds of thousands of steps per sec-
ond.

2. An empirical analysis showing that agents fail to coor-
dinate effectively in YLE, and in particular fail to end
games early — a behaviour humans achieve reliably.

3. A demonstration that belief representation learning im-
proves performance, but agents still fail to generalise to
novel partners or maintain accurate beliefs over time.

4. An evaluation of YLE in a four-player setting, revealing
the increased difficulty of maintaining common ground
when high-order ToM is required.

recalls from earlier that card
can infer that the second card is likely blue as well. ~ and

is blue. When  moves card | next to
can now assume this is common ground going forward.

2 Yokai

Yokai” is a turn-based cooperative game in which players
must sort face-down cards into same-colour clusters to win.
A key requirement is that all cards must be connected to at
least one other card on their sides. Classically, the game is
played by two to four players with 16 cards of four colours
each. Complementing these 16 Yokai cards, additional hint
cards feature one or multiple colours and are used to hint at
the colour of a face-down card underneath them. They are
the only allowed communication mechanism in the game.
The number of players determines the number of hint cards,
which varies between seven and 10 (see Appendix B for
further details). Hint cards are initially face-down and must
be revealed before being placed face-up on a Yokai card.
Importantly, this Yokai card is locked in place and can
no longer be moved or observed. Since most hints can be
multi-coloured, their interpretation is left to the other agents,
depending on the context and history.

A typical turn in Yokai consists of four steps (see Fig-
ure 2). The current player first observes two cards privately,
then moves one card, and then either (a) reveals or (b) places
a face-up hint card. Consequently, the available legal moves
depend on the specific card to be moved. Figure 11, while
Figure 10 show legal moves and card configurations. The
game ends when all hint cards have been revealed and placed.
Optionally, players can end the game prematurely instead of
observing cards at the beginning of their turn. The final game
score is based on the final card configuration:

S= 5Nhims,face,d0wn + 2Nhints,nol,placed + Nhims,correct (1)

Nhints,wrong :
Players are encouraged to end the game early to achieve a
higher score, since unused hint cards contribute most to the
reward. However, the earlier a player ends a game, the less
information they can acquire first-hand and thus must infer
knowledge from others’ behaviour (see Figure 12 for an
example). As such, the final game score measures players’
Jjoint ToM reasoning abilities. In particular, the rate at which
players successfully end the game early reflects how much

"Detailed rules for Yokai are available at http://boardgame.bg/
yokai%20rules.pdf.
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Figure 2: A sample round in nine-card YLE. Agent
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first observes two cards (one blue, one green), moves the blue card, and finishes by
can start its turn.

chooses to end the game. Ending the game will

return the final reward based on the outcome. This game is lost because while blue cards are clustered, green and red ones are not.

they rely on belief inference, making it a powerful new
implicit measure of ToM reasoning under uncertainty.

Yokai poses three key challenges to cooperative agents:
First, achieving a high score requires agents to end a game as
early as possible, resulting in a higher risk of failure. Second,
ending the game early requires interpreting others’ actions
and tracking their beliefs to form correct own beliefs over
the colours of unobserved cards (see Figure 1). Third, agents
must use hints efficiently as grounded communication, but a
single misplaced hint can render the game unwinnable.

3 Preliminaries

We model Yokai as a decentralised partially observ-
able Markov decision process (Dec-POMDP) [Oliehoek

and Amato, 2016], formally described as a tuple
M = hN;S; ;O0;A;R;T; i. N is the set of agents
where i 2 N, 1 i jNj denotes one specific agent
and i denotes all other agents. Set S denotes the pos-

sible true states of the environment, with S 2 S being a
single state. At timestep t an agent in state St receives a
partial observation 0f 2  through the observation function
O(sy; i). The action-observation history per agent is denoted
by . Following Sclar et al. [2022], an agent with no ToM
chooses an action a' 2 A only based on their observation of
the environment '(a'joj). Agents with zeroth-order ToM
incorporate memory, conditioning their policy on a hidden
state h{ in addition to their current observation '(a'jo}; hy).
Furthermore, agents that reason about the mental states of

others estimate their hidden states ﬁi” for j & i and con-
dition their action on all f”\\§ D. i@'jol; hi: i, 1. Based on
environment returns a shared reward ry = R(S¢; @) and then
produces a new state based on the state transition function T .
Finally, using the discount factor !, the agents opgbmise the
discounted return of a trajectory given by R( ) = | ‘ry.

4 The Yokai Learning Environment

The Yokai Learning Environment implements the game
logic with two exceptions: First, we support configurable
game sizes (e.g., a 3x3 version with nine cards and three
colours). We refer to it as 3x3 while the original game
is referred to as 4x4. The 3x3 two-player game has four
hint cards: one one-colour hint and three two-colour hints.
Second, our game is restricted to a g ¢ grid to efficiently

compute legal moves. We pick g large enough not to limit
gameplay in practice and confirm this experimentally, see
Appendix B. Our implementation is based on JaxMARL
[Rutherford et al., 2023] and is fully GPU-accelerated. It
allows end-to-end learning on a single GPU at hundreds of
thousands of steps-per-second, see Table 3.

Yokai as a Graph We opted to model Yokai as a graph
since it is a natural formulation of the relational nature of
the environment and allows for an efficient implementation
in JAX. At time t, the state is a graph G¢(V; A) with cards
and hints as vertices V. = Y [ H and adjacency matrix A.
Within Gy, cards are vertices V. = Y [ H and connected to
neighbours via edges represented by an adjacency matrix A.
Cards and hints are identified by their index 0 i < jYjor
0 J < jHj. Hint cards are not connected to any card. For
example, in the 3x3 version with nine cards and four hints,
colours (e.g., blue, green, red) and hints are randomly as-
signed each episode, and the graph A 2 f0;1g*3 2 is up-
dated when cards move. With this setup, moving a card i
boils down to obtaining A’ from A via A" = move(A; i; n)
where in move the row and column vector at index i of A are
replaced with a binary encoding of the new neighbours n. Ad-
ditionally, a configuration is legal if all cards are connected,
computed via a reachability matrix over A. Determining
whether the game has been won then boils down to computing
VaN
isConnected(A.) )
c2C

where A denotes the submatrix of A obtained by deleting all
column and row vectors not associated with colour c, i.e. by
finding the set of indices fJj0  j <jYj”™ Y [j] & cg where
Y [j] denotes accessing the tuple Y at index j. To compute
the state-dependent set of legal move actions A(S) A, we
run isConnected(A’) on all A’ obtainable by moving a
card to a position inthe g g field.

Observation Space Agents receive graph-based or image-
like observations encoding card properties (e.g., colour,
position, lock state) and hint features. Observations in-
clude both public (topology and hints) and private (card
features) information, leading to asymmetric knowledge.
Graph observations encode cards as an adjacency matrix
A¢ 2 T0;1g/YJ 1YI and their properties as node features
Fy 2 RIYIHIHI T where f is the feature dimension. In
image-like observations, card features F are embedded into



ag (g+1) f tensor based on their positions, while
hint card features are embedded into colugnh1l. Agents
observe which cards others inspect, but not their content.
Partial observability forces agents to seek information and
track shared knowledge.

Action Space Actions in the YLE are represented by a
categorical action space. Additional players increase the
number of hints and, thereby, the number of possible actions.

