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Abstract. The recent technique of Model-Based Reinforcement Learn-
ing learns to make decisions by building a world model about the dy-
namics of the environment. The world model learning requires exten-
sive interactions with the real environment. Therefore, several innova-
tive approaches such as APV proposed to unsupervised pre-train the
world model from large-scale videos, allowing fewer interactions to fine-
tune the world model. However, these methods only pre-train the world
model as a video predictive model without action conditions, while the
final world model is action-conditional. This gap limits the effective-
ness of unsupervised pre-training in enhancing the world model’s ca-
pabilities. To further release the potential of unsupervised pre-training,
we introduce an approach that Pre-trains the world model from action-
free videos but with Learnable Action Representation (PreLAR). Specif-
ically, the observations of two adjacent time steps are encoded as an im-
plicit action representation, with which the world model is pre-trained
as action conditional. To make the implicit action representation closer
to the real action, an action-state consistency loss is designed to self-
supervise its optimization. During fine-tuning, the real actions are en-
coded as the action representation to train the overall world model for
downstream tasks. The proposed method is evaluated on various visual
control tasks from the Meta-world simulation environment. The results
show that the proposed PreLAR significantly improves the sample ef-
ficiency in world model learning, demonstrating the necessity of incor-
porating action in the world model pre-training. Codes can be found at
https://github.com/zhanglixuan0720/PreLAR

Keywords: World Model · Unsupervised Learning · Model-Based Re-
inforcement Learning · Learnable Action Representation

1 Introduction

The technique of Model-Based Reinforcement Learning learns to make decisions
by building a dynamics model of the environment [26]. It follows the framework
of an agent interacting in an environment, learning a model of the environment,
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and then leveraging the model for decision-making. Equipped with a learned
dynamics model of the environment, a system uses this model of the world to
ask questions of the form “what will happen if I do x?” to choose the best x [3].
In this manner, the agent is enabled to interact with this model rather than the
actual environment to make decisions or learn behaviors more efficiently.

The recent advanced works propose to build a world model that further
develops the dynamics model by not only approximating the state transition
but also reward prediction of the actual environment to facilitate planning and
behavior learning (akin the System 2 and System 1 in [7] respectively) with
imaginary trajectories [22]. In previous work, the world model has been studied
and achieved tremendous success by learning latent dynamics models in compact
representation space [14–17] or action-conditional video prediction models [10],
such as the DreamerV2 [16] and VLP [10]. However, learning the world model
from scratch without any preliminary knowledge of the environment demands
substantive interactions with the real environment, as the learning of the dynam-
ics needs feedback from the environment. This substantive interaction usually
takes a lot of time or is even impossible in some scenarios, which thus limits the
efficiency of the word model and behavior learning. Inspired by the success of
unsupervised pre-training in fields like computer vision [9] and natural language
processing [27], some researchers have suggested unsupervised training of world
models using unlabeled data, such as the videos without action and reward la-
bels. This pre-training methodology serves to infuse the world model with prior
knowledge derived from the unlabeled videos. Consequently, only minimal inter-
actions are needed to fine-tune the world model for a specific downstream task,
thereby significantly enhancing learning efficiency.

In the context of the world model, the pre-training and fine-tuning paradigm
was first investigated by recent innovative work, Action-free Pre-training from
Videos (APV) [30]. The APV pretrains a video predictive model from action-free
videos to learn the representation useful for understanding the dynamics. In the
fine-tuning phase, an action-conditional latent dynamics model is stacked on top
of the video predictive model and fine-tuned with actual interaction data from
the environment. In this way, the learned state representations transfer well to
downstream tasks. Afterward, the ContextWM [33] world model poses an im-
provement of the APV, which models visual context and dynamics individually
to remove the interference of complex and diverse visual information irrelevant
to the dynamics transition, improving the learning efficiency of the world model.

