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Abstract

Each year, expert-level performance is attained in increasingly-complex multiagent
domains, where notable examples include Go, Poker, and StarCraft II. This rapid
progression is accompanied by a commensurate need to better understand how
such agents attain this performance, to enable their safe deployment, identify
limitations, and reveal potential means of improving them. In this paper we take
a step back from performance-focused multiagent learning, and instead turn our
attention towards agent behavior analysis. We introduce a model-agnostic method
for discovery of behavior clusters in multiagent domains, using variational inference
to learn a hierarchy of behaviors at the joint and local agent levels. Our framework
makes no assumption about agents’ underlying learning algorithms, does not
require access to their latent states or policies, and is trained using only offline
observational data. We illustrate the effectiveness of our method for enabling the
coupled understanding of behaviors at the joint and local agent level, detection of
behavior changepoints throughout training, discovery of core behavioral concepts,
demonstrate the approach’s scalability to a high-dimensional multiagent MuJoCo
control domain, and also illustrate that the approach can disentangle previously-
trained policies in OpenAl’s hide-and-seek domain.

1 Introduction

Multiagent approaches have driven numerous advances in artificial intelligence research, with seminal
examples including TD-gammon [1]], DeepBlue [2], AlphaGo [3]], AlphaZero [4], Libratus [5]],
AlphaStar [6]], OpenAl Five [7], and Pluribus [8]]. During training, many of these approaches seek to
push the performance of agents as measured by a reward signal, or derivatives thereof.

Despite this, post-hoc methods that seek to understand agent interactions often use less reward-centric
techniques. Instead, insights are drawn from behavioral analysis to identify unique or interesting
agent strategies. Examples include clustering-based analysis of neuron activations and trajectories
in capture-the-flag [9], inspection of trajectories in a hide-and-seek domain to detect interesting
behaviors such as agents that learn to exploit the underlying physics engine [10], monitoring of
statistics such as pass ranges and frequencies in humanoid football [11], and analysis of AlphaZero’s
acquisition of chess knowledge [12]. Crucially, such insights are often drawn via manual analysis
and detection of behavioral clusters, or use of statistics associated with certain behaviors as defined
by humans experts (e.g., various skills and relevant metrics in humanoid football).
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Figure 1: Reward alone is not enough to understand underlying behaviors in a 3-agent hill-climbing
domain. Agents here start at the origin, each receiving rewards by navigating to any of 3 equidistant
hills. (a) visualizes the total returns of agents throughout training, over 50 independent trials. Two
trials (A and B) with similar nal returns are highlighted. (b) visualizes the actual converged behaviors

of the agents at the end of Trials A and B, which are distinct despite their similar returns. Visualizing
these same trajectories in the behavior space learned by our approach immediately reveals differences
in the joint behavior of agents in the top panel of (c), where the two color markers correspond to the
trajectories from each trial. Simultaneously analyzing the agent-wise latent spaces in the bottom 3
panels of (c) highlight that agent 1 behaves the same way in both trials, in contrast to agents 0 and 2.

As evident above, understanding emergent multiagent behaviors is enriched by techniques beyond
pure reward-based analysis, as behavioral signi ers are not always discernible via rewards. Figure 1a
provides intuition on this notion, illustrating returns (sum of rewards) throughout training for a
multiagent hill-climbing domain (later described in detail). We highlight two independent training
trials (A and B) with similar nal returns. Despite similar returns, comparing the trajectories generated
via the agents' deterministic policies following each trial's training (Fig. 1b) reveals entirely different
behaviors. Analogous examples are evident in the above works (e.g., Fig. 1 of Bak¢t @}, athere
substantial behavior changes occur in multiagent hide-and-seek despite a smooth reward curve).

