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Abstract
Empathy allows us to assume others are like us
and have goals analogous to our own. This can
also at times be applied to multi-agent games - e.g.
Agent 1’s attraction to green balls is analogous to
Agent 2’s attraction to red balls. Drawing inspi-
ration from empathy, we propose EMOTE, a sim-
ple and explainable inverse reinforcement learning
(IRL) approach designed to model another agent’s
action-value function and from it, infer a unique
reward function. This is done by referencing the
learning agent’s own action value function, remov-
ing the need to maintain independent action-value
estimates for the modelled agents whilst simulta-
neously addressing the ill-posed nature of IRL by
inferring a unique reward function. We experi-
ment on minigrid environments showing EMOTE:
(a) produces more consistent reward estimates rela-
tive to other IRL baselines (b) is robust in scenarios
with composite reward and action-value functions
(c) produces human-interpretable states, helping to
explain how the agent views other agents.

1 Introduction
Empathyis a process which helps us understand the feelings
and goals of another, by using ourselves as a point of refer-
ence. Hoffman [1996] defines it as “any process where the
attended perception of the object’s state generates a state in
the subject that is more applicable to the object’s state or sit-
uation than to the subject’s own prior state or situation.” So
when we ask: How would we feel if we were in a similar sit-
uation? What objects or goals, though not exactly the same,
do we feel similarly towards?, an implicit assumption is the
belief that who we are observing is analogous or similar to us,
even if our goals or preferences are different. As a simple ex-
ample: I love chocolate but dislike liquorice. If I were to see
someone eating and enjoying liquorice, I would not immedi-
ately relate to their enjoyment. However, if I imagined they
are instead eating chocolate, I would understand their joy and
subsequently infer the levels of enjoyment as being similar to
mine when eating chocolate. In this work, we aim to translate
this intuition into an explainable approach for inverse rein-
forcement learning (IRL) for analogous agents. Specifically,

we consider two agents to be analogous if for every feature
that one agent values, there exists a corresponding feature that
the second agent values to a similar degree. We refer to such
similarly valued features as analogous features i.e. my love
of chocolate is analogous to the other’s love of liquorice. We
note that analogous features may be identical (e.g., neutral
features such as the chocolate/liquorice wrapper which both
agents interact with in the same way) or different (chocolate
or liquorice itself).

Inspired by empathy, we present EMOTE - an Explain-
able architecture for Modelling the Other Through Empathy.
EMOTE allows a single learning agent to model one or more
independent agents behaving under fixed policies (e.g. pre-
trained robots), the reward functions of which the learning
agent is not privy to. A two-stage neural network architecture
is used to infer the action-value function and corresponding
reward function for each independent agent. Assuming an
analogous relationship with the learning agent an Imagina-
tion Network learns an empathetic representation of the inde-
pendent agent’s state during the first stage. We interpret the
resulting empathetic state to be the independent agent’s state,
as imagined by the learning agent (e.g. liquorice reimagined
as chocolate) from an empathetic perspective. This empa-
thetic state is fed into a second network, a copy of the learn-
ing agent’s own action-value function, to observe what values
the learning agent associates with this empathetic state. The
resulting value is then assumed to be the value associated to
the independent agent’s state by the independent agent.

Designing the learning agent to reference its own action-
value function leads to a more stable representation of the in-
dependent agent’s action-values and rewards, as these quan-
tities become grounded in the learning agent’s value func-
tion (learned through interactions), alleviating the need to
maintain independent action-value estimates for each inde-
pendent agent and naturally ensures that the rewards of all
agents lie in a similar scale, a feature that is beneficial in
multi agent approaches based on composite reward and value
functions [Noothigattu et al., 2019; Alamdari et al., 2021;
Raileanu et al., 2018; Senadeera et al., 2022]. A key chal-
lenge of IRL is it’s ill-posed nature [Ng et al., 1999] (ex-
istence of many possible reward functions corresponding to
an optimal behaviour). For example if you see an agent
moving from point A to point B, one reward function to ex-
plain the behaviour is that the agent is drawn towards point

Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24)

4876



B. An equally possibly reward function however is that the
agent is repelled from A. By referencing the learning agents
value function and rewards, under the analogousness assump-
tion, our method naturally rectifies this and is able to infer a
unique reward function. Additionally, leveraging the learning
agent’s own functions allows the independent agent’s empa-
thetic state to be human-interpretable, permitting interroga-
tion of the inferences made by the learning agent about the
other agents’ goals. Finally in contrast to most inverse rein-
forcement learning (IRL) methods, our approach works on-
line with sampled transitions of the modelled agent, without
the need to solve the MDP for each reward function estimate.

