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Abstract

While humans are inherently social creatures,
the challenge of identifying when and how to
assist and collaborate with others – particularly
when pursuing independent goals – can hinder
cooperation. To address this challenge, we aim
to develop an AI system that provides useful
feedback to promote prosocial behaviour – ac-
tions that benefit others, even when not directly
aligned with one’s own goals. We introduce
ProToM, a Theory of Mind-informed facilita-
tor that promotes prosocial actions in multi-
agent systems by providing targeted, context-
sensitive feedback to individual agents. Pro-
ToM first infers agents’ goals using Bayesian
inverse planning, then selects feedback to com-
municate by maximising expected utility, con-
ditioned on the inferred goal distribution. We
evaluate our approach against baselines in two
multi-agent environments: Doors, Keys, and
Gems, as well as Overcooked. Our results
suggest that state-of-the-art large language and
reasoning models fall short of communicating
feedback that is both contextually grounded and
well-timed – leading to higher communication
overhead and task speedup. In contrast, Pro-
ToM provides targeted and helpful feedback,
achieving a higher success rate, shorter task
completion times, and is consistently preferred
by human users.1

1 Introduction

Prosocial behaviour is a broad class of actions
that benefit other individuals (Kakulte and Shaikh,
2023) or society as a whole (Carattini and Roesti,
2023). However, humans do not always engage in
prosocial behaviour because they may not know
if others need help, or how they can help. As AI
systems increasingly mediate human behaviour in
everyday life, they inevitably shape not only in-
dividual outcomes but the broader social fabric.

1Code: https://git.hcics.simtech.uni-stuttgart.
de/public-projects/ProToM

Figure 1: In contrast to the dominant paradigms of
human-AI coordination and team intervention, we
aim to encourage prosocial interactions among human
agents pursuing independent goals. We introduce Pro-
ToM, a facilitator that promotes prosocial actions by
providing targeted, context-sensitive feedback to indi-
vidual agents.

Therefore, while much of the discussion around
responsible AI focuses on preventing harm, an
equally important goal is to actively promote social
good, e.g., encouraging courtesy, reciprocity, or
equitable resource sharing (Binns, 2018).

In this work, we argue that a promising yet under-
explored direction is to leverage AI systems to
encourage prosocial interactions among humans.
This represents a shift from the dominant paradigm
of human-AI coordination (Figure 1, left), where
an AI assistant and a human operate as a joint unit
with a shared goal (Carroll et al., 2019; Puig et al.,
2023; Ying et al., 2024a; Zhi-Xuan et al., 2024;
Chang et al., 2024) or to team intervention (Fig-
ure 1, middle) where the AI assists a team with a
shared goal (Seo et al., 2023; Zhang et al., 2024b).
By contrast, our proposed prosocial facilitator
paradigm introduces an AI that operates as an ob-
server and facilitator among multiple humans that
pursue different goals (Figure 1, right). Our key
research question is:

Can we design an AI facilitator that in-
fers humans’ beliefs and goals, detects
opportunities for prosocial actions be-
tween them, and provides real-time feed-
back to promote those actions?

1
26715

https://git.hcics.simtech.uni-stuttgart.de/public-projects/ProToM
https://git.hcics.simtech.uni-stuttgart.de/public-projects/ProToM


Designing such a facilitator presents substantial
challenges, as choosing when and what feedback
to communicate highly depends both on the state
of the environment and the agents’ internal states,
such as beliefs and goals, which must be inferred
only from available observations. Compared to
human-AI coordination, an additional challenge
arises from the need to model multiple agents, each
with their own beliefs and goals, as well as how
they interact with the environment and with one
another based on those internal states.

We introduce ProToM2 – a Theory of Mind-
informed facilitator that observes agents in an en-
vironment and provides feedback in real-time to
encourage prosocial behaviour. ProToM operates
by first inferring the distribution over possible goals
of each agent via Bayesian inverse planning. Con-
ditioned on the inferred goal distributions and the
current state of the environment, it then evaluates
a set of possible feedback messages by comput-
ing their expected utility – measuring how helpful
each feedback would be in guiding the agent to-
ward prosocial actions that benefit another agent. It
then selects the feedback with the highest expected
utility and communicates it to the target agent only
if the divergence between the agent’s simulated
plan with or without communicating the feedback
is large enough, i.e., if the agent is expected to be-
have differently in the absence of feedback. This
ensures that ProToM delivers feedback only when
it is both relevant and likely to be effective, result-
ing in timely and useful communication. Together
with the feedback message, ProToM provides an
explanation based on the inferred agents’ goals,
helping the recipient understand not just what to
do, but why the feedback is relevant and why it
should be executed in a particular context.

We first conduct experiments with simulated hu-
man agents on two common multi-agent environ-
ments, Multi-Agent Doors, Keys, and Gems (Zhi-
Xuan et al., 2024) and Overcooked (Carroll et al.,
2019). Our results show that state-of-the-art large
vision-language and reasoning models struggle to
deliver meaningful feedback and tend to increase
communication overhead. In contrast, ProToM con-
sistently provides useful and well-timed feedback,
resulting in a perfect task success rate, faster task
completion, and reduced communication overhead.
We further conducted a human study with real hu-
man participants. The results show that participants

2All the code will be made public.

perceived ProToM to have a stronger understand-
ing of their own goals and to provide feedback that
is more helpful, appropriate in both content and
amount, and better explained.

In summary, we contribute: (1) a new human-AI
paradigm for prosocial feedback communication;
(2) a method, ProToM, that enables an AI facilita-
tor to jointly infer agents’ mental states and gener-
ate ToM-informed feedback to promote prosocial
behaviour among them; (3) a human study that
evaluates the performance of models in real-time
assistance with human participants, and humans’
perception of them.

