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Abstract

Implicit imitation reinforcement learning (IIRL) is a frame-
work that aims to aid a trainee agent’s learning process via
observing the state transitions of a mentor, but without access
to the latter’s action information. Standard IIRL assumes a
shared Markov decision process (MDP) between the men-
tor and trainee, consequently implying an identical action
space. This restriction imposes limitations on the applica-
bility of implicit imitation frameworks in real-life scenar-
ios where, possibly due to variations in physical character-
istics, the mentor agent may possess distinct own actions,
thereby creating a heterogeneous action setting. In this work,
we extend the deep implicit imitation Q-networks (DIIQN)
method—an online, model-free, deep RL algorithm for im-
plicit imitation—to allow for heterogeneous action sets be-
tween mentor and trainee agents. Equipped with our hetero-
geneous actions DIIQON (HA-DIIQN) method, a trainee agent
can harvest the benefits of IIRL even in heterogeneous ac-
tion settings, achieving accelerated learning and outperform-
ing non-optimal mentor agents.

Introduction

As the complexity of environments tackled by deep rein-
forcement learning (DRL) algorithms escalates, the demand
for accelerated learning methodologies arises (Arulkumaran
et al. 2017; Hussein et al. 2017). Given this, imitation-based
RL algorithms (Price and Boutilier 2003; Abbeel and Ng
2004; Zhang et al. 2021; Da Silva et al. 2020; Wang, War-
nell, and Stone 2023) have received attention primarily due
to their capacity to expedite the learning process. Guided
by an expert agent, the mentor, a trainee, or observer, agent
can speed up its training, thereby directing its efforts towards
optimizing its behavior. While numerous methodologies ex-
ist for explicit imitation (Hussein et al. 2017; Argall et al.
2009), where complete mentor information is accessible (in-
cluding state transitions, actions taken, and occasionally, re-
wards received), constraints such as communication barri-
ers or other limitations may render the utilization of these
methodologies unfeasible. Implicit imitation RL (Price and
Boutilier 2003) circumvents these obstacles by solely re-
quiring state transition observations from the mentor, thus
facilitating faster convergence.
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In this context, deep implicit imitation Q-networks (DI-
ION) (Chrysomallis et al. 2023) is a recently proposed on-
line, model-free, DQN-based (Mnih et al. 2015) technique.
Operating with solely the state transition data from the men-
tor, the DIIQN algorithm employs state similarity assess-
ment and internal exploration mechanisms to infer the men-
tor’s actions, computing augmented loss functions for neu-
ral network parameterization. DIIQN diverges from conven-
tional behavior cloning methodologies (Torabi, Warnell, and
Stone 2018) by not being bound by the performance limita-
tions of the mentor, thus allowing for potential performance
enhancement beyond that of a sub-optimal mentor.

Nevertheless, like virtually all other imitation ap-
proaches,' the DIIQN framework operates on the premise
of a homogeneous action setting—a shared, uniform action
environment among agents, wherein actions executed by the
mentor are equally accessible to the learner. However, de-
pending on their physical characteristics, agents may have
different action capabilities due to inherent differences in
their physical and cognitive abilities. For instance, varia-
tions in the size of robot components can significantly in-
fluence the outcome of actions, yielding disparate results.
In this paper, we challenge the assumption of homogeneous
action sets, by proposing a methodology designed to offer
advantages to the training agent even in scenarios where
its action set differs from that of the mentor. Leveraging
fundamental mechanics of the DIIQN algorithm, we ini-
tially examine whether or not a mentor state transition of
interest is feasible by the trainee. Subsequently, in infea-
sible cases, we endeavor to identify potential alternative
pathways—intuitively, building “bridges” to overpass the in-
accessible mentor trajectory sections—for further investiga-
tion. The corresponding feasibility-related information ob-
tained is transferred to the updated augmented loss functions
to suitably adjust the neural network parameters.

