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Abstract

Learning agent behaviors from observational data
has shown to improve our understanding of their
decision-making processes, advancing our ability
to explain their interactions with the environment
and other agents. While multiple learning tech-
niques have been proposed in the literature, there
is one particular setting that has not been explored
yet: multi agent systems where agent identities
remain anonymous. For instance, in financial mar-
kets labeled data that identifies market partici-
pant strategies is typically proprietary, and only
the anonymous state-action pairs that result from
the interaction of multiple market participants
are publicly available. As a result, sequences
of agent actions are not observable, restricting
the applicability of existing work. In this paper,
we propose a Policy Clustering algorithm, called
K-SHAP, that learns to group anonymous state-
action pairs according to the agent policies. We
frame the problem as an Imitation Learning (IL)
task, and we learn a world-policy able to mimic
all the agent behaviors upon different environmen-
tal states. We leverage the world-policy to explain
each anonymous observation through an additive
feature attribution method called SHAP (SHapley
Additive exPlanations). Finally, by clustering the
explanations we show that we are able to identify
different agent policies and group observations ac-
cordingly. We evaluate our approach on simulated
synthetic market data and a real-world financial
dataset. We show that our proposal significantly
and consistently outperforms the existing meth-
ods, identifying different agent strategies.
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1. Introduction
Insect colonies, animal swarms, and human societies
are examples of the complex multi-agent systems in
nature. Each agent in these systems develops a be-
havioral strategy to take suitable actions in response
to environmental changes. Animals learn different be-
haviors to survive and exploit available resources (e.g.,
food), while humans may develop complex behaviors to
efficiently interact and pursue their own goals.

The study and understanding of human and animal behav-
iors has been a fundamental problem in both computer and
behavioral sciences (Cichos et al., 2020). In particular,
understanding agent behaviors from observational data is
essential to study, predict and simulate their behaviors (Li
et al., 2020; Suo et al., 2021).

Existing work borrows tools from the reinforcement learn-
ing literature to learn agent strategies (Hussein et al., 2017;
Ho and Ermon, 2016; Song et al., 2018; Fu et al., 2021)
using Markov Decision Processes (MDPs) as an efficient
mathematical framework to formulate the problem. In par-
ticular, Inverse Reinforcement Learning (IRL) (Ng et al.,
2000) has been widely studied to characterize the decision-
making behavior of animals and humans. IRL aims at recov-
ering a reward function that explains the agent goal. It has
been used to study worm behavioral strategies (Yamaguchi
et al., 2018); to model the behaviors of mice exploring a
labyrinth (Ashwood et al.); to identify and capture the behav-
ior of troll accounts in social networks (Luceri et al., 2020).
Imitation Learning (IL) (Hussein et al., 2017) is another
technique that has demonstrated great success in modeling
agent behaviors, learning directly from their trajectories
(state-action pairs). Recently, IL has shown to learn realistic
driving behaviors from human demonstrations (Suo et al.,
2021). Finally, Hidden Markov Models (HMMs) have been
extensively used to analyze temporal dynamics and model
agent behaviors from observed sequential data. HMMs have
been used to study different animal behaviors, including
honey bees (Feldman and Balch, 2004) and mice (Jiang et
al., 2018).

While all these techniques assume that clear observation se-
quences for each agent are given, some critical domains with
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Figure 1: The three major phases of K-SHAP.

privacy concerns may provide only anonymous state-action
pairs as data. For example, military operations are often
anonymous to conceal strategies to opponents, especially in
case of cyber-attacks or when illegal activities are operated
(e.g., use of chemical or biological weapons) (Koblentz,
2019; Rid and Buchanan, 2015). In �nancial markets la-
beled data that identi�es market participants is typically pro-
prietary, and publicly available transaction data is typically
anonymous (NASDAQ, 2022). However, understanding
market participant strategies for the purpose of ensuring
that markets are orderly and compliant with regulations is
necessary (Hagströmer and Nord́en, 2013; Kirilenkoet al.,
2017; Wanget al., 2021). For instance, in (Kirilenkoet
al., 2017) the authors were able to study and demonstrate
that high frequency traders did not contribute to the 2010
�ash crash using audit trail transaction-level data, which
reveals the identities of market participants. Nevertheless, it
is most common that only the anonymous state-action pairs
without any agent identi�ers are publicly available from
exchanges (NASDAQ, 2022).