2 Problem Formulation

We consider an AI facilitator as an omniscient
observer that provides feedback to n interacting
agents with the goal of promoting prosocial be-
haviour. Formally, we can formulate the problem
as a tuple

⟨S, {Ai}ni=1,F , T, {Ωi}ni=1, O, {Gi}ni=1⟩ (1)

where: S is the state space, Ai is the action set of
agent i ∈ {1, . . . , n}, F is the finite set of feedback
messages the assistant can communicate, T (s′ |
s,a) is the state-transition kernel given joint action
a = (a1, . . . , an) ∈ A1 × · · · × An, Ωi is the
observation space of agent i, O(oi | s, f) is the
observation kernel, and Gi is the set of possible
goals of agent i. The feedback f ∈ F is included
in the observation kernel O, since feedback may
convey extra information about the state that agents
cannot directly observe.

Agent Model In partially observable environ-
ments, since agents do not know the true state st,
they maintain a probability distribution over the
possible states, called the belief state bt. The prob-
abilistic generative model for agents’ behaviour is
defined as follows:

Goal Prior: gi ∼ P (gi)

Belief Update: bit ∼ P (bit | oit, bit−1)

Action Selection: ait ∼ P (ait | bit, gi)
State Transition: st+1 ∼ T (st+1 | st, ait,a−i

t )

where a−i
t indicates other agents’ actions. To

model planning, we assume that each agent selects
actions ait according to a policy πi(ait | bit, g

i),
which may reflect approximate rationality (e.g.,
Boltzmann-rational planning) or be derived from
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heuristic or rule-based strategies. In fully observ-
able environments, bit = st.

Facilitator Model Given an observed trajectory
τ = {(st,at)}Tt=1, the observer AI facilitator must
decide whether to provide feedback, and if so,
which f ∈ F to communicate: f ∼ P (f | τ).
Since the agents’ internal state is not visible to the
AI facilitator, the environment also is a POMDP
from the facilitator’s perspective.

3 Method

ProToM actively assists both agents in an envi-
ronment by observing their actions, inferring their
goals, and providing feedback when it is expected
to improve prosocial behaviour and thus overall per-
formance. We present an overview of the method
in Figure 2 and Algorithm 1.

3.1 Maintaining Beliefs About Agents

To simulate and interpret the behaviour of agents,
ProToM maintains a dynamic belief distribution
biF for each agent i, capturing both their internal
belief about the environment and their underlying
goal. This belief distribution is approximated using
a particle filter with N particles per agent:

biF = {(biS,k, biG,k)}Nk=1, (2)

where each particle k contains a sampled belief
state biS,k representing agent i’s internal model
of the environment, and a probability distribution
biG,k over possible goals for agent i, computed via
Bayesian inverse planning.

Agent Belief Sampling While ProToM has ac-
cess to the full environment state, it must infer
agents’ goals from their actions under partial ob-
servability. To do this, for each particle k ∈
{1, . . . , N}, a sample of the agent i’s belief state
is drawn from a distribution conditioned on the
agent’s current observation oit: b

i
S,k ∼ P (bit | oit).

At each timestep t, these sampled beliefs are up-
dated using the environment’s state transition dy-
namics. To ensure that particles remain consistent
with the agent’s actual observations, ProToM re-
samples any particle biS,k that becomes incompati-
ble with the latest observation oit. This ensures that
the facilitator’s estimate of the agents’ beliefs are
consistent with what the agent could reasonably
believe based on their observations.

Goal Inference Given a sampled belief state biS,k,
ProToM infers the agent’s goal using Bayesian in-
verse planning. Each particle maintains a goal dis-
tribution biG,k(g

i), which is updated by condition-
ing on the observed action ait and the particle’s
belief:

biG,k(g
i) ∝ biG,k(g

i) · P (ait | gi, biS,k). (3)

This update reflects the likelihood of the agent tak-
ing action ait under goal gi, assuming it holds belief
biS,k. ProToM’s overall belief about agent i’s goal
is then computed by averaging across all particles:

b̂iG(g
i) =

1

N

N∑

k=1

biG,k(g
i). (4)

3.2 Feedback Selection
Given a finite set of candidate feedback messages,
ProToM performs feedback selection in three steps.
First, it evaluates each candidate feedback message
by computing its expected utility, conditioned on
the inferred goals and belief states of the agents.
Second, ProToM decides whether to issue new feed-
back by comparing the expected utility of the best
candidate against a threshold and estimating the di-
vergence between the agent’s predicted behaviour
with and without the feedback. This process en-
sures that feedback is only given when it is likely
to meaningfully change agents’ interactions. Fi-
nally, if a feedback message is selected, ProToM
generates a corresponding explanation to help the
agent understand the reasoning behind the sugges-
tion. This process is repeated at each timestep t,
unless the agents are already executing feedback.

Feedback Construction The set of candidate
feedback messages Ft is constructed based on the
current full environment state st, including object
locations, agent positions, and affordances. This
ensures that all feedback options are feasible. For
example, if an agent cannot physically reach a par-
ticular item (e.g., due to immovable obstacles), we
exclude feedback that would suggest picking up or
passing that item.

Utility Computation Our utility function evalu-
ates whether the feedback promotes prosocial ac-
tions that improve the overall task efficiency under
sampled goal hypotheses from ProToM’s belief par-
ticles for all n agents (Algorithm 2). We denote
these samples as: g ∼ b̂G where

g = (g1, g2, · · · , gn), b̂G = (b̂1G, b̂
2
G, · · · , b̂nG).

