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Abstract. Hybrid intelligence scenarios — where artificial agents must collabo-
rate with pre-existing human teams in the real world — require agents capable of
joining those teams on-the-fly, without prior coordination or communication, and
without being able to directly observe the internal states or intended actions of their
human teammates. Ad hoc teamwork formalises precisely this challenge, yet cur-
rent approaches remain constrained by requirements that are fundamentally incom-
patible with human-AI teaming: either they require access to privileged informa-
tion such as the full environment state or the real-time actions of teammates [Bar-
rett et al., 2017, Gu et al., 2021, Rahman et al., 2023], or they are limited to en-
vironments small enough to be tabularly modelled as partially observable Markov
decision processes [Ribeiro et al., 2023a]. In this paper we introduce RecBayes, a
recurrent Bayesian approach to ad hoc teamwork that lifts both constraints simul-
taneously. RecBayes identifies teammates and the tasks they are performing using
only partial observations of the environment, never requiring access to teammate
actions or environment states at any stage, and scales to domains with arbitrarily
large state and observation spaces. We demonstrate its effectiveness in two bench-
mark multi-agent domains with up to 1M states and 2125 possible observations,
showing that RecBayes correctly identifies teams and tasks from partial observa-
tions alone, and does so efficiently enough to assist those teams in completing their
objectives. These properties make RecBayes a principled step toward ad hoc agents
deployable in real hybrid human-AI teams.

Keywords. Ad Hoc Teamwork, Partial Observability, Multi-Agent Systems,
Human-AI Teaming, Reinforcement Learning

1. Introduction

A central aspiration of hybrid intelligence research is to build artificial agents that can
collaborate seamlessly with human teams as active participants that join existing groups,
understand what those groups are trying to accomplish and contribute accordingly [Akata
et al., 2020, Dafoe et al., 2020]. Achieving this requires agents that can be deployed
on-the-fly into pre-existing teams, without any opportunity for pre-coordination or pre-

HHAI 2026
M. Alimardani et al. (Eds.)

© 2026 The Authors.
This article is published online with Open Access by IOS Press and distributed under the terms

of the Creative Commons Attribution Non-Commercial License 4.0 (CC BY-NC 4.0).
doi:10.3233/FAIA260495

92



communication, and without being able to directly observe the internal states or intended
actions of their human partners. This is precisely the setting studied in the ad hoc team-
work literature [Stone et al., 2010], which frames the problem as one of simultaneous
identification and assistance: an agent is dropped into an ongoing team interaction, must
infer the team’s composition and goal from whatever partial evidence it can observe, and
must act to help the team accordingly.

Despite its natural alignment with hybrid intelligence goals, existing ad hoc team-
work approaches carry assumptions that make them incompatible with real human-AI
teaming scenarios. The most fundamental of these is the assumption that the ad hoc agent
can observe, at some stage, either the full state of the environment or the real-time ac-
tions of its teammates. In human-robot or human-AI collaboration, neither is generally
available: the environment is only partially observable, and a human teammate’s true in-
tentions and planned actions are internal cognitive states that cannot be directly read. A
second, more technical limitation is that some approaches require the environment to be
small enough to be represented as an explicit tabular model — a constraint that rules out
the complex, dynamic environments where hybrid human-AI teams actually operate.

Current approaches addressing team identification in ad hoc teamwork can be char-
acterised by which of these limitations they address, and which they retain. Seminal
works such as PLASTIC [Barrett et al., 2017] assume both full state observability and
observable teammate actions. BOPA [Ribeiro et al., 2021] relaxes the action observabil-
ity requirement but still requires full state information, PO-GPL [Rahman et al., 2023]
and FEAT [Fang et al., 2024] conversely handle partial state observability but retain the
assumption of observable teammate actions. ODITS [Gu et al., 2021] removes both as-
sumptions at evaluation time but requires a fully observable pre-training phase along-
side each team — a requirement that is arguably incompatible with the spirit of ad hoc
teamwork and that is rarely feasible when teammates are humans. ATPO [Ribeiro et al.,
2023a] is the only approach that removes the requirement for observable teammate ac-
tions or states at any stage, but does so via tabular POMDP models hand-crafted by hu-
man experts, restricting its applicability to environments with at most a few thousand
states and observations.

