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Abstract: Manipulation tasks can often be decomposed into multiple subtasks
performed in parallel, e.g., sliding an object to a goal pose while maintaining con-
tact with a table. Individual subtasks can be achieved by task-axis controllers
defined relative to the objects being manipulated, and a set of object-centric con-
trollers can be combined in an hierarchy. In prior works, such combinations are
defined manually or learned from demonstrations. By contrast, we propose using
reinforcement learning to dynamically compose hierarchical object-centric con-
trollers for manipulation tasks. Experiments in both simulation and real world
show how the proposed approach leads to improved sample efficiency, zero-shot
generalization to novel test environments, and simulation-to-reality transfer with-
out fine-tuning.

1 Introduction

Manipulation tasks are inherently object-centric and often require a robot to perform multiple sub-
tasks in parallel, such as pressing on a sponge while wiping across a surface, balancing a saucer
while serving tea, or maintaining alignment of a screwdriver while unscrewing a screw. The individ-
ual subtasks need to be performed in parallel to accomplish the overall task. As the above examples
illustrate, subtasks usually correspond to goals and constraints associated to objects in the robot’s
environment. Thus, manipulation skills are often defined as 3D motions, which are implemented as
simple position or force controllers, of the end effector in object-centric coordinate frames.

One drawback of such an approach is that it results in monolithic controllers for each task, i.e.
controllers which act specifically with respect to some fixed coordinate frame. In addition, for many
tasks it is not always necessary to control all axes of a given object-centric coordinate frame. For
instance, for the wiping task in Figure 1, the sponge needs to use the table surface normal to make
contact with the surface, while it is free to move with respect to any other object (wall, corners, dirt)
on the surface. Based on this insight, we adopt a modular approach by defining task-axis controllers
for each potential subtask. Importantly, the controllers are associated with object-centric axes, such
as the normal of a surface or the direction from the end-effector to an object.

We focus on learning an hierarchy of such object-centric task-axis controllers, or object-axis con-
trollers (Figure 1). This hierarchy is especially important since many tasks require performing
multiple subtasks in parallel. Previous works use pre-defined sets of task frames attached to objects
or the robot, and they often learn a fixed task-frame hierarchy from human demonstrations. Instead,
we use Reinforcement Learning (RL) to learn a policy that outputs an ordered list of controllers,
which are then composed to be executed on the robot. To ensure different object-axis controllers
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Controllers
• End-effector controllers

• Position controllers
• Force controllers
• Rotation controllers
• Null controller

• Compute joint torques using task-space impedance control:

•

Figure 3: Rotation Controller Composition. Here, the agent rotates the Franka robot’s gripper from the initial
pose (A) to the final pose (E), so the gripper aligns with a door handle. A) The agent is given 4 rotation
controllers to choose from, aligning various axes of the gripper with different target axes of the handle. B) Two
controllers are chosen with the higher-priority labeled as (0) and the lower-priority as (1). C) Both the current
and target axes of the lower-priority controller (green arrows) are projected down to the null-space (green
planes) of the current axis of the higher-priority controller (gripper’s blue axis). D) The desired rotation target
is formed by combining the higher-priority rotation in the blue plane with the projected lower-priority rotation
in the green plane. Note that the lower-priority rotation does not interfere with the higher-priority rotation.

Controlling the Robot: We use task-space impedance control to convert translation and rotation
targets to configuration-space targets via Jacobian transpose, and we actuate the robot via joint
torques. We first concatenate the translation target �x with the axis-angle representation of �R to
form the final 6D delta end-effector target �. Then, the robot joint-torque commands are computed
as ⌧ = J

>(KS�+KD�̇), where KS and KD are diagonal stiffness and damping matrices, and J

is the analytic Jacobian. Terms for compensating gravity and Coriolis forces are omitted for brevity.
In practice, we cap the magnitude of � to limit maximum control effort, and we add an integral
term to the force controllers for better convergence. Once a set of controllers are selected, their
combination runs for T timesteps before the RL policy is queried again for a new set of controllers.

