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Abstract— Unlike quasi-static robotic manipulation tasks like
pick-and-place, dynamic tasks such as non-prehensile manip-
ulation pose greater challenges, especially for vision-based
control. Successful control requires the extraction of features
relevant to the target task. In visual imitation learning settings,
these features can be learnt by backpropagating the policy loss
through the vision backbone. Yet, this approach tends to learn
task-specific features with limited generalizability. Alternatively,
learning world models can realize more generalizable vision
backbones. Utilizing the learnt features, task-specific policies
are subsequently trained. Commonly, these models are trained
solely to predict the next RGB state from the current state and
action taken. But only-RGB prediction might not fully-capture
the task-relevant dynamics. In this work, we hypothesize that
direct supervision of target dynamic states (Dynamics Mapping)
can learn better dynamics-informed world models. Beside the
next RGB reconstruction, the world model is also trained to
directly predict position, velocity, and acceleration of environ-
ment rigid bodies. To verify our hypothesis, we designed a
non-prehensile 2D environment tailored to two tasks: “Balance-
Reaching” and ‘“Bin-Dropping”. When trained on the first
task, dynamics mapping enhanced the task performance under
different training configurations (Decoupled, Joint, End-to-End)
and policy architectures (Feedforward, Recurrent). Notably,
its most significant impact was for world model pretraining
boosting the success rate from 21% to 85%. Although frozen
dynamics-informed world models could generalize well to a
task with in-domain dynamics, but poorly to a one with out-of-
domain dynamics. Code available at: https://github.com/
Automation-Research-Team/DynamicsMapping—-2D

I. INTRODUCTION

You are holding a tray with a bottle on top. How can you
move it around as efficiently as possible without dropping
it? For one, you have to always keep an eye on it as you
navigate. Upon observing some erroneous motion (sliding
or tipping), you must adjust your trajectory to ensure sta-
bility. Even for humans, such non-prehensile (no grasping)
manipulation [1] poses a significant challenge. In contrast to
quasi-static tasks [2] (non-prehensile pushing or prehensile
grasping), our motivating example requires more dynamic
manipulation, ensuring minimal (compounding) errors and a
robust recovery policy. Previously, with expert knowledge,
such policies were attained through state-based controllers
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[3] [4]. Yet, our interest lies in exploring a vision-based
data-driven approach. Such an approach can reduce the need
for specialized state estimation and tracking hardware and
software. Also, it would do without simplified mathematical
models, expert knowledge, or approximate cost functions.

Recently, vision-based imitation learning approaches have
been successfully applied to long-horizon, fine-manipulation,
and in-the-wild tasks [5] [6] [7]. However, our target dynamic
manipulation tasks present significant challenges under ran-
domized conditions. We hypothesize that current approaches
prompt the vision backbone to prioritize position/shape-
related features. While this may suffice for quasi-static
manipulation, it may be inadequate with dynamic scenarios.

In Reinforcement learning settings [8], higher-order dy-
namical states such velocity and acceleration are essential
components of the observation space to learn successful
dynamic policies. However, adaptation of such dynamical
states into an imitation learning framework has not been stud-
ied. To address this gap, we propose introducing “Dynamics
Mapping” as an additional training objective compelling the
vision backbone to also consider dynamic features such as
velocity and acceleration.

“Dynamics Mapping” can be integrated with End-to-End
learning frameworks [9] [10], as well as pretraining more
general world models [11] [12] [13] (for its improved gener-
alization). In either case, more robust policies are achieved by
resolving the latent features ambiguity arising from relying
solely on policy loss or RGB observation reconstruction loss.
The dynamics-informed latent can both better imitate the
dynamic trajectory as well as generalize to new tasks with
similar dynamics.

In this work, we validate our approach in a challenging 2D
non-prehensile setting on two main tasks. First, we train our
world model on one task where significant improvement was
attained. Subsequently, the frozen (will not be further trained)
world model is adapted to another task with in-domain
(similar) dynamics showing good generalization. Conversely,
adaptation to tasks with out-of-domain dynamics showed
inadequate generalization.

The first contribution of this work is the proposal of
“Dynamics Mapping”, a method designed to encourage
dynamics-informed latent learning from visual inputs (Sec-
tion III). Secondly, we have developed a dynamic non-
prehensile setting, which could serve as a benchmark for
vision-based imitation learning (Section V). Lastly, we
verified our approach superiority through comparative anal-
ysis with different baselines, demonstrating enhanced task
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performance and generalization (Section V).