To address both limitations simultaneously, we propose RecBayes, a Recurrent
Bayesian approach to Ad Hoc teamwork. RecBayes replaces the hand-crafted tabular
models of prior work with a recurrent Bayesian classifier trained directly on trajecto-
ries collected during previous partial observations of each known team-task. This design
choice provides two key benefits: (i) it removes the requirement for any privileged in-
formation — neither environment states nor teammate actions are ever needed, at any
stage — and (ii) it scales naturally to domains with arbitrarily large state and observation
spaces, since the classifier operates on learned latent representations rather than explicit
tabular entries. To the best of our knowledge, RecBayes is the first approach to ad hoc
teamwork that satisfies both properties simultaneously.

We evaluate RecBayes in two benchmark multi-agent domains from the ad hoc
teamwork literature — Level-Based Foraging and Predator-Prey — scaled to environ-
ments containing up to 1M states and 2125 possible observations, under varied team and
task configurations. Our results show that RecBayes is both accurate at identifying the
correct team and task from partial observations alone, and capable of assisting those
teams in completing their objectives at near-oracle performance levels. We discuss the
implications of these results for the design of ad hoc agents deployable in real hybrid
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human-AI settings, and we outline the open challenges that remain between this work
and full deployment with human teammates.

2. Related Work

Ad hoc teamwork. Ad hoc teamwork literature can be framed according to how it ad-
dresses three key sub-problems: (i) task identification, (ii) team identification and (iii)
planning/execution [Melo and Sardinha, 2016]. Seminal works [Stone and Kraus, 2010,
Barrett and Stone, 2011] started by assuming that both the team and the task were known
beforehand, with planning and execution as their only focus, and team identification
was later approached by Chakraborty and Stone [2013]. Following Melo and Sardinha
[2016]’s formalisation of ad hoc teamwork, Barrett et al. [2017] introduced the PLASTIC
framework, allowing ad hoc agents to identify known teams by observing their actions
in fully observable environments. This was followed by AATEAM [Chen et al., 2020],
which uses an attention mechanism to generalise to unknown teams, and TEAMSTER
[Ribeiro et al., 2023b], which continuously updates a shared world model to efficiently
adapt to new teammates. All three require both observable teammate actions and full
state observability.

Relaxing these requirements individually, Ribeiro et al. [2021] propose BOPA,
which handles unobservable teammate actions but requires full state observability, while
Rahman et al. [2023] propose PO-GPL, which handles partial state observability but re-
quires observable teammate actions. Fang et al. [2024] extend PO-GPL with FEAT, us-
ing meta-learning to remove the need for a priori team sets while retaining the assump-
tion of observable teammate actions. Gu et al. [2021] propose ODITS, which handles
partial observations at evaluation time but requires a fully observable pre-training phase.
Ribeiro et al. [2023a] propose ATPO, which removes all requirements for privileged in-
formation but relies on tabular POMDP models hand-crafted by domain experts, limiting
applicability to environments with up to 4,831 states and 1,731 observations. In follow-
up work, Ribeiro et al. [2024] demonstrate these methods in real-world partially observ-
able domains involving human-robot interaction, motivating the need for approaches that
scale beyond the tabular regime.

RecBayes builds directly on the line started by ATPO, removing the tabular bottle-
neck while preserving the core property that no privileged information is ever required.