However, these two methods only pre-train the world model as a video predic-
tive model without considering action conditions, whereas the final world model
of a specific task is action conditional. The video predictive model is largely
engaged in capturing the transition dependencies that exist between sequential
states, while the world model concentrates on learning the causality that con-
nects these sequential states. This discrepancy causes a modeling gap between
the pre-training and the fine-tuning phases. Consider a scenario where a robot
arrives at an intersection with multiple possible routes like turning left or right.
The video predictive model is only equipped to capture the probability of the



PreLAR 3

robot turning either way based on the dataset. On the contrary, the world model
is expected to learn the causality between the turning action and the result views,
such as ‘turn left’ action leads to a view of left, while ‘turn right’ action
leads to a view of right. Therefore, pre-training the world model as a video pre-
dictive model falls short in modeling the causal transition which may restrict
full potential of unsupervised pre-training from action-free videos.

To further release the potential of unsupervised pre-training in the world
model, in this work, we propose to pre-train the world model from action-free
videos but with learnable action representation, i.e. pre-trains the world model
as action-conditional. Specifically, we achieve this by encoding the observations
of two adjacent time steps into an implicit action representation and thereby fa-
cilitating the pre-training of the world model as action-conditional. Furthermore,
to make this implicit action representation closer to the real action, we design
an action-state consistency loss to self-supervise its optimization. During the
fine-tuning phase, real actions are encoded as the action representation to train
the overall world model for specific downstream tasks. Our proposed action-
conditional pre-training allows the implicit learning of transition causality in
the videos, instead of just capturing the transition dependencies in the action-
free pre-training. This thus reduces the discrepancy between the pre-training
and fine-tuning, inducing a better transfer of the pre-training model to specific
downstream tasks. Briefly, the main contributions of this work are as follows:

– We propose an action-conditional pre-training scheme for the world model,
which pre-trains the world model from videos with Learnable Action Repre-
sentation (PreLAR). This kind of pre-training implicitly learns of transition
causality from action-free videos and thus facilitates the fine-tuning of the
world model for specific downstream tasks.

– To better learn the implicit action representation, we design an inverse dy-
namics encoder as well as an action-state consistency loss to self-supervise
the optimization of implicit action representation.

– Superior performance is achieved in various visual control tasks from the
Meta-world simulation environment, which demonstrates the effectiveness of
our method in improving the sample efficiency of world model learning.

2 Related Work

In this section, we first introduce the development and architecture of the world
model in reinforcement learning. Afterward, several representative approaches
in world model pre-training are discussed. Finally, we investigate the action
representation in robotics when learning behavior from action-less videos.

2.1 World Model in Reinforcement Learning

Model-Based Reinforcement Learning (MBRL) enhances decision-making by
building a dynamics model of the environment, thereby reducing significant in-
teraction with the real world during the trial-and-error process and improving
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learning efficiency. Recent advancements in the concept of the world model aug-
ment the dynamics model by approximating the actual environment’s state tran-
sition and reward prediction, thereby facilitating planning and behavior learning
with imaginary trajectories [22]. Ha and Schmidhuber first propose this concept,
defining the world model as a latent dynamics model within a compact repre-
sentation space, with the latent state representation compressed from visual ob-
servation through a Variational Auto-Encoder (VAE) [12,13]. Subsequently, the
DreamerV1-V3 [14, 16, 17] enhance this latent dynamics model by introducing
stochastic dynamics, discrete latent representation, and symlog prediction, thus
finally enabling stable application across various domains with fixed hyperpa-
rameters. Recent works [25,28,37] also incorporate the Transformer architecture
into their world model, combining its robust sequence modeling and generation
abilities to achieve higher performance in the Atari 100k benchmarks [8,24]. The
State Space Model (SSM) is also adopted in the world model design to improve its
long-term sequence modeling ability [8,24]. In addition to learning the dynamics
in compact latent representation space, some works propose to design the world
model as an action conditional video prediction model to generate imaginary
trajectories [19, 20, 31, 32] based on advanced diffusion models [6, 29]. Despite
the tremendous successes in enhancing reinforcement learning algorithms’ final
performance and sample efficiency, existing works on world models necessitate
extensive interactions with the actual environment, limiting their efficiency.