The benefits of EMOTE are: (1) inference of a unique solu-
tion to the IRL problem, (2) ensuring the independent agent’s
action-values and inferred rewards lie in a similar scale to that
of the learning agent. (3) Ability to infer the reward function
online with sampled transitions from the independent agent
without needing iterative reward function estimates (4) Gen-
eration of empathetic states that are human-interpretable.

We first compare EMOTE to other IRL methods showing
it produces more realistic inferred reward values. EMOTE’s
ability to handle composite action-value and reward functions
algorithms is evaluated. Specifically, using assistive and ad-
versarial multiagent scenarios, we show that EMOTE pro-
duces more consistent reward estimates of the independent
agent that are robust to various settings and layouts. Further,
we show the Imagination Network is capable of recovering
interpretable empathetic states (i.e., finding analogous fea-
tures), proving beneficial for explainability.

2 Related Literature
Modelling the other: Modelling other agents is a key com-
ponent of multi-agent reinforcement learning (MARL). There
exists a vast body of work ranging from inferring the other’s
policy [Foerster et al., 2018; Wen et al., 2019; Hu et al., 2020;
Shu and Tian, 2018], goals and beliefs [Raileanu et al., 2018;
Moreno et al., 2021] and value functions [Zhao et al., 2022;
He et al., 2016]. These works predominantly assume all
agents are trained concurrently which differs from our in-
tended setting where only a single agent is trained. Mod-
elling agents who behave under a fixed pre-trained policy are
typically tackled in Theory of Mind (ToM) [Rabinowitz et
al., 2018] and Inverse Reinforcement Learning (IRL) [Ng et
al., 2000] literature. A small subset combines the two prob-
lems to create environments in which a learning agent (to be
trained) coexists with and models a pre-trained (independent)
agent [Papoudakis et al., 2021; Senadeera et al., 2022], in line
with the problem setting of our work. However, such works
generally do not produce interpretable models or produce ar-
bitrarily scaled action-value estimates, impeding the accurate
inference of the agents’ behaviour.

Inverse Reinforcement Learning: Within the multi-agent
IRL literature the primary focus is inferring rewards of multi-
ple agents. This can range from independent agents whose
rewards are used to train a central controller [Natarajan et
al., 2010] or understanding an individual’s reward function
by observing the collective behaviour towards a task [Wu et
al., 2023; Reddy et al., 2012; Lin et al., 2017]. As our work

assumes modelling each of the independent agents separately
(producing an individual action-value function and reward)
we compare our work to the single agent IRL literature. Lim-
itations of past works include needing access to the modelled
agent’s policy [Ng et al., 2000], the ability to iteratively solve
the MDP [Ziebart et al., 2008], access to other policy trajecto-
ries from the modelled agent [Boularias et al., 2011] and full
trajectories [Klein et al., 2012]. The work closest to ours is
that of the Cascaded Supervised IRL (CSI) algorithm [Klein
et al., 2013]. In this work, the authors use a supervised learn-
ing method to infer a proxy optimal action-value function and
apply a rearrangement of the Bellman Equation to infer the
reward function. In our work we augment the action-value
function model in the CSI algorithm to be appropriate for
our multi-agent setting, with the added benefit of explainabil-
ity. Other notable works which don’t require iteratively solv-
ing the MDP include Relative Entropy (RE) [Boularias et al.,
2011] which uses stochastic gradient descent to minimise the
relative entropy between the trajectory distributions of an ex-
pert and another baseline policy. Another is Structured Clas-
sification for IRL (SCIRL) [Klein et al., 2012] which, similar
to CSI, uses a proxy to the action-value function but instead
uses a linear parameterisation for this action-value function
based on feature expectations. One of the fundamental prob-
lems in IRL is the existence of a large number of candidate re-
ward functions corresponding to a given arbitrary behaviour,
making it difficult to consistently infer a correct reward func-
tion. By referencing the learning agent’s own action-value
function, our approach infers a unique reward function, ele-
gantly narrowing the space of candidate reward functions.