II. RELATED WORK

Our work addresses the potential of learning dynamics-
informed world models as a backbone for visual imitation
learning, enhancing performance in dynamic tasks, particu-
larly non-prehensile manipulation. This section provides a
concise overview of these key concepts.

Visual Imitation Learning. Imitation learning is a pow-
erful data-driven learning paradigm, yielding impressive out-
comes as demonstrated in RT-1 [14]. Contrasting state-based
learning, which utilizes low-dimensional input, learning di-
rectly from high-dimensional image data presents greater
complexity. Nevertheless, images are more easily obtained
while entailing rich scene information. In visuomotor con-
trol, the predominant model architecture integrates a visual
encoder backbone—such as CNN (Convolutional Neural
Network) or ViT (Vision Transformer)—with a low-level
control policy, including MLP (Multi-Layer Perceptron),
LSTM (Long Short-Term Memory), or Transformer models.
With the shared objective of maximizing expert action like-
lihood for a given observation, various learning approaches
may be adopted. Both the encoder and the policy can be
trained jointly end-to-end by back-propagating the policy
loss through both modules [9] [14]. Despite its simplicity,
end-to-end approaches may suffer from reduced sample
efficiency and limited generalization. Incorporating future
observation reconstruction as an auxiliary loss [10] can
stabilize learning and enhance sample efficiency. However,
their proposed architecture predicts future states based solely
on current state without action-based conditioning. Conse-
quently, its internal transition model may over-fit the training
dataset and lack the required level of generalization.

World Modeling. Towards improved generalization, world
models can be trained for both latent encoding and as
transition models. Typically, world models are trained inde-
pendently of any task-specific policy. They can be trained to
be as general as needed by training on a large dataset such
as GAIA-1, which comprises 4,700 hours of autonomous
driving [15]. Upon training, such models can be integrated
with various control policies such as optimal control [12],
reinforcement learning [11] [13], and offline reinforcement
learning [ | 6]. Embed2Control [12] learns a world model with
linearized dynamics for next-state prediction. The model is
then integrated with an iLQR (iterative Linear Quadratic
Regulator) control policy that optimizes an approximate
quadratic reward. Recurrent World Models [I1] indepen-
dently learn a vision encoder (based on VAE (Variational
Auto-Encoder), then model the transition dynamics with
a recurrent model, and finally optimize a shallow policy.
Decoupling the vision encoder and transition model might
fail to encode relevant features from complex scenes without
sufficient temporal context. Dreamer(v3) [13] avoids this
by jointly training the encoder and an RSSM (recurrent
state space model), resulting in state-of-the-art performance.
Using an offline dataset, DITTO [16] uses the world model to

run an on-policy RL optimization algorithm (REINFORCE),
utilizing the policy loss as a distance-based reward.

Compared to reinforcement learning, the application of
world models in imitation learning settings has not been
widely investigated, likely because the expert demonstrations
dataset provides a sufficient training signal to optimize the
vision-backbone/policy jointly. In such scenarios, training
a world model independently might not be fully justified
without a pressing need for generalization. Additionally, an
independently-trained world model might not perform as
well, being task-agnostic. Our work aims to evaluate the use
of world models in imitation learning settings and provides
the necessary adjustments to address more challenging dy-
namic tasks.

Non-prehensile Manipulation. The dynamic tasks of
interest encompass the non-prehensile manipulation, where
objects are carefully controlled by considering dynamic inter-
actions. Existing works typically employ open-loop control
using state-based optimal controllers [3] [4]. In [3], the
objective was to navigate the robot end-effector to a target
pose while balancing an object on a tray. A model predictive
controller (MPC) was utilized to plan a trajectory that
minimizes the distance to the goal while satisfying balancing
constraints. In [4], sequences of motion primitives were iden-
tified for a desired motion, and these motions were executed
using an LQR controller based on linearized dynamics. In
this work, we aim to implement closed-loop vision-based
control. We simulated two tasks with analogous objectives
of balance-reaching and object tossing. Our motivating goal
is reproducing these tasks in the real-world utilizing vision-
based control.

III. DYNAMICS MAPPING

This study addresses vison-based imitation learning of
manipulation tasks that involve dynamic motions, specifically
focusing on simulated 2D non-prehensile manipulation tasks.