(5)
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Figure 2: Overview of ProToM, a Theory of Mind-informed facilitator that promotes prosocial behaviour by
communicating real-time feedback to agents pursuing independent goals. ProToM observes agents acting in a
shared environment, infers their goal distributions via Bayesian inverse planning, and evaluates possible feedback
messages based on expected utility. Feedback is paired with an explanation grounded in the inferred goals to clarify
why the suggestion is relevant and helpful.

The utility of a feedback message f ∈ Ft under g
is defined as:

U(f) = Eg∼b̂G
[∆C(f,g)] (6)

where we define the marginal improvement over
not providing any feedback as:

∆C(f,g) = C(∅,g)− C(f,g). (7)

Theoretically, C(f,g) can be any performance
metric ℓ(·) that evaluates the agents’ plans π =
(π1, π2, · · · , πn) generated under f and g:

C(f,g) = ℓ(π | f,g). (8)

In our case, ℓ(·) corresponds to the number of steps
to achieve g, either with or without executing f
beforehand. A positive utility U(f) indicates that
providing feedback f is expected to help agents
achieve their individual goals more efficiently – by
decreasing the global number of steps required to
reach task completion.

When a feedback message is targeted to agent
i, it directly influences the policy πi of that agent.
We assume that agent i will follow the feedback
upon receiving it, and continue to plan accordingly
until either the feedback directive is completed, or
it becomes infeasible. After that, the agent resumes
planning toward its goal gi.

Feedback Selection Among all candidates, we
consider only feedback messages whose utility ex-
ceeds a threshold ϕ and select those with the high-
est utility. The threshold ϕ can be considered as
the minimum expected benefit a feedback message
must provide to even be considered. To avoid over-
communicating and ensure that feedback is com-
municated at an appropriate time without interrupt-
ing the agent for negligible discrepancies, ProToM
communicates the feedback only when the diver-
gence from the agent’s expected behaviour, div(f),
is greater than a threshold ϵ:

F̂t = {f | U(f) = max
f ′∈Ft

U(f ′) > ϕ,div(f) > ϵ}.
(9)

If F̂t = ∅, ProToM skips communication in this
timestep. If there is exactly one candidate in F̂t, it
is selected directly. If multiple feedback candidates
satisfy these criteria, one is chosen uniformly at
random:

f̂ ∼ Uniform(F̂t), if F̂t ̸= ∅. (10)

Feedback Explanation ProToM provides a
natural-language explanation for each selected
feedback by populating predefined templates T .
Specifically, each explanation e is determined by
the agents’ most probable goals in ProToM’s be-
lief particles ĝ−i, the selected feedback f̂ , and the
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current state of the environment st:

e = T (ĝ−i, f̂ , st), ĝ−i = argmax
g−i

b̂−i
G (g−i).

(11)

The message highlights the inferred goals of other
agents, and provides a concise reason for the feed-
back based on the current environment state (e.g.
another agent may lack access to, or take much
longer to reach a needed object), helping the recip-
ient better understand the context and intent of the
feedback.

4 Experiments

4.1 Environments

We evaluate our model against baselines in two pop-
ular multi-agent environments: Multi-Agent Doors,
Keys, and Gems (Zhi-Xuan et al., 2024, mDKG)
and Overcooked (Carroll et al., 2019). mDKG is
fully observable, and the agents’ objective is to col-
lect coloured gems, which are often located behind
locked doors. Unlocking a door requires an agent
to possess a key that matches the door’s colour. The
possible feedback messages involve either unlock-
ing a door or handing over a key. In Overcooked
agents prepare and deliver meals. We adapt the
environment introduced in (Wu et al., 2021) to a
partially observable setting where agents can only
observe the contents of the room they currently oc-
cupy. Feedback messages can either tell an agent
to pass an item to the other agent, or to pick up a
different but equivalent item – so the other agent
can take the current one.

Importantly, we adapt these environments from
their standard cooperative settings – where agents
typically work together toward a shared goal – to a
novel configuration in which each human pursues
a separate objective. This distinction is crucial, as
it allows us to investigate how the AI facilitator can
promote prosocial behaviour in scenarios where
agents are not explicitly required to collaborate.
For each environment, we consider scenarios where
(1) feedback is not needed, as agents can optimally
complete their task by themselves; (2) feedback is
useful to improve task completion efficiency; (3)
feedback is essential to allow one of the agents to
complete their task.

4.2 Models

ProToM For our experiments with mDKG, given
that oit = st, we use a single belief particle

(N = 1). As a divergence measure, we compute
the probability that the two agents are already act-
ing optimally according to a centralised planner π∗:
div = P (τ ∈ π∗ | f) (Ullman et al., 2009). As
thresholds, we set ϕ = 0 and ϵ = 0.1. For Over-
cooked, to account for partial observability, we use
N = 5 belief particles per agent, and for div we
computed the expected Jensen-Shannon divergence
between the action distribution with or without f .
As thresholds, we set ϕ = 2 and ϵ = 0.3. These
values were determined based on a small search on
a held-out set (details in the Supplementary).