The action space includes observing pairs of cards, mOVmgigure 3: Training curves for th&x3 YLE, with bands showing the

cards, placing or revealing_hin_ts, ending the game, and andard error over three seedleft: comparison of encoders with
no-op. The action space size is the sum of the number Qlerfect memoryRight: comparison of memory architectures.
cards to look atjYj, the number of target positions any

card can be moved tNmoves = ¢%jY], and the number of
hintsjHj. The number of cards a hint can be placed ontoSetup We use the two-playe3x3 YLE version, which al-
Nhint .moves = jH]j jY]j, 1 action for no operation and ready presents a signi cant challenge for RL agents. Agents
action to end the game. The exact size of the action space trained using MAPPQYu et al, 2023 for 10° steps and
depends on the setup but ranges from; 000to  3;000in  evaluated on 1,000 games, across three random seeds. The
practice, all details are in Appendix B. maximum episode length w&? for this setting. We report
four metrics: returnR), success ratéSR), number of colours
Reward The score in Equation 1 is only given when the clustered KIC) and the rate of successfully ending early
game ends successfully, and sometimes can be negative d(®EE). SEE captures how often agents end the game early
to hint misplacements. Agents, however, may learn that it isnd still win — a decision that requires strong belief inference
better to avoid grouping cards altogether to avoid penaltiesunder uncertainty that comes with signi cant risk of failure.
To address this, we modify the reward function. If the gamewe tuned key hyperparameters for our models (e.g., encoder

ends without a win, we give a small negative reward tosjze, depth, etc.); Training details are in Appendix C.
discourage this strategy:

5.1 RQla: Perfect memory is not suf cient to
3) solve the YLE

da  (JC] ca) in otherwise. To evaluate if agents can reason about their own memory

. o (zero-order ToM), we rst compared different encoder archi-
wherec, |s'the number of correptly formed C|USt¢r§,'IS the  tectures in gerfect memory setting In this setting, agents
number of incorrectly placed hints, adg_iZfO; lgindicates \yere given perfect memory by including all previously
whether the game was ended early. Since rewards are sparg@served cards in their observations. This experiment also
we shaped only the training reward to accelerate learningserved to set a performance upper bound. Given the YLEs
We additionally reward observing a previously unobservedspatial reasoning task and graph-based nature, we compared
card (1), grouping a single colour, and placing a correctcNN-, GCN- [Kipf and Welling, 2016, GATv2- [Brody

R = S if game won

hint (both+1) or an incorrect hint ( 1). et al, 2021, and Relation Module (RM)-based encoders
[Zambaldiet al., 2014. Architectural details are provided in
5 Baselines, Experiments, and Results Appendix C.2. To anchor results, we additionally establish a

human performance baseline based on results from 25 games
To evaluate the spatio-temporal belief tracking capabilitiesPlayed by 5 participants (ages 24 - 28; see Appendix F).
of agents in the YLE, we explore ve complementary As shown in Table 1 (top), all agents severely underper-
research questions (RQs). We begin by comparing agenferm the human baseline. Among agents, despite YLEs
with different neural architectures to establish baselines, thefiraph-based nature, the CNN encoder outperformed both
progressively test their capacity for belief modelling, gener-GNNs and the RM in all metrics except SEE (see Figure 3,
alisation, and reasoning in increasingly complex scenarios: left). We hypothesise this is due to YLE's dynamic spatial
) . ) layout: card positions and relationships change frequently,
RQ1 How well do different policies reason over their mem- \hich may be better captured by CNNs than by message-
ory (zero-order ToM)? passing. In contrast to humans (SEE 65%), agents failed to
: : . - . solve the task reliably or nish early. This suggests that the
RQ2 Er?fosdlien%r?rlr?grgsgzfégﬁ{sspee%i?%gsnggg explicit aCtlorf(LE requires more than memory: It demand_s th_e ability to
reason about asymmetric knowledge to maintain common
RQ3 Do agents learn belief-tracking strategies that let thenground over time and to act under uncertainty.
coordinate with new partners? o
o o 5.2 RQ1b: Explicit memory modules show
RQ4 Do agents represent beliefs in their internal activations? stronger zero-order ToM than implicit ones

RQ5 Can agents scale to higher-order ToM scenarios involvWhile the perfect memory setting establishes an upper
ing four players? bound, it assumes agents retain all past observations without



Agent Memory R" SRiN%" NC " SEEiIn% "

Human - 57 25 950 258 30 00 650 488
GCN-M perfect 09 05 268 134 16 03 00 00
GATv2-M perfect 1.9 04 582 135 23 02 00 00
RM-M perfect 16 11 507 350 22 06 00 00
CNN-M perfect 2:3 03 71:8 88 26 01 00 00
CNN-LSTM  implicit 02 01 39 41 08 03 10 18
CNN-GRU implicit 03 02 23 03 07 01 2:1 1:8
CNN-S5 implicit ~ 0:1 0:1 30 38 07 02 g1 02

CNN-TrXL  explicit 1:5 03 435 97 211 02 00 00
ToMTrack  explicit 1:6 03 483 107 2:2 02 00 00

Table 1: Agent performance on tB&3 YLE. The rst block compares encoder architectures with access to perfect memory (-M). The second
block evaluates different temporal architectures with the best-performing CNN encoder. There, we compare implicit and explicit memory
modules. Best results arelimld. ToMTrack ( nal block) is the best method overall when not given perfect memory.

limitation. To better re ect realistic constraints and to asses
whether agents can reason over their own internal knowledge
representations, we evaluated models with different temporal
architectures. This tests their capacity to track and use
information over time — a key aspect of zero-order ToM.
We tested LSTM-[Hochreiter and Schmidhuber, 1997
GRU [Cho et al, 2014, S5- [Smith et al, 2023, and
TransformerXL-basefDai et al., 2019, TrXL] architectures,
paired with the best-performing CNN encoder. S5 has
recently excelled on memory tasks[®amsamet al., 2024,
while _TrX_L includes an eXP“C|t memory mechanism shown Figure 4: OurToMTrack agent generates beliefs over card colours
effective in memory-intensive R[Parisottoet al, 2024. using an ausxiliary _
As shown in Table 1 (middle) and Figure 3 (right), TrXL
outperformed all other temporal modefs< 0:05, one-sided
paired t-test). Nonetheless, there is still a performance
gap between TrXL and the best perfect memory baseline
CNN-M. Contrary to expectations from prior wofgamsami
et al, 2024, S5 offered no clear advantage over traditional
RNNs. LSTM, GRU, and S5 agents occasionally ended
games early. This behaviour appears to re ect a form of
gambling as agents terminate the game after very few actions
and without suf cient information-gathering. This suggests
a failure to track beliefs over time, as agents that end early
do so without suf cient inference — contrasting with human
players, whose early-ending behaviour re ects con dentFigure 5: Left: compares return. Right: shows success rate.
ToM reasoning. This suggests a failure to reliably recall pasfOMTrack trains atleast:5 faster.
observations, leaving guessing as the primary strategy. This
tendency is further re ected in the short average game Iengtq.O support this, we designe@oMTrack , a method for
(Tzrf(E agé?tglnt‘\tgr niéﬁ?ea?r?f 304 1:42, respectively). learning an_implicit model over car(_js' colou_r (see Figure 4).
o . ToMTrack is an online representation learning RL approach
Taken together, these results indicate that explicit memor)(nSpired by previous work on of ine belief representation
architectures, such as TrXL, are better suited for Zero'ord%arning[Wanget al, 2023. At each timestep,, the policy

ToM reasoning. Nonetheless, the gap in performance relative should learn useful representations that contain information

to thg perfect memory bas?"”e demopstr_ates the dif culty Ofabout the cards' colours, no matter if they have been previ-
learning robust belief-tracking strategies in YLE.