Problem Setup. Given a set of expert demonstra-
tions D = {79,71, - ,7n}, where each trajectory 7; =
{(I;, [P;, Vi, Ag), w4, at) Y includes the raw visual observa-
tions I;, other state information (i.e. proprioceptive) x;, and
the expert action a;. Additionally, the per-object dynamics
state comprises the rigid object’s COM (center of mass)
position P, velocity V;, and acceleration A;. The primary
objective is to validate the significance of incorporating those
dynamics states into the learning process.

A. Model Architecture

The overall model architecture, depicted in Fig. 1, com-
prises three main components: a world model, a policy, and
a set of decoding networks. The world model’s fundamental
objective is to encode the input RGB image [; into a
lower-dimensional latent state z;, capturing the necessary
environment state for precise action prediction. Towards
that, a simple CNN-based encoder (ENC,,, parameterized
by ¢1) is used for latent encoding (z; = ENCy, (I;)).
However, to tackle sequential tasks with non-Markovian



dynamics (reliance on past states), the world model incorpo-
rates a transition dynamics model with a recurrent module
—comprising two sequential LSTM cells—to preserve the
memory essential for dynamics prediction and long-horizon
tasks execution. Given the encoded latent z;, current LSTM
hidden states (h; = (hq,, ho,)), and the commanded action
a¢, the transition model (DYNy,, parameterized by ¢2)
predicts the next-state latent Z;4; and updates the hidden
states (Z,41, he41 = DYNy, (24, at, he)). The outputs from
the transition module can then be employed for decoding
environmental states or predicting future actions.

While the world models capture the general transition
dynamics, a task-specific policy is trained based on those
world model states towards a target objective. One choice
for the goal-conditioned policy is a simple Feedforward MLP
architecture (i.e. Dreamer [13]). For a goal g, and a latent
state z;, the action is calculated as in Equation (1).

ar = o (2t, he, g¢) (D

However, such simple policy cannot handle non-
Markovian transitions without dynamics-informed latent fea-
tures. Analogous to the transition module, a recurrent policy
mp—incorporating two additional LSTM cells—predicts the
action a, given the goal position ¢;, the encoded latent z;,
the latest world model hidden states h;, and its own internal
states (hz, = (hxr,,, hx,, ) as in Equation (2).

&t’hﬂ't+1 = W@(Ztagtahtahﬂt) (2)

While the world model and the policy could be trained
using only the policy loss (refer to the following section),
this approach can be sample-inefficient and task-specific.
Alternatively, a set of decoding networks are introduced,
providing the world model an additional learning signal.
Typically, only an unsupervised RGB reconstruction loss
is employed; however, we propose introducing supervised
dynamics prediction losses for improved performance. The
decoders input comprises the encoded latent Z; and world
model hidden states (h:). For RGB decoding, a simple
CNN decoder (DEC., with weights (;) is utilized (ft =
DEC¢, (2¢, h,, h2,)). Regarding dynamics decoding, a set
of MLP networks (with weights (»2,(3,(4) are employed
([P,V,A]; = DEC¢,, , (4, h1,, h2,)). The dynamics de-
coder share the input decoding layer (2-layers MLP) fol-
lowed by state specific decoding head.

B. Model Training Approaches

In the literature, two primary approaches for training
the discussed model architecture are identified: End-to-End
training and joint training. In this work, we have also
introduced a decoupled training method. For both joint and
decoupled training scenarios, we suggest the incorporation
of supervised dynamics loss to learn dynamics-informed
models.

End-to-End Training. Given a task-specific dataset D, an
end-to-end (E2E) training approach is commonly adopted
[9]. The world model and policy are jointly optimized by
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Fig. 1: The overall model architecture constitutes a world
model, a policy, and a set of decoding networks. The model
inputs include RGB state I;, action a;, and goal g;. The
internal states include latent z; and hidden states ; and h,

The outputs include predicted action a;, dynamics
[P, V;, A], and reconstructed RGB I;.s

minimizing the policy loss as in Equation (3). The loss is
computed as the L1-norm between the true and predicted
actions. Although straightforward, this approach might be
sample-inefficient, necessitating larger datasets for improv-
ing performance. Moreover, such task-specific world model
might exhibit limited generalization across diverse tasks.