Modelling based on oneself: Some works model the other
agent based on their own model. Raileanu et al., [2018] trains
the learning agent on all possible goals and uses this informa-
tion to infer the hidden goal of the other agent. Inspired by
empathy as well, Bussmann et al., [2019] proposes imposing
the learning agent’s value function directly on the indepen-
dent agent, using this to infer the other’s intent. An obvious
limitation is that this assumes the independent agent has the
same values as the learner. Our work eschews this assump-
tion, allowing for different and even opposing intentions.

Composite value and reward functions: In multi-agent
scenarios with composite reward or value functions (e.g.
summation of two or more reward/value estimates), appropri-
ate scaling is important to ensure stable behaviours. Alamdari
et al., [2021] builds a joint function of learning agent and in-
dependent agent rewards (whose rewards are already known).
A similar joint reward function is built by Senadeera et al.,
[2022] although they use IRL to infer the rewards of the in-
dependent agent. As a result of the space of potential rewards
that can emerge through IRL, Noothigattu et al., [2019] miti-
gates the issues of a misalignment by scaling the independent
agent’s functions by a constant (the ratio of the l1 norms of
the learning agent’s reward vector and the IRL inferred re-
wards of the independent agent). This simple l1 norm based
normalisation fails in complex scenarios, and is constrained
to combining only two reward or action-value functions. Our
architecture ensures that the range of the inferred action-value
and reward functions will be comparable to those of the learn-
ing agent, obviating the need for any additional scaling.
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3 Methodology
3.1 Problem Setting
We formulate our problem within the context of a Markov
Decision Process (MDP) framework [Puterman, 2014]
< S,A, T ,R, γ > where S is the state space, A is the space
of actions, T : S × A → S is the transition function gov-
erning the probability of moving to the next state s′, having
taken an action a in the current state s. R : S × A → R
defines the reward an agent receives for taking an action in
the current state, and γ ∈ (0, 1] is the discount factor.

To model the independent agent using EMOTE, we con-
sider settings consisting of a learning agent, which we train,
and one (or more) independent agent(s) (sharing the same ac-
tion and state spaces) and behaving as per a fixed (time in-
dependent) policy, which may be deterministic or stochastic.
The underlying reward function of the independent agent is
unknown to the learning agent. Our EMOTE architecture
consists of training the action-value function for the learn-
ing agent Qlearn using rewards R returned from the envi-
ronment, as is done in standard RL implementations. Simul-
taneously we estimate the independent agent’s action-value
function Q̂indep in a supervised manner (as explained later
in Section 3.2) using its < si, ai, s

′

i > transitions which we
assume to be accessible (similar to a real world setting involv-
ing robots who share sensory input information). Each agent
is assumed to also have their own reward function Rindep,
initially unknown to the learning agent, and later inferred as
R̂indep from the estimated action-value function Q̂indep.

3.2 The EMOTE Architecture
The components of the EMOTE architecture used to estimate
the independent agent’s value function Q̂indep are shown in
Figure 1. It consists of a two stage neural network architec-
ture. The first of these, the Imagination Network (Mimagine)
parameterised by θimagine, takes as input state si, as observed
by the independent agent, and outputs an empathetic state se
representing the independent agent’s state as imagined em-
pathetically by the learning agent. We assume there exists a
θimagine where:

∀si, se =Mimagine(si; θimagine) (1)
such that the learning agent’s greedy action in se matches the
independent agent’s action ai in state si. Formally, we define
the empathetic state in Definition 3.1:
Definition 3.1 (Empathetic State). In a multiagent reinforce-
ment learning scenario involving a learning agent with action-
value function Qlearn and an independent agent (sharing the
same state space S and action space A) who behaves as per
an arbitrary fixed (time independent) policy πfixed, an empa-
thetic state se is a state where:

argmax
a′

Qlearn(se, a
′) = ai

where ai ∼ πfixed(si). Consequently, under the analogous-
ness assumption, the action-value function of the learning
agent and independent agent are equivalent for actions ai
taken by the independent agent, such that:

Qlearn(se, ai) ≈ Q̂indep(si, ai)

Figure 1: EMOTE architecture of the independent agent’s value
function Q̂indep comprising a two stage neural network. The first
is the Imagination Network Mimagine which takes in the state si
perceived by the independent agent and outputs an empathetic state
se. The second is a copy of the learning agent’s value function
Qlearn. se is fed into Qlearn and associated Q-values are output.
Only Mimagine is trained via a loss function comprising the differ-
ence between si and se and the categorical cross entropy between
the predicted softmax actions πlearn(a|s) and the observed one hot
encoded action of the independent agent 1 · ai.

