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Abstract

The offline datasets for imitation learning (IL) in multi-agent
games typically contain player trajectories exhibiting diverse
strategies, which necessitate measures to prevent learning al-
gorithms from acquiring undesirable behaviors. Learning rep-
resentations for these trajectories is an effective approach
to depicting the strategies employed by each demonstrator.
However, existing learning strategies often require player
identification or rely on strong assumptions, which are not
appropriate for multi-agent games. Therefore, in this paper,
we introduce the Strategy Representation for Imitation Learn-
ing (STRIL) framework, which (1) effectively learns strat-
egy representations in multi-agent games, (2) estimates pro-
posed indicators based on these representations, and (3) filters
out sub-optimal data using the indicators. STRIL is a plug-
in method that can be integrated into existing IL algorithms.
We demonstrate the effectiveness of STRIL across competi-
tive multi-agent scenarios, including Two-player Pong, Limit
Texas Hold’em, and Connect Four. Our approach success-
fully acquires strategy representations and indicators, thereby
identifying dominant trajectories and significantly enhancing
existing IL performance across these environments.

Introduction

Although reinforcement learning has become a powerful
technique for sequential decision-making in various do-
mains such as robotic manipulation (Andrychowicz et al.
2020), autonomous driving (Chen, Yuan, and Tomizuka
2019), and game playing (Vinyals et al. 2019), conventional
reinforcement learning demands substantial online interac-
tions with the environment, which can be costly and sample
inefficient while potentially leading to safety risks (Berner
et al. 2019; Bojarski et al. 2016). To address these issues,
many methods have emerged to enable efficient learning us-
ing offline datasets generated by demonstrators. For exam-
ple, imitation learning (IL) (Pomerleau 1988) replicates ac-
tions from the offline dataset without reward information,
while offline reinforcement learning (Fujimoto, Meger, and
Precup 2019; Kumar et al. 2020) is provided access to re-
ward signals. Offline learning datasets are usually collected
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from multiple demonstrators to enlarge dataset scale and di-
versity (Sharma et al. 2018; Mandlekar et al. 2019, 2021),
which leads to a dataset of behaviors with various charac-
teristics. However, standard IL algorithms treat all data sam-
ples in the dataset as homogeneous, potentially learning un-
desired behaviors from sub-optimal trajectories.

To address the above issue, the key insight in our proposed
method is to assign each trajectory in the offline dataset
with a unique learned attribute, i.e., strategy representation,
so that we can further analyze each trajectory considering
its specificity and filter out sub-optimal data. With a pre-
cise depiction of each trajectory and their distribution on
the representation space, we can judge the performance of
each trajectory by only collecting a few (less than 5%) data
with trajectory rewards or even without any reward informa-
tion. In this work, we introduce Strategy Representation for
Imitation Learning (STRIL), an efficient and interpretable
approach designed to improve IL by filtering sub-optimal
demonstrations from offline datasets.

Figure 1 illustrates an overview of STRIL. Note that
STRIL is a plug-in method compatible with existing IL al-
gorithms. It consists of three components: strategy represen-
tation learning using a Partially-trainable-conditioned Varia-
tional Recurrent Neural Network (P-VRNN), indicator esti-
mation, and filtered IL. The detailed steps and corresponding
contributions are outlined as follows:

We propose an unsupervised framework with P-VRNN
to efficiently extract strategy representations from multi-
agent game trajectories. Strategy representation for each
trajectory is customized as a network condition.

We define the Randomness Indicator (RI) and Exploited
Level (EL), which utilize strategy representation to ef-
fectively evaluate offline trajectories in a zero-sum game.
EL can be precisely estimated even with limited reward
data, while RI requires no reward data.

We enhance existing IL methods by filtering out sub-
optimal trajectories using the RI and EL indicators, en-
suring that IL is trained only on the dominant trajectory.