3.3 RL with Object-Axis Controllers

We use RL to learn a policy that composes object-axis controllers to perform the underlying task.
The policy outputs an ordered list of controllers, which are composed together to output the final
control signal to move the robot. The combination of controllers is run for a fixed T timesteps,
before the RL policy is queried again. Note that the controllers do not have to converge before the
RL policy switches to the next combination. We next discuss multiple ways in which the RL policy
can output the ordered list of controllers.

Discrete Combinatorial Actions: Let N be the total number of available controllers, and Nc be the
number of controllers that can be executed simultaneously. One simple way to output an ordered
list of Nc controllers is to use a discrete action space, where the policy selects an action from all
available controller permutations. Such an action space grows combinatorially (O(NNc)), and is
not scalable for environments with a large number of controllers.

Continuous Priority Scores: A continuous space alternative is to allow the policy to output a
priority score in [0, 1] for all controllers. These priority scores are then used to order the controllers,
where the Nc controllers with highest priorities are executed at each step. Although the dimension
of this action space grows linearly with the number of controllers, it can often lead to sub-optimal
performance since the agent now needs to explore a much larger action space than before.

Expanded-MDP: To avoid the sub-optimal performance of the above methods, we propose an
expanded-MDP formulation that still uses a discrete action space while avoiding combinatorial
expansion. Here, we expand each environment-execution step of the MDP into Nc intermediate
controller-selection steps, with the original environment-execution step occurring after the Nc’th
intermediate step. At each intermediate step, the policy selects one controller from the N choices.
Once Nc controllers are selected, the robot takes an actual environment step. The reward function is
modified such that 0 rewards are given for the controller-selection steps before the Nc’th step. Sim-
ilar MDP transformations have been suggested previously to solve continuous action MDPs using
discrete action space RL algorithms [35, 36].

To use the Expanded-MDP formulation, at each controller-selection step the policy needs to know its
previous controller selections. One approach is representing each controller with 1-hot encoding and
appending the 1-hot encodings of previously selected controllers to the observations. This expands
the observation space by N ⇥ (Nc � 1) dimensions, and we refer to this representation as multi-1-
hot. However, in many cases it might not be necessary to know the order of the previous controllers
being selected, i.e., it is sufficient to know which controllers have been selected previously but not
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Controller Composition

• Priority order, apply lower priority controllers in the null-space of the 
higher-priority controllers

•

•

visual observations of objects in the environment. Figure 2 illustrates force and position controllers
and their composition, and Figure 3 shows the rotation controllers.

Let xc 2 R3, Rc 2 SO(3), and fc 2 R3 respectively denote the current end-effector position,
orientation, and forces expressed in the robot’s base frame.

Position and Force Controllers: The position controller consists of a target position xd and an
axis u along which the controller will move the robot’s end-effector toward the target. u can be
a fixed direction, like the normal direction of a surface, or it can be adapted with respect to xc:
u = xd�xc

kxd�xck2
. Let P(u) = uu

> be the projection matrix for the given axis. Then, the translation
error a position controller produces is defined as �x(xd, u, xc) = P(u)(xd�xc). The force controller
is similar to the position controller, i.e. given a force target fd and an axes-direction u, the force
error the controller produces is �f (fd, u, fc) = P(u)(fd � fc).

Rotation Controller: The rotation controller attempts to align one axis Rcu of Rc with a target
axis rd, where u is a unit vector that performs axis-selection. For example,to align the X-axis of
the end-effector frame to align with rd, then u = [1, 0, 0]>. The rotation controller produces a
delta rotation target in the end-effector frame, which we compute via the angle-axis representation:
�R(rd, u, Rc) = cos�1((Rcu)>rd)((Rcu)⇥ rd)

Null Controllers: The high-level policy also has the option to choose a null controller, which would
give 0 errors for both �x and �R. While other controllers can be chosen at most 1 time, the null
controllers can be chosen multiple times, giving the high-level policy more flexibility.