In order to estimate the independent agent’s action values,
we pass the obtained empathetic state se through a copy of
the learning agent’s own action-value function Qlearn (the
second stage of the architecture). The intuition is that since se
for the learning agent produces the same actions (behaviours)
as the independent agent in state si, it is reasonable to assume
that for a given action, how the independent agent values si
is similar to how the learning agent values se. Having now
obtained Q̂indep, we can infer the rewards of the independent
agent R̂indep (which is assumed to follow a fixed policy) as
per the inverted Bellman equation shown in Equation 2:

R̂indep(s, a) = Q̂indep(s, a)− γ max
a′

Q̂indep(s
′, a′) (2)

where γ is the discount factor. As Q̂indep is inferred from
Qlearn, asQlearn converges, Q̂indep also converges, and con-
sequently, R̂indep also converges to a unique solution. This is
due to the one to one relationship between a reward function
and action-value function [Klein et al., 2013]. Moreover, as
Q̂indep is grounded to values produced by Qlearn (≈ Q̂indep

as shown previously), we can expect R̂indep to have a similar
scale or magnitude as the rewards R that produced Qlearn.
Loss Terms While the weights of Qlearn are trained us-
ing DQN, we train Mimagine using a loss term (Equation 3)
comprising two parts. The first (Loss1) is a categorical cross
entropy (CE) loss which minimises the difference between
the softmax predicted action from the Qlearn copy and the
action (ai) actually taken by the independent agent. This loss
is to ensure the greedy action of Qlearn, for se, matches the
independent agent’s action (per Equation 1).

L(θimagine) = (1− δ)CE(1.ai, πlearn(a|se))︸ ︷︷ ︸
Loss1

+δ ∥si − se∥1︸ ︷︷ ︸
Loss2

(3)
where

πlearn(a|se) =
eQlearn(se,a)∑
a e

Qlearn(se,a)
(4)
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and se is obtained as per Equation 1. The loss term Loss2
focuses on state reconstruction, aiming to produce an empa-
thetic state se matching the original state si. Together, the
goal is to produce an empathetic state se through minimal
changes to si, while still satisfying the behavioural similari-
ties specified via Loss1. Components used to construct the
two loss terms are shown in Figure 1.

The hyperparameter δ ∈ [0, 1] balances the importance of
reconstructing the empathetic state se to be similar to the
original state si (interpretability) and the accuracy of the
learning agent’s predicted actions in se. We note that in
practice, a copy of Qlearn for EMOTE is updated every few
episodes (to maintain stability).

4 Experiments
We conducted two sets of experiments to assess EMOTE’s
performance, all of which were played in finite, episodic envi-
ronments where actions are taken sequentially by each agent.
The first is a 3 Agent Game environment to evaluate the effec-
tiveness of EMOTE as an IRL algorithm. The second, con-
ducted on four different environment settings, was to evalu-
ate EMOTE’s suitability to applications involving composite
reward and action-value functions. In both experiments the
primary goal of the learning agent (red arrow) is to collect all
red pellets (done by stepping on top of them). The indepen-
dent agents also try to collect their own pellets. All games end
when the learning agent has either collected all of its pellets,
the timer runs out or, in the adversarial games, the learning
agent is harmed. Using the inferred rewards and action-value
function of the independent agent, an augmented reward is
used to influence the learning agent’s behaviour within the
game whilst maintaining the primary goal of collecting all of
its pellets. Details of the reward functions for each game are
shown in Figure 2. Supplementary materials available1.