We demonstrate that STRIL can provide effective strat-
egy learning without player identification and signifi-
cantly enhance the performance of various IL algorithms
in competitive zero-sum games, including Two-player
Pong, Limit Texas Hold’em, and Connect Four.
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Figure 1: The overall diagram of Strategy Representation for Imitation Learning (STRIL).

Related Works

Imitation Learning. In the conventional IL settings, the ex-
pert trajectories only have information of state-action pairs
without reward information (Pomerleau 1988; Ross, Gor-
don, and Bagnell 2011; Ho and Ermon 2016; Ding et al.
2019; Garg et al. 2021), and it is assumed that the demon-
strations are homogeneous oracle. However, realistic crowd-
sourced datasets are usually multi-modal and include sub-
optimal demonstrations. Some IL methods are proposed
for multi-modal offline datasets, such as (Hausman et al.
2017) and (Fei et al. 2020). As for sub-optimal data, there
are plenty of approaches to alleviate the negative influence
(Brown, Goo, and Niekum 2020; Chen, Paleja, and Gom-
bolay 2021; Zhang et al. 2021; Kim et al. 2022; Xu et al.
2022), but all these methods require environment dynamics,
the rankings over the demonstrations, or the identification
of demonstrators. In contrast, our method does not require
such information. Sasaki and Yamashina (2020) enhances
behavior cloning (BC) with noisy demonstrations, but their
method does not deal with general sub-optimal trajectories.
TRAIL (Yang, Levine, and Nachum 2021) achieves sample-
efficient IL via a learned latent action space and a factored
transition model. We would like to additionally mention the
work by Franzmeyer et al. (2024), which adopts a similar
framework of filtering the offline dataset and uses an IL al-
gorithm. Nevertheless, their method assumes a cooperative
setting and requires reward information.

IL with Representation Learning. The work by Beliaev
et al. (2022) closely aligns with our research, sharing the pri-
mary goal of extracting expertise levels of trajectories. They
assume that the demonstrator has a vector indicating the ex-
pertise of latent skills, with each skill requiring a different
level at a specific state. These elements jointly derive the
expertise level. The method also considers the policy worse
when it is closer to uniformly random distribution. However,
this assumption cannot be satisfied even in simple games like
RPS, where a uniformly random strategy constitutes a Nash
equilibrium. Play-LMP (Lynch et al. 2020) leverages unsu-
pervised representation learning in a latent plan space for
improved task generalization. However, employing a varia-
tional auto-encoder (VAE) with the encoder outputting latent
plans is unsuitable for multi-player games, potentially leak-
ing opponent information from the observations and disrupt-
ing the evaluation of the demonstrator. Grover et al. (2018)
also studies learning policy representations from offline tra-
jectories. They use the information of agent identification
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during training, which enables them to add a loss to distin-
guish one agent from others. However, this information may
not be provided in the offline datasets.

Preliminaries

Markov Games. A Markov game (Littman 1994) is a
partially observable Markov decision process (Kaelbling,
Littman, and Cassandra 1998) (POMDP) adapted to a multi-
agent setting, where each agent has its own reward function.
In a Markov game, there is a state space S and n agents,
with each agent ¢ having a corresponding action space A;
and observation space O;. When an agent is not required
to take action at a certain state, its action space contains
only one action, referred to as a ‘null” action. At each time
step t: (1) each agent i obtains an observation 0! € O; and
selects an action ai € A; based on the policy of agent
i, 1 O; x A; — [0,1]; (2) the agent receives a re-
ward tfk : S x A; — R based on the state and the action;
(3) the state is changed according to the transition function
T:85%x A x..x A, — S. For a complete trajectory
7 = ((0},a}), ..., ok, ak)) of agent 4, there is a reward v
received at each time step ¢. We define the trajectory reward
T as (1) = ZtT:o ti. The expected trajectory reward of
player ¢ with strategy 7; and opponents with strategy 7m_;
is defined as r;(m_;, m;) = E.o(r_, x,) [Fi(7)], in which
T ~ (m_;,m;) denote that 7 is generated with agents using
strategy (m_;, ;).