2.2 Pre-training in World Model

To improve the learning efficiency of the world model, the pre-training and
fine-tuning paradigm succeeded in computer vision and natural language pro-
cessing presents a promising inspiration for this problem. To the best of our
knowledge, APV [30] first innovatively studies the pre-training and fine-tuning
paradigm of the world model to improve its training efficiency in downstream
tasks. In the pre-training phase, APV trains an action-free latent dynamics model
from action-free videos. When fine-tuning downstream tasks, another action-
conditional latent dynamics model is stacked on top of the action-free latent
dynamics model, and the overall model is optimized jointly to adapt to down-
stream tasks. The recent work, ContextWM [33], proposes an improvement of
the APV framework that separately models the visual context and dynamics
individually during pre-training from complex and diverse in-the-wild videos.
Similar to APV, ContextWM also trains an action-free latent dynamics model
in pre-training to learn state representation useful for downstream tasks but
remove the interference of complex and diverse visual information irrelevant to
dynamics transition. SWIM [23] pre-trains the action conditional world model in
large-scale human manipulation datasets and transfers it to robotics manipula-
tion tasks. In this study, the action labels from manipulation videos are detected
explicitly using off-the-shelf visual models.

Contrary to the APV and ContextWM, which pre-trains the world model
as a video predictive model without action, we pre-trains the world model with
action conditional. This scheme implicitly learns the causality that links these
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sequential states and keeps the same architecture between per-training and fine-
tuning. As a result, it alleviates the gap between the pre-training and fine-tuning
phases, enabling easy knowledge transfer to downstream tasks.

2.3 Action Representation in robotics

Beyond pre-training the model without considering the actions, another ap-
proach for leveraging the action-free videos is inferring the action from action-less
videos and then training the world model with inferred action. In the field of
robotics, VPT [4] trains an Inverse Dynamics Model (IDM) with small data la-
beled by humans, to create pseudo-labels for a larger dataset. Zhang et al. [36]
also propose to label the video data with action predictor and use the optical flow
input to facilitate the transfer of the action prediction model among datasets
with different visual appearances. Ko et al. [21] estimate the action from action-
less videos with the dense correspondences of optical flow and depth, using the
off-the-shelf GMFlow [34] for optical flow prediction. These methods necessitate
additionally labeled datasets to train the action predictor, with the accuracy of
the action prediction significantly influencing the world model’s performance.
However, this may not fully capitalize on the potential of action-free videos.
Moreover, a world model trained with pseudo-action labels is only applicable to
downstream tasks with the same action space. Conversely, our method is entirely
unsupervised, enabling broader usage of action-free videos without requiring la-
beling, thus reducing costs. Additionally, the implicit action representation in our
pre-trained model broadens its application across various downstream tasks.

3 Method

3.1 Formulation

Following [30, 33], the visual-based control task in our paper is formulated as
a Partially Observable Markov Decision Process (POMDP), defined as a tuple
(O,A, p, r, γ). O is the observation space, such as the high dimensional RGB
image space; A is the action space; p(ot|o<t, a<t) is the transition dynamics;
r(o≤t, a<t) is the reward function, and γ is the discount factor. The goal of
Model-Based Reinforcement Learning (MBRL) in our formulation is to learn a
policy that maximizes the expected cumulative rewards E[

∑T
t=1 γ

t−1rt], where
the policy is trained with the imaginary trajectories that sampled from a learned
world model (p̂, r̂) approximating the environment.

In the pre-training and fine-tuning paradigm, the world model is firstly pre-
trained on action-free video dataset D = {(ot)Tt=1} without action and reward
labels, and then is fine-tuned on the trajectory data {ot, at, rt}Tt=1 gathered from
online interactions with actual environment. Leveraging the learned world model,
a policy is finally developed for behavior learning of specific visual control tasks.
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(b) World model fine-tuning

Fig. 1: Illustration of our proposed framework. (a) The world model is pre-trained
with learnable action representation from action-free videos. (b) The world model is
fine-tuned for downstream tasks, e.g. manipulation. The action encoder is additionally
introduced to map the real action to the implicit action representation. The uppercase
letters are E: representation model, T : transition model, D: image decoder, I: inverse
dynamics encoder, A: action encoder, and R: reward predictor.