3-Agent Game Experiment This environment contains 2
independent agents alongside the learning agent. The learn-
ing agent can collect pellets of any colour, causing a reduction
in the number of pellets available to other agents, but only re-
ceives rewards for collecting its own. The learning agent may
choose to step on another’s pellet to quickly reach one of its
own. In order to reduce the other agent pellets consumed, we
train the learning agent on an augmented reward considering
the other two agent’s preferences. The rewardR′ used to train
the learning agent is defined below where R̂IA1 and R̂IA2 are
the inferred rewards of the two independent agents and λ is
a hyperparameter to balance the importance of the learning
agent’s own rewards and that of the other agents.

R
′
= λR+ (1− λ)(R̂IA1 + R̂IA2) (5)

This experiment was designed to (1) compare EMOTE to
existing IRL methods (2) examine its performance modelling
multiple independent agents. The baseline IRL algorithms
selected were CSI [Klein et al., 2013], SCIRL [Klein et al.,
2012] and RE [Boularias et al., 2011] as they operated with
trajectories from the fixed optimal policies of the independent

1 https://github.com/manishasena/EMOTE

agent. The RE algorithm required a comparative trajectory
from a random policy which was prepared beforehand.

Sympathy Framework Experiment The second set of ex-
periments was selected to demonstrate the effectiveness of
EMOTE in composite reward and action-value function ap-
plications. Our work is constrained to settings that meet the
criteria outlined in Section 3.1. To the best of our knowledge,
works that fit these settings were [Senadeera et al., 2022;
Bussmann et al., 2019; Noothigattu et al., 2019; Papoudakis
et al., 2021]. We demonstrate integration of EMOTE on
Senadeera et al., [2022] Sympathy Framework only, as other
works assumed the independent agent’s behaviour was (a)
random [Bussmann et al., 2019], (b) involved a complex
switching policy to train the learning agent involving imi-
tation learning via human example trajectories [Noothigattu
et al., 2019] or (c) did not have access to the independent
agent’s trajectories during testing [Papoudakis et al., 2021].
The Sympathy Framework was designed to elicit consider-
ate behaviours in the learning agent towards the independent
agent under both an assistive and adversarial setting. We set
the environmental rewards for the learning agent to be the
same across the assistive and adversarial environments to il-
lustrate the ability to infer a consistent reward functions, even
when the environment layout changes.
Assistive 1 and 2 In Assistive 1 the independent agent is
locked behind a door and in Assistive 2 one of the indepen-
dent agent’s pellets is locked behind the door, which can only
be opened by the learning agent stepping on a button posi-
tioned in front of it. Once pressed, the door remains open.
Pellets are placed randomly in each episode. The objective
of this game is to train a considerate learning agent who will
open the door and assist the independent agent.
Adversarial 1 and 2 The independent agent can harm the
learning agent (ending the game). If the learning agent steps
on the button feature (switching the button status from 0 to 1
for a finite period of time) it can harm the independent agent,
accumulating a positive reward. Harming occurs when the
harming agent is within 1 square from the other agent. This
framework aims to train the learning agent to avoid harm-
ing the independent agent despite receiving positive environ-
ment rewards for doing so. In Adversarial 2 the learning agent
is only concerned with pellet collection and the independent
agent is only concerned with harming the learning agent.

To demonstrate the versatility of EMOTE, we designed ex-
periments that (1) illustrate various environment settings (two
assistive and two adversarial), (2) demonstrate the ability to
construct the empathetic state both as a feature-by-feature
transformation, or a whole state (image) transformation, and
(3) demonstrate how our approach can handle both visual and
non-visual features that influence environment dynamics in
a complex and non-linear fashion. Environments were de-
signed using MarlGrid [Ndousse, 2020] based on MiniGrid
[Chevalier-Boisvert et al., 2018]. EMOTE is assessed by:

1. Performance: Whether EMOTE can adapt the learning
agent’s behaviour successfully to the task.

2. Inferred Independent Agent Rewards: Are the re-
wards inferred via IRL from the EMOTE architecture
comparable to the learning agent’s rewards?
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3. Explainability: Do the analogous features and empa-
thetic states explain the independent agent’s behaviour?