ously observed or inferred ( rst-order ToM, recall Figure 1).
5.3 RQ2: Modelling beliefs over cards and \.Il.ve thus want our policy to model(Gijs,); 80 <i < jY].
e R 0 achieve this, we added an auxiliary belief classi cation
distilling partner policies improves results headf pejief to the policy network. This head maps the inter-
Given the partial observability of the YLE, agents mustmediate representation learned by the policy to a distribution
maintain a beliefo over the hidden colours of all cards. over possible card colours. During training, we used the



ground truth card colours as labels. We used an auxiliary To further test agents' ability to perform rst-order ToM
belief prediction taskJaderberget al, 2017 to train f yejer. reasoning, i. e, to infer a partner's beliefs and intentions, we
Speci cally, we added a cross-entropy ldsSF to the actor, designed a diagnostic task (see Figure 7). In this test, only
L% = La+ LSE andcriticlossL% = L.+ LCSE where agents with rst-order ToM will correctly identify that they
0is a hyperparameter. can group all blue cards with one move, despite not being
In addition, since information is often implicitly com- able to observe all blue cards rst-hand. Grouping blue cards
municated using actions, we add a second input encoder 6 optimal as it increases the number of card clusters by one,
explicitly process the last action taken by the active agentincreasing the chance of nishing successfully or possibly
This enables the policy to explicitly interpret observed be-early.
haviour and update its beliefs about card colours accordingly, As shown in Table 2, we nd that even the best-performing
see Figure 1. ZSC agents fail to select optimal actions and instead make
We also evaluated other baselines based on the simpli efnoves consistent with either zero-order or no ToM reason-
action decoder (SADJHu and Foerster, 2020r intrinsic ~ ing. This shows that, despite OP improvements, agents lack
motivation, but found that they underperformed, see Ap-ransferable models of belief inference. _
pendix H. In contrastToMTrack outperforms CNN-TrXL In summary,agents in YLE struggle to track beliefs of
(483 vs 435 SR) and decreases the gap to CNN-KL:8 novel partners Unlike Hanabi, success in YLE Ilke!y cannot
SR) (Table 1). These results demonstrate that modellin§e achieved by symmetry-breaking alone: as additional sym-
latent beliefs and interpreting others' actions improves agenfnetries are removed, performance declines. This suggests

coordination. the bottleneck is not symmetry identi cation but rather the
absence of learning mechanisms that foster generalisable
5.4 RQ3: Agents do not exhibit transferable ToM reasoning.
models of partner belief inference 5.5 RQ4: Agents struggle to represent knowledge
Effective strategies for tracking one's own and others' of self and others over longer timespans

beliefs should generalise to novel partners. We test this Vigo succeed in the YLE, agents must maintain a belief over all
zero-shot coordinatiofHu et al, 2020, ZS@, where agents cards' colours. However, our results so far suggest that mod-
must cooperate with independently trained partners at tesf|s are not using beliefs correctly. To identify whether agents
time. Success in ZSC indicates that agents do not rely ofail to represent beliefs or instead only fail to use them, we
partner-speci ¢ conventions but instead learn to track beliefsapply linear probe§Alain and Bengio, 2016to the agents'

interpret actions, and reason about others' knowledge in fidden activations at each timestep of the game, to predict
generalisable way. the colour of each card individualljMatiisen et al, 2022;

We rst evaluate ZSC performance of the previously Bortolettoet al, 2024a; Bortolettaet al., 2024b; Zhuet al,,
trained CNN-M andToMTrack agents using cross-play 2024. This approach assesses whether belief-relevant infor-
(XP), where agents are paired with separately trained parimation is linearly decodable from the learned embeddings —
ners. Figure 6 shows that XP SR drops88/5% on average, whether the card's colour was directly observed, inferred, or
indicating a strong reliance on learned conventions. remains uncertain (see Appendix D for details).

To address this, we retrain agents using other-jldy Figure 8 shows that agents start to form internal repre-
et al, 2020, OP, which prevents over tting to arbitrary sentations accurately in the early-to-mid-game. However,
conventions by exploiting environment symmetries. Inperformance degrades in the later stages. This suggests that
Hanabi[Bard et al, 2024, colour symmetry alone (OP+C) agents struggle to retain and update beliefs over longer times-
suf ces for strong ZSAHu et al, 2024d. We nd that this  pans, especially as cards move and the spatial arrangement
is not the case in YLE. As shown in Figure 6, while both grows more complex. Together, this indicates a challenge in
CNN-M and ToMTrack trained with OP+C improve XP representing dynamic beliefs in YLE.
performance, a signi cant SP-XP performance gap remains. ) .

Unlike Hanabi, YLE introduces spatial-temporal complexity 0-6  RQ5: Agents struggle to scale belief reasoning
and thus additional symmetry classes (see Appendix C.4), in four-player YLE

e.g. agents could form conventions around locations. Weo test whether agents can scale to higher-order Theory of
therefore also test OP+C+R, using rotational symmetriepind (ToM) reasoning, we evaluate them in the four-player
to break spatial conventions. This improves XP further forversion of YLE. In this setting, each player observes fewer
CNN-M andToMTrack . For CNN-M it nearly closes the cards directly, and knowledge is distributed across more
SP-XP gap3§3:2vs 27:4). teammates. As a result, coordination increasingly depends

However, while OP+C+R improves XP, this comes at aon inferring what others know and what others believe about
signi cant gap in overall SR (e.g86:5vs41:5 SP in CNN-  each other's knowledge. For example, reasoning about
M), suggesting that non-OP agents rely heavily on spatial andhether agent 1 understands what agent 2 knows about agent
colour conventions. When these are unavailable, coordinatio8's interpretation of agent 4's hint involves third-order ToM.
suffers — implying that belief tracking and action interpre- This demand is re ected in performance: as shown in
tation remain dif cult to learn directly. This suggests that Figure 9, ToMTrack exhibits increased variance in both
CNN-M andToMTrack do not acquire general belief strate- SR and R, and mean SR drops by o¥8mpercentage points
gies out-of-the-box, though OP-trained variants may begin tocompared to the two-player setting. Note that the four-player



Figure 6: Zero-shot coordination performance measured by SR. We report additional metrics in Appendix E.2. Self-play agents do not learn
to coordinate with others. Other-Play agents (OP) have some success at partner generalisation. However, the additional complexity of YLE
requires more symmetries as input to OP (+C+R) compared to Hanabi, which only requires +C.

Agent Memory TO# T1# Wrong "

CNN-M-OP+C+R Perfect 13.8 05 865 142 303 31
ToMTrack -OP+C+R  Explicit 126 09 988 283 282 2.7

Table 2: Results from the diagnostic ToM test in Figure 7. We report the average rank (based on action probabilities) of zero-order (TO),
rst-order (T1), and incorrect actions (e.g., mismatched card colours). We nd that agents fail to make zero- or rst-order inferences in this
simple test.

mistaking brittle conventions for genuine ToM — ToM tests
must acknowledge the generality constraiRéakoczy, 201P
Second YLE offers a challenging environment for assessing
common ground reasoning under uncertainty, even in its sim-
plest 2-player 3x3 setting. It supports future work to explore
scaling to more agents and the original game size. Both en-
able an investigation of increasingly complex ToM settings.

Figure 7: ToM reasoning in uences 's decision. Without ToM While the YLE signi cantly expands our ability to eval-

reasoning, no move is optimal. A zero-order agent (memory-based_'zate key elemen_ts of ToM and advance cooperative ag(?'nts’
may move either the red or blue card, as both would group two carddt @lso has limitations: It currently abstracts away modalities
A rst-order agent that correctly interprets 's action (see Figure 1)  used in human ToM, such as language or gaze, and focuses
will recognise that moving the blue card completes a full cluster.on isolating belief-based reasoning. Additionally, it focuses
Agents are rewarded during training for forming complete clusterssolely on cooperation and does not address belief modelling
An example of second-order ToM reasoning can be found in Apin competitive or mixed-motive settings. These simpli ca-
pendix B.3. tions allow for focused evaluation of core ToM challenges
before addressing the full complexity of human ToM in more

game allows higher absolute returns due to more hint Card%eal-world settings.

