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Abstract— To make robotic grasping scalable, vision-based
control with high data efficiency and accuracy is needed.
World models are capable of creating representations of phys-
ical environments from sensory information. In particular,
NewtonianVAE is a world model that can control targets
in physical environments by using proportional control in
its latent space from input images. However, NewtonianVAE
entangles information of each object in separate state subspaces
making control unfeasible when trained with multiple objects.
In this paper, we introduce Conditional NewtonianVAE, a
novel framework designed to generate pre-grasping actions by
disentangling object-type information from the state space in
physical latent spaces. Our method incorporates a conditioning
variable to achieve disentanglement, facilitating the use of the
learned state space for control tasks. Through simulation and
real-robot experiments, we demonstrate the effectiveness of
Conditional NewtonianVAE in accurately positioning the end-
effector into a pre-grasping pose, thereby enhancing the success
rate of robotic grasping. Conditional NewtonianVAE achieves
a grasping success rate of 83% for known objects and 78% for
unseen objects in the real-robot experiments.

I. INTRODUCTION

With the world-widespread need for robotic automation
to counteract the labor shortage caused by aging societies,
creating methodologies to boost the capabilities of robots
to manipulate various objects has become crucial. Typically,
robotic grasping is realized following the perception-then-
action paradigm which requires processing visual informa-
tion and then planning to grasp objects [1], [2]. Nevertheless,
these state-of-the-art methods are costly to train and are
decoupled from control.

World models [3], [4] can create a representation (i.e.,
state space) of the external physical environment (i.e., action
space) from sensory information such as images [5], [6], [7].
In particular, NewtonianVAE is a type of world model that
acquires a latent space equivalent to mapping from images
to physical representations [8]. It is designed to induce
proportional controllability in the latent space, enabling the
use of proportional control and goal identification from pixels
via physical latent spaces. By enabling simple control from
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Fig. 1. Right: the proposed method can disentangle the object-type
information from the state space by adding a conditioning variable, enabling
the state space to be used for positioning tasks for multiple objects in
the dataset. Left: Without disentanglement, each trained object has its own
subspace, rendering positioning tasks unfeasible.

images, NewtonianVAE removes complex learning of control
policies, which results in high data efficiency.

However, when learning representations for multiple ob-
jects, NewtonianVAE entangles the information of each
object in separate state subspaces, which renders control
unfeasible. Therefore, a mechanism is needed to prevent the
embedding of object-type information into the state space.

In this paper, we propose to add a conditioning variable
into NewtonianVAE to disentangle the object-type informa-
tion, which enables using the learned state space for control
tasks. In our work, we aim to enable robotic grasping by
setting the pre-grasping action as a positioning task, i.e.,
controlling the end-effector so that the target object is at
a pre-defined position within the camera view. We assume
that a successful positioning task leads to a pre-grasping pose
from which grasping is feasible. In our foreseen settings,
the camera is attached to the end effector next to the
gripper. We verify in simulation and real-robot experiments
the positioning accuracy and the grasping success rate of the
proposed method, respectively.

Our main contributions are:
1) We propose a general framework to disentangle object-

type information from the state space, which enables
control tasks in the action space when training New-
tonianVAE with multiple objects.

2) We demonstrate the effectiveness of the proposed
method to position the end-effector into a pre-grasping
pose by verifying the grasping success rate in real-
robot experiments.
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The remainder of this paper is organized as follows. We
provide an overview of related works in Section II. We detail
the integration of the proposed system in Section III. We
describe our experimental results in Section IV and provide
a discussion in Section V. Finally, we conclude and add
directions for future work in Section VI.

II. RELATED WORKS

A world model is a type of model that can acquire a
state space that represents the external environment [3], [4].
Various methods for generating agent behaviors based on
the world model have been proposed [9], [10], [11], [12],
[13], [14]. In general, motion generation can be achieved by
combining a world model with policy learning. Therefore,
it is necessary to perform multiple interactions with the
environment and collect a considerable amount of training
data.

NewtonianVAE is a kind of world model that can control
an object using a state space obtained by inputting an
image to an encoder as a visual motion [8]. Therefore, it
is possible to control the target using only the world model,
eliminating the need to learn complex policies. The core of
NewtonianVAE is a dynamical model based on Newton’s
equations of motion. A high correlation between the actual
environment and the state space allows NewtonianVAE to
control the target to a desired position. Due to its simple
learning of control, NewtonianVAE has fast convergence,
which makes it highly data efficient.