Hybrid human-AI teaming. The challenge of deploying AI agents into teams that in-
clude humans has attracted significant attention across robotics, human-computer inter-
action and AI [Akata et al., 2020, Dafoe et al., 2020]. A recurring theme in this literature
is the difficulty of modelling human teammates: human behaviour is highly variable, in-
tentions are not directly observable, and humans cannot be expected to pre-coordinate
with an AI system [Nikolaidis et al., 2017, Mirsky et al., 2022]. These properties make
ad hoc teamwork a natural computational framework for hybrid human-AI teams, a con-
nection noted by several authors [Ribeiro et al., 2024, Mirsky et al., 2022] but not yet
fully exploited in practice. Our work contributes to closing this gap by providing an ap-
proach that lifts the observability constraints that have so far prevented ad hoc teamwork
methods from being applicable in realistic hybrid settings.
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3. Preliminaries

We frame ad hoc teamwork according to Melo and Sardinha [2016] and Ribeiro et al.
[2023a], dealing not only with team identification, but also task identification. We con-
sider partially observable domains where ad hoc agents are placed in an environment ε
containing an underlying team performing an underlying task. The ad hoc agent is given
the goal of identifying the most-likely team-task combination k from a set of K possi-
ble team-tasks, and acting accordingly to efficiently assist the team in solving the task.
Ribeiro et al. [2023a] achieve this by explicitly modelling each team-task k ∈ {1, . . . ,K}
and respective environment εk as a POMDP mk = (X k,A ,Z ,Pk,Ok,rk), where X k

represents the state space, A the ad hoc agent’s action space, required equal for all team-
tasks, Z the ad hoc agent’s observation space, required equal for all team-tasks, Pk the
transition probabilities modelling both the world’s dynamics as well as the behaviour of
the team, Ok the observation probabilities, rk the reward function.

Having set up a set of team-task models L = {m1, . . . ,mK} containing all K
POMDPs, Ribeiro et al. [2023a] set up a respective best-response policy library Π =
{π1, . . . ,πK}, a common practice in ad hoc teamwork, which the authors compute rely-
ing on the PERSEUS algorithm [Spaan and Vlassis, 2005].

Then, when deployed at evaluation time to an unknown environment ε , without
knowing its underlying team and task k, the ad hoc agent starts by defining a prior distri-
bution p0(k) for each model, which it then updates at each time step using the observation
zt+1 and the ad hoc agent’s own action at as evidence, i.e.

pt+1(k) = pt(k) · 1
ρ
· ∑

x,y∈X k

Ok(zt+1 | y,at) ·Pk(y | x,at) ·bk
t (x) ·πt(at | ht) (1)

where ρ is a normalisation constant, bk
t (x) the belief that the agent is in state x at time

step t if the POMDP is mk, and πt(at | ht) the probability of the agent choosing action at
given the history ht = {a0,z1,r1, . . . ,at−1,zt ,rt}.

Finally, the authors use the probability of each model, pt(k), as a weight to compute
the agent’s final policy, i.e.

πt(a | ht) =
K

∑
k=0

πk(a | ht) · pt(k) (2)

4. Recurrent Bayesian Ad Hoc Teamwork

We now describe our proposed recurrent Bayesian algorithm for ad hoc teamwork. As
shown by Equation 1, identifying the most-likely team-task is possible via Bayesian up-
dates if the agent has access to the transition and observation probabilities of the envi-
ronment. Since these tabular models are unfeasible to set up for environments with large
state and observation spaces, our hypothesis is that trajectories collected during previous
interactions with individual team-tasks k may contain enough information to approxi-
mate the Bayesian update from Eq. 1 by framing it as a recurrent classification problem.

Specifically, when interacting with previous team-tasks k ∈ {1, . . . ,K}, we collect T
trajectories trajk = {τk

1 , . . . ,τ
k
T}, one set for each team-task, with τk

i =(a0,z1,a1, . . . ,aL−1,zL),
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Algorithm 1 Trajectory Collection for Previous Team-Task Combinations

Input:

Environments where each team-task is present {ε1, . . . ,εK}
Number of trajectories to collect per environment T
Max trajectory length L

Output:

Trajectory buffers {tra j1, tra j2, . . . , tra jK}
Trained policies {πψ1 , . . . ,πψK}

for k = 1 to K do

Initialize policy πψk and trajectory buffer tra jk

for t = 1 to T do

Reset εk and trajectory τ = /0
for l = 1 to L do

Observe φ(zt)
Execute action al ∼ πψk(φ(zt),ht)
Observe φ(zl+1) and reward rl+1
Append (al ,zl+1,rl+1) to τ

end for

Append τ to tra jk

Update policy πψk using trajectories in tra jk

end for

end for

return {tra j1, . . . , tra jK}, {πψ1 , . . . ,πψK}

at−1 denoting the actions executed by the ad hoc agent and zt its partial observations.
After collecting the trajectories, we train a parametrised recurrent Bayesian classifier
p̂θ using the labelled dataset D = {(τ1,k1), . . . ,(τN ,kN)}, where each datapoint (τi,ki)
represents a trajectory and its associated team-task. After training, p̂θ is optimised to
approximate a distribution over all teams and tasks k ∈ {1, . . . ,K}, when recurrently
given evidences (at−1,zt) as input. Algorithm 1 details the process for collecting the
trajectories when interacting with different teams performing potentially different tasks,
alongside the training of the respective best-response policies for each one. Algorithm 2
then details how these trajectories can be used to train the recurrent Bayesian classifier
p̂θ by formulating it as a recurrent classification problem. A natural consequence of this
formulation is that we can relax the requirement made by Ribeiro et al. [2023a] that the
observation’s explicit tabular entry zt is required, being instead described by an arbitrary
set of features φ(zt).

Given the set of trained best-response policies {πψ1 , . . . ,πψK}, a common method in
the current ad hoc teamwork literature [Barrett et al., 2017, Chen et al., 2020, Gu et al.,
2021, Ribeiro et al., 2023b, Rahman et al., 2023, Ribeiro et al., 2023a], alongside the
trained recurrent Bayesian classifier p̂θ able to compute a distribution over all known
team-tasks, the ad hoc agent’s final policy can be computed by adapting Equation 2 as
follows:

πt(a | φ(zt)) =
K

∑
k=0

πψk(a | φ(zt),hk
t ) · p̂θ (k | φ(zt),ht) (3)
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Algorithm 2 Recurrent Bayesian Classifier Training

Input:

Trajectory buffers {tra j1, tra j2, . . . , tra jK}, respectively labelled k ∈ {1,2, . . . ,K}
Number of epochs E
Learning rate α
Batch size B

Output:

Trained Recurrent Bayesian Classifier p̂θ with parameters θ
Initialize classifier p̂θ with random parameters θ
Create labelled dataset D = {(τ1,k1), . . . ,(τN ,kN)} using {tra j1, tra j2, . . . , tra jK}
for epochs = 1 to E do

Sample batch {(τ1,k1), . . . ,(τB,kB)} from D
Compute logits {z1, . . . ,zB}= p̂θ ({τ1, . . . ,τB})
Compute probabilities {p1, . . . , pB}= softmax({z1, . . . ,zB})
Compute categorical cross-entropy loss L (θ) =− 1

B ∑B
b=1 ∑K

k=1 pk
b log(pk

b)
Compute gradient ∇θ L (θ)
Update parameters θ ← θ −α∇θ L (θ)

end for

return Trained Recurrent Bayesian Classifier p̂θ

Algorithm 3 RecBayes: Recurrent Bayesian Ad Hoc Teamwork

Input:

Unknown environment ε
Trained Bayesian classifier p̂θ
Set of known policies {πψ1 , . . . ,πψK} for each team-task
Number of evaluation episodes E

Initialize prior distribution p0
for episode = 1 to E do

Reset environment εk

while not terminal do

Observe φ(zt)
Compute policy πt(a | φ(zt)) = ∑K

k=0 πψk(a | φ(zt),hk
t ) · pt

Execute action at ∼ πt
Observe φ(zt+1) and reward rt+1
Update priors pt+1 = p̂θ (at ,zt+1;ht)

end while

end for

where hk
t represents the latent recurrent state kept by policy πψk and ht the latent recur-

rent state kept by the Bayesian classifier p̂θ . Putting it all together, Algorithm 3 sum-
marises the full algorithm for performing ad hoc teamwork, including action selection at
evaluation time.
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5. Experimental Setup

In our evaluation, we aim to answer two main research questions:

• RQ1: Is RecBayes efficient in assisting the teams solving the tasks?
• RQ2: Is RecBayes effective in identifying the teams and tasks from observations

alone?