Best Response, Exploitability, and Nash Equilibrium.
We use r;(m_;, m;) to specify the reward of the player play-
ing 7; against m_;. The best response of opponent strat-
egy m_; is defined as BR(m_;) = argmaxri(m_;,;),
which refers to the strategy of player ¢ that maximizes
player ’s reward. We additionally define the best response of
strategy m; as BR(m;) = argmax_, > p i, r(nl, i),
which equals to argmin_, iri(wL ;» i) in the zero-sum case.
BR(m;) refers to the strategy of all the other players ex-
cept player ¢ that maximizes their trajectory reward, which
is equivalent to minimizing player ¢’s payoff in zero-sum
games. Let P be the set of all the players in the game,
and the strategy (mi)icp be the strategy of all
the players. We define the exploitability of strategy 7 as
E(r) = > icp (ri(m—s, BR(7_;)) — ri(m_,m;)), which
reflects the extent to which the strategy can be exploited.
In zero-sum symmetric cases, we define the exploitability
of a player strategy m; as E(m;) = —r;(BR(m;),m) =
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Figure 2: The decomposed network structure of the P-VRNN model. The variables are depicted as circles, learnable parameters
as diamonds, and partially-trainable variables as a combination of both diamonds and circles.

Zjep‘j# r;(BR(m;), m;). A strategy ; is e-Nash equilib-
rium if E(m;) < e.

Problem Formulation

Consider a multi-player competitive zero-sum game, and
we have a dataset of game histories that include the tra-
jectories of each player. The trajectories are generated by
diverse players, ranging from high-level experts to ama-
teurs. We aim to extract strategy representations from tra-
jectories, distinguish the players with different levels, and
learn an expert policy from the dataset via imitation learn-
ing. We assume that we do not have the identifications of
the players. In our problem, we collect a set I' of trajecto-
ries 7 = ((00,a9), .., (o1, ar)) from different games and
demonstrators. The trajectory reward for a subset IV C T is
available for exploited level estimation. We assume that the
strategy of a player is consistent within a single trajectory.

Learning Strategy Representation

Identifying the strategy of a player is essential to evaluating
their skill level. However, this becomes challenging when
player identification is unavailable in the dataset because
the strategy of the player changes according to their oppo-
nent within each episode. Therefore, we propose a Partially-
trainable-conditioned Variational Recurrent Neural Network
(P-VRNN) featuring a strategy representation that is learn-
able and remains constant throughout the trajectory. Strategy
representation becomes the optimal representation for each
trajectory by training it to minimize the P-VRNN loss.

The P-VRNN models the player’s decision-making pro-
cess and includes four major components similar to the orig-
inal VRNN, as shown in Figure 2. To disentangle the strat-
egy of the opponent player from the strategy representation,
we consider the observation as a conditional variable. We de-
fine p as the generative model and ¢ as the inference model.

Generation

Based on the dependency of our P-VRNN model, We can
model the decision-making process as follows:

pla<r, 2<rlo<r, 1)

ey

T
= Hp(at|2§t,a<t,0§t,l)p(2t|a<t72<t,0§t,l),
t=1

generation prior
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Without knowing the action ay, the prior distribution of
latent variable z; can be derived from the past actions a,
past latent variables z.¢, observations o<, and strategy rep-
resentation /. The computation graph of the P-VRNN shows
that the recurrent variable h;_; integrates the past actions
a<¢, latent variables z.¢, and observations o.;. Therefore,
with the assumption of a Gaussian distribution for the prior,
the sampling process of z; is influenced by h;_1, the current
observation o, and the strategy representation [ as follows:

Zt | htfla Ot7l ~ N(Mpri,h diag(gﬁri’t))a

[Npri,h Jpri,t] = (Ppri(htfla Ot, l)7

2

where @ is a prior network. We also follow the convention
in VAE and assume that the latent variable has a diagonal
covariance matrix.