(see Figure 9, left). However, as re ected in the success
rate, this does not suggest better coordination. Our resul@ Related Work

suggest that scaling ToM reasoning in multi-agent RLcyrent benchmarks study ToM reasoning in Al mostly from
remains an open challenge, especially in settings that requirg static observer's perspectiBakeret al, 2011; Bakeret
maintaining shared beliefs across multiple agents over time.a|_, 2017: Rabinowitzt al, 2018: Baraet al, 2021: Baraet
T al., 2023; Faret al,, 2021; Duaret al, 2022; Kimet al,, 2023;
5.7 Key takeaways & Limitations Bortolettoet al., 2024c; Gandhét al,, 2023, framed as a su-
Across all RQs, agents, even with explicit memory or beliefpervised learning task — an approach with notable limitations
modelling, fail to maintain accurate beliefs or coordinate re-{Aru et al, 2023; Bortoletteet al, 20244. Other benchmarks
liably over time. They over t to partner-speci ¢ conventions evaluated agents in interactive environments, such as the Han-
and struggle with belief tracking over longer horizons. No-abi Learning Environment (HLE}Bard et al, 2020 and
tably, humans successfully end games early in 65% of caseSymmToM|[Sclaret al., 2024. In contrast to Hanabi, dkai
while agents very rarely do so — even with perfect memoryrequires spatial-temporal belief reasoning, requiring agents to
or belief modelling (see Table 1). This ndingpsitions SEE  bind beliefs to moving cardg-ernandezt al,, 2023. Com-
as a compelling metric for assessing belief reasonemgyit  pared to SymmToM, YLE offers greater strategic depth and
re ects agents' ability to infer shared beliefs and identify stronger pressure to develop ToM. In SymmToM, heuristics
coordination success. We present two main takeawsiyst, outperform all baselines and communication is unrestricted,
ToM reasoning must be evaluated with novel partners to avoiavhile in YLE, misused hints can irreversibly lock cards in



high-stakes decision re ected in their inability to end games
early. YLE thus offers a scalable, diagnostic testbed for
advancing common ground reasoning in collaborative Al.

While our work focused on evaluating RL agents, future
work might use this benchmark to evaluate other systems,
like language ageniXi et al, 2023; Wanggt al,, 2024. We
envision that Yokai can play a major role in isolating and as-
sessing critical aspects of these systems that realte to memory,
spatial reasoning and common ground tracking.
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[Zhuet al, 2024 Wentao Zhu, Zhining Zhang, and Yizhou sands of steps per second on modern hardware, enabling fast
Wang. Language models represent beliefs of self and othexperimentation with relatively modest compute resources.

ers. arXiv preprint arXiv:2402.184962024. This ef ciency and scalability stem primarily from how we
represent and update the environment's state using adjacency
A Appendix: Infrastructure & Tools matricesA; at each timesteg . In the following, we describe

. .. two practical examples of how this is achieved.
Servers and software We ran our experiments on two dif- P P

ferent server systems. Both are running Ubuntu 24.04. One &' ciently computing legal moves We always mask ille--
equipped with NVIDIA Tesla V100-SXM2 GPUs with 32GB gal actions and thu_s n_eed to compute the set of legal actions
of memory and Intel Xeon Platinum 8260 CPUs. The otherdt €very step. While identifying observable cards and pla-
is equipped with NVIDIA H100-NVL GPUs with 94GB of cable hint cards is computationally inexpensive, computing
memory and AMD EPYC 9454 CPUs. All training runs are Iega}l next moves is by far the most costly computation our
executed on a single GPU only. We trained our models usenvironment performs. _ _

ing JAX [Bradburyet al, 2014, Flax[Heeket al, 2023 and To deter_mme which car_d moves are Iegal_ln a given state
Optax[DeepMindet al, 202d. In terms of tools, we did our St, the environment must simulate each possible actianA
analysis using NumPjHarris et al, 202d, PandadTeam, and assess whethe_r the resulting state is valld.. A state
2024, SciPy[Virtanenet al, 202d and Matplotlib[Hunter, 1S considered legal if (l)_all ca_rds are connected into a single,
2007. Our TransformerXL implementation is based on thefully-connected graph via their neighbours, and (2) no cards
one provided byHamon, 202k Our single- le implemen- ~ Overlap spatially. _

tation of MAPPO is based on the one provided by JaxMARL. To make this ef cient, we compute all potential next states
[Rutherfordet al, 2023 with additional inspiration taken In parallel:

from [Hamon, 2024 Siv1 = fSie1jsier = T(st;a)8a2 Ag: (4)

Accesability and reusability The Yokai Learning Envi-  gach stats,,; is associated with an adjacency matkixthat
ronment (YLE) integrates directly into JaxMARL and im- ya ects the card layout after a move. For each candidate ac-
plements its standard environment interface. As a resultigp (i.e., moving a carg 2 Y to a new grid positiorx; y))

any baseline method implementation of JaxMARL can beye rst verify that the position is within bounds and the card
adapted to our environment quickly and with minimal ef- is movable.

fort. This makes our open-source environment easily acces- \\e then check whether each resulting state is legal by eval-

sible to future researchers who will bene t from our refer- ,ating its adjacency matrix. Speci cally, we compute the
ence implementations and those provided by the wider comyaachability matrix:

munity. It also enables inter-environment comparison, fa- o
cilitating broader benchmarking across cooperative multi- R=(1+A)YI1? (5)
agent tasks. The project is accessible under https://glt.hmcsr.he state is legal if all entries R are positive, i.e R[i][j] >

simtech.uni-stuttgart.de/public-projects/Yolev. oforalli;j . This test, implemented as a parallel matrix power
Training times and compute requirements Training  operation, allows us to ef ciently Iter legal moves at each
times vary between server setup and agent. Our longest traistep.

ing agent isToMTrack -OP+C+R since it needs to compute  While designing environments for JAX requires care-
memory updates for the TransformerXL and the asymmetridul consideration, these efforts potentially yield signi cant



Num Envsn 512 1,024 2,048 spaces in the grid towards either side. In theory, thus, if agents
agree to start placing cards in a row towards one of these

g—p:ayerixi iggég; ﬂiggg ?Zgggé sides, they would run out of space towards the border after 3
“playerax ' ' ' moves. In practice, this is seldom a suitable strategy and thus
does not usually occur in games obkai. This is because
YBlayers want to group cards and are limited by the number
gf moves. They thus do not tend to start grouping cards in
random directions, but rather group cards where they initially

nd a certain colour.