This paper formalizes the problem of of ine multiagent behavior analysis. Our proposed algorithm,
Multiagent Of ine Hierarchical Behavior Analyzer (MOHBA), learns a hierarchical latent space that
simultaneously reveals behavior clusters at the joint level (i.e., interadigmgeragents) and local

level (i.e., behaviors dhdividual agents). Our method is agnostic of the underlying algorithm used

to generate agents' behaviors, requires no access or control of the underlying environment, does not
assume availability of a reward signal, and does not require access to agents' models or internal states.
Our experiments investigate the structure of the learned behavior space, which goes beyond prior
works on latent-clustering by identifying relationships between individual agent and joint behaviors.
We illustrate that clusters identi ed by MOHBA are useful for highlighting similarities and differences

in behaviors throughout training. We also quantitatively analyze the completeness of discovered
behavior clusters by adopting a modi ed version of the concept-discovery framework of Yeh et al.
[13] to identify interesting behavior concepts in our multiagent setting. We then test the scalability
of our approach by using it for behavioral analysis of several high-dimensional multiagent MuJoCo
environments4]. Finally, we evaluate the approach on the open-sourced OpenAl hide-and-seek
policy checkpoints10], con rming that the behavioral clusters detected by MOHBA closely match
those of the human-expert annotated labels provided in their policy checkpoints.

2 Related Work

Signi cant research has been conducted in single-agent skill discovery, which seeks to learn reusable
policies useful for downstream task-28]. Related approaches discover motor primitives to express
longer-horizon policies9], including use of of ine reinforcement learning (RL) for learning useful
behaviors 80]. Option discovery methods learn temporally-abstracted actions (i.e., op8as [
chained together to form cohesive skil&2f37]. In contrast to our work, these approaches focus

on maximizing performance in single-agent settings. There also exists a related line of work for
learning diverse policies in RL setting39-46]; despite their focus on policy diversity, several of

these approaches make much stronger assumptions than ours (e.g., access to the policies generating
agent trajectories, or unique identi ers of the policy that generated each trajectory). By contrast, our
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Figure 2: Approach overview. (a) Graphical model of the latent-conditioned trajectory generation
process that MOHBA uses to learn multiagent behavior clusters. The joint behavior latent param-
eterz, informs local (agent-wise) behavior paramet@rswhich affects their behavioral policies.
Given a state-action trajectory dataset, our approach learns these joint and local behavior spaces.
(b) Architecture of the MOHBA model with variational lower bound terms (5) to (7) indicated.

work assumes no access to any of the underlying raw policies, or even labels of which policies agent
trajectories were obtained from. Recent works have also focused on hierarchical skill learning in
multiagent reinforcement learning (MARL). Lee et @7] use the mutual information maximization
objective introduced in Eysenbach et [@6] to learn multiagent policies. Yang et §#8] use a
bi-level policy to learn agent skills: a high-level policy rst generates latent vectors for each agent,
and a low-level policy conditions behaviors on said vector to perform the task. In Wandg4&t]al.
distinct “roles' are learned for agents to enable decomposition of tasks. Ma¢=&t] ahvestigate

use of consistent latent cognition variables in agent neighborhoods to induce increased cooperation.
Many MARL approaches have noted the emergence of interesting behaviors in multiagent systems in
speci ¢ domains of interes1-55]. In contrast to our focus, these approaches use RL to maximize
agent performance, rather than understand arbitrary behaviors via of ine analysis.

RL interpretability methods primarily focus on single-agent settings and either modify the RL al-
gorithm itself to increase transparency, or conduct post-hoc explainabifityThese approaches
represent agent policies as programming languggjgséxtract visual summaries of behaviors using
“interestingness' statistics such as uncertainty in selected actions or the value of state-trabsjtions [
or combine agent neuron activations with gradient information to construct behavioral embed-
dings B9. Behavioral clusters in our work share similarities with concept-based explanation
approaches in non-RL domains. Detecting “concepts' in pre-trained models has been explored in
vision [60-62], discrete gameslp)], and languaged3, 64]. In vision, clustering-based approaches
describe discovered concepts using exam@épdr use generative modeling to create new data

to describe concept$2]. Ghorbani et al[60] uses a vision-speci ¢ method (i.e., superpixels) to
sub-divide input before conducing clustering; while sub-division is less natural in RL, our LSTM and
VAE baselines serve as an RL-adopted counterpart of such works.