4.1 Baselines
In each experiment, policies are learned via DQN [Mnih et
al., 2015]. A 5x5 vision field is imposed around each agent,
representing visual state information. Among the following
baselines, CSI, RE and SCIRL were only used in the 3 Agent
Game experiment, and the Sympathy baseline only run in the
Sympathy Framework experiment:
EMOTE baselines: We present two baselines trained on the
EMOTE architecture - E-Feature and E-Image:

E-Feature: A feature-based Imagination Model where each
state cell is represented as a feature. se is constructed with
a feature-by-feature transformation.
E-Image: An Image-based Imagination Model, where the
entire state is transformed to create se.

Selfish: A greedy Learning agent who does not model or con-
sider the independent agent’s preferences.
CSI: The CSI algorithm.
SCIRL: The SCIRL algorithm.
RE: The RE algorithm.
Sympathy: Agents trained as per [Senadeera et al., 2022]
using the CSI algorithm to behave in a manner that is consid-
erate to the other agent, while still being able to achieve its
own objectives.
Benchmark (3 Agent Game): Imagination Model is re-
placed with rule-based transformation, where independent
agents’ pellets are replaced with learning agent’s pellet.
Benchmark (Sympathy Framework): Imagination Model
is replaced with a transformation that swaps the agent’s pellet
colours and makes the button invisible in the observed state,
while button status remains. This mimics the hypothesis that
how much the learning agent values its pellets is how much
the independent agent values its own pellets and the indepen-
dent agent does not consider the button to be important (treats
it the same as the floor), as it cannot press it.

4.2 Performance
Table 1a shows the Win rate and the learning agent’s con-
sumption of independent agent pellets in the 3 Agent system.
Table 1b shows the Win Rate and Door Open rate for the two
Assistive environments, and Harm Rate (learning agent harm-
ing independent agent) for each adversarial experiment.

In the 3 Agent Game, compared to the three IRL algo-
rithms (CSI, SCIRL and RE), both EMOTE runs (E-Feature
and E-Image) consistently produce high win rates (on average
>0.93) and reduced consumption of the independent agent’s
pellets (<1.88 or 1.25 for the two independent agents, re-
spectively), performing close to the benchmark performance.
Though SCIRL and RE produced a slightly higher win rate,
this was paired with higher consumption of independent
agent’s pellets. For the Sympathy Framework, in the As-
sistive environments, E-Feature and E-Image result in high
win (>0.92) and door open rates (>0.83 on average), pro-
ducing similar or better results to the Sympathy baseline, at
times even outperforming Benchmark. In the adversarial en-
vironments, all harm rates were lower than the Selfish base-
line. E-Feature, E-Image and Benchmark outperformed Sym-

pathy with a lower harm rate (<0.24, compared to the 0.45 for
Sympathy in Adversarial 1), and produced higher win rates
(>0.4, compared to the highest average for Sympathy being
0.31). Compared to Selfish win rates of other baselines were
either similar (Adversarial 1) or lower (Adversarial 2). Over-
all, EMOTE had more considerate behaviours than Sympathy.

4.3 Inferred Reward Values
Figure 2 shows the independent agent’s inferred rewards
(R̂indep) from the EMOTE and Benchmark action-value func-
tions (Q̂indep), and contrasts them against those from CSI,
SCIRL and RE (3 Agent Game) and Sympathy (from Sym-
pathy Framework games). For reference the learning agent’s
environmental rewards for the same features are shown along-
side the independent agent’s R̂indep to examine similarities in
reward values and identification of analogous features.

3 Agent Game
One would expect the independent agents consuming their
pellets (IA1/2 Pellet) to look similar to the learning agent’s re-
ward for consuming its own pellet (LA pellet). For E-Feature
and E-Image, a notable positive value is inferred for IA 1 Pel-
let in Figure 2a (R̂IA1) and similarly for IA 2 Pellet in Figure
2b (R̂IA2). This inference was not consistently observed by
SCIRL or RE methods. For CSI, a strong negative reward
was associated with taking a step, whist the value inferred
by E-Feature and E-Image were closer to the learning agent’s
step value. For all features, the Benchmark reward inferences
matched closely in range to the learning agent.