Baselines We compare ProToM against different
baselines: agents that receive no feedback, an or-
acle version of ProToM that has access to agents’
ground truth goals (ProToM-Oracle), a random
facilitator that at each timestep samples commu-
nicates an uniformly random message with prob-
ability 0.5 (Random), and various Large Vision-
Language (VLM) and Reasoning Models (RM).
Each model is provided with a description of the
environment, including object types, agent action
and observation space, and task rules. In addition,
the model is given: an image of the current environ-
ment state, a history of recent actions, and the full
set of candidate feedback messages Ft. The model
is then instructed to: (1) infer each agent’s goal
based on the context, and (2) evaluate whether any
message in Ft would promote prosocial actions that
positively impact task efficiency. If no feedback is
deemed useful, the model is encouraged to respond
with No Feedback. When assisting human partici-
pants, we also prompt the model to provide a short
explanation of why it choose a specific feedback
based on the inferred agent goals. We evaluate o3,
o4-mini (OpenAI, 2025), GPT-4o (OpenAI, 2024),
Claude 4 Sonnet (Anthropic, 2025), Gemini 2.5
Flash and Pro (Comanici et al., 2025), and Qwen
2.5 VL 72B (Bai et al., 2025). When possible,
we set the model temperature to zero. The set of
candidate feedback messages Ft is constructed in
the same way for all baselines to ensure a fair and
consistent comparison.

4.3 Metrics

We use three metrics: success rate, speedup, and
number of feedback messages. The success rate
reflects the proportion of episodes in which both
agents successfully complete their tasks. Speedup
measures how much faster agents complete an
episode with the help of a facilitator, compared
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Figure 3: Simulation results comparing ProToM to baseline models on mDKG and Overcooked. ProToM achieves
perfect success rates and significantly higher task speedup with minimal communication overhead. In contrast,
baselines struggle to provide helpful, context-aware feedback and tend to over-communicate (***: p < 0.001, **:
p < 0.01, *: p < 0.05).

Figure 4: Example comparing ProToM and o3 on
mDKG. While ProToM conveys the key feedback di-
rectly, o3 is overly detailed, resulting in the same out-
come but with increased communication overhead.

to when they receive no feedback: Speedup =
L∅/Lf − 1, where Lf and L∅ are the average
episode length with and without facilitator. The
average number of feedback messages reflects
how frequently a facilitator communicates with
the agents – indicating whether it adopts a more
parsimonious communication strategy or engages
in frequent interaction.

4.4 Simulation Experiments

We evaluate ProToM and the baselines with sim-
ulated human agents on both mDKG and Over-
cooked. In mDKG, we consider 20 scenarios: six
where feedback is not needed, eight where feed-
back is useful, and six where feedback is neces-
sary. The two human agents are simulated us-
ing the A* planner from (Zhi-Xuan et al., 2024).
In Overcooked, we evaluate 21 scenarios: seven

Figure 5: Example comparing ProToM, Gemini 2.5 Pro,
and o3 on Overcooked. ProToM correctly infers Bob’s
goal, instructing Alice to pass the ingredient he needs
to save him some time. In contrast, o3 and Gemini
fail to identify agents’ goals, suggesting Bob to pass
irrelevant items. In this example, o3 also incorrectly
states that Bob is close to a plate, suggesting a poor
spatial understanding of the environment.

where feedback is not needed, seven where feed-
back is useful, and seven where feedback is neces-
sary. Human agents are simulated using a stochas-
tic heuristic-based planner.

Results Figure 3 shows average scores across all
episodes. For statistical analysis, we used Fisher’s
exact test for success rates and the Mann-Whitney
U test for other metrics, applying Benjamini-
Hochberg correction to control for false positives.
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On mDKG, ProToM achieves a perfect suc-
cess rate (1.00± 0.00), and performs on par with
ProToM-Oracle, demonstrating effective goal infer-
ence. Strong reasoning models also achieve high
success rates, e.g. 0.95 ± 0.05 both for o3 and
Gemini 2.5 Flash. However, ProToM achieves a
higher average speedup of 0.52±0.17 compared to
the no-feedback condition, while baselines struggle
to improve task efficiency. Among the baselines,
o3 performs the best with a speedup of 0.16±0.14.
Notably, ProToM is markedly more selective in its
communication, issuing significantly fewer feed-
back messages than all other models (0.70± 0.13
on average). Figure 4 illustrates this qualitatively:
while ProToM directly conveys the crucial feed-
back, o3 offers overly detailed feedback, increasing
communication overhead.

Results follow similar trends in Overcooked.
Here, ProToM achieves perfect success rate (1.00±
0.00) and 1.17 ± 0.38 speedup, significantly out-
performing all baselines – with the exception of
ProToM-Oracle. Despite ProToM’s strong perfor-
mance, its lower speedup and feedback count com-
pared to ProToM-Oracle – though not statistically
significant – highlight missed opportunities for use-
ful communication, due to uncertainty about the
agent’s beliefs and goals in partially observable set-
tings. Among baselines, Gemini 2.5 Pro achieves
the highest success rate (0.95± 0.05), followed by
o4-mini (0.90± 0.06). However both show signif-
icantly lower speedups than ProToM:0.20± 0.20
and 0.16± 0.20, respectively. As in mDKG, Pro-
ToM communicates less frequently than all other
models (0.81 ± 0.11 messages on average), with
the sole exception of GPT-4o (1.00 ± 0.37). We
find that VLMs and RMs do not always succeed
in inferring agents goals, and therefore often com-
municate irrelevant feedback. Additionally, they
sometimes demonstrate poor spatial understanding
of the environment (see Figure 5).