In summary, our main contributions are the following. We
provide HA-DIIQN, a novel deep IIRL method for hetero-
geneous action settings, retaining the DIIQN’s online and
model-free characteristics; while it breaks free of specific
rigid assumptions previously prevalent in the literature re-
garding heterogeneity (Price and Boutilier 2001). We pro-
vide an indicator for action feasibility in the presence of het-

"With the notable exception of (Price and Boutilier 2001).



erogeneity, as well as a mechanism to identify state tran-
sition bridges. Moreover, we provide the necessary aug-
mented loss functions, refining those of DIIQN, to inte-
grate this required information. Our experimental results
confirm that the benefits associated with deep implicit imita-
tion, namely accelerated training and improved performance
over the mentor agent, are achieved even in contexts with
non-homogeneous action settings. Our experiments are con-
ducted both in a maze environment similar to those used
for the study of tabular implicit imitation RL (Price and
Boutilier 1999, 2001, 2003), and in a challenging force-
actuated navigation environment (Fu et al. 2020).

Background and Related Work

Here we provide background and review related work.

Deep Q-Networks

Deep Q-Networks (DQN) (Mnih et al. 2015) blends Q-
learning with neural networks to tackle complex decision-
making problems with high dimensional state spaces. In
its core, DQN employs a neural network, namely the Q-
network, that approximates the Q action-value function, en-
abling the handling of complex state representations and
non-linear decision boundaries. At each time step ¢, start-
ing at state s and taking the action a, the agent reaches the
next state s’ and receives a reward r, creating a transition tu-
ple (s, a,r,s’). With network weight parameters 6;, the Q-
network representation Q(s, a|6;) provides us with an esti-
mation of said action. Additionally, DQN employs the target
network, a neural network snapshot of the Q-network with
regularly updated parameters 6, , to stabilize the training
process. Setting a discount factor -, the algorithm updates
the network’s weights in accordance with the loss function:

L(et) = Es7a7r,s’ [(7" + ,YH}?;XQ(Slv a/; et_) - Q(Sa a; Ht))Q]

&y
Experience replay (Lin 1992; Mnih et al. 2015) is central to
its success. It is a mechanism dedicated on storing past agent
experiences and randomly sampling them to alleviate sam-
ple correlations during training, improving efficiency and
stabilizing learning. From a data structure’s point of view,
experience replay is a sizeable queue that stores subsequent,
fully observable transitions encountered by the agent.

Deep Implicit Imitation Q-Networks

The DIIQN algorithm (Chrysomallis et al. 2023) is based on
the principles of DQN, but designed to enable deep implicit
imitation RL with homogeneous actions. Implicit imitation
involves two distinct agent roles (Price and Boutilier 2003):
the mentor and the observer. The observer, which is the
agent undergoing training, learns through conventional in-
teractions with the environment while benefiting from men-
tor guidance evaluated at a proficient level. This guidance
is conveyed solely through state transitions, refraining from
communicating a complete set of information (including ac-
tions undertaken and rewards received) as studied in explicit
imitation techniques (Silver et al. 2016; Nair et al. 2017; Ve-
cerik et al. 2017; Hester et al. 2018; Kang, Jie, and Feng
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Figure 2: Augmented experience tuple

2018). Consequently, the observer is tasked with estimat-
ing the absent corresponding actions and approximating the
mentor’s behavior. The main objective of implicit imitation
learning is to accelerate the observer’s learning process. No-
tably, implicit imitation doesn’t aim to clone the mentor’s
behavior but leverages it for faster learning, potentially ex-
ceeding the mentor in non-optimal cases.

DIIQN incorporates this methodology via the following
protocol. Initially, it acquires a mentor dataset comprising
state transitions (s,,, s,,). To effectively utilize these tran-
sitions, an action estimation process is undertaken for each
transition. To this end, two new attributes are appended to
each mentor transition (Fig. 1): the estimated action a.s; and
a “running error”’ estimate, ey, that uses Kullback-Leibler
(KL) divergence for multivariate normal distribution over
the state features (Duchi 2016) as a metric to denote the dis-
parity between this estimated action and the ground truth. At
each iteration, a comparison is conducted between the cur-
rent observer state transition (s,, /) and all transition tuples
(Sm, S,,) contained within the mentor dataset. If the calcu-
lated e, error falls below the previously assigned one, it is
implied that the action a, taken by the observer more accu-
rately reflects the mentor transition. Consequently, an update
is performed on both the estimated action a.s; and the asso-
ciated error ex 1. This process can be seen as one filling in
“missing information” (the action taken by the mentor).