3.2 World model pre-training with learnable action representation

As initiated in APV [30], three components are needed to pre-train a world
model, i.e. the representation model qϕ that encodes observation ot to a model
state zt, the transition model that predicts future model state ẑt without access
to the observation, and the image decoder that reconstructs image observations
ôt. The full training of the world model needs the video dataset along with action
labels for each observation. However, the action-free videos used for pre-training
lack action labels. Hence, in APV [30], the world model is simplified into a latent
video prediction model by neglecting the action, as formulated below:

Representation model (APV): zt ∼ qϕ(zt|zt−1, ot),

Transition model (APV): ẑt ∼ pϕ(ẑt|zt−1),

Image decoder (APV): ôt ∼ pϕ(ôt|zt).
(1)

As analyzed in Sec. 1, the action-free video prediction model can only capture
transition dependencies between sequential states, while the final world model
is action conditional which models the causality that connects the sequential
states. To alleviate this discrepancy between the action-free pre-training and
action-conditional fine-tuning of the world model, we instead pre-train the world
model in action conditional manner. Specifically, we establish a latent dynamics
model conditioned on learnable implicit action representation, as well as design
an action-state consistency loss to constrain the implicit action representation
closer to real action.

(a) Pre-training architecture According to our observation, humans can
easily identify the actions in the videos. For example, when we see a human
walking video, we can easily tell when the person in the video ‘turn left’ and
when they ‘turn right’. Drawing inspiration from this, we propose to learn
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an implicit action ãt−1 from successive video frames and pre-train the world
model in an action conditional manner based on this implicit action. The latent
dynamics model conditioned on learnable action representation also includes
three components and is formulated as follows:

Representation model: st ∼ qϕ(st|st−1, ãt−1, ot),

Transition model: ŝt ∼ pϕ(ŝt|st−1, ãt−1),

Image decoder: ôt ∼ pϕ(ôt|st).
(2)

The role of each model in Eq. (2) is the same as that in APV, but in our
representation and transition model, the action is considered, i.e. in action con-
ditional. This kind of architecture can learn the transition causality between
the implicit action representation ãt−1 and the state ŝt. Moreover, the action-
conditional architecture is consistent with that of the final world model. This can
alleviate the discrepancy between pre-training and fine-tuning thus facilitating
the fine-tuning of the world model for specific downstream tasks.

In Eq. (2), deriving a meaningful action from the action-free video is crucial
for the success of pre-training. Given that sequential videos inherently contain ac-
tion information, we expect to deduce this from observations at two consecutive
time steps, akin to an inverse dynamics process. To achieve this, we introduce
an inverse dynamics encoder designed to infer action representation from two
adjacent video frames, as formulated below:

ãt ∼ qϕ(ãt|ot, ot+1). (3)

(b) Pre-training loss function To optimize the model parameters in Eq. (2)-
(3), two loss functions are constructed. First, a variational bound is used to
maximize the data log-likelihood. Additionally, we introduce an action-state con-
sistency loss, a novel component aiming at aligning the implicit action represen-
tation closer to the real action.

Log-likelihood maximization loss. During the pre-training phase, the
model parameters ϕ in Eq. (2)-(3) are optimized by maximizing the log-likelihood
of videos in the dataset D. As shown in Eq. (4), the likelihood of the observation
sequence is divided into two parts: (i) the log-likelihood of action conditional
video data; and (ii) the action Kullback–Leibler (KL) loss. The latter is further
decomposed according to the temporal and optimized through minimizing the
evidence lower bound (ELBO). Here the decomposition is carried out based on
the assumption that the current action solely depends on the observations in the
current and subsequent time steps, as illustrated in Eq. (3).

ln p(o1:T ) ≜ ln

∫
p(o1:T |ã1:T )p(ã1:T )dã1:T

≥ Eq(ã1:T |o1:T )[ln p(o1:T |ã1:T )]− KL[q(ã1:T |o1:T )∥p(ã1:T )]

= Eq(ã1:T |o1:T )[ln p(o1:T |ã1:T )]−
T∑

t=1

KL[q(ãt|ot, ot+1)∥p(ãt)].

