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Abstract

Learning a policy to reach vague goal states that cannot
be specified mathematically is a daunting task. A recent
example from the NeurIPS BASALT challenge is to build a
house in Minecraft. Formulating a reward function for such
a task is impossible. Approximating a reward model based
on a set of expert demonstrations via e.g. adversarial im-
itation learning eases the task by reducing it to a distribu-
tion matching problem. However, adversarial training is in-
herently unstable and imposes a significant computational
cost due to the high-dimensional space in which it operates.
In this work, we leverage advancements from recent mod-
els like DreamerV3 to explore the estimation of a reward
model directly in latent space, potentially reducing the com-
putational demands of adversarial training. We show that
through comparing imagination rollouts to expert gameplay
in latent space, the agent learns a meaningful policy even
with limited amount of expert data.

1. Introduction

Many real-world decision-making tasks lack a clearly de-
fined reward signal, which makes reinforcement learning
(RL) [41] difficult to apply effectively. Reward shaping can
go wrong in several ways: overlooking seemingly irrele-
vant aspects of the environment can lead to harmful side
effects; alternatively, the designed goal might lead an agent
to exploit an environment through undesired strategies [1].
In general, encompassing all possible scenarios coherently
with a single reward function is not feasible. For complex
tasks, where specifying a reward signal may be hard or even

impossible, imitation learning (IL) [38] is generally pre-
ferred to standard RL. IL is a natural choice when aiming to
train an agent to leverage human experience without an ex-
plicitly defined reward function: an IL agent learns by first
observing an expert completing a task and then mimicking
it.

Behavioral cloning (BC) [3, 37] is a method that turns
the IL problem into a supervised learning classification
problem, directly mapping states to actions based on ex-
pert demonstrations [7]. Well-known flaws of this approach
include distributional shift [36] and poor generalization, re-
sulting in the need to use large amounts of data for training.
Inverse reinforcement learning (IRL) [31] can be used to in-
fer a reward function from expert data, from which a policy
is then extracted via RL. Despite some success in control
tasks [31], IRL has not been successfully applied to larger
problems due to its high computational cost. Generative ad-
versarial imitation learning (GAIL) [22] was proposed as
an alternative solution to this problem. GAIL addresses the
problems of IRL by jointly learning a policy and a reward
model in an adversarial fashion. In general, GAIL requires
a small amount of expert data to recover a good policy, but
its training is slow and unstable, like other adversarial meth-
ods [2, 25].

World models [16] can be used to explicitly learn the
underlying dynamics of an environment, allowing agents
to make informed predictions about the future and improv-
ing generalization. An interesting concept in this domain
is imagination training - learning from hypothetical ex-
periences generated by the world model [40], which im-
proves sample efficiency. To contain computational costs
while preserving information, latent dynamics models were
shown to capture the necessary elements of the environ-



ment and allow for accurate long-term planning [15, 43].

An example of a model-based algorithm that benefits from

both imagination training and long-term predictions in la-

tent space is Dreamer [19-21].

Dreamer is a novel and efficient algorithm that lever-
ages past experiences to learn a world model and imagined
trajectories to learn long-horizon behaviors. Its architec-
ture consists of three modules: a dynamics model (world
model), a reward model (critic), and a policy (actor). The
algorithm trains all components concurrently. More specif-
ically, Dreamer updates its policy using imagined experi-
ence; then, it uses the improved policy to collect new roll-
outs in the real environment, and uses this experience to
update the world and reward models.

As such, Dreamer’s reward model depends on the actual
rewards coming from the environment. Therefore, Dreamer
is not applicable for tasks that do not feature a reward sig-
nal. In general, specifying a reward signal for RL is a hard
problem [29]. Additionally, in some cases a reward might
not be available at all. This is especially true for complex
environments [28, 29].

To address this shortcoming, we take inspiration from
adversarial imitation learning. The idea of combining the
advantages of adversarial imitation learning with Dreamer-
like, model-based algorithms has been explored previously.
Our work builds on top of V-MAIL [34], an algorithm that
applies GAIL to a Dreamer-like model using a variational
latent-space dynamics model. The authors highlight V-
MAIL sample efficiency and learning stability. However,
V-MAIL was only applied to simple control tasks. Hence,
its effectiveness on more complex domains, like open-world
games, has yet to be investigated.