The subsequent procedure unfolds as follows: At each
time step, a similar mentor state s,, is selected. This se-
lection process (Fig. 3) entails identifying the most simi-
lar one and executing a Nearest Neighbour search (Gold-
berger et al. 2004) on the mentor’s dataset restricted by an
empirically set threshold e{,(lL. From this set, a random men-
tor initial state, s,,, is chosen, and its corresponding sub-
sequent state, s, , along with the estimated action, a,, =
aest, are utilized to create an augmented experience tuple
(Soy oy 85, Ty Sy Qm, Shy ) (Fig. 2). This ensures variability
on selected mentor transitions, increasing model stability.

Upon the completion of populating the augmented experi-
ence tuple, the observer effectively has access to two distinct
perspectives that can be employed to build a loss function:
one taking into account solely its own experiences, and one
taking into account the estimated mentor actions. It employs
these to build two distinct loss functions, the “observer loss
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Figure 3: State similarity visualization

function” L,, and the “mentor loss function” L., (though
this is still constructed and used by the observer):

L(Qt)o -
Es,a,r,s’ [(To + ")/Q(S;, argmaxQ(s’O, al; 0;)’ 9;) (2)

- Q(Soa Qo; 91‘))2]
L(@t)m ==
Esars|(ro +’yQ(s/m,argr{laxQ(s;n,a’;H;);Q;) 3)

- Q(th Am; 9#))2]
However, observer model parameterization requires only
one loss function per sample. Its determination is made
given past () values for both the observer and the (estimated)
mentor actions. At each step, a Q2 and a QP! value is
stored and two square distances are calculated:

D, = [|Q(s0, ao; 0;) — Q5| “4)
Dy, = ||Q(5m7am; et) - Q%Lwt”2 (5)

and min{D,, D,, } is selected for network optimization.

Related Work

A plethora of works have examined heterogeneity in trans-
fer learning, albeit not in the context of disparate action set-
tings. These studies primarily delve into the heterogeneity
present in various state spaces and their characteristics (Day
and Khoshgoftaar 2017; Bao et al. 2023). When the mentor
and observer exhibit dissimilar observable features, incorpo-
rating feature transformations to facilitate knowledge trans-
fer is required to address this divergence. More importantly,
these works are further categorized into supervised (Zhao
and Hoi 2010; Yan et al. 2016; Duan, Xu, and Tsang 2012),
semi-supervised (Wang and Mahadevan 2011; Tsai, Yeh,
and Wang 2016; Harel and Mannor 2010), and unsupervised
learning (Yeh, Huang, and Wang 2014; Zhou et al. 2014;
Prettenhofer and Stein 2010) paradigms, based on the avail-
ability of labeled data, yet lacking RL implementations.
The sole investigation into action heterogeneity settings
in implicit imitation reinforcement learning is attributed
to (Price and Boutilier 2003, 2001). Their work focuses
on fabular—non-deep—model-based reinforcement learn-
ing. They introduce an action feasibility test, built upon
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model-based principles, responsible to identify instances
where a mentor transition is deemed infeasible due to ac-
tion capabilities mismatch between the mentor and ob-
server. Afterwards, through simulated steps, they endeavor
to workaround infeasible actions by parsing through a k
depth exhaustive search. They demonstrate the observer’s
ability to effectively leverage the mentor’s guidance, even
within environments characterized by heterogeneous action
settings, thereby circumventing unnecessary confusion or
being misled. Their work serves as a fundamental influence
for ours, though we operate within a model-free and deep
RL framework. Moreover, in contrast to their methodology,
our approach does not rely on the assumption of simulating
environment steps or employing brute force exploration to
uncover potential bridges to the mentor’s trajectory path.