Leoe(0,612) = Ep|llas — @i (6, ¢1,2)|] 3)

Joint Training. Besides the policy loss, the RGB re-
construction loss over the next-state observation can serve
as an auxiliary optimization objective [10]. This approach
can enhance task-specific performance and capture the un-
derlying environment dynamics. Alongside the discussed
policy loss (denoted next as L), a cyclic reconstruction
loss (Equation (4a)) is utilized incorporating a weighted sum
of the next RGB reconstruction loss (||I; — ft(¢, ¢1)]|2) and
the next-state latent loss (|[ENCg, (1) — 2¢(,¢1)|l2). The
model is then optimized with a weighted joint loss (with a
hyperparameter [Sy;,) as in Equation (4b). Proper tuning of
Bioint 18 crucial for balancing task-specific performance with
model generalization.

Lran(61,2,¢1) = Ep ||l — Ii(¢1,2,C1)l|2+

B:A[ENCy, (1) — 2e(1,2) 2]
LJoim(ea ¢1,27 Cl) = ED [LRGB + BJOthLTF}

Decoupled Training. Inspired by reinforcement learning
settings [13] [11], on contrast to joint training, we propose
a decoupled training approach. The world model is initially
pretrained using an unsupervised RGB reconstruction loss as
in Equation (4a). Upon training, the world model’s weights
are frozen and then employed for learning various tasks
that share dynamics to the training dataset D. To train the
policy, the dataset is first processed to pre-compute the latent
z¢ and the hidden state h;. Subsequently, the policy g is
optimized with L1-loss, where only policy weights 6 are
optimized (L () = Ep||la; — a;(6)]|]). Such pretraining
regime can leverage more diverse datasets enabling improved

(4a)

(4b)



generalization. Compared to joint training, it might also
mitigate the need for additional tuning of the RGB/policy
loss weightings.

Supervised Dynamics Loss. Instead of solely relying on
the unsupervised RGB loss to train the world model, we
propose integrating a supervised dynamics prediction loss
to obtain a dynamics-informed world model. The position,
velocity, and acceleration-based losses are utilized either
independently or in combination with other losses. Like the
RGB reconstruction loss, the dynamics L.2-loss is calculated
as shown in Equation (5). The incorporation of such losses
will encourage the world model to capture features relevant
to dynamics within its latent embedding and hidden states.
Consequently, better policies can be trained for different
dynamic tasks.

Lxeipy,a)(,¢) = Ep[||X: — X¢(6, )2 &)

To investigate the significance of supervised dynamics
mapping, it was introduced to both the joint and the de-
coupled training approaches. In the context of decoupled
training, failure of the world model to capture task-relevant
features would lead to poor performance. Thus, dynamics-
informed models would be of greater use to the decoupled
training scenarios for dynamic tasks.

IV. TASK DESCRIPTION
A. General Overview

In this study, we initially focused on 2D tasks before
progressing to 3D simulations or real-world tasks. The tasks
were simulated using the Python PyMunk [17] 2D physics
simulation library. Given the simulation state, the visuals
were rendered in PyGame [18]; an Open-GL based renderer.

The visual inputs I, are 64x64 RGB images. The ac-
tion a; is three-dimensional, comprising relative position
updates (a; = AX;, AY;, Af;]). The absolute position
is pre-processed into an acceleration command (Gaec, =
ap°s‘_2*apztt;1+ap°5“2) before sending to the PyMunk en-
gine. The dynamic states ([P, V;, A;]) are a concatenation
of the cart’s and the block’s X,Y,6 state (ie. P, =
[Pe,s Pe,s Py, Py, Py, Py,]). The position and velocity
states were directly provided by PyMunk, while the acceler-
ation was differentially estimated (A; = %

Figure 2 illustrates the normalized (to [-1,1] range) po-
sition action (applied to the cart) and the dynamics states
(of the block) of a sample trajectory. Position control was
favored given its smoother trajectories, which are easier to
imitate, as opposed to the rapidly changing acceleration state.

B. Tasks Specification

A set of 2D tasks was designed within the same envi-
ronment, utilizing identical simulation parameters. We had
three main tasks as shown in Fig. 3. All tasks involve non-
prehensile manipulation of a single block (initially vertical)
placed on a position-controlled cart (initially horizontal),
aiming towards a goal state (green).

Normalized Action
Normalized Position
!
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Normalized Velocity
Normalized Acceleration
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Fig. 2: A sample dataset trajectory for the *“Balance-
Reaching” task) depicting the normalized position action (in
blue) and different dynamics states (in green).

Task1: Balance-Reaching (Fig. 3a). The objective is for
the cart to reach the target goal without the block falling
off. In the absence of precise control, the block would lose
balance and tip over. Moreover, careful acceleration control
is necessary to stop at the goal within minimal time.