To verify that this is also true for our agents, we count the
number of times when, in an evaluation game, an agent places
a card on a border position. Note this is an overestimation as
it does not account for the cases where agents place a card on
the border but do not intend to place further cards in the same
direction. We nd that policies rarely to never use to border
region of the board. Our best-performing politgMTrack
uses the borddd:0  0:0% of the time when evaluated over
all three seeds in000games each. We also discuss this in
speedups that make RL research accessible to a broad ranggction 5.7.

of researchers. The action space in detail To observe two cards, agents
Ef ciently executing moves In our graph-based setup, ex- st pick from jYj and then frorNcargs 1 cards. Next, an
ecuting environment transitions is highly ef cient. Observing @gent moves a card by picking oneMfves actions, which

a card simply involves unmasking its colour in the node feacan be understood to take cabd i < jYj and place it
ture matrixF;. To execute a move, we update the adjacencydt (X;y) 2 g g. Finally, the active agent reveals a hint
matrix A; to re ect the new spatial con guration. Speci- from the hint pile or places a hint onto a card by picking from
cally, when a card with indek 2 [0;jY]) is moved, we rst jHj+ jH] jY]actions. Consequently, the maximum episode
remove its current edges by setting: length is8jH j while the minimum isl. The number of actions

- . , . is therefore
Aifj;i]=0andA(fi;j]1=0 8 2 [0;jY]) (6)

Next, we compute a binary vectersuch thaty = 1 if card ) )
k is a spatial neighbour of the new position of cayénd0  For example, the action space is of siz&68 for 2-player
otherwise. We then update the adjacency matrix by setting: 3x3games an@; 322for the 4x4 version.

A =vandA;. = v: 7) YLE is a symmetric ToM environment [Sclare;t al, 2027

’ ’ de nes symmetric ToM environments as environments that
Resulting Performance We present how our environment (1) have a symmetric action space, (2) feature imperfect in-
performs in terms of steps-per-second across many parall@rmation, (3) allow the observation of others, and (4) re-
environments. All experiments were run by taking 1000 ran-quire information-seeking behaviour. YLE features all four
dom consecutive actions imparallel environments. Table 3 and thus quali es. First, the action space is symmetric (see
shows results. Our environment scales similarly to other reabove). Second, information is imperfect since agents can
cently proposed JAX-based RL environments, dRuther-  never observe all cards rst-hand and, for most of the game,
ford et al, 2023; Nikulinet al,, 2023; Ruhdorfeet al, 2024;  only know a very limited subset of all cards. Third, it al-
Matthewset al., 2024. lows the observation of others both using explicitly encoded
i L actions, as infoMTrack or by observing their moves indi-
B.2 Reinforcement Learning in the YLE rectly via their observations. Fourth, information needs to be
We want to continue discussing additional aspects of reinacquired by observing cards rst-hand or, second-hand, by
forcement learning in the YLE. interpreting moves and reasoning about knowledge. Agents

Playing Yokai ona Grid While in the original game, cards that do not seek informa}tion_ and, for instance, repentantly ob-
can be placed in any legal con guration, our environmentS€"ve the same card, will fail the game.
limits the con guration to be in a prede ned eld of sizg g Number of Players, Hints and the Dif culty How many
whereg = 9 in the 3x3 andy = 10 in the 4x4 version. This and which hint cards are available depend on the environment
enables the ef cient computation of legal moves but prohibitsversion and the number of players. For a 2-player game, there
some rare card con gurations. While computing the exactare 2 hints of one, 3 hints of two and 2 hints of three colours,
number of disallowed con gurations is infeasible, we nd i.e. 7 in total. Since there are 4 possible one-, 6 possible
them to be extremely uncommon in practice. two- and 4 possible three-colour hints, players get a random
For example, let's assume a 2-player 3x3 game on a 9x8ubset of these hints at the start of the game per category.
grid. In such a setting, there a 4 hints and thus a total of 8Ve give a full overview of all possible variations in Table 4.
move actions for both players together. Cards are initiallyThe number of hints directly in uences the maximum number
placed in a square in the centre of the board, leaving 3 emptgf turns in the game. This is because the game ends when

Table 3: We evaluate steps-per-second (SPS) of our environment
a single Nvidia H100 by taking random actionsrirparallel envi-
ronments. Our environment scales to hundreds of thousands of SP

Figure 10: Examples of start, winning, and illegal card con gura-
tions for a Yokai game with nine cards and three colours.

Na =1+ jYj+ Nmoves + JHj + Nhint ‘moves +1: (8)



4x4 3x3
Number of Players 2 3 4 2 3 4

Number of 1-colour hintcards 2 2 31 2 3
Number of 2-colours hintcards 3 4 4 3 3 3
Number of 3-colours hintcards 2 3 3 - - -
Sum 7 9 10 4 5 6

Table 4: Number of hint cards according to the number of players and the environment version. The 3x3 version features three colours and
thus has no three-colour hints.

all hints have been used. This means that games take longence correctly, and card 3 indeed is also blue. This reasoning
if more players are added. Note, though, that this usuallyallows agents to require less rst-hand observations to get an
does not make the game easier. Instead, the number of cardgerview of the board, potentially enabling them to end early.
one player can directly observe themself decreases with the Note that an interesting strategic aspect of Yokai is the
number of players. For 4x4 YLE in the 2-player version, anyamount of shared information agents acquire together (both
agent can observe up to 14 of the 16 cars themselves (8 of 9in and  choose to observe card 2) versus how much in-
3x3 Yokai). This shrinks to 10 of 16 for the 4x4 version and 6 formation they try to acquire asymmetrically to then use to
of 9 for the 3x3 version when 4 players take part. Note how inhint knowledge to others via hints or actions (cards 1 and 3).
the 3- and 4-player versions, agents are thus required to bothgents thus effectively control how big their shared knowl-
work with less rst-hand information and need to rely more edge is and when to strategically expand it. This has interest-
on hints and interpreting the moves made by those arounihg strategic depth. Agents will differ in their strategic pref-
them. Not only this, but agents are tasked to do this trackingrence here, and developing strategies that are suitable for a
for more players as well. Thus, adding players to the YLEwide range of partners is therefore a challenge.

increases the dif culty substantially in two ways. This is just one illustrative example of ToM reasoning in
YLE. Belief reasoning in the YLE can range from recall-

Additional Details on Legal Positions We display several previously observed cards (zero-order ToM), to tracking

e ; ing
examples of legal target positions given a card 1o be move%Chat another player knows ( rst-order), to inferring what one

in Figure 11. These only display a subset of all legal moves, o hejieves about another's beliefs, including their beliefs
since the set of legal moves is different for each card on th bout oneself (second-order and beyond)

board. For some cards, there are no legal moves Whatsoever.Note that such higher-order reasoning steps are even like-

This typically occurs when a card occupies a position in ier to occur in settings involving more partner agents.
narrow band that connects two clusters, such as in example 3.

In example 3, there is no conceivable target position for bot s ;
cards marked with an orange dot that would keep the clusrp Training Detallls o . )

ter of cards connected, except their current position. NotdVe share all the details of the training here, including all hy-
that cards might be movable in the future again, i.e. if othePerparameters used in training and all details on the network
cards are moved such that cards are freed again. In exampiéchitectures and how we tuned them. In general, we have
3, for instance, if the card with the blue dot is placed aboveuned many aspects of our policy to arrive at the strongest
any of the cards marked with an orange dot, both cards gaifdents we could for our experiments, see below. Finally, the
one additional legal target position, which makes them movhumber of parameters per model is shown in Table 6. We took
able. Moving cards in a way that keeps option value (i.e. thafxtra care in making these equal to make our results compa-
keeps many cards moveable) is thus recommended. Obser{@ble.

example 4, for instance, here players placed cards in suché_l Reinforcement Learning Details
way that for most cards, very few target positions are still Ie-Our work employs a standard MAPPO algoritiifu et al,

g:lr.dl'ms will usually highly restrict the agents' ability to sort 2024 for all experiments. MAPPO is an extension of PPO
' [Schulmanet al, 2017 to the multi-agent setting. It sepa-

B.3 Second Order ToM Reasoning Example rates the actor and the critic r_lgt\/\_/ork_. Since the actor _and

critic are separated and the critic is discarded after training,

Figure 12 displays an example for second-order ToM reasormMAPPO allows giving the critic access to privileged infor-

ing in 2-player Yokai. It shows an agent () making infer-  mation during training. This leads to the good performance

ences about what they assume the other agent$ knowl-  of MAPPO in cooperative multi-agent tasks, compgfe et

edge is due to their own previous action. In the example  g|., 2024, which is why we choose it in our work. We present

infers the colour of the card due to the behaviour of the othep|| parameters of the learning process in Table 5.

agent.  reasons that because of how played, must )

have interpreted his move correctly. thus reasons that ~ C.2 Neural Network Architectures

thinks that  knew that cards 1 and 2 have the same coloutOur work employs several encoder architectures. We present

and must go together. This is the case,made this infer- all the details on them below. In general, we aimed to make



Figure 11: Valid target positions for the card with the blue dot. Cards can only be moved so that all cards remain connected via their
sides. Cards with an cannot be moved at all legally. Example 1 shows the initial position. All cards can be moved in the initial
con guration. Example 2 stems from the early game. Examples 3 and 4 display con gurations that might be encountered during the mid or
late game.