Ablations To illustrate how ProToM achieves
its performance, we ablate its two key compo-
nents: (i) goal inference (NoGoal), where feed-
back is selected without conditioning on inferred
goal distributions, and (ii) the divergence-based
gating (NoDiv), where ProToM always communi-
cates the highest-utility feedback without check-
ing whether it is likely to change the recipient’s
behaviour (ϵ = 0). Table 1 shows that both compo-
nents matter, especially under partial observability.
In mDKG, removing either goal reasoning or the

mDKG OC

SR FC SU SR FC SU

NoGoal 1.00 0.85 0.47 0.85 0.48 0.35
NoDiv 1.00 0.75 0.46 1.00 2.19 0.86
ProToM 1.00 0.65 0.53 1.00 0.81 1.17

Table 1: Comparison between ProToM and ablations
without goal inference (NoGoal) and divergence thresh-
old (NoDiv). SR = success rate, FC = average feedback
count, SU = speedup. Unlike ProToM, ablated versions
do not achieve perfect SR and yield lower SU.
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Figure 6: In our human study, ProToM significantly
outperformed GPT-4o in success rate and task speedup,
while requiring similar communication. Participants
rated ProToM’s feedback as more helpful, appropriate,
better explained and aligned with their goals (*: p <
0.05, ***: p < 0.001).

divergence criterion reduces speedup: compared
to ProToM (SU = 0.53 with 0.65 avg. messages),
NoGoal and NoDiv achieve lower speedups (SU
= 0.47 and 0.46) while also increasing commu-
nication (FC = 0.85 and 0.75). In Overcooked,
goal inference becomes essential for reliability: No-
Goal drops to SR = 0.85 and yields much smaller
gains (SU = 0.35), indicating that feedback not
grounded in agents’ inferred goals often fails to
facilitate prosocial assistance, even causing task
failures. Removing divergence gating preserves
SR (1.00) but substantially increases feedback vol-
ume (FC = 2.19 vs 0.81) and still underperforms
ProToM on speedup (SU = 0.86 vs 1.17).

4.5 Human Study

We conducted a human study in Overcooked with
18 participants grouped into nine pairs, testing
three facilitator conditions: ProToM, a VLM, and
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a control condition with no facilitator. Each partic-
ipant pair played two trials per condition, across
six scenarios: three where feedback was useful and
three where it was necessary. Condition order was
randomised to mitigate order effects. We selected
GPT-4o as the LLM facilitator as the best trade-off
between performance and response latency. We
found that RMs’ longer inference times led to sub-
stantial delays at each game timestep (49s for o3,
on average), which made experiments impracti-
cally long (see Supplementary). Participants were
free to follow or ignore the feedback, allowing
us to assess both the perceived value and reliabil-
ity of the assistance. After each trial, participants
rated the facilitator on four aspects: helpfulness of
the feedback, appropriateness of its quantity and
content, clarity of explanations, and whether they
thought that the facilitator understood their goals.
Responses were recorded on a 7-point Likert scale
(1 = Strongly Disagree, 7 = Strongly Agree). Un-
der this design, 18 participants provide 80% power
to detect medium-to-large within-subject effects
(paired Cohen’s dz ≈ 0.70 at α = 0.05).

Results Our approach performed best in the hu-
man study, as shown in Figure 6. Compared to
GPT-4o, ProToM achieved a significantly higher
success rate (1.00± 0.00 vs 0.66± 0.11), speedup
(0.75 ± 0.17 vs −0.28 ± 0.11), while commu-
nicating a similar number of feedback messages
(1.27 ± 0.19 vs 1.50 ± 0.27). Notably, GPT-4o’s
feedback negatively impacted task efficiency, sug-
gesting that it often provided poorly timed or un-
helpful feedback. We also found that human play-
ers ignored fewer messages from ProToM than
GPT-4o (5 vs 10 in total), again suggesting that
ProToM’s feedback was perceived as more rele-
vant, clear, and therefore more trustworthy. This
is further supported by subjective ratings, shown
in Figure 6 (bottom), where participants rated Pro-
ToM significantly higher across all criteria.

4.6 Discussion

The results across both simulated and human ex-
periments paint a consistent picture: compared
to other models, ProToM achieves higher success
rates and task speedups, with reduced communi-
cation overhead (see Figure 3 and 6). Our human
study also showed that ProToM’s feedback was
perceived as more helpful, appropriate, and bet-
ter explained and aligned with users’ goals. By
comparison, state-of-the-art VLMs and RMs strug-

gle with communicating feedback that is useful
to promote prosocial actions, often causing com-
munication overheads. This performance gap in
VLMs and RMs is due to two primary limitations
of these models. First is the lack of strong The-
ory of Mind abilities: it is well known that exist-
ing models struggle to reliably infer mental states
(Shapira et al., 2024). While modular methods
like AutoToM (Zhang et al., 2025) show promise,
their practical application in real-time settings is
hindered by the substantial number of model calls
required. Second, it is well known that current
models face challenges in planning (Kambhampati
et al., 2024). In our setup, these challenges are
compounded as planning must incorporate inferred
beliefs of multiple agents.

5 Related Work

Theory of Mind, the ability to attribute men-
tal states to oneself and to others (Premack and
Woodruff, 1978), has been widely studied in col-
laborative tasks, both using Bayesian (Ying et al.,
2024a; Zhi-Xuan et al., 2024) and neural network
approaches (Puig et al., 2023; Ying et al., 2024a;
Zhang et al., 2024a; Bortoletto et al., 2024a,b;
Cross et al., 2025; Ruhdorfer et al., 2025a). Several
works focus on enhancing human-AI cooperation,
where an AI assistant has to act in the environment
to help a single human achieve their goal (Ying
et al., 2024a; Puig et al., 2021, 2023; Buehler and
Weisswange, 2020; Yu et al., 2024). Closer to our
work is team assistance, where the AI assistant
observes humans acting in the environment and
provides feedback to them: Seo et al. (2023) use
inverse reinforcement learning to instruct teams
on which intent to follow; Zhang et al. (2024b)
propose an assistant that, assuming a fixed plan,
communicates to prevent failures or resolve dead-
locks. In contrast, our novel paradigm supports se-
quential decision-making, relaxes the assumption
that the agents share the same goal, and focuses
on the broader objective of promoting prosocial
actions, which can both avoid failure and improve
efficiency.