Task2: Balance-Reaching[v2] (Fig. 3b). Mostly similar
to task1, with the need to avoid an obstacle that is added at
the center (green segment).

Task3: Bin-Dropping (Fig. 3c). Contrary to block bal-
ancing objective, the goal here is to drop the block into the
green bin by tipping it over, thereby altering the dynamics
distribution.

EEENE

(a) Taskl: Balance-Reaching (Core Task)

B

(b) Task2: Balance-Reaching[v2] (in-Domain Dynamics)

o] ol ol o

(c) Task3: Bin-Dropping (out-of-Domain Dynamics)

Fig. 3: Sample trajectories depicting the objective of different
target tasks.

To increase task complexity and encourage improved
generalization, the tasks were randomized in terms of the
cart width, block height, cart/target XY position, and block
shift around the cart center. The cart, block, and background



colors are randomized acting as visual distractors. Figure 4
illustrates randomization samples for taskl.

Fig. 4: Example dataset randomization including start/target
positions, the cart/block dimensions, and objects colors.

C. Expert Dataset Generation

In the context of imitation learning, an expert dataset is
necessary. For the dynamic tasks described, obtaining expert
demonstrations from humans (i.e. via keyboard (discrete con-
trol) or 3D mouse (continuous control)) proved unfeasible.
Objects were frequently dropped, and successful trajectories
were sub-optimal (too slow) and unnatural (moving in one
DOF at a time). Additionally, we could not identify simple
scripted policies that can successfully complete those tasks.
Consequently, we settled on training an expert DRL policy
to generate the target dataset.

First, we trained a set of expert policies based on a
state-based reinforcement learning optimization algorithm
as depicted in Fig. 5. Compared to visual RL, State-based
environments are typically easier to optimize. A PyMunk
environment of the target task is first wrapped into a Gym
environment [19], specifying the state-based observation
space (objects positions, velocities, and dimensions, as well
as the target position), action space (cart acceleration), and
task-specific reward (continuous for tasks 1 and 2, based on
distance to goal, or sparse for task 3, based on whether the
object is dropped or in the bin). The policy is then optimized
via the PPO algorithm [20], utilizing the Stable-Baselines3
library [21]. We produced a dataset of successful trajecto-
ries by employing various policy checkpoints, introducing
multi-modal behavior. These trajectories were subsequently
rendered in PyGame to obtain the visual RGB states.

(1) Train State-based Expert Policy

Gym Env. 5 bt .'0‘
Physics Simulator | ==» State-Based DRL Opt.
PyMunk == Policy PPO
ay
* ®anus?

(2) Generate Expert Visual Demonstrations
*s Expert Demonstrations Visual Renderer
Action Traj. & Dynamics PyGame

Fig. 5: Expert dataset generation utilizing a PPO-optimized
state-based policy.
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V. RESULTS & DISCUSSIONS

For all tasks, we generated 300 training trajectories and 50
evaluation trajectories. The tasks were simulated with a 1ms

time-step (At) and controlled at a 20 Hz rate. The visual im-
age (64 x64) represented a Imx Im space (1pix=15.625mm).
Such discretization would limit the accuracy of dynamics
prediction and goal reaching. The primary task, “Balance-
Reaching,” involved training different world model architec-
tures and policies. For the other two tasks, we trained only
the policy on top of frozen world models to assess model
generalization.

A. Qualitative Evaluation (Taskl)

The world model was qualitatively evaluated by visu-
alizing the RGB image reconstruction and the dynamics
prediction as depicted in Fig. 6. The RGB reconstruction
fairly captured the objects’ colors and their approximate
positions. However, it struggled to accurately represent the
objects’ dimensions, relative position, and angular positions.
As a result, relying solely on RGB might limit performance
on dynamic tasks. Regarding dynamics, the model predicted
slowly varying position states with higher accuracy compared
to velocity or rapidly-changing acceleration states. The inac-
curacy of goal reconstruction suggested the need for direct
goal position incorporation into the policy.