Figure 12: A second-order ToM reasoning example over multiple timesteps in 2-player Ylteliefs that beliefs that he ( ) knew

that cards 1 and 2 are of the same colour. Even thoughever saw card 1 and never observed card 3, both now know where all blue

cards are, that they are grouped and that both share this knowledge as part of their common ground. In the future, they can now both observe
and move different cards to nish early as they have one less card that needs to be observed.

comparisons fair by giving all compared models a similarnally, the value head produces a singular scalar output and is
number of parameters, also see Table 6. The biggest advaimitialised ysing orthogonal initialisation with a scale®00

tage in terms of parameter size was RM-M for the spatial reainstead of 2. We initialise the action head in the same way
soning and CNN-LSTM for the temporal reasoning experi-but it produces logits for all possible actions instead. The

ment, but neither performed the best. critic network is always parameterised the same as the ac-
) _ tor network, but the input is different. Since we are using
General Policy Architecture MAPPO our critic receives as input a so-calledrld state

In general, in our work, no matter the encoder, the nal policy that combines the individual observations of all agents. This
network always has the same structure. That is given an enis possible in MAPPO due to centralised training and decen-
beddingeencoderProduced by an encoder netwdrcogerand tralised executiofiFoerstert al, 2014. As the world state,
possibly a memory architecture, we pass it to a stack of dens&e concatenate the individual observations along the feature
layers and either a value or action head. We always4use dimension.

dense layers before the heads with RdEukushima, 1975; .

7] as the activation function between the layers and a hiddeCN, GATVZ and the pre-embedding of Nodes

dimension ofl28 The layer are initialised using orthogonal We use two graph neural networks in our work, one based on
initialisation with a scale of 2 and bias). We have deter- graph convolutiongKipf and Welling, 2016 and one based
mined the number of policy layers and their size using hyperen the attention mechanisfBrody et al, 2024. We pick
parameter tuning. We compar2d3 and4 layers with hidden these two as they stem from two different families of graph
dimension32, 64 and128 We found that the largest con g- learning architectures and they thus are representative of a
uration outperforms the others. Additionally, for all neural larger body of work. In our work, both methods observe the
network architectures detailed below, we also varied and exgraph directly as described in the paper. There are two ad-
plored: The number of encoder blocks (2, 3 d@hdhe hidden  ditional implementation details to note, though. First, both
dimension of the encoder blocks, the aggregation function afgraph architectures observe an input graph that features a
ter the encoder (mean, sum, multiply acahcatenat¢ and  virtual node, similar to the hub-nodes l#bdessaiedkt al,,
whether to anneal the dense rewards (FalseTand). Fi- 2024 or the[VNode] token of[Ying et al, 2021. A vir-



Description Value

Optimiser AdaniKingma and Ba, 2015
Adam ; 0:9
Adam » 0:999
Adam 110°
Learning Rate 3 10°4
Learning Rate Annealing Yes (linear)
Maximum Grad Norm X

# Simulators 1024
Discount Rate 0:99
GAE 0:95
Entropy Coef cient 0:01
Value Loss Coef cient 0:5

# PPO Epochs 4

# PPO Minibatches 4

# PPO Steps 128
PPO Value Loss Clipped
PPO Value Loss: Clip Value 0:2
PPO Value Loss: Scale Clip Value No
Reward Shaping Yes (linearly annealed)

Table 5: Hyperparameters of the learning process.

Figure 13: A sketch of the GNN and pre-embedding architecture used in this work.

tual node is an empty node that connects to all other nodes in
the graph. It solely serves the purpose of reducing hop dis-

Model # Parameters tances between nodes. The motivation for employing them
GCN-M 317,048 in the YLE is that since cards can be distant from each other
GATV2-M 317,560 in terms of hop distance, information from one card might
RM-M 354,168 not propagate to the next during message passing. l.e. imag-
CNN-M 322,156 ine the GNN observes two blue cards on opposite sides of the
current card cluster. If the number of message-passing rounds
CNN-LSTM 470,252 is too low, this information might never be aggregated during
CNN-GRU 437,484 message-passing. In RL, neural networks tend to be com-
CNN-S5 388,524 paratively small, which is also true in our work. This also
CNN-TrXL 400,940 limits the number of message-passing steps to be small (2 in
ToMTrack 404423 our case). With a virtual node, however, this is not an issue
ToMTrack-SAD 417863 since the virtual node aggregates information from all other

nodes in one single message-passing step. Second, our work
uses pre-embeddings of node-feature modalities as described
in [Bortolettoet al, 2024d. We take the node features of
sizen f and embed them per modality via a separate dense

Table 6: Number of parameters of all models used in this work.



encoder before then concatenating all of the resulting vectorsSTM and GRU

into new node features shaped f° f°depends on the Next to the encoder architectures, our work compares several
size of these dense layers. We sketch the overall approach inemory architectures. Here, memory architecture is used as
Figure 13. In general, we found that embedding the node feaa term to denote classical RNNs as well as structured state
tures per modality before using them in the GNN improvedspace or transformgiaswaniet al, 2017 architectures.
performance following earlier work, i.e. séBortolettoet  LSTMs[Hochreiter and Schmidhuber, 19%hd GRU4Cho

al., 2024d. Speci cally, for each modalityn 2 M we train et al, 2014 are commonly used in RL and such are natural
a dense layef, that embeds the modality per node into an rst approaches for our environment. They provide an im-
embeddinge, 2 RP ' " 2 for the current player embed- plicit memory through their hidden state that is computed at
dingoren, 2 RP t M “forall other modalities whergis the  every step from the current observation encoding and the pre-
batch sizet the time anch the number of nodes. All embed- vious hidden state. In both cases, we take the embedding gen-
dings are then concatenated into a node embedgling = erated by the encodeggncoqer Pass it through a dense layer
€colour €position  €locked €seen €id  Eis_currentplayer Esubstep fprarnn before nally applying either the LSTM or GRU on
With €,00e2 R? t " °with f °= 26 using the con guration  the resulting embeddingt premn €mbedseencoderto the hid-
described. We then add self-connections, the virtual node uglen dimension of the RNN. As the hidden dimension of the
ing a zero-vector,ix 2 f 0g' and connect the virtual node RNN we pick128in our work. We also experimented with

to all real nodes before passing them to our graph encodatsing 256 but found no difference in performance. We use

f enn. The output dimension of the graph encodegds For  orthogonal initialisation for both the GRU and the LSTM.
GATVv2, we uset heads. We appl¢ graph layers in the rela-
tional encoder comparison. The resulting embedding is the
concatenated along the node dimension and fed to the rest éf
the policy.