(4)
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Following the derivations in [15], the Eq. (4) can be further reformulated as
the following objective:

Llike(ϕ) = Eqϕ(s1:T |o1:T )qϕ(ã1:T |o1:T )

[∑T

t=1

(
− ln pϕ(ot|st)
image log loss

(5)

+βKL[qϕ(st|st−1, ãt−1, ot)∥pϕ(ŝt|st−1, ãt−1)]
dynamics KL loss

)]
+βaKL[qϕ(ãt|ot, ot+1)∥p(ãt)]

action KL loss

,

where β and βa are scale hyperparameters and T is the length of minibatch in
training sequence. The first term in Eq. (5) is the same as that in the typical
latent dynamics model, representing a reconstruction loss of the observation. The
second term seeks to align the encoding output of the representation model with
the predictions from the transition model, ensuring their closeness. The third
term is to constrain actions derived from observations to obey a particular prior
distribution. Here, the transition model is implemented as a recurrent state-space
model (RSSM) [15] conditioned on learnable action representation to effectively
capture the causality information from the action-free video.

Action-state consistency loss. The action inferred via Eq. (3) is not nec-
essarily a good action representation due to the shortcut learning and ambiguity
of implicit action space. To solve these problems, we introduce two additional
constraints: a Gaussian regularization and an action-state consistency loss.

Firstly, as shown in Eq. (3), a simplistic form of shortcut learning could occur
if the action representation utilizes the future observation ot+1 for inference, and
the transition model directly employs information from ãt (which includes the
information of subsequent observation) to predict the next latent state. Such a
process results in shortcut learning between action representation ã and future
observation ot+1, bypassing the underlying causality and leading to the collapse
of the learning process within the latent dynamics model. To address the issue
of shortcut learning, we constrain the distribution of the action representation
to be close to the standard normal distribution by assuming p(ãt) obey N (0,1)
in the action KL loss in Eq. (5). This is grounded in information bottleneck the-
ory [2], which demonstrates its effectiveness in minimizing the representation’s
information capacity to contain the input signals.

Secondly, to address the ambiguity of implicit action space, we introduce a
self-supervised action-state consistency loss that accounts for the relationship
between action and observation. For instance, if two significantly different ac-
tions are applied to the same observation, the resulting observations should also
differ substantially in most cases, and vice versa. This implies that the varia-
tion in future states is positively related to the variation in actions applied to
the same current state. Leveraging this insight, we formulate a specialized loss
function aiming at aligning the relative differences in actions with the relative
differences in their corresponding future states. This strategy is intended to bring
the learnable action representation closer to the real action.

Specifically, given an initial state s0 and two implicit action representations
ã1, ã2, the transition model predicts two states ŝ1, ŝ2. The difference between
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actions and states forms a pair:

< ∆ã = dis(ã1, ã2), ∆ŝ = dis(ŝ1, ŝ2) >, (6)

where dis function represents the L2 distance when the inputs are deterministic
variables and the KL divergence if the inputs are stochastic distributions.