The generation process is obtaining action a; from the la-
tent variables z<;, past actions a, observations o<;, and
strategy representation [ just same as to the decision-making
process of the player. By substituting the past information
using recurrent variable h;_1, action generation is defined
as follows:

as | he—1, 2, 06,1 ~ Cat(figec,t),

Hdec,t = @dec(ht—la Zt, Ot, l)7

3)

where Cat stands for categorical distribution and @ge. is a
decoder network.

The recurrent unit takes in all the variables of the current
step and the recurrent variable of the previous step, which
includes all the past information. At each time step, h; is
updated as follows:

hy = @rec(ht—l,at,zt,ot,l), €]
where ¢r is a recurrent network.
Inference
Approximate posterior inference is modeled as follows:
T
q(z<rlacr,o<r,l) = [ [ a(zilace, 2, 0<0,0) . (5)
t=1

inference

The latent variable z; is obtained from the actions a<;, past
latent variables z.;, observations o<, and strategy repre-
sentation [. Like the prior and action generation, we replace
the past information with a recurrent variable of the previous



step, hy—1. Therefore, the approximate posterior distribution
is defined as follows:

Zt | ht—17 at, Ot, I~ N(Menc,ta diag((genc,t)Q))v
[,uenc,ta Uenc,t] = @enc(htfla G, Ot, l),

where (e 1s a encoder network.

(6

Learning

Similar to (Chung et al. 2015), the loss function of P-VRNN
is a negative of the variational lower bound, using Equa-
tions (1) and (5), as follows:

T
L= ]Eq¢(z§T\a§T,o§T,l) Z (‘CRecon,t + £Reg,t)

t=1

(N

The reconstruction loss for each timestep, which evaluates
how well the generated action aligns with the original action,
is formulated as follows:

®)

The regularization loss for each timestep, which measures
the divergence between the posterior and prior distributions,
is formulated as follows:

ERecon,t = - 1ng0 (at|z§t7 A<ty 0Lty l)

EReg,t

= KL(Q¢(2t|a§t, R<ty 0<t, Z) ||p9(zt‘a<t7 R<ty 0<t, l))(g)

At the beginning of the training, the strategy represen-
tation [, which is a trainable variable, is randomly initial-
ized for each trajectory 7. The condition part of P-VRNN
consists of an observation o; that changes over time and
the strategy representation [, which is consistent during the
whole trajectory and trainable. During the training, all the
[ are optimized together with the parameters of ©pi, Penc,
Pdec, and @ to minimize the loss function described in
Equation (7). While the networks are trained to minimize
the loss across all trajectories, the strategy representations
are individually optimized for each trajectory to provide cus-
tomized guidance and insights. Consequently, the strategy
representation [ should be adjusted to more effectively cap-
ture and express the unique strategies of each trajectory. It is
important to note that the process of deriving [ is conducted
unsupervised, without needing player identification, ensur-
ing privacy and generalizability.

Indicators for Imitation Learning

Utilizing the learned P-VRNN and the strategy representa-
tion for each trajectory, we propose the RI and EL indicators.

Randomness Indicator (RI)

Given the well-trained P-VRNN and the strategy represen-
tation dataset, we can evaluate the reconstruction loss and
regularization loss for each trajectory. The regularization
loss shows the capability of the posterior to approximate the
prior, which reflects the performance of extracting the infor-
mation of the next action from the past information, observa-
tion, and strategy representation. In the process of P-VRNN
training, the regularization loss of each trajectory is grad-
ually optimized to a very small value close to 0. However,
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the reconstruction loss typically cannot be so small since the
action decoder gives a probability distribution over actions,
and players usually do not act deterministically. For a well-
trained P-VRNN, the predicted action distribution closely
matches the true probability distribution of the correspond-
ing strategy of the trajectory. So if there are n possible ac-
tions a1, at,2, ..., Gt.n, for a;, we can approximately calcu-
late the expectation of the one-step reconstruction loss as