3.2 Controller Composition

Force-Position Composition: The RL policy selects at most 3 force and position controllers to
compose. Only 3 of force and position controllers can execute concurrently, because there are only
3 position dimensions. The RL policy outputs a priority order for these controllers. Let the indices
[0, 1, 2] denote the 3 controllers in decreasing priority, so 0 is the highest, and 2 the lowest. The final
position target is computed by projecting the lower-priority targets onto the nullspaces of the higher-
priority controllers, then summing them. Let N (U) = I � U

†
U be a nullspace projection matrix

with respect to rows of U , where † denotes the pseudoinverse. Let Kx be the position controller gain
and Kf the force gain:

�0
x = Kx�x(x

0
d, u

0
, xc) (1)

�1
x = KxN ([u0])�x(x

1
d, u

1
, xc) (2)

�2
x = KxN ([u0

, u
1])�x(x

2
d, u

2
, xc) (3)

�x =
2X

i=0

�i
x (4)

where [. . .] represents a concatenation operator, i.e. concatenation of vectors into a matrix, e.g.,
[u0

, u
1] 2 R2⇥3. Although the above expressions are written with all 3 controllers as position

controllers, in our implementation we combine multiple position and force controllers together. If
force controllers are used, for the corresponding controller, swap �x with �f , xd with fd, xc with fc,
and Kx with Kf . Figure 2 illustrates the force-position controller composition.

Rotation Composition: The RL policy selects at most two rotation controllers to compose. This
is because when the highest priority controller fixes one axis of a rotation frame, there is only
one degree of freedom left, which is a rotation in the 2D nullspace of the fixed axis. Similar to
force-position controller compositions, we project the errors of lower-priority controllers onto the
nullspace of higher-priority controllers:

�0
R = KR�R(r

0
d, u

0
, Rc) (5)

�1
R = KR�R(N ([Rcu

0])r1d, u
1
,N ([Rcu

0])Rc) (6)

�R = �1
R ��0

R (7)

where � denotes composing rotations, and KR denotes a rotation error gain. This procedure ensures
the higher-priority rotation controller always reaches its goal, and the trajectory of that axis is not
affected by the lower-priority controller (see Figure 3 for an illustration).
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Figure 2: Force-Position Controller Composition. Here, the agent controls the green block to push the red
block up along the vertical gray wall. A) The agent is given 4 controllers to choose from, each corresponding to
points of interests in the scene. B) The agent chooses 2 controllers, with the force controller into the red block
at the higher priority (0), and position controller toward the wall corner at the lower priority (1). C) The error
of the lower-priority position controller is projected onto the null space of the higher-priority force controller
(purple dashed line). D) The projected errors are combined to form the desired position target.

to combine multiple task-axis controllers together. However, instead of using a fixed priority order,
our method learns to prioritize controllers by directly interacting with the environment.

Reinforcement Learning: Finally, our approach is related to works on structured action spaces for
reinforcement learning (RL) for contact-rich manipulation tasks. Recent works have studied how
the choice of action spaces affect robot learning performance [20, 21, 22]. However, these methods
focus only on the final controller output, i.e., comparing fixed with variable impedance control [20,
21] or with hybrid-force position control [22] in joint and task-spaces. Our work provides additional
structure to the action space via composing hierarchical object-centric controllers.

Hierarchical RL: Composing task-axes controllers for performing tasks is also related with hier-
archical RL (HRL) [23, 24, 25]. HRL uses the notion of options, which are temporally-extended
actions, and learns to combine them to accomplish a given task. There has been a large body of work
which aims to extract the underlying options [26, 27, 28], using techniques such as bottleneck states
[26], policy sketches [29], or expert demonstrations [30, 31, 32]. Similarly, there have also been
works that use predefined option policies and compose them to learn a “meta-policy” [33]. How-
ever, these option policies are defined specifically with respect to the underlying task, and hence
it is not clear how reusable these policies are. By contrast, our proposed task-axes controllers are
reusable across multiple different manipulation tasks. This is desirable for efficient learning of new
manipulation tasks[34]. Additionally, task-axes controllers are different than options since they can
be composed both hierarchically and temporally.

3 Learning Hierarchical Compositions of Object-Centric Controllers

We propose training an RL policy to perform manipulation tasks by using a structured action space
consisting of hierarchical compositions of object-centric controllers. Each object in the scene is
associated with a fixed set of task-axes, positioned either at object centers or other object key points.
For each axis, we define a set of controllers that perform force, position, and rotation controls. This
gives a set of pre-defined object-centric task-axis controllers, or object-axis controllers, which define
our structured action space. With this action space, instead of directly commanding the end-effector,
the RL policy selects multiple object-axis controllers in a prioritized order, which are composed
together using null-space projections. Figure 1 shows an overview of the overall proposed approach.