It is well known that thousands of individual market partici-
pants can be broadly assigned to a small number of distinct
behavioral strategies (Kirilenkoet al., 2017; Vyetrenkoet
al., 2020). For example, multiple market agents might trade
on momentum signals even though these momentum signals
are of different magnitudes. Similarly, all market makers
are required to place both buy and sell orders to provide liq-
uidity in the markets, even though individual market makers
might act upon different proprietary signals to do that. Previ-
ous work has used IRL with reward clustering to distinguish
high frequency from other trading strategies in simulated
(but not the real) markets (Yanget al., 2012). However, the
proposed method requires the inventory level and the la-
beled sequence of actions for each trader, which are usually
unknown in real markets. We are not aware of any other
work that would allow us to identify the individual agents
or their strategies from anonymous state-action pairs.

To address the challenge of learning agent strategies from

anonymous state-action pairs, in this paper we propose a
novel policy-clustering method – in which we group state-
action observations that belong to agents sharing the same
behavior or policy. These clusters describe the different
behaviors of agents, enabling further studies and analysis.
In detail, we propose K-SHAP, a Policy Clustering algo-
rithm for anonymous state-action pairs. K-SHAP comprises
three major phases shown in Figure 1. First, we model
the problem as an Imitation Learning task to learn aworld-
policy (Colettaet al., 2022) using supervised learning over
the anonymous state-action pairs. Theworld-policy is an
extension of theworld-modelapproach (Ha and Schmid-
huber, 2018) to state-action pairs: it emulates collective
agent behaviors, learning their actions (output) in response
to the different environmental states (input). Then, we inter-
pret the world-policy to explain each anonymous observa-
tion through an additive feature attribution method, namely
SHAP (SHapley Additive exPlanations) (Lundberg and Lee,
2017). Finally, we show that the explanations, called SHAP
values, better reveal the intrinsic clustering structure among
data; and by applying a K-Means algorithm (Hartigan and
Wong, 1979) in the new SHAP values space, we can group
the anonymous observations intoK clusters, which re�ect
the real agent strategies.

To support the soundness of our method, we experimentally
evaluate it with market data. We �rst consider synthetic data
from a multi-agent simulator labeled with agent IDs to serve
as a ground truth (Byrdet al., 2019; Liuet al., 2022), then
we consider real anonymous market data from NASDAQ
stock exchange (NASDAQ, 2022). For real data we evaluate
the Utility andSilhouette, as ground truth labels are not
available. In particular, byUtility we mean the ability to im-
prove a speci�c downstream task (i.e., supervised learning)
when trained on the clusters rather than original demon-
strations. We compare our proposal against state-of-art
clustering algorithms, including Deep Clustering Network
(DCN) (Mukherjeeet al., 2019) and ClusterGAN (Mukher-
jeeet al., 2019). We also adapt� -GIRL (Ramponiet al.,
2020), a Multiple-Intent IRL clustering algorithm, to anony-
mous state-action pairs. We show that we signi�cantly and
consistently outperform the existing work, and that K-SHAP
clusters anonymous observations according to the agent be-
haviors. K-SHAP outperforms existing methods by a factor
of 2 on all the performance metrics.

1.1. Main contributions

To the best of our knowledge, this is the �rst work that
addresses the problem of policy clustering with anonymous
state-action pairs as observations from multiple agents. We
summarize the main contributions of our paper as follows:

• We formalize the k-policy clustering problem under
anonymous multi-agent state-action pairs.
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• We propose K-SHAP, a Policy Clustering Algorithm
which leverages IL and SHAP values to identify k
distinct behavioral clusters.

• We experimentally evaluate K-SHAP against exist-
ing work, showing that it achieves good performance
in all performance metrics, with both synthetic and
real-world data. In particular, we show that K-SHAP
can group market observations according to the trader
strategies, improving our understanding of market par-
ticipant and their impact.