6 Conclusion

We introduce a novel prosocial facilitator paradigm
and ProToM, a method that combines Bayesian in-
verse planning to infer agents’ mental states and
utility maximisation to select feedback that pro-
motes prosocial behaviour among them. Our evalu-
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ations show that while strong VLMs and RMs fall
short of communicating effective feedback, Pro-
ToM’s is targeted and helpful, yielding a higher
success rate and task speedup. Moreover, ProToM
was consistently preferred by human users.

Limitations

Our work comes with limitations. First, we have
tested ProToM in simulated environments, which
offer a good degree of control. mDKG and Over-
cooked represent a standard and widely accepted
evaluation setup in multi-agent systems research
(Carroll et al., 2019; Wu et al., 2021; Zhi-Xuan
et al., 2024; Ying et al., 2024a; Ruhdorfer et al.,
2025c,b), making it appropriate both for establish-
ing our novel framework and for conducting con-
trolled human studies. Evaluating ProToM in real-
world settings in an interesting research direction
that we aim to explore in future work. Research
in cognitive science provides good evidence that
people construct small state and goal spaces for
planning and inference (Brooke-Wilson, 2023). In
this view, Bayesian inverse planning is scalable
to real-settings, as long as we retain only the rele-
vant states and goals at any given time. This can
be done using an LLM (Wong et al., 2025; Ying
et al., 2024b). LLMs can also be used to amortize
the policy when performing Bayesian inverse plan-
ning (Jin et al., 2024). Second, ProToM’s feedback
doesn’t explicitly account for pragmatics. Future
work could design a version of ProToM that not
only selects what feedback to communicate but
also how to convey it based on agents’ inferred
beliefs and affordances.

Further extensions could model deeper recursive
reasoning between agents, and improve scalability
through approximate or learned inference methods.
More broadly, integrating ProToM-style architec-
tures with modern large foundation models may
help bridge the gap between strong empirical per-
formance in controlled environments and effective
prosocial facilitation in real-world multi-agent sys-
tems.
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A Environments

A.1 Additional Environment Details
mDKG (Zhi-Xuan et al., 2024) is a fully observ-
able, 2D grid-world where the objective is to col-
lect coloured gems, which are often located behind
locked doors. Unlocking a door requires an agent
to possess a key that matches the door’s colour.
Agents can move in the four cardinal directions
or remain stationary, while respecting movement
constraints imposed by walls and locked doors. In
addition to navigation, agents can pick up items,
hand them over to other agents, or unlock doors
when they possess a matching key. The possible
feedback messages involve either unlocking a door
or handing over a key. We evaluate 20 scenarios:
six where feedback is not needed, eight where feed-
back is useful, and six where feedback is neces-
sary. We set the maximum number of timesteps to
Tmax = 80.

Overcooked (Carroll et al., 2019) is a 2D grid-
based kitchen in which agents prepare and deliver
meals. The kitchen consists of counters that can
hold either movable items, such as food ingredients
and plates, or fixed stations, such as knife stations
for chopping and delivery stations for serving com-
pleted dishes. Agents can move in the four cardi-
nal directions or stay still, pick up and put down
items, carry food to knife stations for chopping,
and combine food with plates to assemble meals.
Each agent is limited to carrying a single object
at a time and cannot directly hand items to other

agents: items must be placed on shared counters for
indirect transfer. We adapt the environment intro-
duced in (Wu et al., 2021) to a partially observable
setting by adding doors that divide the environment
into separate rooms. Agents can only observe the
contents of the room they currently occupy. The
possible recipes to prepare include SimpleTomato,
SimpleLettuce, and SimpleOnion – as shown in
Figure A4. Each recipe follows the same three-step
process:

1. Pick up the main fresh ingredient (e.g.,
FreshTomato).

2. Chop it at the chopping station, producing the
chopped version (e.g., ChoppedTomato).

3. Combine the chopped ingredient with a plate
(e.g., ChoppedTomato-Plate) and deliver it
at the delivery station.

We evaluate 21 scenarios: seven where feedback
is not needed, seven where feedback is useful, and
seven where feedback is necessary. We set the
maximum number of timesteps to Tmax = 100.

A.2 Feedback Types
We define a discrete set of feedback types that
capture context-sensitive opportunities to promote
prosocial behaviour among agents. These types are
instantiated differently in each domain based on
their different environment dynamics and available
actions.

In mDKG:

• Unlock(agenti, doork, agentj): Suggests
agenti to unlock doork for agentj . If agenti
doesn’t already hold a key to unlock doork,
the feedback assumes that agenti will first pick
it up.

• Handover(agenti, keyk, agentj) Sug-
gests agenti to hand keyk over to agentj . If
agenti doesn’t already keyk, the feedback as-
sumes that agenti will first pick it up.

In Overcooked:

• Pass(agenti, itemk, agentj): Suggests
agenti to pass a specific itemk at a specified
location to another agent across a counter (in
Overcooked, agents cannot directly handover
items to other agents). Since agents can only
hold one item at the time, if agenti is cur-
rently holding an item ̸= itemk, they are first

11
26725



Figure A1: SimpleLettuce Figure A2: SimpleTomato Figure A3: SimpleOnion

Figure A4: Possible recipes in Overcooked.

Figure A5: Average episode length in Overcooked, in
minutes.

instructed to place it on the nearest available
counter. Then, they pick up the target item and
pass it to a shared counter that is not on the
layout border and is accessible to both agents.

• Pickup(agenti, itemk): Suggests agenti to
pick up a specific item at a specified location.
This feedback is primarily used to resolve con-
flicts where both agents are attempting to pick
up the same item, whereas one of them may
have access to an alternative.