As previously analyzed, the difference between actions (i.e.∆ã) is positively
correlated to the difference in their corresponding future states (i.e. ∆ŝ). Conse-
quently, the ordering (i.e., the result of argsort operation) of these differences
should remain consistent within a minibatch, as illustrated below:

agrsort({∆i
ã}Bi=1) = agrsort({∆i

ŝ}Bi=1), (7)

where B is the batch size. Unfortunately, the argsort operator in Eq. (7) is not
differentiable, making it hard to optimize. To circumvent this issue, we employ a
numerical sign function as a substitute for argsort, which serves an equivalent
purpose in our context. Consequently, we formulate the loss function as follows:

Lr(ϕ) =
1

B2

∥∥∥sign([∥∆i
ã −∆j

ã∥2
]B
i,j=1

)
− sign

([
∥∆i

ŝ −∆j
ŝ∥2

]B
i,j=1

)∥∥∥2
2
, (8)

where the element-wise sign function returns 1 for input greater than 0, -1 for
less than 0, and 0 for equal to 0. In our implementation, we shuffle the training
data in the minibatch to construct the contrastive samples ã1, ã2.

Overall loss of pre-training. By summing the above objectives, the overall
optimization loss in the pre-training phase is finally obtained as follows:

Lpre-train(ϕ) = Llike(ϕ) + βrLr(ϕ), (9)

where βr is the scale hyperparameter.

3.3 World Model Fine-tuning with Real Action

Based on the pre-trained model, we fine-tune the world model to downstream
tasks using trajectory data (contains the real action) collected from the inter-
action with the real environment. Specifically, we introduce an action encoder
mapping the real action to the implicit action representation along with a re-
ward predictor that estimates the environmental reward. The input to the action
encoder varies according to the specific visual control task at hand, allowing for
diverse downstream tasks to be fine-tuned based on this pre-trained model. The
overall model in fine-tuning phase is summarised in Eq. (10):

Representation model: st ∼ qϕ(st|st−1, ãt−1, ot),

Transition model: ŝt ∼ pϕ(ŝt|st−1, ãt−1),

Action encoder: ãt ∼ pθ(ãt|at),
Image decoder: ôt ∼ pϕ(ôt|st),
Reward predictor: r̂t ∼ pθ(r̂t|st).

(10)
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Similar to Eq. (2), the overall model in Eq. (10) is optimized by minimizing the
loss function in Eq. (11) as follows:

Lfine-tune(ϕ, θ) = Eqϕ(s1:T |o1:T )pθ(ã1:T |a1:T )

[∑T

t=1

(
− ln pϕ(ot|st)
image log loss

− ln pθ(rt|st)
reward log loss

− ln pθ(rt + rintt |st)
auxiliary reward log loss

+βKL[qϕ(st|st−1, ãt−1, ot)∥pϕ(ŝt|st−1, ãt−1)]
dynamics KL loss

)]
. (11)

During the optimization of the model in Eq. (10), the representation model,
transition model, and image decoder are initialized with parameters from the
pre-trained model. Moreover, to achieve a more effective solution, we leverage
the exploration encouragement intrinsic bonus introduced in APV [30], which is
formulated as follows:

rintt
.
= ||φ(yt)− φ(ykt )||2, (12)

where φ denotes the random projection [5] that maps the input to a low-
dimensional representation for efficient computation of distances, and the ykt
represents the k-nearest neighbor of yt in a minibatch. Here we implement yt as
the observation embedding instead of the action-free model state in [30,33] for
effective computation of the intrinsic bonus.

To learn the policy to complete a specific visual control task based on the fine-
tuned world model from Eq. (10), we use the actor-critic reinforcement learning
algorithm for behavior learning, similar to the methodology adopted in Dream-
erV2 [16]. More details can be found in the supplementary materials Sec. 1.

4 Experiment and Result

We conduct experiments in the widely used simulation environment in visual
control task study to investigate the following question:

– Can the PreLAR method improve the sample efficiency of visual control
tasks in robotic manipulation by pre-training from videos with learnable
action representation?

– How does the PreLAR compare to the naive fine-tuning scheme?
– What is the contribution of each proposed technique in PreLAR?

Following the evaluation protocol in [1,30], we report the interquartile mean
(solid line in results figures) with bootstrap confidence interval (CI) and stratified
bootstrap CI (shaded regions in results figures) for the result on individual tasks
and aggregate results across 8 runs for each task.