Assistive
A similar relationship between LA Pellet and IA Pellet is ex-
pected in the Assistive games. In Figure 2c and Figure 2d
(Assistive 1 and 2) E-Feature, E-Image, and the Benchmark
baselines infer positive rewards for IA Pellet, although their
magnitudes vary. The rewards inferred by the Benchmarks are
closest to the learning agent’s reward for LA pellet (+10). Un-
der EMOTE and Benchmark baselines, the rewards inferred
for Assistive 1 and 2 are similar. This demonstrates the ar-
chitectures potential to learn a robust model with consistent
reward values even when the environment layout changes. In
contrast, Sympathy inferred different rewards for the two en-
vironments (strong positive for button press in Assistive 1,
but slight negative in Assistive 2 (Figure 2a and b). Addition-
ally despite high win rate in Assistive 2, Sympathy baseline
did not result in as high of a door opening rate (Table 1b) as
it wrongly inferred a negative reward for door opening.

Adversarial
For the adversarial games (Figure 2d and e) E-Feature, E-
Image and Benchmark captured the strong negative reward
the independent agent associates with being harmed similar
to that the learning agent receives when killed. The Sympathy
baseline was not able to infer a negative reward for the inde-
pendent agent being harmed. It also failed to capture a strong
enough positive reward for the independent agent consum-
ing a pellet and inferred a strong negative reward for taking
a step and pressing the button, leading to a low win rate and
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Win IA 1 Pellet IA 2 Pellet

Selfish 0.95±0.04 2.38±0.38 1.66±0.33
E-Feature 0.93±0.06 1.88±0.35 1.25±0.31
E-Image 0.93±0.06 1.75±0.35 1.08±0.3

CSI 0.87±0.09 1.87±0.33 1.33±0.31
SCIRL 0.96±0.04 2.29±0.37 1.72±0.36

RE 0.94±0.05 1.9±0.35 1.26±0.31
BenchM 0.91±0.07 1.75±0.33 1.08±0.3

(a) 3 Agent Game

Selfish Sympathy E-Feature E-Image Benchmark

Door 0.44±0.15 0.99±0.01 0.99±0.01 0.83±0.11 1±0
Ass 1 Win 0.8±0.11 0.93±0.05 0.93±0.05 0.92±0.06 0.93±0.05

Door 0.09±0.07 0.17±0.1 0.4±0.15 0.38±0.15 0.19±0.11
Ass. 2 Win 0.89±0.08 0.92±0.06 0.94±0.05 0.92±0.06 0.92±0.06

Harm 0.5±0.15 0.45±0.15 0.24±0.12 0.17±0.1 0.1±0.07
Adv. 1 Win 0.46±0.15 0.26±0.13 0.4±0.15 0.41±0.15 0.34±0.14

Harm 0.29±0.13 0.12±0.09 0.1±0.08 0.12±0.09 0.03±0.02
Adv. 2 Win 0.73±0.13 0.31±0.14 0.44±0.15 0.47±0.15 0.33±0.14

(b) Sympathy Framework Games

Table 1: Performance results. 3 Agent Game: EMOTE has overall high Win rate while lower consumption of Indep Agent pellets. Sympathy
Framework: Assistive games show win rate (higher is better) and door-opening rate (higher is better). Adversarial games show win rate
(higher is better) and harm rate (lower is better) from the learning agent toward the independent agent.

(a) R̂IA1 (b) R̂IA2 (c) Assistive 1 (d) Assistive 2 (e) Adversarial 1 (f) Adversarial 2

Figure 2: Indep Agent’s (IA) R̂indep (averaged over last 100 episodes). Learning Agent’s (LA) rewards included for reference. (a)-(b): 3
Agent Game inferred rewards for Independent Agent 1 and 2, respectively. (c)-(f) are from the Sympathy Framework environments. CSI,
SCIRL, RE and Sympathy rewards are scaled to have the same l1 norm as the LA’s rewards.

si E-Feature si E-Image

Game 0 1 0 1

Adv 1 0.76 ± 0.11 0.24 ± 0.11 0.79 ± 0.09 0.22 ± 0.10

Adv 2 0.85 ± 0.32 0.15 ± 0.32 0.88 ± 0.16 0.12 ± 0.16

Table 2: Adversarial: se button status for si button status

high harm rate. We expect the poor performance is due to
the l1 norm scaling. This inappropriate scaling of the reward
components in turn results in poor estimates of the sympa-
thetic reward. In Adversarial 2, Sympathy inferred a strong
negative for independent agent being harmed, leading to a re-
duced harm rate. Despite this Sympathy had lower win rates
compared to EMOTE or Benchmarks (Table 1b).