In this paper, we address the dependency of DreamerV3
on pre-defined reward signals. Taking inspiration from V-
MAIL, we apply adversarial imitation learning directly to
DreamerV3. We end up obtaining close to PPO level per-
formance without access to reward signal and with a limited
dataset of expert trajectories. Additionally, we explore the
applicability of V-MAIL-like approaches to more complex
tasks, such as open-world games.

We summarize our contributions as:
¢ We introduce Dreamer-GAIL, a reward-free imitation

learning framework that integrates adversarial imitation
directly into DreamerV3’s latent imagination space, en-
abling policy learning without access to environment re-
wards.

e We propose an imitation-through-imagination
paradigm that adversarially matches imagined latent
rollouts to expert trajectories, and provide a theoretical
analysis showing improved generalization and bounded
deviation from classic GAIL under approximate encoder
sufficiency and bounded world-model error.

* We empirically demonstrate that the proposed method

outperforms standard imitation learning baselines and
demonstrates strong performance relative to PPO on Atari
and Crafter using a limited number of expert demon-
strations.

2. Related Works

World models: Classic RL policies [27, 39, 41] have been
proven to be unfeasible for complex tasks due to their in-
herent sample inefficiency. World models [16, 24] have ad-
dressed this problem by letting a policy train on imagined
states. Furthermore, Hafner et al. [19] introduced the idea
of a recurrent simulator [8] to train a policy in a simulated
environment. Later versions of the architecture—described
by Hafner et al. [20] and Hafner et al. [21]—improved the
representation by using categorical random variables and
extended the applicability to a variety of domains, respec-
tively. The Dreamer model has also been enhanced by other
teams, for example, by including diversity in imagined tra-
jectories to improve sample efficiency and model robust-
ness [30].

For Dreamer, it is easy to lose small details in the
decoded outputs, a fact alleviated by categorical latent
space [20], but the true culprit appears to be the log-
likelihood reconstruction loss [32]. Removing the decoder
completely is a reasonable solution, but will still require a
learning signal to estimate the encoder. The solution pro-
posed by Okada and Taniguchi [32] is to utilize a discrim-
inator. There is an analogy to our proposed method, as we
replace the original reward model with a discriminator.

Imitation Learning: As another attempt to improve the
sample inefficiency of RL, IL paved the way for the intro-
duction of offline reinforcement learning [26]. BC [3, 37]
uses the supervised learning paradigm to predict actions
from observations. Drawing inspiration from Generative
Adversarial Networks (GANSs) [14], methods such as Ad-
versarial Inverse Reinforcement Learning (AIRL) [11] and
Generative Adversarial Imitation Learning (GAIL) [22] in-
troduced the concept of adversarial training for IL and IRL.
Building on these, MGAIL [4] combined adversarial train-
ing with a forward model that learns the dynamics of an
environment, while V-MAIL [34] extended this approach to
high-dimensional tasks.

The goal of imitation learning can be thought of as find-
ing a policy that will produce a marginal distribution of
rollouts that is close to the marginal distribution of expert
demonstrations. One way to accomplish this is via Primal
Wasserstein Imitation Learning (PWIL) [10, 42], where a
policy is learned via a standard reinforcement learning al-
gorithm, but the reward is based on closeness to the visited
states.
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Figure 1. An overview of our method. At timestep ¢, the environment provides a state s; that is passed through Dreamer. As a result, an
imagined sequence of length L is obtained. Concurrently, a trajectory of length L is sampled from the expert dataset and each observation
is encoded using Dreamer encoder module. Both expert and imagined trajectories are then fed to our discriminator to compute a reward
signal r;. Finally, the inferred reward is used to update the current policy 7.

3. Problem Formulation and Method

3.1. Markov Decision Process

We assume that our reinforcement learning problem fol-
lows the Markov decision process (MDP) [0, 41] paradigm.
An MDP can be completely described by a 4-tuple M =
(S, A, T,R), where S is the set of allowed states an agent
can visit and A is the set of possible actions; 7, known as
the transition probability, describes the probability of vis-
iting state s’ from the current state s when executing ac-
tion a, ie. T(s'|s,a) : S x A x S — [0,1]; finally,
the reward function R(s,a) — R provides a scalar feed-
back to an agent visiting state s and executing action a. In
the RL setting, the main learning goal is to find a policy
m: S — Prob(.A) that maximizes the discounted cumula-
tive reward E[ZtTZT Y =Tr(s4, az)], with T being the length
of an episode, (s, a;) the realized reward at timestep ¢,
and v € [0,1] is a discount factor. Notably, policies are
agnostic to the transition dynamics 7.