4.1 Experiment Setup

Dataset and Simulation environment. Following the setting in APV [30], we
assess the performance of PreLAR within the context of robotic manipulation
tasks from the Meat-world [35] environment. For pre-training, we exploit two
distinct video datasets as follows:
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(b) Pre-trained on SSv2

Fig. 2: The aggregated results with pre-training on (a) RLBench and (b) SSv2. All
manipulation tasks are fine-tuned and tested in the Meta-world environment.

– RLBench is a simulated video dataset collected from RLBench simulation
environment [18] as in APV, which consists of 10 manipulation demonstra-
tions rendered with 5 camera views in 99 tasks from RLBench, giving a total
of 4950 videos.

– Something-Something-V2 (SSv2) is a real-world video dataset that con-
tains 220K video clips of humans performing pre-defined, basic actions with
everyday objects, such as Putting something on a surface, Moving something
up, and Covering something with something [11].

For the downstream tasks, we use the Meta-world simulation environment to
fine-tune the world model and test the learned manipulation behavior. In our
setting, the maximum episode length is 500 steps without any action repeat, the
action dimension is 4, and the reward ranges from 0-10 in all manipulation tasks.

Implementation Details. The model in the pre-training phase is trained by
minimizing the objectives in Eq. (9) for 600K gradient steps. For downstream
tasks, the model is fine-tuned by minimizing the objectives in Eq. (11) for 250K
environment steps. We share the most hyperparameters and implementation
with APV. The newly added or modified components are described below. The
scale hyperparameters β, βz, βr in objective functions are simply set as 1.0. The
13-layer ResNets are adopted as visual encoders and decoders as in [33]. For a
fair comparison, the visual encoders and decoders of APV are also replaced with
13-layer ResNets. The inverse dynamics encoder in Sec. 3.2 is also implemented
as the 13-layer ResNets with visual observations of the current and subsequent
frames as input. The action encoder in Sec. 3.3 is implemented as 2 layers of
MLPs with 1024 hidden units and 64 output units. More details can be found
in the supplementary materials Sec. 5.

4.2 Experiment Results

Results with pre-training on RLBench. Firstly, we investigate the perfor-
mance of PreLAR pre-trained on the RLBench dataset and fine-tuned with ma-
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Fig. 3: The results of each manipulation task with RLBench pre-training.

nipulation tasks from the Meta-world simulated environment. The compared re-
lated works include DreamerV2, APV, and ContextWM. All pre-training meth-
ods, including APV, ContextWM, and our own, are pre-trained on the RLBench
dataset and then fine-tuned on the Meta-world simulation environment. The
baseline method DreamerV2 is directly trained on the online interaction trajec-
tories with the simulation environment without pre-training.

The learning curves on six robotics manipulation tasks from the Meta-world
environment and their aggregated results are shown in Fig. 3 and Fig. 2a re-
spectively. Compared to the DreamerV2 baseline without pre-training, the pre-
training approaches, APV, ContextWM, and ours PreLAR improve the final
performance and sample efficiency on most tasks, indicating that per-training
from action-free videos is valid for efficient world learning. Moreover, the pro-
posed PreLAR surpasses the action-free pre-training framework APV and its im-
provement ContextWM. This demonstrates that the proposed scheme of learn-
ing action-conditional model during the pre-training phase alleviates the gap
between pre-training and fine-tuning, thus efficiently transferring knowledge to
downstream tasks. We also observe that the PreLAR outperforms other pre-
training methods significantly in Drawer Open and Lever Pull tasks. We specu-
late that demonstrations in the training videos have a high similarity with these
two tasks, hence allowing for better utilization of pre-training knowledge.

Results with pre-training on Something-Something-V2. Secondly, we
further investigate the effectiveness of PreLAR when pre-trained on a dataset
with a larger discrepancy, i.e. pre-training on real-world human manipulation
videos (SSv2) but fine-tuning in the Meta-world simulation environment.