RGB Reconstruction

Normalized Position

— GT:X ---- Pred:Y
--- Pred:X —— GT:©
075 — GTY ---- Pred:@

Normalized Velocity
Normalized Acceleration

B B B 10 130 o o w0 & s w0 1o
Step Step

Fig. 6: Qualitative evaluation of the image reconstruction and
the dynamics prediction. (Task1)

Prior to quantitative evaluation, the policy loss can serve
as a strong indicator of the model performance by depicting
the general tendencies over multiple runs and architectures.
In Fig. 7a, under decoupled training, dynamics-informed
models had lower losses than “Only-RGB” models as shown
. The velocity state was the most effective when compared
to position—offering limited dynamic information—or ac-
celeration, which varies too rapidly. Combining them only
increased the loss relative to the velocity-based model. In
Fig. 7b), decoupled training realized lower losses compared
to joint or end-to-end training thanks to limited over-fitting
and the need for loss weight fine-tuning (Syoint). In Fig. 7c,
recurrent policies had lower losses compared to feedforward
ones as they can handle non-Markovian transitions. Incorpo-
ration of different dynamical states had varying effects where



position (Fig.7d) was the least effective, and velocity (Fig.
7e) had the most notable improvement.

—— Decoupled
-== Joint
—-— End-to-End

— Only-RGB
--- RGB+POS
—= RGB+VEL

RGB+ACC
—— RGB+ALL

Averaged Policy Loss

Averaged Policy Loss

% ) ) B
Step Step

(a) w & w/o Dynamics (b) Training Approach

— Recurrent
~-- FeedForward

—— With Position
-=- Without Position

Averaged Policy Loss

Averaged Policy Loss

Step Step

(c) Policy Type (d) w & w/o Position

— With Velocity
== Without Velocity

—— With Acceleration
-=- Without Acceleration

Averaged Policy Loss

Averaged Policy Loss

Step Step

(e) w & w/o Velocity (f) w & w/o Acceleration

Fig. 7: Policy loss comparison of different model architec-
tures for (a) Decoupled and (b) Joint training. (Task1)

B. Quantitative Evaluation (Taskl)

We evaluated the performance for taskl (“Balance-
Reaching”). The evaluation dataset comprised 50 random-
ized trajectories (lasting 120 steps each). Each model was
evaluated with three random seeds.

Evaluation Criteria. Figure 8 illustrates the evaluation
criteria comparing two models under decoupled training. The
first model is an Only-RGB model with feedforward policy,
and the second utilizes dynamics-supervision and a recurrent
policy. The first criterion is balancing the block throughout
the trajectory. The “Drop Rate” refers to the percentage
failures due to block drops. The second criterion is mean
position error over the last 10 steps. A trajectory qualifies as
successful if the block remains in place and the final error is
under 50 mm (approximately 3 pixels). Introducing dynamics
(Fig. 8b) improves performance over “Only-RGB” (Fig. 8a)
by reducing both the drop rate and position error.

Decoupled Training. We compared a world model trained
with an “Only-RGB” reconstruction loss against dynamics-
informed models that include position (P), velocity (V),
acceleration (A), or their combinations (with equal loss
weightings). Given our taskl dataset, we trained a single
world model (per architecture) as well as three randomly

Lo Only-RGB 1o With-Dynamcis
08 FeedForward Policy 08 Recurrent Policy

Drop Rate: 54.0 % Drop Rate: 4.0 %

2
Z

Position Error [m]
4 2
Z
=
/
7
Position Error [m]
9 2

Success Rate: 28.0 % Success Rate: 90.0 %

S:Z.p Step
(a) Only-RGB (b) With Dynamics

Fig. 8: Visualization of the position error trajectory
with/without dynamics mapping. Red color represents failure
due to dropped block. (Taskl)

seeded policies. Table I compares the drop rate (DR), the
final position error (PE), and the success rate (SR) across
models.

With a feedforward policy, the “Only-RGB” model exhib-
ited a high drop rate resulting in an overall lower success rate.
Its position error was also higher on average. The model pol-
icy, trained on poor latent features without dynamics, failed
to learn appropriate multi-modal behavior and frequently
went out of distribution. Introducing a recurrent policy can
significantly improve the “Only-RGB” performance as it
learns necessary transition dynamics during policy learning.

With feedforward policies, introducing position (P) pre-
diction had a slightly improved performance. Yet, due to
its static, non-temporal nature, relatively high drop rates
were noted. The best performance was attained by incor-
porating velocity, resulting in the lowest DR and PE as
well as the highest SR. Compared to acceleration, velocity
trajectories were smoother and easier to predict (Fig. 0).
Moreover, ground-truth acceleration was differentially esti-
mated, whereas velocity was directly reported. Consequently,
acceleration-based models had a relative increase in DR
and PE. The combination of position/velocity improved over
their standalone performance by reducing the drop rates,
and position error. While the velocity addressed the out-of-
distribution states causing object drop, the position improved
the goal tracking performance. Other combinations (e.g.
P+V+A) had comparable performance. Similar tendencies
can be noted with recurrent policies with an overall higher
performance. Dynamics-supervision is less significant since
necessary dynamics transition are learnt by the recurrent
policy to optimize policy loss.