Tactile-sensitive NewtonianVAE is a method based on
NewtonianVAE for modeling the state of grasping a USB
by tactile sensors [15]. When the robot grasps the USB,
there is always an error in the grasping position of the USB
(i.e., the gripper not always grasps the USB at the same
grasping points), so when inserting the USB, the insertion
position must be adjusted to account for the error in the
grasping position. For this purpose, the RGB image of the
USB being grasped is acquired using the tactile sensor
GelSight [16], and the insertion position adjusted with the
error in the grasping position is embedded in the state space.
By controlling the robot with the adjusted insertion position
as a target, the USB can be moved to the exact insertion
position. Their work shows that NewtonianVAE achieves a
high precision when realizing an action and a high success
rate. Similarly, Kato et al. proposed in hand-view-sensitive
Newtonian variational autoencoder (ihVS NVAE), a method
that uses images of grasped objects to estimate their pose,
while the objects are still being grasped, and they applied it
to a box-packing task [17].

Our proposed method is inspired by the work of Sohn et
al. who extended the variational autoencoder (VAE) [18],
[19] by adding a conditioning variable and proposed the
Conditional VAE [20] method. In this paper, we aim to
separate the object-type information from the state space by
adding a conditioning variable.

III. PROPOSED METHOD

In this section, we describe Conditional NewtonianVAE,
which is a model that introduces a conditioning variable
into NewtonianVAE. By adding a conditioning variable, our
proposed method can disentangle the object information from
the representation and achieve a generalized state space. The
obtained state space has a high correlation with the external
environment and, therefore, can be used for control tasks
such as centering a target object in the camera’s view.

More specifically, Conditional NewtonianVAE is a method
for constructing a state space with controllable position-
ing when using multiple types of objects by introducing
conditioning variables to NewtonianVAE. The conditioning
variable can be seen as a bias toward the state space and
the reconstructed image. In other words, while learning is
encouraged to embed features that best represent the image
when only an image is input, the introduction of conditioning
variables makes it possible to encourage learning to embed
features other than the content of the image since the
content of the image is explicitly given. Though conditioning
variables can have different representations, we choose to
use one-hot vectors for simplicity. This is because it is easy
to assign the type of control object to the elements of the
vector, although the length of the vector becomes longer as
the number of control object types increases.

Conditional NewtonianVAE consists of the following three
distribution functions:

q(xt|It,C), (1)
p(It+1|xt+1,C), (2)

p(xt+1|xt,ut;vt), (3)

where xt is the state space, It is the image information, C
is the conditioning variable, vt is the velocity, and ut is
the robot action. By maximizing the evidence lower bound
(ELBO) of the Conditional NewtonianVAE, it is possible to
learn a controllable state space for the control target. The
ELBO of the Conditional NewtonianVAE is as follows:

L = Eq(xt|It,C)q(xt+1|It+1,C)[
Ep(xt+1|xt,ut;vt)[p(It+1|xt+1,C)]

− KL(q(xt+1|It+1,C) || p(xt+1|xt,ut;vt))
]
, (4)

where, q(xt|It,C), p(It|xt,C) and p(xt+1|xt,ut;vt) as-
sume a Gaussian distribution.

When maximizing Eq. (4), it is possible to learn a state
space that is highly correlated with the coordinate system
of the external environment. A high absolute correlation
means that the direction of change of the position inferred
from the input image in the state space is the same as the
direction of change of the object’s position in the external
environment. In other words, the encoder should be able to
output consistent position information as the object’s position
in the external environment changes.

Finally, Conditional NewtonianVAE can be used for robot
control using the obtained state space. Eq. (5) is used to
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Fig. 2. Objects from the YCB set used in the simulation experiments.
The position of the object within the camera view is used as a) the starting
position for the random walks during the data collection process (i.e., all
random walks start with the object in the same position within the camera
view), and b) the target position of the positioning task (i.e., the methods
should control the end effector until the object is in such position within
the camera view).