2. Preliminaries and Problem Formulation

2.1. Agent behaviors as Markov Decision Processes

We consider a multi-agent system withN autonomous
agents interacting in a given environment. We adopt Markov
Decision Processes (MDPs) as a natural underlying de-
cision model for each single agent. A MDP is a tuple
M = ( S; A ; P; R) composed by: the state spaceS; the
action spaceA; a transition functionP : S � A ! �( S),
where�( S) denotes the probability distributions over state
spaceS; and a reward functionR : S � A ! R.
We consider that each agent follows a policy� (i.e., behav-
ior) to maximize the expected reward over time:

J (� ) = E

"
T � 1X

t =0


 t R(st ; at )

#

(1)

where
 2 [0; 1] is the discounted factor that can be used
to prioritize early actions. We consider a general policy
� : S ! A that describes the preferred actiona 2 A in the
states 2 S.

2.2. Agent observations

In our problem setting, we do not have direct access to
the agent rewards or policies, we consider instead a more
general case of an MDP without reward (MDPnfRg ). In
this setting the rewardR is unknown, and agent behaviors
are represented by a set of trajectoriesD = f � 0; : : : ; � t g
for each agent, where a trajectory is a sequence of state-
action pairs� i = f (s0; a0); : : : ; (sk ; ak )g. However, we
have an additional con�dentiality constraint: agents act
anonymously and their observations do not contain any
identi�er. Thus, we are not able to identify a trajectory� for
a single agent, but observational data is anonymously gath-
ered from all the agents into a new setD = f (si ; ai )gT

i =1
over a timeT. Notice that the collected state-action pairs
(si ; ai ) do not contain any information about which anony-
mous agent generated the actionai at statesi , preventing
the identi�cation of state-action sequences generated by an
agent. This scenario is typical of military or �nancial do-
mains, where agents want to hide their strategies for tactical

reasons. In particular, in �nancial domains, theactionsare
the orders submitted by traders according to the current �-
nancial marketstate.
Anonymous observations exponentially increase the com-
plexity of behavioral studies as identifying an agent behavior
with existing approaches is almost impracticable: consider-
ing k agents andn observations, we haveO(kn ) possible
assignment of the observations to reconstruct the agent tra-
jectories needed by most of the existing methodologies.

2.3. Reward functions to model agent behaviors

Given an MDP formulation, a classic approach to identify
agent behaviors is to study their reward functionR. This
function is the most succinct representation of the agent
goals, which de�ne theirextrinsic motivationto act (Chen-
tanezet al., 2004). Therefore, rewards help to study agent
behaviors and can be used to solveintent-clustering(Ram-
poni et al., 2020; Babeset al., 2011) in which we aim at
identifying groups of agents sharing the same goal. Consid-
ering a MDPnfRg , previous work employs IRL to recover
the unknownreward function R : S � A ! R from the
agent demonstrations (Ramponiet al., 2020; Yamaguchiet
al., 2018; Yanget al., 2012). In the general case, the un-
known reward functionR ! (s; a) can be de�ned as a linear
combination ofq weighted features:! T � (s; a); ! 2 Rq,
where� (s; a) is the feature function and! T the feature
weights.
However, in IRL the problem is ill-posed: even under per-
fect knowledge with demonstrations from an optimal policy,
there exist many solutions (reward functions) for which a
given behavior is optimal (Nget al., 2000). In general, the
real reward function is not identi�able (Caoet al., 2021).
Most important, IRL requires observations as sequences of
state-action pairs for each agent, while we consider domains
in which state-action pairs are anonymous.

2.4. Learning a policy to study agent behaviors

Another simple, yet effective, approach to study the behavior
of an agent is to directly describe their mapping from state
features to actions, as the most parsimonious description
of the policy itself. Recently, IL (Husseinet al., 2017)
has demonstrated that it is possible to reconstruct the agent
policies directly from state-action pair observations. In
particular, in IL we aim at learning an optimal policy� � for
an agenti according to its demonstrations:

arg max
�

Es� d� i ;a � � i ( �j s) [log � � (ajs)] (2)

Notice thatd� i denotes the distribution over states induced
by agent policy� i . Once we reconstruct the policy� i , we
directly study the behavior of the agenti by investigating
how the policy maps state to actions.
In fact, for a simple policy the best explanation is often the
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model� i itself, as a parsimonious description of the agent
behavior. However, models describing complex policies
cannot be easily studied and explained. In such cases, we
can borrow techniques from explainable AI to investigate
the behavior of the model (Dwivediet al., 2022).