The imitation learning scenario follows the same MDP
paradigm. However, in this case the reward function is
also unknown. In IL, our goal is to extract a policy 7
that solves the task at hand by leveraging a pre-collected
set of expert demonstrations. In general, demonstrations
are encoded as trajectories of state-action pairs 7, =
{(s0,a0), (s1,01),...,(sT—1,a7—1)} stored in a dataset
D = {m,72,...,7n}, where N is the number of available
trajectories. These key differences profoundly influence the
learning paradigm: for instance, an IL agent may attempt to
mimic the expert directly; on the other hand, some IL algo-
rithms focus on inferring a reward signal from demonstra-

tions and extracting a policy from it. In the latter example,
the goal of IL can be stated as finding a combination of pol-
icy and reward model that minimizes the distance between
the marginal distributions of the policy-generated rollouts
and expert demonstrations.

3.2. Proposed Method

Dreamer consists of three neural networks: world model,
actor, and critic. In our work, we preserve the world model
while replacing the reward model with an adversarial dis-
criminator. The discriminator learns to distinguish between
the predictions produced by the combination of actor and
dynamics model and the expert gameplay, simultaneously
training the policy to generate trajectories that are closer to
the experts’ trajectories. Technically, our implementation
has the discriminator as a part of the actor-critic ensemble.
The reward head of Dreamer’s world model is simply un-
used: we remap the reward function to the output of the
discriminator. World model loss remains unaffected. Actor
and critic losses are affected only in the sense that the critic
now uses a custom reward function to score policy trajecto-
ries. The process is illustrated in Figure 1. In Algorithm |
we can see the pseudo-code of the Dreamer-GAIL training
loop. The adversarial part, which is our proposed addition,
is highlighted by color. The model states m; ~ {h¢,z:}
mentioned in the pseudo-code encompass the deterministic
state h; produced by Dreamer’s sequence model combined
with the stochastic representation z;. This notation is differ-
ent from the one used by [21], so as not to confuse model
states specific to Dreamer with generic states as in state-
action pairs.



Algorithm 1 Dreamer with AIL

Initialize dataset B, with random seed episodes
Randomly initialize neural network parameters for
Dreamer components and discriminator D
for number of iterations do
for update step do
// Dynamics learning
Sample B trajectories of length L from B,
Map inputs z; to stochastic representations z; and
predict the sequence of representations given past
actions
From model states m,, predict continuation flags ¢,
From model states m;, calculate predicted rewards
r¢ using chosen reward function
Reconstruct the inputs &
Update the world model
/I Adversarial policy learning
Sample B trajectories of length L from expert
dataset Bg
Infer expert latent states 2™ from expert observa-
tions 2"
Generate latent rollouts (imagine trajectories) 2™
from policy dataset B,
Update the discriminator D using{z" 4"} and
{27, a"}
Update the policy 7 using chosen reward function 7;
end for
// Environment interaction
Reset environment
for time step ¢t = 1..7 do
Compute model states from history
Sample action a; from the actor model
Environment step
end for
Add experience to B,
end for

In the original Dreamer, the goal was to train the model
based on imagined trajectories, but the model had access to
the environment reward. However, such a reward is not di-
rectly associated with an imagined state-action pair (s, a).
The trained reward model was then used to predict the real-
ized reward (s, a) for the imagined state s. In the case of
imitation learning, we need to train a discriminator D(s, a)
that takes imagined states and world model encoded expert
demonstration states.

Orsini et al. [33] analyzed aspects of adversarial im-
itation learning in the observation domain. They list
four possible reward functions as the original GAIL [22],
AIRL [11], their own ”Natural” and FAIRL [12] reward
functions. In this work, based on the findings in [33], we

use the GAIL reward function
r(s,a) = —1n(l — D(s,a)) (1)

for our experiments. We have also explored the AIRL re-
ward function, but the differences in performance were sub-
stantial.

3.3. Imitation Objective

Let J(m) be true task return (environment score). Ulti-
mately, we want to show that after N environment steps:

J(rpg) > J(ng) — (error terms), (2)

where 7 is the policy learned by standard GAIL algorithm
and mp¢ is the policy learned by Dreamer-GAIL. To this
end, we decompose the performance gap into the three error
terms outlined below.

The change from raw image input to latent space in-
evitably introduces a representation error. Although latent
representations are less noisy than high-dimensional input,
they may also fail to capture relevant information for the
task. To account for representation error, we assume that
the encoder is approximately sufficient, in other words, we
assume it preserves the information that the discriminator
needs to distinguish between expert and agent behavior (see
details in 10).