Heterogeneous Actions DIIQN

In this section we present in detail HA-DIIQN, the first
method for deep implicit imitation RL in heterogeneous ac-
tion settings. HA-DIIQN takes inspiration from the tabular
implicit imitation RL method of (Price and Boutilier 2001,
2003), notably removing important assumptions present in
that work—specifically, having the ability to simulate steps
or have information regarding high-value states before ex-
ploring them. Moreover, as previously mentioned, HA-
DIIQN builds on DIIQN (Chrysomallis et al. 2023), broad-
ening its functionality to handle actions heterogeneity.
Specifically, we introduce a mechanism aimed at detect-
ing potential state transition infeasibility, caused from action
heterogeneity within a mentor transition. In instances where
such discrepancies are identified, we employ a search oper-
ation utilizing the experience replay component to explore
potential alternative paths intersecting with the mentor’s tra-
jectory. If a viable alternative path is discovered, we utilize
its parameters—instead of the mentor’s infeasible ones—to
populate the augmented experience replay sample. To this
end, we propose novel, distinct to those of DIIQN, aug-
mented loss functions for use by HA-DIIQN; these are in-
troduced so as to suit the augmented experience replay tuple
constructed given the identified action infeasibility.

Identifying Transition Infeasibility

Determining the feasibility of an observed state transition
in the presence of heterogeneous action settings poses a
challenge. Despite the observer possessing comprehensive
information regarding their action space, similar informa-
tion is not available from the mentor in an implicit imi-
tation scenario. Hence, when selecting a mentor transition
(S, Qm, Sh,) for training, where a,,, denotes the mentor es-
timated action by the observer, it becomes necessary to em-
ploy a mechanism to determine its feasibility, and subse-
quently refraining from incorporating potentially misleading
information. In many instances, reliance on such informa-
tion may confuse the observer into attempting to learn from
a policy that is not feasible within their operational context.

At each iteration, the observer selects a mentor transition
(Fig. 1). The mentor action a,, is derived from the observer’s
own exploration, while the associated error ey represents



Figure 4: Bridge discovery. Starting from the observer state
S, with a similar mentor state s,, (s, = s.,), the mentor
transition to s},,, using action a;y, feqs, i infeasible to the
observer. However, there is a bridge available to them via
So =+ 81 = Sfeqs — S2, USING action @ f.qs, that interjects

with mentor trajectory s,, — s, — ... = sl — s at 5!/ .

how far the observer transition with this action was from
the mentor transition during exploration. In essence, this er-
ror can also be interpreted as a feasibility indicator of the
mentor transition given the estimated mentor action. A high
error means that either the transition is indeed infeasible and
should be labeled as such; or that it is feasible, but the ob-
server’s estimation of the mentor action is inadequate.”

In both cases, it is evident that mentor information is un-
likely to prove beneficial to the observer. Consequently, we
establish criterion for potential infeasibility, utilizing as met-
ric the error eg, associated with each mentor transition.
Here, we introduce an empirically defined hyperparameter
€infeas» 10 gate such transitions. If the error e 7, falls below
the threshold set by €y, feqs (€KL < €infeas), the transition
is deemed feasible, and normal training procedures for the
DIIQN algorithm ensue. Otherwise, the transition deemed as
infeasible is appropriately flagged for subsequent handling.

Handling Transition Infeasibility (via “Bridging”)

Following the identification of a mentor transition as infea-
sible, one option is to deactivate the mechanisms reliant on
the mentor’s perspective and proceed accordingly. However,
an alternative approach involves devising a method to cap-
italize on such transitions. Despite the observer’s inability
to reach the next mentor state s/, at the current time step,
it remains plausible that a transition to that state could be
attained within subsequent steps. It is also conceivable that
within those the observer may not reach s/, but rather a
subsequent mentor state along their trajectory (Fig. 4).