Works using latent-clustering and analysis are also related to ours. These include approaches using
multi-level variational autoencoder63-68] to learn compositional latent spaces, although not in
decision-making domains such as ours. Hierarchical latent approaches have been used in single-agent
RL [69, 70]. Behavior analysis has also been conducted by embedding agent neuron activations into
a low-dimensional space, using a (non-hierarchical) variational appréachte representation

power of agents' internal states has also been gauged by predicting future éign@vgrall, the

key difference between the above works and ours is that our method combined hierarchical learning
with behavior analysis and applies it to the multiagent setting.

3 Ofine Analysis of Multiagent Behaviors
This section introduces the of ine multiagent behavioral analysis problem and our proposed algorithm.

Preliminaries. We rst formalize the problem of of ine multiagent behavioral analysis. Consider

a rewardless multiagent Markov Decision Process (MA-MDP), de ned by tipl&; A; T), where

I = f1;::;;Ngisthe set olN agentsS is the state spacé, is the action space, afid denotes the

state transition probability function. By not relying on the presence of rewards, behaviors generated
even without reliance on a reward function (e.g., human interactions, or agents using curiosity-based



exploration) can be considered. We use the term “local’ for elements associated with individual agents,

execute joint actiom; 2 A in states; using joint policy (a;js;), causing the state to transition to
St+1 With probabilityp(Si+1 jSt; &) = T (St+1; &; St). As standard in multiagent framework&l],
we assume the joint action space factorizeAas A', such that = (gi;:::;a]), wherei 2 |
anda; 2 A'. Similarly, '(a{jst) is the local policy for agent and = ~, 'isthe joint policy.

Let = sp; (ai))iz. DIILIST 1 (aiT 1)i21 ;ST denote a trajectory induced by this process, and
D=1f 1;:::; kgdenote a dataset &f such trajectories. This dataset may consist of trajectories
from multiple training runs, including variations over agent algorithms, hyperparameters, random
seeds, or other factors in uencing emergent behaviors. Given ddigsiie of ine multiagent
analysis problem seeks to uncover potential clusters of agent behaviors.

Approach. Our approach, called the Multiagent Of ine Hierarchical Behavior Analyzer (MOHBA),
uses of ine trajectory data to discover behaviors exhibited by agents at the local and joint level.

We rst use Fig. 2a to build intuition before discussing technical details. Let the agent interactions
exhibited in a trajectory be encoded by a latent variabie, 2 RP! , capturing their joint behavior.

For examplez, may encode (at a high level) whether agents were cooperating or competing in
a given trajectory; conditioned on joint sigrml, each agent then exhibits its own local behavior.

Conditioned on the local behavior vectdr, each agent then executes actions using a behavior-

conditioned policy '(a'js; Z' ). Given trajectory datas&, we seek to learn the latent-conditioned

policies and distributions over latent vectors, such that we can reconatryloehaviors exhibited by

the agents iD. Thus, latent vectors, andz will encode the agents' behavioral spaces and, ideally,

identify behavioral clusters in the dataset. Given this framework, the joint policy is decomposed,
Z

(ajst) (ajst;z )p(z jz: )p(z )d; dy, )

z 2y

Z
'@js; 2" )p(Z jz )p(z )d; dy, ; )

Z3z =1

where in (1) we have assumed that each agent's latent-conditioned policy is conditionally-independent
of the high-level latent behavia given its low-level latent' (see Appendix A.1.1 for discussion).
Next, given initial state distributiop(sg) and latent behavior spaces, the probability of a trajectory
under joint policy () is as follows:

TY 1
P ()=p(so)  P(St+rist;a) (ajst) 3
t=0
z ¥ 1
= p(so) p(st+1jst;at). "(ajst;Z' )p(Z' jz )p(z )dz dy, : (4)