Epg(at\ZSt,a<t,oS,,l) [‘CRecon,t}

ng
= Z —po(ailz<t; a<i, 0<t, 1) log po(ari|z<i, a<i, 0<¢,1)

i=1
= H (po(at|2<t, a<t, 0<1,1)) -

(10)

It is the entropy of pg(at¢|z<i, a<t, 0<y, 1), which reflects
the randomness of the player with strategy representation [,
given z<y, <y, and o<,. Following the hypothesis of Beliaev
et al. (2022), a strategy with more randomness is considered
worse. Since we have the whole trajectory with a unified
strategy representation [, we can define the RI of a trajectory
as its cumulative reconstruction loss:

T
RI(T) = ZH (pe(at‘zgtaa<t70§ta D).

t=1

Y

We highlight that the RI does not require any reward infor-
mation, and the whole procedure is fully unsupervised.

Exploited Level (EL)

If we can access the trajectory rewards of select trajecto-
ries, we can determine to what extent the strategy of each
trajectory in the offline dataset is exploited by utilizing the
geometric structure of the strategy representation space. The
key insight of this approach is that the trajectories with simi-
lar strategy representations tend to exhibit similar strategies.

We define measure dr on the strategy space II, and as-
sume that the strategy of agents generating dataset I' and
its subset IV are both sampled according to drw. Denote a
trajectory as 7 and the representation function mapping tra-
jectories to learned representations as f (7). We remark that
a trajectory 7 should be mapped to a probability distribu-
tion of strategies such that [ . 7(m)dm = 1, where 7(m)
is the probability of using strategy = when having trajectory
T, instead of a single strategy. But we can view the mix-
ture of 7 with probability () as a single mixed strategy
Jren 77 (m)dm, so we can still use notation 7(7) to repre-
sent the strategy of 7. We define the EL as follows:

EL(T)=E,; [-r(m,x(7)) | r(m,m(T)) < 0]
_ fwen(_r(ﬁﬂr(ﬂ)"_dw
Jeen Lrmm(ryy<odm

12)

13)

where r(m, (7)) returns the expected trajectory reward of
a player with strategy 7(7) by default, (z)* = max {z, 0},
and 1. = 1 if and only if condition c is satisfied, otherwise
1. = 0. EL(7) is the negative of the expectation of the tra-
jectory reward less than 0 when played with the demonstra-
tors who generate the offline dataset. This value can reflect



the extent to which the demonstrators exploit the strategy of
7. To estimate EL with latent representation space structure,
we provide an alternative definition of F Ls:

_ Zagsey<s(r@E(T)))"

Zd(f(-r),f(r’))<6 Ly (g m(77))<0
where d is a metric over the strategy representation space.
Due to the Lipschitz continuity of the P-VRNN with respect
to the representation, the trajectories with similar strategy
representations have similar strategies. Thus, to approximate
the negative EL of 7, we can calculate the mean of all the
negative rewards of the trajectories with the strategy repre-
sentations in the small neighborhood of 7’s representation.
It can be proved that lims_,q+ ELs(7) = EL(7). EL; has
favorable properties, such as the low value near Nash equi-
librium strategies. Given a trajectory 7 and its corresponding
distribution 7(7) over II, () is €1-Nash equilibrium, and
we assume that any pure strategy can exploit another strat-
egy by at most M. We also assume that similar representa-
tions induce similar strategies: if d(f(71), f(72)) < 4, then
Jrerp I () = 7o(7)|dm < ad, where « is a constant. It can
be proved that ELs(7) < €1 + ad M.