4.4 Empathetic State
EMOTE produces interpretable empathetic states se explain-
ing some of the Section 4.2 results. Figure 3 and 4 shows
original state si for each game alongside empathetic state

se (at the end of training) from the E-Feature and E-Image.
The learning agent’s pellet (LP) is fairly consistently trans-
formed to the floor by se, indicating lack of importance the
independent agent(s) places on it. Additionally, the colour of
independent agent’s pellets (IP) becomes that of the learning
agent’s pellets (magenta) explaining the inferred rewards for
IA Pellet in Figure 2. This suggests the architecture interprets
an analogous relationship between the independent agent and
its pellets and the learning agent and its own pellets.

In se for Assistive 1 (Figure 4), the button either remains
unchanged, changes to a door or an IP. As the independent
agent cannot interact with it, se maps it to irrelevant features
from the learning agent’s perspective. In contrast, Assistive
2 transforms the button at times to LP. This is expected, as
how the independent agent moves towards the door (in front
of which the button is placed) is similar to how the learning
agent moves towards its own pellet.

In Adversarial 1 and 2, the button usually disappears in se.
This is expected as it is not important for the independent
agent who can’t influence it. However, the predicted button
status in Table 2 shows for a button status of 0 in si (button is
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Figure 3: Empathetic states se produced for original state si (Col 1) as seen by Independent Agent 1 (Col 2 - 5) and Agent 2 (Col 6 - 9).
Generated by E-Feature (Col 2-3,6-7) and E-Image (Col 4-5,8-9). Details on se construction provided in Supplementary.

Figure 4: Empathetic states se produced by E-Feature (Col 2 - 4) and E-Image (Col 5 - 7) for original state si (Col 1).

inactive and independent agent can harm the learning agent)
the resulting status prediction in se is closer to 1, while a
button status value of 1 in si (button is active and learning
agent can harm the independent agent) produces a prediction
in se closer to 0. This indicates EMOTE identifies the power
dynamic change from the button (a non-visual feature).

5 Discussion and Constraints
In practise EMOTE can be applied to multiagent applica-
tions where analogousness holds e.g., football-playing agents
where goal-scoring is analogous for the two competing
sides/agents, or cleaning by two cooperating heterogeneous
agents - one who vacuums while the other mops. We ac-
knowledge limitations in situations with (1) Mismatched
Complexities: If the Independent Agent (IA) has more com-
plex/diverse goals than the learning agent (LA), the model of
the IA will be rudimentary and uninformative, due to map-
ping back to the LA, failing to capture IA’s true complexity,
and (2) Unparalleled objectives: When there is little to no
similarity in goals: e.g, if LA’s objective is collecting items,
while IA’s goal is exploring the environment. Finding analo-
gous features to produce an empathetic state can be difficult.

When applying our method, the hyperparameter δ ∈ [0, 1]
(Equation 3) balances the two loss terms. As δ approaches 1,
se becomes similar to original state si, causing the inferred

rewards of the independent agent to be similar to that of the
learning agent. In practice the bottleneck imposed by the sec-
ond model (Qlearn) led to the finding that high δ values were
beneficial. In particular, it allowed se to reproduce common
features such as walls and floors, contributing to better per-
formances. Another practical feature which improved per-
formance was setting δ to 1 until an average error in Loss2
was within a threshold ψ. This preconditioning hasMimagine

recreate si before adapting se to only make the necessary
changes to mimic the independent agent. This was applied
to 3 Agent game (ψ = 5e− 4). δ settings in Supplementary.

6 Conclusion
We presented the EMOTE architecture, enabling a learning
agent to model the action-value function and rewards of an
independent agent under the “analogous” assumption. A key
benefit is unique and consistent reward inferences, owing
to the learning agent’s own action-values being referenced
for the modelling. EMOTE was designed to generate inter-
pretable empathetic states, useful for verifying the analogous
relationships between features for the two agents. EMOTE
was shown to be well suited to multiagent learning algo-
rithms, particularly those utilising composite action-value or
reward functions with EMOTE producing more consistent re-
wards (despite re-configurations of the environment).
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