It becomes evident that a mechanism is required to bridge
the gap between the observer’s current position s,, and the
trajectory of mentor states commencing from s,,,. To address
this need, we introduce a bridging mechanism which we
term the deep k-n step repair (Alg. 1). The primary objective
of this mechanism is to identify alternative paths, hereafter
referred to as bridges, allowing the observer to intersect the
mentor trajectory. This mechanism relies on two parameters:
the maximum search depth for the observer, denoted as k,
and the maximum search depth for the mentor, n.

2We should note here that, in the second scenario, the observer
may, in subsequent iterations, discover a more appropriate esti-
mated action with a sufficiently reduced error, thus meeting the
criteria for feasibility. This progression is inherent to DIIQN.

16058

Algorithm 1: Deep k-n step repair

Input: Observer initial state s,, Observer experience re-
play R, Observer maximum depth k, Mentor initial state
Sm., Mentor extracted demonstrations DD, Mentor maximum
depth n

Output: Bridge trajectory

1: for depth,, in range 1...n do
2:  sfuture = findMentorState(s,y, , depth,,, D)
3:  trajectory = {}
4:  for depth, in range 1...k do
5: sfuture gfuture — findObserverTransition(
807 depth07 R)
6: trajectory = trajectory U (sfuture gluture)
7: if areSimilar(sf“tvre, sfuture) then
8: return trajectory
9: end if
10:  end for
11: end for
12: return {}
RIR (NN
...|S1/82(83]... 31éé S9 3? .
-

Figure 5: Cross reference in experience replay. We begin the
search from a state s; similar to the initial observer state s,.
The initial path from this state is represented by the sequence

S$1 — S2 — s3. Although sf is not similar to s, and search
would typically skip its trajectory, cross referencing s en-

ables the exploration of the additional path s; — so — 53#.

The bridging mechanism involves examining up to n
mentor transitions (1. 1-2 in Alg. 1) and up to k observer tran-
sitions (I. 4-5 in Alg. 1), whilst keeping track of the observer
explored path (1. 6 in Alg. 1). As this explored path is derived
from the observer’s replay memory, we possess complete
information about the transition, including both the subse-
quent states and the actions taken to reach them, which are
temporarily stored in the trajectory. At each corresponding
iteration, if the two states are deemed similar (1. 7 in Alg. 1,
executed as discussed in (Chrysomallis et al. 2023)), it is
concluded that a bridge has been identified, thereby provid-
ing the complete path (1. 8 in Alg. 1). The selection of the
k and n values is domain-specific, but as a rule of thumb
it should be restricted to low values to control the required
computational power for operation.

The methodology for accessing subsequent states (1. 2 and
5in Alg. 1) varies between the mentor and the observer. For
the observer, we initiate a search within the experience re-
play populated with previously explored transitions. We be-
gin by finding similar states to s,. From that point, since
the experience replay operates as a queue, its inherent se-
quential nature allows us to traverse their subsequent entries
sequentially. Additionally, we employ a method of finding
parallel paths, where states along the current path are “cross-



referenced” to identify alternative paths with different pre-
ceding states (Fig. 5). As the experience replay consists of
transitions initiated by the observer, it is clear that the effec-
tiveness of this strategy is dependent on the exploration of
the observer. Given that experience replay is assigned a max-
imum size, newly generated entries may overwrite the oldest
transitions, thereby eliminating potential identified bridges.
To address this limitation, three additional variables are ap-
pended to each mentor transition: the first action a s and
next state Syeqs Of the trajectory bridge (Fig. 4) and length
of the bridge /¢c,s This information is updated whenever
a shorter bridge is found, as our objective is to identify
only the shortest possible path into the mentor’s trajectory.
Storing all possible bridges does not provide any additional
value, as no new information is gained from doing so. In
this way, if previously identified bridges become inaccessi-
ble due to deletion from the replay memory, they can still be
retrieved externally of the replay memory.