2.5. SHAP (SHapley Additive exPlanations)

A recent successful technique for explainability is the SHAP
values method (SHapley Additive exPlanations) (Lundberg
and Lee, 2017). This method belongs to the additive feature
attribution methods, which are local methods designed to ex-
plain a single predictionf (x) based on the inputx (Ribeiro
et al., 2016). These methods approximate the real modelf
using a simplerexplanation modelg. The modelg tries to
guarantee thatg(x0) � f (hx (x0)) , wherex0 is a simpli�ed
input forg, andhx is a mapping function to reconstruct the
original inputx = hx (x0). Theexplanation modelis then a
linear combination of binary variablesx0:

g(x0) = � 0 +
mX

i =1

� i � x0
i (3)

wherem is the number of simpli�ed input features, and
� i 2 R measures the contribution of each feature to the
model output. The sum of all feature contributions approxi-
mates the original model outputf (x). In particular, SHAP
values method uses classic game theory to explain the model
predictions. Given a set of featuresF the method computes
the contribution� i of each featurei 2 F by evaluating the
model with and without such a feature. To fairly account
for the effects of the withholding of a feature among the
others, SHAP computes the average contribution of a fea-
ture i considering the model over all the possible subsets
S � F n i :

� i =
X

S� F ni

jSj!(jF j � j Sj � 1)!
jF j!

�
f S[f i g(xS[f i g)� f S (xS )

�

wherexS represents the input features in the subsetS, and
f S is the model trained on the subset of featuresS or its
approximation. Therefore, the SHAP values describe how
the input features (state) contribute to the output (action).
We denote with� 2 Rm the new space of SHAP values,
and with� 2 � the SHAP values vector for an inputx.

While IL and SHAP values provide a promising approach
to study the behavior of an agent, IL requires a trajectory� ,
or a set of state-action pairs, for each agent to approximate
the policy correctly. Therefore, we cannot directly combine
these two methods in our setting, as state-action pairs are
anonymous without any agent identi�er. In the following
sections, we will show that if we are able to learn aworld-
policydescribing all the agent behaviors, SHAP values are
naturally well suited to describe each observation as the

market state contribution to the action, which characterizes
the different trader strategies (see Section 1).

2.6. Policy-Clustering under anonymous state-action
pairs

In the general policy-clustering setting we consider a set of
n agentsA = f A0; : : : ; An g following a �nite unknown
set of policies� = f � 0; : : : ; � k g such thatk < n (i.e.,
multiple agents may have the same behavior� i ). The goal
of policy-clustering is to group the agentsA into k clus-
ters, according to their policies from the observational data
D = f � 0; : : : ; � t gn

i =0 . Agents in the same cluster will follow
the same strategy or behavior. Unlike the general formula-
tion, we relax the assumption of knowing agent identities
and trajectories. Thus, the goal of policy-clustering under
anonymous state-action pairs is to group the anonymous ob-
servational dataD = f (si ; ai )gT

i =0 into k clusters, such that
observations in the same cluster belong to agents sharing
the same policy� .

3. K-SHAP Framework

This section introduces our main contribution, K-SHAP,
a Policy Clustering algorithm that learns to cluster the
anonymous input observationsD into k different policies.
K-SHAP is inspired by recent advancements in Imitation
Learning, world policy, and explainable AI. The Algorithm
comprises three major phases:

• We �rst frame the problem as an IL task with anony-
mous state-action pairs to learn a uniqueworld policy
able to emulate all the agent behaviors;

• We compute local explanations of theworld policy
for each state-action pair through SHAP (SHapley Ad-
ditive exPlanations). The explanations describe the
different agent behaviors upon each observation;

• We discuss SHAP values properties and how they fa-
cilitate the clustering. Finally, we apply aK-Means
algorithm to group the observations intok policies.

3.1. World Policy

Hypothetically we could learn the agent policies by solving
n IL problems, one for each agent; however, anonymous
state-action pairs restrict this approach due to the lack of
individual agent trajectories. Another approach could be a
world policy �̂ � trained over all the observationsD.
Recent work shows that highly complex environments with
multiple autonomous agents can be successfully simulated
by learning a uniqueworld-policy able to mimic all the
agents (Ha and Schmidhuber, 2018; Colettaet al., 2021;
2022). To truthfully simulate the real world and the agent
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interactions, these models have to learn and impersonate
multiple heterogeneous behaviors upon different input from
the environment. Therefore, they inherently hold some
knowledge about all the agent strategies.