Since EL is the average of values satisfying conditions
with distance constraints on the representation space, we can
train an operator L to estimate EL from representation. We
have the representation [ and trajectory reward 7 for each tra-
jectory 7, and we intend to minimize Y i< ||L(1*) — 7|

ELs(T) ;o U4

2,
where I? and 7' are the representation and trajectory reward
of the i-th trajectory 77 in the dataset, so that the prediction
from L(I) becomes close to the mean of satisfying reward
7 > 0 nearby. We use a two-layer MLP as L. After train-
ing L, we can directly obtain the EL of a single trajectory
even without the reward information. By applying EL esti-
mator L on the representation f(7) of trajectory 7, we can
get the desired result L(f(7)).

Filtered Imitation Learning

The last step of the STRIL is to filter the offline dataset with
a chosen percentile p of an indicator. The indicator I can be
any mapping from the trajectories to real numbers such as RI
or EL. Specifically, for an indicator I(7), the offline dataset
I is filtered into I', = {7 € ' | I(7) < I,}, where I,
satisfies that P-[I(7) < I,] = p. After filtering the dataset,
the original IL algorithm is employed. For IL algorithms that
directly define loss function over target function and trajec-
tories, the new loss function can be explicitly written as

‘Cp(ﬂ—) = ET []ll(‘r)<]p : ‘CIL(ﬂ-?T):I ) (15)

where L' (7, 7) is the loss function of the IL algorithm. As
an example, L (7, 7) ,‘;lo log 7(a; | 0¢) in vanilla BC
algorithm. As the value of p closer to 0, more data is fil-
tered out; conversely, setting p to 1 filters none of the data,

reverting STRIL to the original IL algorithm.

Experiments
Experiment Settings

We validate our approach using two-player zero-sum games:
Two-player Pong, Limit Texas Hold’em (Zha et al. 2020),
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and Connect Four (Terry et al. 2021).

Dataset generation. We employ different methods to cre-
ate training datasets with diverse demonstrators for the en-
vironments. For Two-player Pong and Connect Four, we use
self-play with opponent sampling (Bansal et al. 2018) with
the Proximal Policy Optimization (PPO) algorithm (Schul-
man et al. 2017). For Limit Texas Hold’em, we use neu-
ral fictitious self-play (Heinrich and Silver 2016) with Deep
Q-network (DQN) algorithm (Mnih et al. 2013) to gener-
ate expert policies, given its complexity and the need to
adapt to various opponents. Behavior models are then se-
lected from multiple intermediate checkpoints to generate
the offline data. We assume that only 5% of the dataset is
reward-labeled for EL estimation.

Evaluation metrics. We evaluate our method across three
environments to demonstrate the effectiveness of the learned
strategy representation in STRIL using estimated indicators.
In a zero-sum game, evaluating policy performance involves
ensuring the policy is not vulnerable to exploitation by a
specific strategy. In order to capture the worst-case scenario
against opponent strategies in the dataset, we evaluate the
performance of the imitative model, 7;, using the Worst
Score (WS) over the demonstrator set, Z:

WS(Z,m;) = minr (7, m), (16)

JET

where r;(7;, ;) represents the trajectory reward of ¢ against
7. For Two-player Pong and Connect Four, we calculate the
reward using the formula (Nyin — Niose) /Ngame» Where Nyin,
Niose, and Ngame represent the number of wins, losses, and
total games, respectively. For Limit Texas Hold’em, where a
player can win by varying margins depending on the game,
we determine the reward as the average difference between
the total chips won and lost. We set Ngye to 2,000.

Strategy Representation with Indicators

In this subsection, we visualize the learned strategy repre-
sentations using multiple labels. If the latent space exceeds
two dimensions, it is initially reduced to two dimensions
using PCA. These reduced representations are then color-
coded based on different labels: player ID, RI, EL, and tra-
jectory reward. Note that player ID and trajectory reward
serve as ground truth references while RI and EL are esti-
mated. Instead of using the exact values, we color the per-
centiles of RI, EL, and trajectory reward.