By contrast, accessing subsequent states for the mentor
is straightforward, as the provided dataset is inherently or-
dered. Thus, we can proceed from the initial mentor state
Sm. If the dataset is not in sequential order, a mechanism
similar to that utilized by the observer may be employed.

Training with Infeasibility

We now exploit our bridging mechanism in order to appro-
priately train our neural network. If a “bridge” to future men-
tor states was not found, we do not allow the use of the L,,
(Eq. 3) loss function. In this scenario, no information from
the mentor is incorporated to prevent potentially misleading
the observer. However, in the event that a bridge is identified,
adjustments are made to the mentor’s loss function L,,. In-
stead of using the next mentor state s/, and the estimated
mentor action a,,, we employ the first action a ., and next
state s7qq Of the bridge (Fig. 4):

L(0t)m =
ES,a,r,s/[(To + 'YQ(Sfeas; argmax Q(Sfeasa a/; 0;)5 9;)

- Q(S’ITH Qfeas; et))2]
(6)

The reason we do not utilize the entire bridge trajectory is
to retain the off-policy property inherent in DQN methods.
Even though the selected action a f.,s does not directly lead
the observer to the mentor-suggested trajectory, it nonethe-
less provides high value information on how to access it.

Experimental Evaluation

We now present a systematic assessment of our algorithm
on two distinct environments: namely, a 2D maze environ-
ment (Brockman et al. 2016) and a more complex, force-
actuated navigation Point Maze setting (Fu et al. 2020)°.

3In the technical appendix (https://osf.io/tkqp2/), we provide
additional experiments in the challenging autonomous driving in
lane-free traffic environment, used also in the paper introducing
DIIQN (Chrysomallis et al. 2023). We note that this setting is not
a natural heterogeneous actions one. Regardless, HA-DIIQN still
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(c) Visualization of 2D Maze 30 x 30 with optimal paths for regular
action set (green) and irregular action set (yellow).

Figure 6: 2D Maze

Experimental Setup

Maze 2D To demonstrate the benefits of our approach, we
first test in a 2D maze environment. Though simple to com-
prehend, a maze environment allows for the thorough testing
of our action heterogeneity-tackling method, as was the case
for the tabular heterogeity-aware IIRL method of (Price and
Boutilier 2001, 2003) (tested in smaller—10 x 10 sized—
mazes than those we use here).

Specifically, we utilize the 2D Maze environment from
OpenAl Gym (Brockman et al. 2016), introducing a maze
of size 30 x 30 where the state space comprises the agent’s
current position. The reward function is designed to penalize
collisions with walls or boundaries and revisiting states, of-
fering a small negative reward for each step and a significant
positive reward upon reaching the goal.

In the context of the HA-DIIQN algorithm, we introduce
two distinct action sets: one orthogonal, denoted as regu-
lar (Fig. 6a), and another designated as irregular (Fig. 6b).
These action sets generate different optimal paths for our
maze configuration (Fig. 6¢). Notably, the mentor agent nav-
igates according to the regular action set, while the observer
employs the irregular action set, thus highlighting the het-
erogeneous nature of the environment.

provides an edge in performance even in that setting. In some de-
tail, given that the mentor operates within a continuous action space
while the observer within a discretized version of that space, cer-
tain transitions feasible for the mentor will be unattainable for the
observer. While these discrepancies remain undetectable in the DI-
IQN framework, HA-DIIQN is able to identify them and to approx-
imate a more accurate discretization of the continuous action space
via its bridging mechanism—Ieading to enhanced performance.
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Figure 7: Point Maze (Fu et al. 2020)

Progress tracking is conducted based on episodes, defined
by either reaching the goal or exceeding 4000 steps without
reaching it, at which point the environment resets. The en-
vironment is considered solved when the agent achieves a
reward per episode of —3.4 with the irregular action set.

We stress that despite its seeming simplicity, a 2D maze
environment poses significant challenges when applied to
large dimensions, such as the 30 x 30 configuration chosen
in our work here. We selected this environment to showcase
performance in a straightforward setting with clear action
distinctions between the mentor and observer agents.