Fig. 3. Visualization of the state space (a) NewtonianVAE, (b) Conditional
NewtonianVAE with condition (1, 0), and (c) Conditional NewtonianVAE
with condition (0, 1).

calculate the control quantity:

xt ∼ q(xt|It), (5)

ut = Kp(x
goal
t − xt), (6)

where xt is the position information in the state space,
q(xt|It) is the approximate distribution, Kp is the gain of
the proportional controller, and ut is the control quantity.

IV. EXPERIMENTAL RESULTS

We perform three experiments to evaluate the proposed
method to i) verify the disentanglement of the object-type
information and the state space, ii) evaluate the accuracy of
the control task, and iii) measure the grasping success rate.
The experiments (i) and (ii) are realized in simulation while
(iii) is realized with a real robot.

A. Disentaglement Verification

We prepare a simulation environment using MuJoCo [21]
with the objects (1) and (2) of Fig. 2, and a green back-
ground. The objects are placed inside the virtual camera
view. To gather data, we start with each object at the same
position, and then randomly move the virtual camera (i.e.,
realize a random walk) while keeping the object within the
camera view. We collect the image information I, control
variable u, and object position; the latter is used to calculate
the correlation coefficient.

After training, we visualize the state space by traversing
it within a given range and color-coding it according to the

TABLE I
CORRELATION BETWEEN THE POSITION OF THE STATE SPACE

(LATENT) AND ACTION SPACE (REAL)

Model Correlation
X Y

NewtonianVAE 0.829 0.500
Conditional NewtonianVAE (Proposed) 0.897 0.722

objects in the reconstructed image, as shown in Fig. 3. We
represent the object (1) as red, object (2) as yellow, and no
object as black. Fig. 3(a) shows the visualization of the state
space of NewtonianVAE, while Figs. 3(b) and (c) that of the
proposed Conditional NewtonianVAE, where one-hot vectors
of (1, 0) and (0, 1) are input as conditioning information,
respectively.

As shown in Fig. 3(a), we confirmed that the object type
information is embedded in the state space, as each object
creates its own subspace. On the other hand, Figs. 3(b) and
(c) show that the introduction of the condition information
can separate the object type information from the state space.
In other words, this indicates that explicitly inputting con-
dition information can be used to ensure that only location
information is embedded in the state space.

A comparison of the correlation coefficients between the
position in the state space and the position in the action
space of the control target in the simulation environment is
shown in Table I. The object-type information is embedded
in the state space obtained by training NewtonianVAE which
reduces the absolute value of the correlation coefficient. On
the other hand, Conditional NewtonianVAE can separate the
object-type information from the state space by introducing
condition information. Therefore, the only information em-
bedded in the state space is location information. As a result,
the absolute value of the correlation coefficient of Condi-
tional NewtonianVAE is higher than that of NewtonianVAE.

B. Accuracy Evaluation

We use the prepared simulation environment with all
objects shown in Fig. 2, and collect data in the same way
explained previously. We evaluate the accuracy by measuring
the RMSE between the target position of the object (i.e., the
centered position used when creating the dataset) and the
position achieved by the proposed and compared method.
We call this positioning task. Fig. 4 shows an example of
the positioning task using Conditional NewtonianVAE.

Moreover, we quantify the number of successes in the
positioning task. We deem the positioning task successful
when the error is less than 70 mm, which is motivated by
our ultimate goal of grasping objects with a 2-finger gripper
whose maximum width is 140 mm; the distance for the TCP
to one extended finger would be 70 mm, hence the 70-mm
threshold.

We compare the proposed method to the original New-
tonianVAE, which allows us to investigate the impact on
the accuracy when using state spaces with and without
the separation of the object-type information by explicitly
inputting the condition information.
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Fig. 4. Positioning task with Conditional NewtonianVAE. The object
is placed at a random location within the camera view and Conditional
NewtonianVAE controls the end effector above the object until the object
is at the pre-defined location used during training.