As Dreamer uses its learned dynamics model to produce
imagined rollouts, they may differ from the actual environ-
ment experience, even when produced by the same policy.
This, in turn, introduces a model error, which grows with
imagination horizon.

4. Experimental Setup

Dreamer provides several pre-defined model sizes: small,
medium, large and extra large. Size is directly proportional
to both performance and data-efficiency, as it determines the
complexity of the underlying recurrent state-space model
(RSSM) [18]. In our experiments, we use a small size
Dreamer model due to computational limitations. The hy-
perparameters are consistent with the reference model used
in Hafner et al. [21]. The discriminator is implemented as
an MLP with 2 hidden layers. The default learning rate of
the Dreamer actor is 3e-5. According to Orsini et al. [33],
it may be better for the discriminator to have a learning rate
that is 2 — 2.5 orders of magnitude lower than that of the RL
agent, but we used a learning rate of 3e-9, as the discrimi-
nator was prone to learning too fast.

100M was chosen as the minimal number of environ-
ment steps to determine the performance of a model in the
Atari games. For DreamerV3, 100M is the number of steps
needed for the performance to start to plateau for most envi-
ronments [21], so we assume that imitation learning would
require at least as many interactions with the environment



to show meaningful progress or lack thereof. In Crafter, we
have to settle for 20M steps because of compute limitations.

4.1. Baselines

RL baselines To benchmark our imitation learning ap-
proach, we include two model-free reinforcement learn-
ing baselines: Proximal Policy Optimization (PPO) [39]
and Categorical DQN (C51) [5]. Both implementations are
taken from the CleanRL v2.4 library [23].

All baselines share a common experimental setup. We
use the standard Atari preprocessing pipeline: MaxAnd-
Skip(4) — grayscale resize 84x84 — frame-stack4. The
agents use the canonical convolutional architecture and
the default CleanRL hyper-parameters (e.g., Adam with a
learning rate of 2.5x107%, v = 0.99). Training is con-
ducted for 50 million environment steps for each of five ran-
dom seeds. During evaluation, we run the greedy policy for
10 episodes and report the mean and standard deviation of
undiscounted returns.

PPO is run in an on-policy setting with 8 parallel en-
vironments; after collecting 128 transitions from each en-
vironment, the agent executes 4 epochs of updates on the
aggregated batch using the clipped-surrogate objective, and
learning-rate annealing remains enabled. C51, in contrast,
is an off-policy agent that represents the return distribution
with 51 atoms and learns from a 0.5 million transition re-
play buffer. Full experimental details are provided in 9.

IL baselines Additionally, we train two PPO agents using
vanilla AIRL [11] and GAIL [22] on a small set of human-
collected data. In our experiments, we use the implemen-
tation of the two algorithms provided in the imitation [13]
library. To ensure a fair comparison with the RL baselines,
we leave the hyper-parameters for PPO unchanged. Due
to the instability issues of AIRL and GAIL, we ran a pre-
liminary study to determine the best configuration of hyper-
parameters for them. Unlike the reference implementation,
we run both algorithms for 2.5M steps; additionally, dur-
ing the adversarial loop, the discriminator is updated only
once, to avoid extreme dominance over the generator. As
the third IL baseline, we use MGAIL [4]. We modify the
implementation to work with image input by replacing the
encoder and decoder with their convolutional counterparts
while leaving the structure unchanged.

4.2. Environments

The Atari environments have been widely used not only in
RL research, but also for IL purposes [35, 44]; they provide
a set of diverse challenges, and the visual demonstrations
are easy to obtain. For our experiments, we use two Atari
games: Seaquest and Alien. These environments are dis-
tinct enough to require different skills and provide a mean-
ingful scale between the random agent score and the human

score, as reported by Hafner et al. [21], making it easier to
evaluate the performance of the algorithm. As a third en-
vironment, we use Crafter [17], a 2D open world survival
game provided as one of the default environments available
for Dreamer.

In Seaquest, the player is a submarine that rescues divers
while avoiding or shooting enemies (sharks and other sub-
marines). When the submarine is low on oxygen, it should
come up to refill air at the surface, and the difficulty of
the game will increase. Each time the submarine comes up
without any divers on board, it will lose a life.

In Alien, the player should destroy alien eggs and avoid
aliens. Destroying eggs should, in theory, discourage the
player from visiting the same place twice, but moving ene-
mies can complicate achieving this goal. Overall, the game-
play in Alien is less repetitive, the dynamics are more com-
plex and theoretically harder to learn.