Point Maze To further illustrate the strengths of our
method, we also utilize a continuous space environment.
Specifically, we employ D4RL’s Point Maze (Fu et al. 2020),
an environment based on the MuJoCo simulation physics en-
gine (Todorov, Erez, and Tassa 2012), introducing a force-
actuated ball agent tasked with reaching a designated tar-
get goal. The presence of inertia in the environment intro-
duces additional complexity, rendering the problem more
challenging to solve due to the continuous and momentum-
dependent nature of the agent’s movements, which compli-
cates precise control and decision-making.

In this simulation environment, the continuous state space
includes the agent’s longitudinal and lateral position z,y,
and the velocities along these axes v,v,. The reward
function provides positive reinforcement only for reaching
the goal (Fu et al. 2020), while imposing a small penalty
(—0.001 per step) to discourage unnecessarily long paths.

Additionally, we have two distinct action spaces, both dis-
cretized: an orthogonal action space (Fig. 7a) utilized by
the mentor, and a diagonal action space (Fig. 7b) employed
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Figure 8: 2D Maze: reward per episode comparison, aver-
aged over 30 runs. Shaded area depicts standard deviation.

by the observer. Each action set comprises 8 + 1(no-op)
actions, with each action corresponding to a force applied,
measured in newtons (/V). The action space available to the
observer is entirely distinct from that of the mentor, with no
overlap between the two except for the no-action option.
Each episode consists of 4000 steps, and, based on the se-
lected maze setup, an episode is considered solved when it
consistently surpasses the lower bound of —0.6 reward per
episode. Due to the inertia inherent in the force-actuated me-
chanics of the simulation, minor fluctuations in reward are
expected, even as the system approaches convergence.

Experiments and Results

Maze 2D For the experimentation, a singular optimal path
is used as the mentor trajectory demonstration, as illustrated
in Figure 6¢, employing the regular action set (Fig. 6a). All
showcased agents are navigating according to the irregular
action set (Fig. 6b), immediately introducing heterogeneity
into the setup upon the application of imitation techniques.

In Fig. 8 we present the performance of three distinct
agents measured by their collected rewards over 4500 total
number of episodes. Initially, we showcase the performance
of a baseline DQN agent, lacking any mentorship or imi-
tation module, serving as a reference point for comparative
analysis. Subsequently, we examine the accelerated training
exhibited by our proposed HA-DIIQN agent, which utilizes
the heterogeneous mentor’s dataset, showcasing its ability to
exploit effectively this information. Finally, we also provide
the performance of a conventional DIIQN agent supplied
with the mentor dataset, although they lack the capability to
execute identical movements. This additional comparison is
intended to underscore the inherent limitations of DIIQN in
handling heterogeneous mentor demonstrations, juxtaposed
against the efficacy of our HA-DIIQN framework.

We begin by investigating the baseline DQN agent. Ini-
tially, its progress is modest, requiring approximately 1700
episodes to grasp fundamental techniques for navigating
around walls and boundaries. Afterwards, it gradually ceases
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revisiting states and consistently identifies an optimal path,
converging to the target reward of —3.4 by episode 3900.
Following with the learning curve of DIIQN, due to the
mentor’s utilization of a different action set, we do not an-
ticipate substantial enhancement in training speed. Never-
theless, the agent can capitalize on some of the informa-
tion shared by the mentor, since parts of the action sets are
common—i.e., the North and South directions. However,
a considerable portion of the mentor’s actions may be ir-
relevant or potentially misleading. By the inherent nature
of the DIIQN’s loss function, it can still avert total mis-
guidance and failure to converge, but in the end, the ob-
served acceleration in learning speed with respect to DQN
remains marginal, with convergence occurring at approxi-
mately episode 3760. It is evident that the ineffective perfor-
mance of the imitation module can be attributed to its inabil-
ity to handle heterogeneous action sets appropriately.
Finally, we present the performance of our HA-DIIQN
agent. From the really early stages, the agent demonstrates
an ability to effectively utilize the heterogeneous dataset by
training on bridges aligned with its action set. It promptly
navigates past obstacles posed by walls and boundaries and
directly seeks to optimize its guided trajectory. Ultimately,
the agent achieves convergence at episode 1140, indicating
significantly accelerated convergence (compared to the con-
vergence speeds of both the DQN and DIIQN agents).