Joint Training. We evaluated different models over three
random seeds. The policy loss is optimized jointly with the
world model losses (Bjoine = 1). The “End-to-End” model
employed only the policy loss to optimize both modules.
As listed in Table I, “End-to-End” and “Only-RGB” models
(no dynamics) had improved performance over their de-
coupled training counterparts. The “End-to-End” model had
marginally lower performance over the “Only-RGB” model
due to potential over-fitting. Compared to decoupled training,
the joint approach performance dropped slightly. Carefully
tuning the loss weight hyperparameter [joip; can improve



TABLE I: Base Task — Task1l. Comparison of different models performance w & w/o dynamics.

[ Decoupled [FeedForward]

Decoupled [Recurrent]

Joint [Recurrent]

Architecture | DR°[%] | PE[mm] | SR[%] T | DR[%] ] PE[mm] | SR[%] T | DR[%] | PE[mm]] SR[%] T
End-to-End - - - - - - 10900 71 (219) 57 (10.6)
Only-RGB 5525  69(156) 2157 | 1416  31(13) 7338 | 17(.0) 92314 64 (59
RGB+[P] 31 (3.4) 3328 62(0.0) | 433 2127 92@3) | 509 58(17.0) 67 B0
RGB+[V] 11 (2.5) 4158 7919 | 7019 29 (500 85(3.8) | 22(65 84 (31.6) 51 (10.9)
RGB+[A] 1534 80(2l2) 5357 | 509 3635  19@1) | 1538 434D 65 (3.8)
RGB+[P+V] 7 (5.0) 2522) 85(52) | 525 23(37) 8909 | 9(1.9  54(11.0) 59 (9.6)
RGB+[P+A] 34 (4.3) 56 (47)  42(8.6) | 2(1.6) 32(6.1)  84(L6) | 6(43) 34 (2.1) 79 (6.2)
RGB+[V+A] 9 (2.5) 31 (700 80(L6) | 8(4.3) 28 (7.0) 82(7.1) | 19(0.9) 48 (6.1) 57 (5.7)
RGB+[P+V+A] | 9 (5.0) 25(1.6)  84(75 | 5(0.9) 2522 87(19) | 7(2.5) 43 (7.2) 70 (8.6)

“DR = “Drop Rate”, PE = “Position Error”, and SR = “Success Rate”.

the performance without compromising generalization. Nev-
ertheless, like decoupled training, improved performance is
generally noted upon introducing dynamics losses.

Note on Real-World Applications: After verifying the
benefits of dynamics for improved performance in simulated
settings, extension to real-world applications is a natural next
objective. Considering the challenges of acquiring ground-
truth dynamics states in real-world settings, we posit that
models trained in simulation—addressing the sim-to-real
gap effectively—can be zero-shot transferred to real-world
settings [22]. During real-world inference, task-relevant dy-
namics will be implicitly encoded into the model’s latent
solely from the visual input, eliminating the need for explicit
ground-truth dynamics.

C. World Model Generalization

The dynamics-informed models demonstrated an improved
performance when evaluated on same task as the train-
ing dataset. Furthermore, we would like to verify whether
these models exhibit good generalization behavior. To this
end, we reuse a frozen world model, trained on taskl, to
train recurrent policies (3 seeds) for two additional tasks.
Task2, while experiencing similar dynamics (in-domain), had
a slightly different objective. Conversely, task3 had quite
different dynamics (out-of-domain), due to increased angular
positions and velocities.

In-Domain Generalization — Task2 The results presented
in Table II indicate a good transfer of the learnt model to
the new task. Unlike expectations, task2 dataset was better
imitated resulting in higher success rates. Similar to taskl,
dynamics-supervision and decoupled training advantage were
observed.