We follow the evaluation procedure for ad hoc teamwork proposed by Stone et al.
[2010], which first evaluates a team of original teammates and afterwards replaces one
of the members, at random, with the ad hoc agent to be evaluated. A single trial consists
of running an episode where an ad hoc agent is deployed on-the-fly and stays with the
team until the task is solved. When the episode is over, we register the total number of
steps it took to complete. Each experiment — defined by one agent, deployed into one
team performing one task, in one domain, for one world-size — consists of 16 trials.

We now describe our domains, different teams, different tasks and baseline agents.

5.1. Domain Descriptions

We evaluate our approach in two benchmark domains from the ad hoc teamwork liter-
ature — the Level-Based Foraging (LBF) domain and the Predator-Prey (PP) domain
(Figure 1), scaled up to provide a large enough state space and adapted for partial observ-
ability. Although these domains are commonly used benchmarks within both the multi-
agent systems and ad hoc teamwork literature, they are often instantiated in relatively
simple or small variations, such as fully observable 5× 5 worlds. To showcase the ef-
fectiveness of our approach in arbitrarily large state spaces, we conduct experiments in
variations ranging from 7×7 worlds as the smallest, containing 117,649 total states, up
to 10× 10, containing a total of 970,200 states as the largest. We introduce partial ob-
servability by adapting the observation function from Santos et al. [2022], which fixes a
limited field-of-view around the agent containing several channels for identifying other
agents, walls, and other information such as levels. In all experiments and world sizes,
we keep a field-of-view of size 5×5, providing a large and non-unidimensional observa-
tion space containing up to 2125 different observations. Figure 2 showcases two example
observations from the Level-Based Foraging domain.

(a) LBF (b) PP

Figure 1. Visualisation of two example states in each of our benchmark environments, (a) Level-Based For-
aging (LBF) and (b) Predator-Prey (PP).
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Figure 2. Example tuple observations of shape 5×5×5. Five different channels of size 5×5 provide the agent
a limited field-of-view which detects both entities and other information in the near environment. Each other
agent is given a separate channel since indexes are relevant in these domains, used for instance for stalemate
resolution or other decision processes.

5.2. Identification Sub-Problems

In our evaluation, we conduct three distinct sets of experiments in both domains — (i)
Team Identification, where the task is fixed and the ad hoc agent has to identify and
assist the correct team, (ii) Task Identification, where the team is fixed and the ad hoc
agent has to identify and assist in performing the correct task, and (iii) Task & Team-

mate Identification, where neither the task nor the team is fixed, requiring the ad hoc
agent to identify and assist the team in completing the tasks. We now describe the possi-
ble teams and tasks.

Teams Teams from both domains can have three different strategies. The first strategy
(named Greedy) finds the closest target and moves towards it without taking into account
any obstacles in the field. This strategy makes no assumptions regarding its teammates.
The second strategy (named Teammate Aware) picks the target with the highest value —
highest level in LBF and the prey closest to all predators in PP — and moves towards it
while taking into account obstacles such as teammates. This strategy assumes teammates
share the same decision-making process. Finally, the third strategy (named Probabilistic
Destinations) also selects the highest-value target while avoiding obstacles, but searches
for the positions of teammates to compute a plan that encircles the target, preventing
collisions and, in PP, the prey from escaping. Like the second strategy, this one also
assumes teammates share the same decision-making.

Tasks In both domains, tasks are defined by the cardinal directions assigned to each
individual team member when approaching a target. For example, in Level-Based For-
aging, where agents must coordinate to pick up apples spread throughout the field, only
a single agent may approach from the north, another from the south, another from the
west, and another from the east. We also allow an additional task where no coordinates
are assigned.

5.3. Baseline Agents

We evaluate a total of six baseline agents in the role of the ad hoc agent: two ablations
of our approach, (i) one relying on a set of model-free reinforcement learning policies
(RecBayes-MF) and (ii) another relying on a set of model-based reinforcement learn-
ing policies (RecBayes-MB); (iii) a teammate following the same policy as the original
team (Original Teammate); (iv) an oracle model-free RL agent which knows the cor-
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Table 1. Average number of steps to solve an episode in all experiments, the smaller the better. For each
baseline, team, task, domain, world-size, we repeat trials 16 times. Agents relying on deep learning models
(Model-Free, Model-Based, RecBayes-MF and RecBayes-MB) are evaluated two additional times to account
for three total parameter initialisations. In total, for all variations and baselines, 12544 trials were conducted in
our experiments.