B Models and Implementation

B.1 ProToM Parameters
For our experiments with mDKG, given that agents
have full observability (oit = st), we use a sin-
gle belief particle (N = 1). For Overcooked, to
account for partial observability, we use N = 5
belief particles per agent. While setting N = 1 for
mDKG is an obvious choice, the number of par-
ticles for Overcooked is determined based on the
resulting speed of the model inference. Given that
we use ProToM to assist human agents in in real-
time, we opted for N = 5. As thresholds, we set
(ϕ = 0, ϵ = 0.1) on mDKG, and (ϕ = 2, ϵ = 0.3)
on Overcooked. The values for the thresholds ϕ
and ϵ were determined based on a small search on
a held-out set, with values from 0 to 1.0 increasing

Algorithm 1 ProToM

Require: Goal set G = G1 × · · · × Gn, planners π =
(π1, · · · , πn), performance metric ℓ(·), thresholds ϕ, ϵ

1: Initialise: belief particles {{(biS,k, biG,k)}Nk=1}ni=1

based on initial state s0, t← 1
2: while t = Tmax or Done do
3: Observe state st and agent action at = (a1

t , · · · , an
t )

4: for agent i ∈ {1, · · · , n} do
5: Get agent observation oit from st
6: for belief particle k ∈ {1, · · · , N} do
7: biS,k ← BELIEFUPDATE(biS,k, o

i
t,at)

8: biG,k ← GOALUPDATE(biG,k, b
i
S,k, G

i, ai
t)

9: end for
10: b̂iG ← 1

N

∑N
k=1 b

i
G,k

11: end for
12: Ft ← CONSTRUCTFEEDBACK(st)

13: U(f)← COMPUTEUTILITY(st,G, b̂G,Ft,π, ℓ)

14: F̂t ← {f ∈ Ft | U(f) = maxf ′∈Ft U(f ′) >
ϕ, div(f) > ϵ}

15: if F̂t ̸= ∅ then
16: f̂ ∼ Uniform(F̂t)

17: e← EXPLANATION(G, b̂G, st, f̂)

18: Communicate feedback f̂ with explanation e
19: end if
20: t← t+ 1
21: end while

by 0.1 at each search. For all our experiments, we
set the random seed to 42.

B.2 ProToM Explanation Templates

As discussed in the main paper, ProToM gener-
ates natural-language explanations for each se-
lected feedback by instantiating predefined tem-
plates based on the inferred goal of the other agent
and the current environment state. These templates
are designed to provide concise and context-aware
justifications for the selected feedback.

For the Pass(agenti, itemk, agentj) feed-
back, the explanation template is structured as:
Template: I believe [agentj] is trying to
prepare [recipe], and...

• If agentj can access the item but it would
take time to get it: ... [he/she] would
need much more time to get the [itemk]
without your help.

• If agentj cannot access the item: ...
without your help, [agentj_article]
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Algorithm 2 COMPUTEUTILITY

Require: Current state st, goal set G = G1 × · · · ×
Gn, inferred goal probability distributions b̂G =

(b̂1G, · · · , b̂nG), candidate feedback set Ft, planners π =
(π1, · · · , πn), performance metric ℓ(·)

1: Initialise U(f)← 0 for all f ∈ Ft

2: for each g = (g1, · · · , gn) ∈ G do
3: C(∅,g)← ℓ(π | g)
4: for each feedback f ∈ Ft do
5: C(f,g)← ℓ(π | f,g)
6: ∆C ← C(∅,g)− C(f,g)

7: U(f)← U(f) + ∆C ·∏n
i=1 b̂

i
G(g

i)
8: end for
9: end for

wouldn’t be able to get the [itemk].

For the Pickup(agenti, itemk) feedback, the
explanation template is: I believe [agentj] is
trying to prepare [recipe], and the other
[itemk] is easier to get for [him/her].

B.3 LLM Details
We use the following model versions:

• o3-2025-04-16 (OpenAI API)

• o4-mini-2025-04-16 (OpenAI API)

• gpt-4o-2024-08-06 (OpenAI API)

• claude-sonnet-4-20250514 (Anthropic
API)

• gemini-2.5-flash (Google API)

• gemini-2.5-pro (Google API)

• qwen2.5-vl-72b-instruct (OpenRouter
API)

B.4 LLM Prompts
We show the prompts used for evaluating large
VLMs and RMs on mDKG and Overcooked in Fig-
ure A7 and Figure A8, respectively. Each model
is provided with a description of the environment,
including object types, agent action and observa-
tion space, and task rules. In addition, the model is
given: an image of the current environment state, a
history of recent actions, and the full set of candi-
date feedback messages Ft. The model is then in-
structed to: (1) infer each agent’s goal based on the
context, and (2) evaluate whether any message in
Ft would promote prosocial actions that positively
impact task efficiency. If no feedback is deemed
useful, the model is encouraged to respond with No

Figure A6: Example in which ProToM fails to commu-
nicate feedback, and ProToM-Oracle succeeds.

Feedback. When assisting human participants, we
also prompt the model to provide a short explana-
tion of why it choose a specific feedback based on
the inferred agent goals. We evaluate o3, o4-mini
(OpenAI, 2025), GPT-4o (OpenAI, 2024), Claude
4 Sonnet (Anthropic, 2025), Gemini 2.5 Flash, and
Gemini 2.5 Pro (Comanici et al., 2025). When pos-
sible, we set the model temperature to zero (RMs
often do not allow to control this parameter).