Out-of-Domain Generalization — Task3 For this task,
the success rate (block dropped in bin) is the only rel-
evant metric. As shown in Table III, for out-of-domain
tasks, dynamics-supervision with decoupled training had lim-
ited improvement in performance compared to “Only-RGB”
models. On the other hand, under joint training, dynamics-
supervision had marginally lower performance,

The suboptimal performance of dynamics-based models
can be visually explained in Fig. 9. These models, including
the ”Only-RGB” model, had poor RGB reconstruction, fail-
ing to accurately capture the cart/block pose and the goal’s
shape and position. Such behavior is influenced by both

TABLE II: In-Domain Generalization — Task2. Compari-
son of different models performance w & w/o dynamics.

Decoupled Joint
Arch. DR[%] | SR[%] 1 | DR[%] | SR[%] T
End-to-End - - 4 (1.6) 72 (4.3)
Only-RGB 1(0.9) 80 (5.9) 4 (1.6) 73 (4.7)
+[P] 0 (0.0 91 (3.8) 1(0.9) 86 (4.9)
+[V] 2 (1.6) 80 (4.3) 3(2.5) 79 (6.6)
+[A] 2 (1.6) 82 (4.9) 3(2.5) 77 (6.6)
+[P+V] 1(0.9) 90 (3.3 4 (3.3) 75 (6.2)
+[P+A] 0 (0.0) 87 (2.5) 0 (0.0) 76 (7.1)
+[V+A] 1 (0.9) 83 (8.1) 3(0.9) 83 (4.1)
+[P+V+A] 2 (1.6) 84 (3.3) 1(1.9) 87 (6.6)

TABLE III: Out-of-Domain Generalization — Task3. Com-
parison of different models performance w & w/o dynamics.

Arch. | Decoupled (SR[%]) | Joint (SR[%])
End-to-End - 47 (4.1)
Only-RGB 44 (0.0) 46 (1.6)
+[P] 46 (4.3) 51 4.1)
+[V] 52 (1.6) 40 (2.8)
+[A] 55 (6.2) 41 (12.3)
+[P+V] 53 (3.4) 42 (8.2)
+[P+A] 46 (2.8) 39 4.1)
+[V+A] 41 (3.4) 46 (9.1)
+[P+V+A] 54 (2.8) 45 (5.2)

the world model (encoded state) and the decoder. Moreover,
poor dynamics predictions in cases of extreme angular states
suggest out-of-distribution (OOD) behavior, leading to OOD
latent features and hidden states that pose challenges for both
learning and inference.

VI. CONCLUSIONS

In this study, we propose the incorporation of super-
vised dynamics prediction losses to learn dynamics-informed
world models. In our simplified non-prehensile manipulation
tasks, the proposed models exhibited lower policy losses and
enhanced performance for both decoupled and joint training
regimes. Generalizing these world models to additional tasks
suggests the importance of avoiding out-of-distribution states
for transferable performance.

Limitations & Future Work The accuracy of vision-
based dynamics inference is dependent on image size. For
different tasks, a compromise between accuracy and compu-
tational efficiency necessitates consideration of varying im-



RGB Reconstruction

Normalized Position

Normalized Velocity
Normalized Acceleration

— GTX
-~ Pred:X
30 — GTY

-~ Pred:Y
— GTe
-- Pred:©

1] T 20 30 a0 50 60 o ) 20

) o E) E)
Step Step

Fig. 9: Qualitative evaluation of the out-of-domain image
reconstruction and the dynamics prediction. (Task3)

age sizes. Moreover, the precision of predictions is bounded
by the ground-truth training dataset’s accuracy. Better simu-
lation engines and reduced simulation and control time steps
may be required for certain applications. Hyperparameter
tuning represents another investigation direction to assess the
robustness of our proposal. In addition to the baselines pre-
sented, further comparisons with SOTA baselines—namely,
Diffusion Policy [6] and Dreamer [I3]—are planned. In
assessing our proposal, we opted for simple neural network
architectures, including vanilla CNNs and LSTMs. A CNN
model proved adequate for encoding/decoding the current
simple visuals, while LSTMs were chosen for their effec-
tive online performance in tasks with extended horizons.
Future research will incorporate more recent models for
both visual (e.g., ResNet, ViT) and sequential (e.g., Trans-
formers, Diffusion Models) processing. Investigations will
also extend to 3D simulated and real-world environments to
explore sim2real generalization. Moreover, examining tasks
involving multiple manipulated objects presents a promising
direction for generalizing to object-centric models (e.g.,
GNN [23]). Lastly, we seek models that learns directly from
image/action pairs without reliance on specialized dynamics
datasets. Optical flow models (e.g., Flowformer [24]) can
potentially estimate target scene dynamics.
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