Hereafter, we assume that aworld-policy �̂ � is the most
parsimonious model able to represent the different agent
behaviors by learning their mapping from states to actions
from a set of observationsD:

�̂ � = arg min
�

X

(s;a )2D

l (� � (s); a) (4)

wherel is the loss function of the learning problem.
Given the world policy, we can study its behavior over each
state-action pair(si ; ai ), to infer the different strategies
adopted by the real agents, and cluster the observations
accordingly. In K-SHAP we train a world policŷ� � in a
behavioral cloning fashion, which learns the expert policies
using supervised learning.1

3.2. Local explanations

Explaining theworld-policy �̂ � behavior under different
inputs can reveal details about the strategies adopted by
the real agents. K-SHAP borrows a successful technique
from explainable AI, namely SHAP (SHapley Additive ex-
Planations) (Lundberg and Lee, 2017) to disentangle the
world-policy's complexity and study its behavior.

For a demonstration(s; a) we can compute the SHAP val-
ues as a vector� 2 RjF j de�ned as the average marginal
contribution� i of each state featurei 2 F to the prediction
�̂ � (s) � a. Therefore, we can express the behavior of a real
agent for an observationj as the approximated mapping
from states to actiona, de�ned by the SHAP values vec-
tor � j (which describes how each state featurei drives the
agent behaviora in the states). In general, the states can
be any representation of the environment in which the agent
interacts, including images, text and tabular data, as SHAP
values method can deal with complex and continuous data.

3.3. K-SHAP Algorithm

We now describe how K-SHAP combines IL and SHAP
values to group the anonymous state-action pairs. The full
procedure is shown in Algorithm 1.

First, K-SHAP learns the world policy using all the avail-
able observations(line 1) in a behavioral cloning fashion. It
trains a model using supervised learning, where each states
is used as input and the related actiona is considered as the
output for the model. Then, by leveraging the world-policy

1Different training procedures or approaches can be applied
to learn theworld-policy, including adversarial training (Ho and
Ermon, 2016).

Algorithm 1 K-SHAP Algorithm

Input: A set of observationsD = f (si ; ai )gT
i =1 , the number of

clustersk, the IL loss functionl
Output: LabelsL for each observation to a given policy

1 �̂ � = arg min
�

P

( s i ;a i ) 2D
l (� � (si ); ai )

2 D � = hi

3 for i = 0 to jDj do
4 � = hi

5 foreach j 2 F do
6 � [j ]  

P

S � F nj
! S

�
�̂ S [f j g (si S [f j g ) � �̂ S (si S )

�

where! S = j S j !( j F j�j S j� 1)!
j F j !

7 D � [i ]  �

8 L = K-Means(D � ; k)

9 return L

�̂ � and SHAP, it computes the explanations (i.e., SHAP
values) for each observation(s; a) 2 D . The explanations
represent the anonymous observations in a new SHAP val-
ues spaceD � = f � i g

T
i =0 (lines 3-7). Finally, we adopt an

existing clustering approach, namely K-Means, to group
observations according to their SHAP values, such that ob-
servation in the same cluster will be originated from the
same strategy(line 8). Formally, we cluster observations by
minimizing the inertia, or within-cluster sum-of-squares, of
their SHAP values:

kX

j =0

X

� i 2 C j

jj � i � � j jj2 (5)

where� are the cluster centroids, andCj identify the obser-
vations assigned to clusterj .

We now brie�y discuss two essential properties of SHAP
values that we leverage to solve ourk policy-clustering prob-
lem.
The �rst implication of the new spaceD � is the ability to
capture the agent behaviors as a response to the environ-
ment. In fact, SHAP values explain the world-policy�̂ �

predictions with a linearexplanation modelg that captures
state features contributions to an actiona. By assuming
that the world-policy mimics the different agent behaviors,
the SHAP values de�ne how the agents respond to the dif-
ferent input features. Therefore, the SHAP vectors� are
similar for observations that originate from comparable be-
haviors — they respond similarly to environmental changes
(i.e., features) – and they are close in the vector spaceD � .
Contrarily, dissimilar behaviors have different vectors in the
space.
Secondly, SHAP values offer a natural advantage in cluster-
ing problems (Lundberget al., 2018): by de�nition SHAP
values convert all the state features into the same metric
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