Two-player Pong. As shown in Figure 3a, strategy repre-
sentations of each demonstrator naturally cluster together in
the Two-player Pong environment. Figure 3d demonstrates
that trajectory rewards only partially align with player strate-
gies due to performance variability depending on the op-
ponent’s strategy, a common characteristic of competitive
games. Players 1 and 8, exhibiting the worst and best per-
formances, respectively, form clusters with consistent values
independent of the opponent. Figure 3b illustrates that the
RI highlights players 5, 6, and 8 as excelling in reconstruc-
tion tasks. Additionally, Figure 3c shows that the dominant
players, 4 and 8, have strategies that are least susceptible to
exploitation, signifying more robust performance. Addition-
ally, it is observed that the most expansive cluster with the
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(a) Player ID (b) Randomness indicator

(f) Randomness indicator

(e) Player ID

(i) Player ID (j) Randomness Indicator

(c) Exploited level (d) Trajectory reward

(g) Exploited level (h) Trajectory reward

(k) Exploited Level (1) Trajectory reward

Figure 3: The learned strategy representations with different labels on the Two-player Pong (a-d), Limit Texas Hold’em (e-h),

and Connect Four (i-1) environments.

lowest density has the highest EL, suggesting that the least
trained strategy exhibits unstable behavior and is the most
vulnerable one to exploitation. These indicators establish a
strong standard for data filtering in subsequent IL applica-
tions from two different perspectives, both differentiating
between dominant and dominated strategies.

Limit Texas Hold’em & Connect Four. In Limit Texas
Hold’em, there are seven players: two experts, three mid-
level players, and two novice players. Figure 3e demon-
strates that the learned representations are well separated
and ordered according to their expertise levels. Figure 3h
illustrates that while trajectory rewards can effectively iden-
tify very poor strategies, they fail to consistently differen-
tiate among more effective strategies, as the rewards vary
across different opponents. However, Figures 3f and 3g
show that our proposed indicators not only perfectly dis-
tinguish the dominant strategies but also rank them accu-
rately. In Connect Four, Figure 3i shows dominant player
strategies on the right and dominated player strategies on
the left. In contrast to the trajectory rewards which are in-
consistent within the same strategy, our RI and EL patterns
show a strong capability to extract characteristics and assess
the performance of these strategies.

Learning from Offline Dataset

To evaluate the STRIL, we considered three IL algorithms.
First, we employed BC, a basic IL algorithm. Next, we used
IQ-Learn (Garg et al. 2021), an advanced imitative algo-
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rithm. Finally, we implemented ILEED (Beliaev et al. 2022),
a state-of-the-art method capable of handling a diverse range
of demonstrator data. In our evaluation, we excluded meth-
ods that rely on online interactions (e.g., GAIL (Ho and
Ermon 2016)) or necessitate interactions with experts (e.g.,
DAgger (Ross, Gordon, and Bagnell 2011)) in offline learn-
ing approaches. We applied STRIL to each algorithm to
evaluate its performance enhancement. Note that all the ex-
periments were repeated three times.

General results. In Table 1, we compared the WS of four
types of data filtering methods. A hyperparameter search
was conducted to identify the appropriate percentile, p, of
indicators for each model and environment. Note that all
experiments were repeated three times, and the results are
reported with error bars. The original ILEED, which consid-
ers the expertise level of the data, generally performs bet-
ter than other original algorithms on average. For the fil-
tering method, the RI and EL enhance the performance of
the original methods in most cases. In some instances, their
performance is even comparable to the Best method. In the
case of Two-player Pong, the EL. method outperforms the RI
method because EL more accurately distinguishes the dom-
inant strategy. Additionally, in Limit Texas Hold’em, both
RI and EL show similar performance, which aligns with
the similar qualitative results observed in the strategy space.
However, the RI and EL methods did not improve ILEED
on Connect Four because the dataset aligns well with the
assumption of ILEED. Consequently, filtering the data ac-