Original Model-Free RL Model-Based RL RecBayes RecBayes Random

Teammate (Knows Task/Team) (Knows Task/Team) MF MB Policy

Level-Based Foraging (7x7)

Task Identification 6.87 (±1.86) 7.56 (±2.42) 8.13 (±5.49) 13.02 (±10.47) 15.35 (±17.15) 222.6 (±222.73)
Team Identification 8.57 (±8.77) 7.68 (±5.06) 7.31 (±4.91) 8.85 (±7.5) 10.24 (±8.38) 86.37 (±82.44)
Task & Team Identification 7.69 (±6.3) 7.62 (±3.92) 7.73 (±5.24) 11.96 (±9.12) 14.06 (±11.43) 168.11 (±192.19)

Predator-Prey (7x7)

Task Identification 9.55 (±4.05) 11.22 (±6.1) 9.79 (±3.81) 21.36 (±15.14) 17.34 (±9.91) 270.66 (±280.81)
Team Identification 16.69 (±18.6) 10.19 (±7.16) 10.11 (±6.55) 10.71 (±7.47) 10.64 (±6.83) 120.48 (±123.13)
Task & Team Identification 12.61 (±13.04) 10.71 (±6.67) 9.95 (±5.35) 16.75 (±11.62) 15.67 (±9.28) 209.35 (±241.46)

Level-Based Foraging (10x10)

Task Identification 9.34 (±2.98) 33.67 (±50.32) 21.52 (±25.42) 66.53 (±90.49) 33.86 (±38.88) 411.84 (±266.54)
Team Identification 11.48 (±7.37) 15.65 (±21.42) 15.15 (±10.68) 19.27 (±18.59) 25.88 (±19.86) 230.22 (±187.08)
Task & Team Identification 10.27 (±5.44) 26.69 (±42.5) 18.79 (±20.69) 37.43 (±40.61) 35.47 (±41.48) 338.96 (±253.98)

Predator-Prey (10x10)

Task Identification 12.11 (±4.91) 17.52 (±10.25) 16.27 (±8.2) 78.65 (±185.69) 59.38 (±85.73) 457.65 (±293.54)
Team Identification 42.23 (±73.61) 31.75 (±29.52) 20.17 (±15.83) 32.71 (±46.42) 18.77 (±12.42) 271.11 (±242.77)
Task & Team Identification 25.02 (±50.58) 25.0 (±23.64) 17.94 (±12.23) 26.29 (±19.69) 34.41 (±24.68) 353.03 (±281.9)

rect team-task beforehand (Model-Free RL); (v) an oracle model-based RL agent which
knows the correct team-task beforehand (Model-Based RL); and (vi) a Random Policy.

We evaluate both the model-free and model-based approaches to demonstrate that
RecBayes is viable with either paradigm, which alternate in their domination as the
state-of-the-art across different domains. Although our approach is not coupled with any
particular algorithm, we chose PPO [Schulman et al., 2017] as our model-free algo-
rithm and DreamerV3 [Hafner et al., 2023] as our model-based one. Hyperparameters
for both were fine-tuned using Optuna [Akiba et al., 2019] and are fully available in file
hyperparameters.yaml in our repository at Anonymised for Review.

5.4. Model Implementations

Both our Bayesian Classifier p̂θ and policies πψ require an input module capable of
handling partial tuple-based observations of shape 5 × 5 × 5. To extract strong latent
representations usable by both the classifier and the best-response policies, a natu-
ral design choice is to implement these input modules as recurrent convolutional en-
coders, which we follow in this work. Figure 4 in the Appendix provides an overview
of the architecture, manually fine-tuned. All hyperparameters are fully available in file
hyperparameters.yaml in our repository.