The learning curves on six robotics manipulation tasks from the Meta-world
environment and their aggregated results are shown in Fig. 4 and Fig. 2b respec-
tively. Similarly, we find that the pre-training approaches are generally effective
in improving the final performance and sample efficiency of the world model
learning, indicating the advantage of pre-training in real-world videos. Moreover,
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Fig. 4: The results of each manipulation task with SSv2 pre-training.
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Fig. 5: The ablation results with RLBench pre-training. (a) The performance of
PreLAR with removed Action KL Loss (AL) and action-state Consistency Loss (CL).
(b) Comparison of our approach using an action-conditional pre-trained model against
the naive fine-tuning scheme with an action-free pre-trained model.

the proposed PreLAR generally surpasses the action-free pre-training framework
APV and ContextWM, demonstrating the significance of action-conditional pre-
training in world model learning, even if under the challenge setting that pre-
trained with real-world videos and transferred to the simulated environment.
Nonetheless, the PreLAR underperforms APV on the Door Lock. For this, we
guess that the large discrepancy between pre-training videos and the fine-tuning
environment causes the dynamics learned in the pre-training phase to have little
similarity with the Door Lock task, thus resulting in a negative transfer.

Effect of proposed techniques To evaluate the contribution of the proposed
technique in PreLAR, we report the results of several variants of PreLAR by
gradually removing the proposed techniques as follows:

– PreLAR (w/o CL). We set the βr = 0 in Eq. (9) to discard the action-state
Consistency Loss (CL).
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– PreLAR (w/o CL & AL). We further remove the Action KL Loss (AL)
in Eq. (5) and model the action representation as a deterministic variable
instead of the stochastic latent variable.

– Naive Fine-Tune (FT). We do not include any of the proposed techniques
and directly fine-tune the action-free pre-trained model, as in APV.

As shown in Fig. 5a, PreLAR without the action-state consistency loss (i.e.
PreLAR (w/o CL)) exhibits reduced performance compared to the full PreLAR.
Further, PreLAR without both the action-state consistency loss and action KL
loss (i.e. PreLAR (w/o CL & AL)) exhibits a significantly reduced performance.
These comparisons demonstrate the effectiveness of both losses in facilitating
the learning of accurate action representations. Especially, the action KL loss
appears to offer larger benefits, suggesting that the appropriate form of the
implicit action representation is crucial and merits further investigation.

Furthermore, to thoroughly examine the advantages of the action-conditional
pre-training strategy over the action-free pre-training strategy, we conduct a
comparison between the full PreLAR and the Naive Fine-Tune scheme, within an
identical architectural setup. The Naive Fine-Tune scheme fine-tunes the world
model directly initialized with the action-free pre-trained model. Given that the
Naive Fine-Tune scheme does not benefit from the intrinsic bonus, both the
Naive Fine-Tune scheme and our PreLAR are pre-trained without the intrinsic
bonus, to ensure a fair comparison.

As shown in Fig. 5b, the naive fine-tuning scheme, based on action-free pre-
training, yields performance on par with the baseline DreamerV2. This out-
come highlights a noticeable discrepancy between action-free pre-training and
action-conditional fine-tuning. In contrast, our proposed action-conditioned pre-
training scheme, PreLAR, obviously outperforms DreamerV2 and Naive FT,
which clearly shows that action-conditional pre-training is advantageous for
bridging the gap between pre-training and fine-tuning phases, thereby unlocking
the full potential of unsupervised pre-training.

5 Conclusion and Future Work

In this work, we propose a scheme that pre-trains the world model with learnable
action representation. This kind of pre-training learns implicit transition causal-
ity from action-free videos and thus facilitates the fine-tuning of the world model
for specific downstream tasks, improving the efficiency of the world model and
behavior learning. Our experiment results in various visual control tasks from the
Meta-world environment demonstrate the effectiveness of our method in improv-
ing the sample efficiency of world model learning. However, our study acknowl-
edges a limitation: the action representation is inferred solely from observations
at two consecutive timesteps, while a more precise action representation could
necessitate the consideration of a broader sequence of video frames. This also
merits a direction for future research that involves exploring how to accurately
learn implicit action representations from videos.
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