TABLE II
POSITIONING ACCURACY OF CONDITIONAL NEWTONIANVAE

IN SIMULATION

Object
NewtonianVAE

Conditional NewtonianVAE
(Proposed)

Successes Successes
# Error (×10−3) # Error (×10−3)

Mustard bottle 3/50 53.85± 12.76 50/50 1.30 ± 0.00
Tomato soup can 0/50 - 50/50 2.19 ± 0.00
Cracker box 0/50 - 50/50 0.25 ± 0.00
Master chef can 2/50 35.61± 7.35 50/50 0.95 ± 0.00
Gelatin box 0/50 - 50/50 0.85 ± 0.00
Pudding box 0/50 - 50/50 0.75 ± 0.01
Sugar box 0/50 - 50/50 0.85 ± 0.00
Tuna fish can 0/50 - 50/50 1.97 ± 0.00
Potted meat can 0/50 - 45/50 2.18 ± 0.00
Power drill 0/50 - 50/50 0.87 ± 0.00

5/500 495/500

The evaluation of the accuracy for each object in the
positioning task with 10 different object types is shown in
Table II. We found that for all object types, Conditional
NewtonianVAE increases the accuracy in the positioning task
compared to NewtonianVAE. With Conditional Newtonian-
VAE, we confirmed that the error in positioning each object
is small. Moreover, only five failures were observed, which
corresponded to the Potted meat can.

The results indicate that Conditional NewtonianVAE is
more suitable for the positioning task, as its error is smaller
compared to NewtonianVAE. This can be attributed to the
fact that, by providing the condition variable explicitly, only
the location information is embedded in the state space, and
there is no object-specific location information as in the
vanilla NewtonianVAE.

C. Grasping Success Rate

We set up an object grasping task as a positioning task in
a real-world environment and verify how the state spaces ob-
tained with Conditional NewtonianVAE and NewtonianVAE
affect the number of successful grasp attempts. Furthermore,
we evaluate how the proposed method generalizes to unseen

Fig. 5. Testbed for real-world experiments. A manipulator UR5e with a
2-finger Robotiq gripper and a RealSense D405 camera.

Fig. 6. Objects used for the training dataset. From right to left and top to
bottom: Mustard bottle, Chocolate box, String, Tomato soup can, Baseball,
Sugar box, Pringles, Cracker box, Screwdriver, and Lock.

objects by providing conditioning information of similar
objects.

We prepare the experimental setup shown in Fig. 5, which
consists of a manipulator with a camera and a 2-finger
gripper, and a green table where objects are placed. We select
10 objects from the YCB set for the training dataset and
select five objects not included in the dataset nor part of the
YCB set as unseen objects, which are shown in Figs. 6 and 7,
respectively. To gather data, we use a similar approach to
the simulation case. The data is collected in 30 episodes per
object, and 15 images are collected per episode. Therefore,
450 images are collected per object. The size of the collected
images is 64 × 64 pixels. For each method, a single model
is trained using the data of all objects (training dataset).

Each trial starts with the object in a random location within
the camera view, and the proposed or compared method
controls the end effector so that the object is at a location
within the camera view corresponding to the trained location,
at the same height as in the dataset. Once the corresponding
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Fig. 7. Unseen objects used in the experiments to test the generalization
capabilities of the proposed method. From right to left: Tennis ball, Chip
star, Pringles B, Soup can, and Cookie box. These objects were not
included in the training dataset. As conditioning variable, we set the one
corresponding to a similar object in the training dataset.

TABLE III
GRASPING SUCCESS RATE OF KNOWN AND UNSEEN OBJECTS

Object NewtonianVAE Conditional NewtonianVAE
Successes Condition Successes

Known Objects
Mustard bottle 0/20 Mustard bottle 18/20
Chocolate box 0/20 Chocolate box 16/20
String 0/20 String 19/20
Tomato soup can 0/20 Tomato soup can 17/20
Baseball 0/20 Baseball 6/20
Sugar box 0/20 Sugar box 20/20
Pringles 0/20 Pringles 18/20
Cracker box 0/20 Cracker box 19/20
Screwdriver 0/20 Screwdriver 16/20
Lock 0/20 Lock 17/20

0/200 166/200
Unseen Objects

Tennis ball - Baseball 1/20
Chip star - Pringles 20/20
Pringles B - Pringles 19/20
Soup can - Tomato soup can 20/20
Cookie box - Tomato soup can 18/20

78/100
0/200 244/300

method has finished controlling the end effector for that
purpose, the end effector is lowered directly over the z-
axis for a predefined distance, relative to the height of the
dataset. Finally, the gripper closes the fingers to grasp the
object, and the end effector moves directly up over the z-
axis. If the object is successfully grasped, the trial is deemed
successful. In the case of Conditional NewtonianVAE, a one-
hot vector corresponding to the target object is provided as
condition information; if an unseen object is targeted, the
one-hot vector corresponding to a similar object chosen from
the training dataset is provided. Fig. 8 shows an example of
Conditional NewtonianVAE used for grasping, including the
camera view and the reconstruction.