6. Results

We conduct our experiments with all six agents, on all three sets, on both domains, on
both space sizes (|X | = 117649, |Z | = 2125 and |X | = 970200, |Z | = 2125). Agents
relying on deep learning models are evaluated three total times with different parameter
initialisations. In total, for all variations and baselines, 12544 trials were conducted in
our experiments. We now break down our results by research question.
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Table 2. Results from Table 1 normalised between the ones obtained by the Original Teammate and the Ran-
dom Policy, the higher the better. Values equal and above 1.0 (highlighted) mean an agent has matched or
outperformed the Original Teammate, while values below 0.0 mean an agent performed worse than the random
policy.

Original Model-Free RL Model-Based RL RecBayes RecBayes Random

Teammate (Knows Task/Team) (Knows Task/Team) MF MB Policy

Level-Based Foraging (7x7)

Task Identification 1.00 0.99 0.99 0.97 0.96 0.00
Team Identification 1.00 1.01 1.02 0.99 0.98 0.00
Task & Team Identification 1.00 1.00 1.00 0.97 0.96 0.00

Predator-Prey (7x7)

Task Identification 1.00 0.99 1.00 0.95 0.97 0.00
Team Identification 1.00 1.06 1.06 1.06 1.06 0.00
Task & Team Identification 1.00 1.02 1.01 0.98 0.99 0.00

Level-Based Foraging (10x10)

Task Identification 1.00 0.94 0.97 0.86 0.94 0.00
Team Identification 1.00 0.98 0.98 0.96 0.93 0.00
Task & Team Identification 1.00 0.95 0.97 0.92 0.92 0.00

Predator-Prey (10x10)

Task Identification 1.000 0.98 0.991 0.85 0.89 0.00
Team Identification 1.00 1.05 1.10 1.04 1.10 0.00
Task & Team Identification 1.00 1.00 1.02 0.99 0.97 0.00

6.1. Research Question #1: Is RecBayes efficient in assisting the teams solving the tasks

To answer our first research question, we compare the results obtained by RecBayes
against the other baselines. Table 1 presents the average numbers of steps to complete an
episode for all baselines on all settings. As done by Ribeiro et al. [2023a], to better anal-
yse the impact of each agent, we normalise the results between the ones achieved Orig-
inal Teammate and the Random Policy. This way, if an agent has a relative performance
above 1.0, it means it has outperformed the Original Teammate, while relative perfor-
mances below 0.0 mean the agent has underperformed the Random Policy. We consider
a relative performance above 0.90 to be near optimal. Table 2 presents the normalised
results.

The first observation we can make is that, as expected, the Original Teammates was
never significantly outperformed. In fact, we can observe that it was matched by both
RL baselines in all cases, which validates their proper set up for each specific team-task.
We can also observe that there are no statistically significant differences between the
Model-Free and Model-Based RL agents in all 12 cases.

We then analyse the performances of RecBayes’s ablations. RecBayes-MF was able
to achieve near-optimal performance in 10 out of the 12 cases and RecBayes-MB in 11
out of the 12 cases. All three non-optimal cases were related with Task Identification,
suggesting one of two hypothesis — (a) identifying the correct task is harder than iden-
tifying the correct team or (b) not having full certainty on the correct task has a higher
impact on performance than not having full certainty on the correct team — which we
address in the next sub-section. We note that in the larger 10× 10 domains the gap be-
tween RecBayes and the oracle baselines widens modestly, a natural consequence of the
increased difficulty of the classification problem at scale. Nonetheless, RecBayes con-
sistently and substantially outperforms the random policy in all cases, confirming its
practical utility. To conclude, we can positively say from these results that RecBayes is
efficient in assisting the teams in solving the tasks.
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(a) Task Identification (b) Team Identification

(c) Task & Team Identification

Figure 3. Identification of the correct team and task by RecBayes’s Bayesian Classifier p̂. In each timestep, p̂
outputs a probability distribution over all team-tasks, with each entry representing the belief over its respective
team-task. The belief for the correct team-task is shown in green, while the average sum of the incorrect ones
is shown in red.