The Crafter environment features a hierarchical crafting
system: some resources, such as stone, can be collected
only upon crafting a specific tool; conversely, some tools
can be crafted only after collecting a specific resource. Ad-
ditionally, Crafter features enemies like zombies and skele-
tons that can harm the player. Due to this fast-paced game
world, surviving in Crafter requires strong generalization
abilities.

4.3. Dataset

For both Seaquest and Alien, we construct our datasets from
the trajectories included in the AtariHEAD dataset (Version
4, CC-BY 4.0) [46, 47]. We are only interested in RGB
observations and actions. We only use the two best-score
trajectories, assuming that the optimality of the expert pol-
icy correlates with the success of the resulting game. We
slice each original trajectory into five parts featuring dif-
ferent stages of gameplay, thus obtaining 10 expert trajec-
tories, each of length 1024. For Crafter, we use the human
gameplay dataset provided by the author of the environment
(Crafter Human Dataset, CC-BY 4.0) [17]. We only use
the longest trajectories that tend to feature a wide variety of
achievements and behaviors, obtaining 10 expert trajecto-
ries, each of length 1024.

4.4. Evaluation

Performance is primarily determined by the in-game score.
However, episode duration must also be considered: for in-
stance, an agent could learn to early terminate an episode
to avoid a negative score; alternatively, agents might learn
to survive without accumulating score. Therefore, policies
that produce either long, low-score or extremely short, non-
negative-score episodes cannot be considered successful.
For each environment, we provide a quantitative evaluation
on a total of 250 episodes, aggregated over five chunks of
50 episodes played with different seeds.
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Figure 2. Evaluation scores. The shaded area denotes RL meth-
ods (C51, PPO), which are also labeled in bold. IL methods are
labeled in italics. Our method (Dreamer-GAIL) is further high-
lighted by color. Note that Seaquest and Alien scores are reported
using log scale, while Crafter score is reported as-is. The error bar
is standard deviation.

Additionally, we qualitatively evaluate the agents on
recorded episodes by inspecting consistent patterns in the
learned behavior. We point out that, while this evaluation
may not produce an accurate analysis of RL & IL algo-
rithms, assessing complex behaviors through a scalar re-
ward is generally difficult [29]. As such, we provide this ad-
ditional analysis to highlight emerging strategies that might
otherwise be overlooked.

5. Results

The comparison of Seaquest evaluation scores can be seen
in Figure 2a. We notice that, as in the other two
games, Dreamer-GAIL consistently ranks third, outper-

forming other IL baselines. We notice a performance gap
of around 700 points between the proposed method, with
GAIL reward, and the PPO. It is notable that under favor-
able seeds the proposed method almost reaches the perfor-
mance level of the PPO and even at the unluckiest it still
wins over the best baseline IL method, GAIL.

Our method was not intended to directly compete against
the RL baselines, which were included to show the best
performance if reward were available. In Figure 2b we
see evaluation scores for Alien environment, and we no-
tice that the proposed method is almost on par with RL
baselines. Noting also that all baseline IL. methods (GAIL,
BC and AIRL) performed equally poorly. Despite using
the same expert demonstrations as the IL baselines, the pro-
posed method extracted more meaningful information from
the data.

Finally, in Figure 2c we see evaluation scores of the
Crafter environment. Again we notice the same trend, C51
is a bit better than PPO, and the proposed method is the win-
ner over IL baselines. In the learning curves we see poten-
tial for improvement in Dreamer-GAIL, thus theoretically it
could achieve the same in Crafter if trained for longer. How-
ever, the transition to open-world games highlights the need
for a more diverse dataset, potentially including trajectories
that are not successful in the strict sense but nevertheless
provide additional examples of human behavior.

In Seaquest, Dreamer-GAIL has successfully learned to
shoot or avoid enemies, rescue divers, and come to the sur-
face when low on oxygen (Figure 3). In Alien, it has learned
to avoid aliens long enough to destroy most of the eggs on
the level (Figure 4). In Crafter, the agent has mostly learned
to passively survive, but there was one particularly inven-
tive seed that exhibited varied and successful behavior (Fig-
ure 5).

6. Connection to V-MAIL

As Dreamer-GAIL, also V-MAIL combines learning in la-
tent space with a discriminator. Even though there are sur-
face level similarities, significant differences also exist and
these are explored in the following Section and rest of the
discussion can be found in the Appendix F.