In the next subsections, we first define the different types of object-centric low-level controllers we
use, including how their object-centric axes are defined. We then discuss how to combine differ-
ent object-axis controllers together using null-space projections. Finally, we discuss different RL
approaches for learning the high-level policy that selects multiple controllers.

3.1 Controller Types

In this work, we use three different types of controllers: position, force, and rotation. These con-
trollers are object-centric, i.e. their control targets and axes correspond to objects in the scene. For
example, position controllers could be attractors that lead the end-effector (EE) close to an object
of interest, force controllers could be applying forces perpendicular to object surfaces, and rotation
controllers could be aligning an axis of the EE with an axis of the object. Currently, these controllers
are manually specified (see details in Section 4), but they could also be autonomously inferred from
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Controller Composition (Rotation)

• Rotation controllers try to align a one axis to a given target axis
• Priority order, apply lower priority controllers in the null-space of the 

higher-priority controllers

•

•  
 
Learn a policy to compose basic controllers for solving a task

visual observations of objects in the environment. Figure 2 illustrates force and position controllers
and their composition, and Figure 3 shows the rotation controllers.

Let xc 2 R3, Rc 2 SO(3), and fc 2 R3 respectively denote the current end-effector position,
orientation, and forces expressed in the robot’s base frame.

Position and Force Controllers: The position controller consists of a target position xd and an
axis u along which the controller will move the robot’s end-effector toward the target. u can be
a fixed direction, like the normal direction of a surface, or it can be adapted with respect to xc:
u = xd�xc

kxd�xck2
. Let P(u) = uu

> be the projection matrix for the given axis. Then, the translation
error a position controller produces is defined as �x(xd, u, xc) = P(u)(xd�xc). The force controller
is similar to the position controller, i.e. given a force target fd and an axes-direction u, the force
error the controller produces is �f (fd, u, fc) = P(u)(fd � fc).

Rotation Controller: The rotation controller attempts to align one axis Rcu of Rc with a target
axis rd, where u is a unit vector that performs axis-selection. For example,to align the X-axis of
the end-effector frame to align with rd, then u = [1, 0, 0]>. The rotation controller produces a
delta rotation target in the end-effector frame, which we compute via the angle-axis representation:
�R(rd, u, Rc) = cos�1((Rcu)>rd)((Rcu)⇥ rd)

Null Controllers: The high-level policy also has the option to choose a null controller, which would
give 0 errors for both �x and �R. While other controllers can be chosen at most 1 time, the null
controllers can be chosen multiple times, giving the high-level policy more flexibility.

3.2 Controller Composition

Force-Position Composition: The RL policy selects at most 3 force and position controllers to
compose. Only 3 of force and position controllers can execute concurrently, because there are only
3 position dimensions. The RL policy outputs a priority order for these controllers. Let the indices
[0, 1, 2] denote the 3 controllers in decreasing priority, so 0 is the highest, and 2 the lowest. The final
position target is computed by projecting the lower-priority targets onto the nullspaces of the higher-
priority controllers, then summing them. Let N (U) = I � U

†
U be a nullspace projection matrix

with respect to rows of U , where † denotes the pseudoinverse. Let Kx be the position controller gain
and Kf the force gain:

�0
x = Kx�x(x

0
d, u

0
, xc) (1)

�1
x = KxN ([u0])�x(x

1
d, u
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�2
x = KxN ([u0

, u
1])�x(x

2
d, u

2
, xc) (3)

�x =
2X

i=0

�i
x (4)

where [. . .] represents a concatenation operator, i.e. concatenation of vectors into a matrix, e.g.,
[u0

, u
1] 2 R2⇥3. Although the above expressions are written with all 3 controllers as position

controllers, in our implementation we combine multiple position and force controllers together. If
force controllers are used, for the corresponding controller, swap �x with �f , xd with fd, xc with fc,
and Kx with Kf . Figure 2 illustrates the force-position controller composition.