already described, we use $Smith et al, 2023 lay-
s because of the great performance of structured state-space
models on memory tasks in deep model-based Rdmsami
. etal, 2024. Similar to LSTM and GRU, S5 only provides an
Relation Module implicit memory mechanism. We use a similar setup as with
Our work adapts the relation module (fambaldiet al, both the LSTM and GRU layers, i.e. we also usépass
2014. We only use the self-attention mechanism of their pro-embedding layer that embe@gycoderto the hidden dimen-
posed relation module and skip the CNN encoder they prosion of our S5 layer. We us2 S5 blocks,1 layer, place the
pose alongside the self-attention layers. This is because olsayerNorm[Baet al, 2016 before the S5 layer and use the
setting deals with an environment where agents observe thactivation function proposed in the original wol8mith et
position of cards directly as opposed to the settinfiZaim-  al., 2023. As before we usé@28as the hidden dimension of
baldiet al,, 2019 that deals with image inputs directly. Thus, S5.
I o relaion, modul, norocal eractons betueer Arransiommen.
) 2. Finally, as already introduced TransformerXDai et al,
e e e e s g1 a1 Sl momory mechars hat s ra o
The resulting embedding is then also passed to the remainirlé,rmance in memory-intensive RL tasks when used correctly

X : X e arisottoet al, 2024. Our usage strictly follows the one
gﬂgagirnrgIi?stl83?;L??j?rl:]l:r:zigfg:rpéﬁges’ features  joseribed byParisottoet al, 2024 as implemented bjHa-

mon, 2024. Similar to the other memory architectures, we
CNN also rst pass the embedding received by the encoder through
a dense layefrpema before handing the resulting embedding
Our work compares a CNN encoder and determines it to béo the transformer. While LSTM, GRU and S5 ut28 as
the best-performing model. As described earlier, the YLE retheir hidden dimension, we only use a hidden dimension of
turns an image-like observation to be processed by our CNNs4 for both the dense layers within the transformer as well
The exact size of the input tensor to the CNN depends on thas the projection layers in multi-head attention. This is to
YLE settings, but in 2-player 3x3 YLE, the input dimension keep the number of parameters consistent between the archi-
is9 10 13 which we will use as a running example. Itin- tectures. We furthermore con gure the transformer to have
cludes the same features as discussed above, with some mirdheads and to use gating with a gating biagofVe use a
changes. The rst three channels include a one-hot encodingingle transformer layer. Finally, we set the length memory
of cards' colours, the next three an encoding of hint colourswindow to 32. 32 is long enough to recall all of the previ-
followed by two channels for the position, one for whetherous moves in the 3x3 YLE. Memories from a past game — as
the card is locked, one for whether the observing agent is thearked by thelone signal — are masked. We apply standard
current player, one for the number of the current substep (1positional encoding based on sinus waves.
4) and one that identi es the card via an identi er number.
Our convolutional stack uses2d convolutions with64 |- C.3 ToMTrack
ters each and RelLU applied between them. The kernel size iBoMTrack is a direct extension of the CNN-TrXL base-
(3;3), we apply a stridedl and valid padding. The resulting lines and shares all the parameters mentioned earlier with
embedding is attened to produce the nal embedding to beboth the CNN as well as the TransformerXL work. There
passed on to later layers. are two extensions we add to arrive BdMTrack . The



Agent Memory R™" SRiN% " NC ™ SEEin% "

ToMTrack w/ofpeier  explicit 09 05 312 148 18 04 00 0.0
ToMTrack wi/o action explicit 114 04 412 117 20 03 00 00
ToMTrack explicit 1.6 03 483 107 2:2 0.2 0.0 00

Table 7: ToMTrack ablations. We evaluatéoMTrack without the additional belief representation learning and the additional action
encoding and nd that only both together improve performance.

rst one — the auxiliary belief prediction task — is already ing operation as Het al. However, since the YLE features
mostly described in the main text. To generate the distribua spatial grid, additional symmetries exist around the loca-
tion over possible card colours, we add a colour predictiortion of cards. Even if agents can not coordinate on speci c
headf pejief to Our policy. f pejief takes as input the embedding colours when we apply recolouring, they are, for example,
generated by the stack of dense layers and produces an oatdle to coordinate on sorting the rst colour they nd in a
put epelief 2 RP 11 Yi¢ that resembles the prediction over all speci ¢ place. Agents, for instance, might choose to observe
cards and colours. For tl8x3versionjYjc=9 3=27.To the same two cards at the start and place one of them in the
obtain the nal predictions, we reshapssjes to be of shape top left corner. This is an arbitrary convention (top left vs bot-

b t jYj candapplythe Softmax function of the last tom right etc.). To prevent this, we apply asymmetric rotation
dimension to get a prediction per card. The method only hato the agents’ observations. This way, when one agent places
one hyperparameter — which balances the losses - and we a card next to the top-left corner in their environment, their
pick = 0:1in this work. The second extension — the active partner agents observe this as placing the card next to poten-
action decoding — is realised via an additional input streamtially any corner in different episodes. Training with rotated
Before passing the previous action to this stream, we rst deobservations requires to also requires rotating the actions of
code it into a reduced dimension that serves as a dense repitée agent appropriately. We show an example of this process
sentation of that action of shager jYj+2+ jHj+1. The inFigure 14.

rst 4 bits encode the move type alias the substep. The next Note that these are not the onlv wavs for agents to learn
jYj bits encode the Fkai card affected by the current action, . y ways for ag
to break symmetries. Recent wolKreutleinet al, 2021

if no card is affected, all are set @ The next2 bits encode ) . .
the position affected by the action. For instance, if the previ-Showed that agents also might coordinate to break symmetries

ous active action was a move action, the resulting coordinateigS fgﬁ'trgsrg.g‘{gﬁa‘;\geersrggg'%Len;[g?esst?grsé#; Inrqopr?ﬁgg{e t'(t)h
are encoded there. The nghttj bits encode whether and if so In % Im lexitv. Thi iy dr V\Ilb K of th Vép | ri'zlr\glm
which hint card is used in an action, and nally, the last bit en-&nougn compiexity. S IS a drawback ot the aigo

codes whether the previous action was to terminate the gam@3 't équires them as input. In our work, we thus focus on
For a 2-playeBx3 YLE game4 + jYj+2+ jHj+1=20. showing that while Hanabi only requires breaking one sym-

Note that this is a much denser representation compared {geiry for ef cient ZSC while the YLE — due to its additional
just encoding the raw number. The resulting encoding complexities —requires additional e_ffort to improve ZSC per-
is processed by its own dense layer and then concatenaté%rmance’ which is still far from optimal.

with the output of the encoder before being passed to the rest

of the policy network. Note that we have ignored any hid-

den or memory state in the above formulation for notational

convenience. D Additional Probing Details

C.4 Other-Play in Yokai

The core idea of Other-Play (OP) is that during self-playOver the duration 0£000games, we collect a probing dataset
training, agents learn to break symmetries of the environmer = fx(); y()g. The probing datasets map the activations of
in arbitrary ways that do not generalise to novel partners. Iran agent to a label A probethen is a functiomy : f;(x) ! 2
Hanabi, for instance, agents might form conventions arounénd trained oD wheref is a neural network ani (x) is the
certain colours. OP presents agents with a special asymmetrigtermediate representation gfat layerl. In our case, we
domain randomisation that makes it impossible for agents terain simple logistic regressions. We always probe before the
coordinate on breaking symmetries in certain ways. In Hanaction head of our agent. As highlighted in the main text, dur-
abi, this is achieved by a recolouring operation that showsng all experiments, we train one and evaluate it on a hold-out
each agent a different recolouring of the game siblizet  test seDs; D . Additionally, note that many of these tasks
al., 2024. feature imbalanced datasets since the does-not-know label is

Therefore, to train agents via OP for the YLE, one rst far more likely to occur than any other label. We correct for
needs to nd all classes of symmetries that exist in an envithat by weighing the loss per class and subsampling the does-
ronment, and then, second, nd an appropriate domain rannot-know label to the largest other class. During all experi-
domisation operation. Generally, since agents also obserwaents, we train one probe per card — 9 in total — and average
coloured cards in the YLE, we can apply the same recolourthe scores computed on a hold-out test over all 9.