Point Maze In the Point Maze environment experiments,
we employ as the mentor a fully trained agent utilizing DQN
and an orthogonal action space (Fig. 7a). On the contrary, all
algorithms under evaluation utilize a diagonal action space
(Fig. 7b), which shares no actions with the mentor, thereby
allowing HA-DIIQN to operate independently.

We present the reward performance of all variants in
Fig. 9 over a 300 episode horizon. Here we again test three
types of agents: the baseline DQN agent without the incor-
poration of imitation, the DIIQN agent exposed to heteroge-
neous mentorship without explicit guidance on how to inter-
pret it, and the HA-DIIQN agent, capable of identifying and
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navigating around infeasible actions.

In the baseline DQN agent, since the reward function
does not provide explicit behavioral information beyond the
achievement of reaching the goal, no clear benchmarks can
be observed. Instead, the agent demonstrates a smooth and
continuous improvement. The agent continuously shortens
its path to the target, achieving convergence towards the des-
ignated reward of —0.6 per episode at 260 episodes.

In the DIIQN case, the agent cannot benefit from the im-
itation learning component due to the lack of shared actions
with the mentor. Most of the transitions provided by the
mentor cannot be explicitly replicated by the observer, ren-
dering them ineffective within the imitation framework of
the DIIQN algorithm. Consequently, it is unsurprising that
the learning curve of the DIIQN agent exhibits behavior sim-
ilar to that of the baseline DQN agent, reaching convergence
at the 250 episode mark. As previously stated, the DIIQN
agent lacks explicit information regarding the feasibility of
each mentor transition. The assumption of action feasibil-
ity is inherent in the DIIQN algorithm, presupposing that all
mentor transitions are viable. As such, the potential for fur-
ther performance enhancement presents itself.

Indeed, by enabling the heterogeneity-aware HA-DIIQN
and its “bridging” mechanism, we can ameliorate the effect
that the inherent infeasibility of reproducing the continuous
mentor actions has on imitation learning performance; and
as such in essence maximize the benefits from imitation RL
in this challenging domain. Fig. 9 depicts a learning curve
for HA-DIIQN that is considerably steeper than the DIIQN
one. HA-DIIQN’s learning performance surpasses that of
both its competitors, and expedites the optimization of the
agent control policy. Specifically, the HA-DIIQN agent at-
tains convergence at episode 110, thereby demonstrating its
strong superiority over both DIIQN and standard DQN.

Conclusions and Future Work

In this paper we have put forward a novel framework to en-
able deep implicit imitation RL in heterogeneous mentor-
observer action settings. Our approach is experimentally
shown to accelerate learning performance, compared against
both a conventional deep RL approach (DQN) and a DIIRL
technique (DIIQN) that is not heterogeneity-aware.

Future work endeavours can concentrate on expanding the
framework’s capabilities and enhance its computational effi-
ciency. For instance, in problem instances necessitating large
experience replay sizes while operating with limited compu-
tational resources, a viable strategy involves modifying the
experience replay search engine by grouping together sim-
ilar states to facilitate a more efficient search process, po-
tentially incorporating a graph-based approach as proposed
in (Eysenbach, Salakhutdinov, and Levine 2019). Moreover,
we plan to conduct experiments on other MuJoCo environ-
ments, which, although not inherently heterogeneous, can
be modified to create such scenarios. In addition, it would
be interesting to apply our method in traffic signal con-
trol problems—e.g., focusing on controlling distinct sets
of non-conflicting signal phases. Finally, we aim to inte-
grate and test our framework’s mechanisms in explicit im-
itation (Torabi, Warnell, and Stone 2018, 2019) algorithms.
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