The results with known objects are shown in Table III.
NewtonianVAE failed to grasp the object, whereas Condi-
tional NewtonianVAE was able to grasp the objects 166
times out of 200 trials (83%). This indicates that Conditional
NewtonianVAE can acquire a state space that can be used
for a positioning task in the real world.

The results with unseen objects are shown in Table III.
The Pringles B and Chip star are labeled as Pringles, the
Tennis ball is labeled as Baseball, and the Cookie box and
Soup can are labeled as Tomato soup can. The number of
successful grasps of Pringles B and Chip star was similar to
that of the Pringles used in the training dataset. The number
of successful grasps of the Cookie box and the Soup can was
similar to that of the Tomato soup can used in the training
dataset. These results suggest that the encoder of Conditional
NewtonianVAE may be robust to differences in size and
texture of the same object type. Though it was difficult to
grasp the Tennis ball, this is the same result as the grasping
success rate of the Baseball used in the training dataset.

V. DISCUSSION

The number of successful grasping of the Baseball by
Conditional NewtonianVAE was low. This may be due to
the fact that the target positions of the Baseball may have
pulled to the target positions of objects other than the
Baseball. Although the conditioning variable is effective in
removing information on the object type from the state
space, it is difficult to strongly capture the object-specific
target positions for positioning. Therefore, we believe that
the target position was pulled by the similar-looking String,
which affected the number of successful grasp attempts of
the Baseball.

The target position of the positioning task is determined
by that set in the dataset used for training. As the dataset
considers a position above the object from where grasping
is judged feasible, Conditional NewtonianVAE consequently
learns also the pre-grasping positions. As the generalization
of the proposed method is high, the pre-grasping positions
can be used for grasping unseen objects as long as the
selected condition (e.g., one-hot vector (0, 1)) corresponds
to an object with similar features, as shown in Table III.
However, the inaccuracies in the object used as condition
will be inherited, as in the case of the Tennis ball.

Though the proposed method can separate the object-type
information from the state space, such separation is sensitive
to overlapped features such as similar colors in the dataset,
as shown in Fig. 3(c), where red letters on the Mustard bottle
are encoded as part of the red-ish Tomato soup can.

VI. CONCLUSION

We proposed a general framework in which Conditional
NewtonianVAE can embed positional information in the state
space independent of object type. Simulation and real-world
experiments have shown that Conditional NewtonianVAE is
capable of locating the origin or grasping position in the ex-
ternal environment for multiple types of objects. In addition,
we set up an object grasping task in a real-world environment
and found that the number of successful grasp attempts was
higher than that of NewtonianVAE. Furthermore, when we
performed grasping on unseen objects with different textures
and sizes, we found that the number of successful grasping
attempts was similar to that of trained objects.
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Fig. 8. Object grasping in the real world with Conditional NewtonianVAE. Top: robot action to grasp an object. Middle: input image from the end
effector’s camera. Bottom: reconstruction by the proposed method. Note that the training dataset contains images at a fixed height, which is why the size
of the reconstructed images (bottom) corresponds to such height, even when the end effector approaches the object and grasps it.

In future work, we plan to investigate the impact on the
number of successful positioning attempts and the error from
the target position by utilizing the features obtained from
image encoders of models such as CLIP [22], as object-
type information. This will enable us to examine whether
it is possible to embed location information into the state
space independent of the number of object types. Therefore,
the application of the model to environments with a larger
number of object types can be considered.

In this work, we focused on the positioning task in the
xy-plane, while the z-axis and all rotations are not consid-
ered. In particular, the equivariant, invariant, and covariant
rotations are not explicitly encoded by CNNs and, therefore,
neglected when training the proposed method. A method that
includes these rotations and the z-axis changes should also
be investigated.
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