Filtering Method

Game Algorithm

Original RI EL Best
BC —0.832+0.011 —-0.6134+0.052 —0.3434+0.036 —0.044 £0.033
Two-Player Pong IQ-Learn  —0.804 +0.044 —0.601+0.008 —0.25440.063 —0.009+0.013
ILEED —0.711 £0.070 —0.607 +0.058 —0.458 40.118 —0.031 £+0.016
BC —1.255+0.123  0.532 +0.052 0.662 £+ 0.011 0.464 + 0.103
Limit Texas Hold’em  IQ-Learn —3.652 +0.428 0.667 &+ 0.097 0.618 + 0.027 0.640 = 0.061
ILEED —0.411 £ 0.150 0.654 4+ 0.033 0.494 + 0.065 0.487 £ 0.058
BC —0.353 £0.119  0.255 +0.080 0.471 £ 0.082 0.407 = 0.053
Connect Four IQ-Learn  —0.246 +0.138  0.117 4+ 0.131 0.332 £+ 0.035 0.393 4+ 0.047
ILEED 0.250 £0.034  0.267 £+ 0.081 0.203 £ 0.060 0.005 £ 0.219

Table 1: WS of each IL algorithm over the demonstrator set, Z. Each algorithm was trained with distinct datasets filtered by
various methods: (1) Original: utilizing the full dataset for training; (2) RI: filtering the dataset using the RI indicator; (3) EL:
filtering the dataset using the EL indicator; and (4) Best: employing only the data generated by the dominant demonstrator,
which serves as an oracle method. Bold highlights the best performance among Original, RI, and EL, while underline shows if
the *Best’ method achieves the highest performance overall. Higher is better.
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Figure 4: WS of each IL algorithm across different percentile (p) values for each indicator. The grey-shaded region represents
the model trained on the original dataset, equivalent to the vanilla algorithm. Moving further to the right in the subfigure

indicates a decrease in the data used. Higher is better.

cording to randomness is equivalent to reducing valid data,
which results in worse performance.

Sensitivity analysis. Figure 4 shows the performance for
each IL algorithm across different percentile values for each
indicator. For the BC and IQ-Learn algorithms, the RI and
EL methods provide improved performance in all the cases.
Although ILEED is designed to learn from diverse demon-
strators, the RI and EL methods can be effectively used in
some environments because ILEED struggles to distinguish
the dominant policy in a multi-agent environment. For the
EL method, due to the significant decrease in the size of
the filtered dataset, a drop in performance from p = 0.1 to
p = 0.05 is commonly observed. In contrast, in the range of
p > 0.1, the overall performance is enhanced as p decreases.
EL is a reliable indicator since it has a few reward-labeled
data as anchors, while RI solely takes estimated randomness
as evaluation metrics. The result of the RI method across
different p’s shows less stable behavior, as the optimal re-
sults are achieved on p = 0.4 or p = 0.1 in different game
scenarios. However, choosing a relatively small p for an un-
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known dataset is a preferred option since the most proficient
demonstrators usually have the most stable strategies.

Conclusion

In this work, we proposed an effective framework, STRIL,
to extract the representations of the offline trajectories and
enhance imitation learning methods in multi-agent games.
We designed a P-VRNN network, which shows extraordi-
nary results in learning the strategy representations of tra-
jectories without requiring player identification. We then de-
fined two indicators, RI and EL, for imitation learning. We
can estimate RI and EL by utilizing the strategy represen-
tation and subsequently filter the offline dataset with the in-
dicators. The imitation learning algorithms show significant
performance improvements with the filtered datasets.

In future work, we plan to utilize the P-VRNN as a cus-
tomized behavior prediction model and explore the geom-
etry of the strategy representation space. Additionally, we
aim to develop IL methods that integrate the indicators be-
yond simply filtering the dataset.
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