Latent space sufficiency. Let ¢y 45 and ¢py 3 denote
the VAE encoder and DreamerV 3 encoder respectively. Un-
der the assumption that the VAE encoder is trained to mini-
mize a reconstruction bound

Ly ap = E[-logp(s|2)] + KL[g(z]s)|lp(z)],  (3)

the VAE objective optimizes for I(s; z), the mutual infor-
mation between a state and its latent representation. By the
data processing inequality, for any function f:

I(f(s);2) <I(s;2) <I(s;8) — KL[q(2|s)|[p(2)]. (4



Figure 3. An example of successful behavior from Dreamer-GAIL in Seaquest, featuring each 8th frame. The agent purposefully collects
divers (frames 3, 4) and brings them to the surface (frames 6, 11) while simultaneously shooting enemies. The offloading of divers on the
surface raises the difficulty, which can be seen in the changing colors of the enemies.

Figure 4. The ending of an episode for Dreamer-GAIL in Alien, featuring each 8th frame. The paths where alien eggs are intact are
highlighted. While the agent hesitates in the frames 8-13, an alien approaching seems to motivate the agent to flee. The episode still
terminates with the alien catching the agent.
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Figure 5. An example of successful behavior from Dreamer-GAIL in Crafter, all in the span of the same episode. The agent collects
wood (frames A1-A3, C1-C4, E1-E2), uses 2 pieces of wood to construct a table (D1-D2) and 1 piece of wood to make a wooden pickaxe
(F1-F4). In the same episode, the agent eats a moving cow (B1-B3).

The KL term strongly penalizes assigning low probability which optimizes for I(z, a;; 2;+1), the mutual information

to real data, actively compressing the representation, and
leading to potentially discarding relevant information. The
DreamerV3 encoder, on the other hand, is tightly integrated
with the dynamics predictor and is assumed to minimize a
predictive bound

Lpvs = E[—logp(si41]2t, ar)], &)

between the current latent-action pair and the next latent
state. Because the discriminator must distinguish behav-
ioral trajectories, an optimized representation for transition
prediction better preserves the information relevant to the
discriminator.

Tailored for Continuous Actions. V-MAIL uses SAC
as its underlying policy optimizer. The policy update (Equa-



tion 8 in the paper) back-propagates through the learned dy-
namics model 7Ty to optimize the policy my,.

This is the reparameterization trick applied through the
model, which means: (i) The policy is assumed to be a con-
tinuous, differentiable distribution (a squashed Gaussian, as
in standard SAC). (ii) The gradient path 9L/0m through
model rollouts requires differentiable action sampling. (iii)
In a discrete setting, this gradient path breaks for the same
reasons as in vanilla SAC.

Our experiments indicate that V-MALII is able to learn to
reconstruct states in the Atari environment (see Appendices
for rollouts). But the learned policy is not able to take any
actions. According to analysis above, we would need to
apply discrete action space fixes developed for SAC such as
in [9, 48].

7. Conclusions

This work demonstrates that imitation learning can be suc-
cessfully performed without access to an explicit reward
signal by leveraging latent imagination within a world-
model framework. By integrating adversarial imitation
learning into DreamerV3, we enable policies to be learned
through comparisons between imagined trajectories and ex-
pert demonstrations in latent space. Our theoretical analy-
sis provides insight into why this formulation improves dis-
criminator generalization and stabilizes training relative to
observation-space adversarial approaches. Empirically, we
show that the proposed method consistently outperforms
standard imitation learning baselines and narrows the gap
to reward-driven reinforcement learning across Atari and
Crafter, despite relying on a limited set of expert trajecto-
ries.

At the same time, our results highlight several limita-
tions. Performance in open-world environments such as
Crafter plateaus early, suggesting sensitivity to demonstra-
tion diversity and hierarchical environment dynamics. In
addition, the approach inherits approximation error from
both the learned world model and the latent representation,
which may limit scalability to longer horizons or highly
stochastic domains. Addressing these challenges through
richer and more diverse expert datasets, improved world-
model fidelity, and mechanisms for handling heterogeneous
or suboptimal demonstrations represents an important di-
rection for future work. Developing discrete action space
fixes for V-MAIL would enable fair empirical comparison
between Dreamer-GAIL and V-MAIL.

Overall, this paper positions latent imagination as a prin-
cipled and scalable substrate for imitation learning in com-
plex environments where reward specification is difficult
or impossible, and we hope it encourages further research
at the intersection of world models and imitation learn-
ing.
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