6.2. Research Question #2: Is RecBayes effective in identifying the correct team-task
from observations alone?

Figure 3 shows RecBayes’s output probabilities pt(k) over the course of interactions for
all three identification sub-problems, where the identified team-task is the most-likely
one, i.e. k = argmaxk∈{1,...,K} pt(k). Our framing of team-task identification as a recurrent
sequence classification problem is effective at identifying the correct team-task on-the-
fly. Tasks are identified more quickly and with higher confidence than teams, explain-
ing the slightly lower performance on the three non-optimal Task Identification cases in
RQ1: early classifier uncertainty about the task translates more directly into suboptimal
action selection than equivalent uncertainty about the team. Nonetheless, all combina-
tions were correctly classified by episode end, demonstrating the effectiveness of our
Bayesian classifier formulation.
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7. Towards Human-AI Ad Hoc Teamwork

The experiments presented in this paper use simulated agent-controlled teammates rather
than human participants, and we believe it is important to be explicit about what this
means for the applicability of RecBayes in genuine hybrid human-AI settings.

Although the experiments presented in this paper use simulated agents rather than
human participants, the core technical contribution of RecBayes — removing the re-
quirement for observable teammate actions or full environment states at any stage —
is precisely the property that prior ad hoc teamwork approaches lacked for deployment
alongside human teammates. Humans are the archetypal “unknown teammate”: their in-
ternal states are not directly observable, their action intentions cannot be read from the
environment, and they cannot be expected to pre-coordinate with an AI system or to
behave according to a fixed, known policy. The assumptions that RecBayes relaxes are
therefore not arbitrary technical choices but the specific bottlenecks that have prevented
ad hoc teamwork from being applied in hybrid settings.

That said, deploying RecBayes in a human-AI team introduces challenges that go
beyond the scope of the current work. First, human teammates are not drawn from a finite
known set of behavioural types in the way that the teams in our evaluation are. RecBayes,
like most of the ad hoc teamwork literature, assumes a closed-world of known team-task
combinations encountered during training. Extending it to handle the open-ended vari-
ability of human behaviour would require integration with adaptive or zero-shot coordi-
nation techniques [Mirsky et al., 2022]. Second, the trajectories used to train the Bayesian
classifier in RecBayes are collected via interaction with simulated agents. In a human-AI
setting, collecting comparable trajectory data would require working with actual human
participants, raising practical and ethical questions about data collection, privacy, and
consent. Third, evaluating ad hoc performance with human teammates requires metrics
beyond steps-to-completion, including perceived fluency, trust, and subjective teammate
quality [Nikolaidis et al., 2017].

Despite these open challenges, we believe RecBayes represents a meaningful step
toward the goal of AI agents that can join and assist human teams without preparation
or pre-coordination. The properties demonstrated here — scalability, identification from
partial observations alone, and near-oracle collaborative performance — are necessary, if
not yet sufficient, for effective hybrid human-AI teaming, with human-subject validation
as the most pressing direction for future work.

8. Conclusion

We present RecBayes, a recurrent Bayesian approach to ad hoc teamwork that is agnos-
tic to problem size and, unlike all prior approaches, never requires access to environment
states or teammate actions at any stage — the precise constraints that have prevented
existing methods from being applied in genuine hybrid human-AI settings. By relying
solely on partially observable trajectories, RecBayes trains a recurrent Bayesian clas-
sifier to identify known teams and tasks on-the-fly, achieving near-oracle collaborative
performance across domains with up to nearly 1M states and 2125 observations. We be-
lieve RecBayes establishes a principled and scalable foundation for ad hoc agents in real
human-AI teams, with human-subject validation as the most pressing direction for future
work.
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Appendix

Figure 4. Encoder (or input) networks used both by the Bayesian classifier p̂θ and policies πψ for automatic
feature extraction. Observations φ(zt) ∈ IR(5×5×5) undergo 2D Convolutional layers, extracting a latent obser-
vation ẑt ∈ IR64, followed by a Gated Recurrent Unit and an additional feedforward network (MLP) with two
hidden layers, extracting a final latent state x̂t ∈ IR128.
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