Figure 14: An example of how both agents act in rotated and recoloured environments to break symmetries for zero-shot coordination.

Figure 15: Return, success rate and numbers of clusters over time per encoder while given access to perfect memory.

Figure 16: Return, success rate and numbers of clusters over time per memory architecture.



Figure 17: Return, success rate and numbers of clusters over tiieNbFrack , ToMTrack-SAD , CNN-TrXL and the CNN-M architec-
ture.

E Additional Experimental Results H Details on Other Attempts

E.1 Additional Training Curves While ToMTrack provides a mechanism for learning repre- .
sentations that represent card colours, it does not necessarily
For completeness, we show how the most important metencourage the agents to maximise their shared or individual
rics of our agents developed over time. Figure 15 shows thgnowledge. Consequently, we were inspired to also experi-
curves of the spatial-reasoning experiment, Figure 16 of thenent with a variant ofoMTrack that is not trained via an
memory-reasoning experiment and lastly Figure 17 reportguxiliary task but rather usdsce as intrinsic motivation for

the same folfoMTrack . both agents;ToMTrack-l . ToMTrack-l agents are en-
N o ] couraged to form an implicit belief model that aligns well
E.2 Additional Zero-Shot Coordination Metrics with the true state of the environment by adding an intrinsic

rewardr; to the reward based on the negative cross-entropy

In Figure 18 we show additional metrics for the ZSC evalua S
loss of the actor classi cation head:

tion in our main body of work. Training curves for our other-
play agents are shown in Figure 19 to show convergence be- r=r+ ¢ re+ rj,whererj= L gE; 9)

haviour. . . . .
In this formulation, the agents thereby receive a higher re-

; ; o E. .
E.3 2-versus 4-plaver Games ward when the belief model's prediction los§E is low. This

_ play ) approach is loosely inspired Bguntolaet al,, 2023. We
In Figure 20 we show how two- and four-player settings com-priginally assumed that this would achieve superior results

pare for our best modeT,oMTrack . but found that the intrinsic reward confused the agents to a
point where they barely learned a useful policy altogether,
F Human Performance in Yokai falling below baseline performance (i.e. CNN-TrXL). Fu-

ture work should study more sophisticated ideas based on this
We collected human game performance in a setting that acconcept.
heres to the same setting that arti cial agents face, i.e. par- Previous work on Hanabi has proposed the simpli ed ac-
ticipants played with 9 cards on a 9x9 grid in a two-playertion decoder (SADjHu and Foerster, 2020SAD agents can
setting. Humans played in person. A pair of subjects was intake two actions during training that other agents can observe:
structed on the rules verbally. Each pair of subjects was givea normal environment action and a greedy action. Other
a single training round to make sure that all participants weregents are allowed to observe both. The intuition is that dur-
familiar with the rules. To make results as comparable as podng exploration, the true intentions of agents are blurred with
sible, humans were instructed to avoid any form of non-verbaéxplorative actions and thus less informative for othéiu
communication. The study was conducted under an umbrelland Foerster, 2020mplements their idea on top of epsilon-
agreement of the relevant institutional review board. Comgreedy Q-learning. Since during evaluation 0, all actions
pensation was also handled under the rules of the relevaaire greedy and are given as input to both action inputs heads
institution. of other agents. During evaluation,= 0 and both actions
are greedy. SAD showed improved performance in Hanabi,
including the Bayesian action decodEpersteet al., 2019.
We have adapted this idea@sMTrack-SAD to our policy
We show an example game in whi€EbMTrack winsinself-  learning approach. Since we do not have smset, we adopt
play in Figure 21 and one where it loses in Figure 22. their idea by also allowing agents to take two actions during

G Example Games



Figure 18: Zero-shot coordination performance measured by success-rate, average return and number of cards clustered. SP and OP+C are
consistently outperformed by OP+C+R, showing that beyond cards' colour, agents need to focus on other reasoning types.

Figure 19: We show training curve metrics for our agents trained with other-play to demonstrate convergence. Recall that these metrics
measure self-play performance rather than ZSC. ZSC metrics are shown in Figure 6 and Figure 18.



Figure 20: ToMTrack in the two- and four-playeBx3 YLE. In four-player YLE more hints are available to be placed, and as such, we
observe higher total rewards collected by T@MTrack-4P agent, even though it wins fewer games and clusters fewer colours.

Agent Memory R" SRiN%" NC ™ SEEIn% "
ToMTrack (SAD) explicit 07 04 215 134 15 04 00 00

Table 8: AdditionalToMTrack-SAD results. This approach underperforms our baselines from Table 1 considerably and was thus excluded
from the main paper.

training: One sampled from the agents' produced action dis-
tribution is used as the environment action that gets executed,
and one greedy action is determined as the legal action with
the highest associated logit. The true environment action is
duplicated during evaluation with similar reasoning.

ToMTrack-SAD is our extension offToMTrack. In
ToMTrack-SAD both actions are encoded as described ear-
lier and concatenated before being fed to the same dense
layer. Since we use MAPPO and no Q-learning approach
as in the original worKHu and Foerster, 2020our agents
pick their normal environment action given their current set
of parameters, in states; via

v (ist; a) (10)
and their second greedy action as

Agreedy= alg m‘;ix (aijst; a): (11)

Both are encoded and processed as described above when dis-
cussingToMTrack . Note that we have ignored any hidden

or memory state in the above formulation for notational con-
venience.

Results in Table 8 show thdtoMTrack-SAD performs
worse than CNN-TrXL or other baselines. We speculate that
including greedy actions as input is uninformative in an envi-
ronment with many actions like the YLE.
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Figure 21: We show an example game in which TOMTrack wins in self-play. For each turn, we display the ground truth information at the
top and the current observable information — essentially the agents’ observation — at the bottom. We also show how many card clusters exist
at this point per turn. Hint cards are highlighted by a light-blue border. In turn 7, the agent finishes the final cluster of cards by correctly
inferring that the card under the rb-hint must be red and not blue. In turn 8, agent 1 should have finished early for more reward, but did not
recognise that fact and instead used the last hint card, thus finishing the game. Note that the agents tend to play quite conservatively. In turns
1 and 3, for instance, it gains knowledge of two separate green cards but only groups them in turn 5 after agent 1 places a corresponding
gb-hint in turn 4.



Figure 22: We show an example game in which TOMTrack loses in self-play. For each turn, we display the ground truth information at the
top and the current observable information — essentially the agents’ observation — at the bottom. We also show how many card clusters exist
at this point per turn. Hint cards are highlighted by a light-blue border. Note that agent 0 in turn 1 finds a blue group early and manages to
form a cluster quickly. Agent O confirms this by turn 3. In turn 6, the game is still winnable. However, because both agents over-focused on
establishing a common ground around the blue cluster, they fail to realise this and in turn 7, agent O then blunders and misplaces the green
card. From there, the game is lost under all circumstances. Additionally, note that in turns 4 and 6, agent 1 establishes the identity of all red
cards but fails to recall that in turn 6, therefore also misplaying.
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