C Human Study

C.1 Setup and Interface

Figure A9 shows the interface used for the human
study. Each player could see the codename of the
facilitator that was assisting them, their own goal
recipe, their partial observation of the environment,
the possible actions to take, and a legend. When
a player received a feedback message, it would
appear as a pop-up blue box. Players could decide
to ignore feedback messages if they considered it
useless or unnecessary. At the end of each episode,
both players were revealed the other player’s goal
recipe, information about episode completion, and
the full history of feedback messages given to each
player, with their status (“Completed”, “Ignored”,
“Not Executable”). We revealed this information to
let both players fill out the questionnaires, even if
one of the two players did not receive any feedback
message during the episode.
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C.2 Participant Details and Procedure

We recruited 18 human participants: 5 female, 13
male, aged between 19 and 31 years old. The study
was approved by the institutional ethics commit-
tee. Some participants were university students
who received a compensation, in accordance with
university regulations. The remaining participants
voluntarily joined the study, without receiving any
form of compensation. At the beginning of the
study, participants were informed about their task,
the duration of the experiment, and that their re-
sponses would be kept anonymous and used solely
for research purposes. They then went through a
guided tutorial that explains the rules of the game.
Each full study – i.e. two participants playing to-
gether the six trials – lasted around one hour. The
data we collect is anonymised and does not contain
any information that names or uniquely identifies
individual people.

C.3 API Call Times and Justification for
Model Choice

As we report in the main text, we selected GPT-4o
as the LLM facilitator for the human study, given
the good trade-off between performance and re-
sponse latency. We found that RMs’ longer infer-
ence times led to substantial delays at each game
timestep, which made experiments impractically
long. We show the average episode length (in min-
utes) for simulated experiments in Overcooked in
Figure A5. As one can see from the figure, models
like o3, o4 or Gemini make episode trials drasti-
cally longer compared to ProToM. Therefore, using
one of these models for our human experiments
would: 1) be frustrating for the participants; 2) bias
or distract them; 3) result in much longer study
durations. Figure A5 suggests two possible alter-
natives to GPT-4o: Claude 4 Sonnet and Qwen 2.5
72B. However, by looking at Figure 3 (bottom mid-
dle) in the main text, we see that both Claude 4
Sonnet and Qwen 2.5 72B engage in lots of feed-
back communication. In preliminary experiments
we noticed that such amount of messages would
overwhelm the participants, that would tend to just
ignore all of them. Therefore, we concluded that
the best compromise is GPT-4o, which we ended
up using in the human study.

D Additional Experimental Results

D.1 Quantitative Analysis

For both mDKG and Overcooked, we consider dif-
ferent scenarios where (1) feedback is not needed,
as agents can optimally complete their task by
themselves; (2) feedback is useful to improve task
completion efficiency; (3) feedback is necessary
to allow one of the agents to complete their task.
While in the main text we provide scores averaged
across all scenarios, here we report average scores
across each type of scenario in Figure A10 for
mDKG, and Figure A11 for Overcooked.

In mDKG, all as expected: feedback is com-
municated only in episodes where it is needed or
necessary. ProToM is on par with its oracle ver-
sion (ProToM-Oracle), suggesting strong goal in-
ference.

In Overcooked, ProToM-Oracle performs better
– although not statistically different – than ProToM
both when feedback is necessary and useful, while
communicating the same number of feedback mes-
sages (feedback necessary: 1.12± 0.12; feedback
useful: 1.00± 0.00). This highlights that there are
scenarios where ProToM does not communicate,
or its feedback is not optimal or is communicated
at a non-optimal timestep. We show a qualitative
example in which ProToM fails in communicating
feedback in Figure A6. On the other hand, when
feedback is not needed, ProToM-Oracle communi-
cates more feedback than ProToM, which yields a
decrease in task speedup. This is due to the fact that,
despite knowing the ground truth goals, ProToM-
Oracle is still not a perfect model, as there is no
ground truth values for the parameters ϕ and ϵ. For
ProToM-Oracle, we used the same values as in Pro-
ToM. We expect that performing a finer grid search
on a bigger training set could mitigate this issue.

E Societal Implications

While we design our experiments in controlled en-
vironments, deploying future, more advanced ver-
sions of ProToM in real-world settings could raise a
few practical societal concerns. Because it relies on
inferring what people mental states, it is important
to avoid reinforcing biases or misunderstanding
psychological nuances. Finally, depending on how
much data is collected to make these inferences,
there could be privacy concerns: real-world use
would benefit from clear consent, data minimiza-
tion, and transparency.
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F Infrastructure and Code

F.1 Compute Resources
We ran our model on a server running Ubuntu
22.04, Intel Xeon Platinum 8260 CPUs for a total
of 96 cores. Proprietary models are used through
API.

F.2 Code
Our code is public under the MIT license at
https://git.hcics.simtech.uni-stuttgart.
de/public-projects/ProToM. The code for
Overcooked is written in Python 3.10 and adapted
from the code released by (Wu et al., 2021). The
code for mDKG is written in Julia 1.11.5, and
based on the Gen.jl (Cusumano-Towner et al.,
2019) and PDDL.jl (Zhi-Xuan, 2022) libraries.
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Figure A7: Prompt used for mDKG.
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Figure A8: Prompt used for Overcooked.
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Figure A9: Interface for the human study. Each player could see their own goal recipe, their partial observation of
the environment, the possible actions to take, and a legend (top). When a player received a feedback message, it
would appear as a pop-up blue box, as shown on the left. Players could decide to ignore feedback messages if they
considered it useless or unnecessary. At the end of each episode, both players were revealed the other player’s goal
recipe, information about game completion, and the full history of feedback messages given to each player, with
their status (“Completed”, “Ignored”, “Not Executable”) (bottom).
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Figure A10: for different episode types in the mDKG environment.
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Figure A11: Results for different episode types in the Overcooked environment.
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