FAR A t=0 i=1

We seek to learn the distributions over varialdesandz, , alongside the latent-conditioned policies
'(@js; Z' ), which maximize trajectory probabilities (4). In Appendix A.1, we derive the following
variational lower bound, enabling approximation of these components using parametric models:

hx o o
Jb=E b2 q@ij) _ log ' (ajst;z") )
h)zI . ' i
Ebwaz q@ij) ‘ Dk (q (2] )iip (Z'jz)) (6)
+E p [Dx (g (z])iip ()] (7)

whereq (z'j ) andp (Z'jz ) are, respectively, learned encoder (posterior) and prior distributions
over the local behavior latents ; likewise,q (z j ) andp (z ) are, respectively, learned encoder
and prior distributions over the joint behavior latent is a KL-weighting term as in -VAEs [72)].
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Figure 3: Results for 3-agent hill climbing domain (see interactive version here). (a) Example
behavioral clusters discovered by MOHBA. (b) Trajectories corresponding to each cluster, with
reward-hills shown in grey. Clusters A to C show joint behaviors, whereas D to F separately show
local agent behaviors (with other agents faded in local trajectory plots for readability).

Figure 2b illustrates MOHBA's model architecture, which is informed by the three bound compo-
nents (5) to (7). During training, each trajectoryD is simultaneously passed through the joint
and local encoders, which respectively produce parameters for distributions ogedz (e.g.,
parameters of Gaussian distributions). Samples of low-level latent vertaese passed to the
reconstructed agent policie$(a;jst; z' ), which are trained via the reconstruction component (5).
The local KL-divergence component (6) induces the local encoder distribution (which is conditioned
directly on ) to be similar to the local prior distribution (which is conditioned only on samples
z1), thus enabling meaningful correlations between the encoded local and joint latent space, as
later shown. Finally, the joint KL-divergence component (7) is akin to that in a standard variational
autoencoderq3, 74]. Overall, MOHBA enables learning of a hierarchical behavioral space (at the
joint and local agent levelg; andz , respectively) that exposes interesting behavioral clusters.

4 Experiments

We showcase various use-cases for MOHBA in a range of domains including continuous coordination
games, multiagent MuJoCd4], and OpenAl hide-and-seek(]. Appendix A.2 provides data
generation, networks, computation, and hyperparameter details. Appendix A.7 provides pseudocode.

Data generation. Multiagent trajectory data is generated for each domain via the Acme RL li-
brary [75], using the TD3 algorithm6] in a decentralized MARL fashion, with datasets managed
using RLDS [f7]. Trajectories are collected at constant intervals throughout training, which also
enables analysis of behavioral emergence. We conduct a wide sweep over random seeds for data
generation, yielding a diverse trajectory dataset (see Appendix A.5 for dataset details and statistics).

MOHBA setup. To analyze the above data using MOHBA, we use a GMM (Gaussian Mixture
Model) for the joint prior, a bidirectional LSTM (long short-term memory network) with GMM head

for the joint encoder, an MLP (multi-layer perceptron) with Gaussian head for the local priors, a
bidirectional LSTM with Gaussian head for the local encoder, and an MLP for reconstructed policies.
GMMs are used for the joint prior and encoder as they produce discernible joint behavior clt&ters [
whereas the conditioning of the local prior bnyields such clusters at the local level with a standard
Gaussian head. We use parameter-sharing across local priors, local encoders, and reconstructed
policies, as common in multiagent setu@$|| with a unique one-hot vector identi er appended to
agent-speci ¢ network inputs to enable heterogeneity in model outputs.

Independent analysis of joint ¢ ) and local (z ) behaviors. We here analyze the hierarchical
latent structure learned by MOHBA. Speci cally, we highlight differences in agent behaviors as
identi ed at the joint and local levels, respectively, by andz . We rst conduct a simple
sanity check in a 3-agent hill-climbing domain (our earlier example in Fig. 1b). States and actions
correspond, respectively, to 2D positiopsy) and forceq x; y) imparted by each agent for
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