Rotation Composition: The RL policy selects at most two rotation controllers to compose. This
is because when the highest priority controller fixes one axis of a rotation frame, there is only
one degree of freedom left, which is a rotation in the 2D nullspace of the fixed axis. Similar to
force-position controller compositions, we project the errors of lower-priority controllers onto the
nullspace of higher-priority controllers:

�0
R = KR�R(r

0
d, u

0
, Rc) (5)

�1
R = KR�R(N ([Rcu

0])r1d, u
1
,N ([Rcu

0])Rc) (6)

�R = �1
R ��0

R (7)

where � denotes composing rotations, and KR denotes a rotation error gain. This procedure ensures
the higher-priority rotation controller always reaches its goal, and the trajectory of that axis is not
affected by the lower-priority controller (see Figure 3 for an illustration).
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Figure 3: Rotation Controller Composition. Here, the agent rotates the Franka robot’s gripper from the initial
pose (A) to the final pose (E), so the gripper aligns with a door handle. A) The agent is given 4 rotation
controllers to choose from, aligning various axes of the gripper with different target axes of the handle. B) Two
controllers are chosen with the higher-priority labeled as (0) and the lower-priority as (1). C) Both the current
and target axes of the lower-priority controller (green arrows) are projected down to the null-space (green
planes) of the current axis of the higher-priority controller (gripper’s blue axis). D) The desired rotation target
is formed by combining the higher-priority rotation in the blue plane with the projected lower-priority rotation
in the green plane. Note that the lower-priority rotation does not interfere with the higher-priority rotation.

Controlling the Robot: We use task-space impedance control to convert translation and rotation
targets to configuration-space targets via Jacobian transpose, and we actuate the robot via joint
torques. We first concatenate the translation target �x with the axis-angle representation of �R to
form the final 6D delta end-effector target �. Then, the robot joint-torque commands are computed
as ⌧ = J

>(KS�+KD�̇), where KS and KD are diagonal stiffness and damping matrices, and J

is the analytic Jacobian. Terms for compensating gravity and Coriolis forces are omitted for brevity.
In practice, we cap the magnitude of � to limit maximum control effort, and we add an integral
term to the force controllers for better convergence. Once a set of controllers are selected, their
combination runs for T timesteps before the RL policy is queried again for a new set of controllers.

3.3 RL with Object-Axis Controllers

We use RL to learn a policy that composes object-axis controllers to perform the underlying task.
The policy outputs an ordered list of controllers, which are composed together to output the final
control signal to move the robot. The combination of controllers is run for a fixed T timesteps,
before the RL policy is queried again. Note that the controllers do not have to converge before the
RL policy switches to the next combination. We next discuss multiple ways in which the RL policy
can output the ordered list of controllers.

Discrete Combinatorial Actions: Let N be the total number of available controllers, and Nc be the
number of controllers that can be executed simultaneously. One simple way to output an ordered
list of Nc controllers is to use a discrete action space, where the policy selects an action from all
available controller permutations. Such an action space grows combinatorially (O(NNc)), and is
not scalable for environments with a large number of controllers.

Continuous Priority Scores: A continuous space alternative is to allow the policy to output a
priority score in [0, 1] for all controllers. These priority scores are then used to order the controllers,
where the Nc controllers with highest priorities are executed at each step. Although the dimension
of this action space grows linearly with the number of controllers, it can often lead to sub-optimal
performance since the agent now needs to explore a much larger action space than before.

Expanded-MDP: To avoid the sub-optimal performance of the above methods, we propose an
expanded-MDP formulation that still uses a discrete action space while avoiding combinatorial
expansion. Here, we expand each environment-execution step of the MDP into Nc intermediate
controller-selection steps, with the original environment-execution step occurring after the Nc’th
intermediate step. At each intermediate step, the policy selects one controller from the N choices.
Once Nc controllers are selected, the robot takes an actual environment step. The reward function is
modified such that 0 rewards are given for the controller-selection steps before the Nc’th step. Sim-
ilar MDP transformations have been suggested previously to solve continuous action MDPs using
discrete action space RL algorithms [35, 36].

To use the Expanded-MDP formulation, at each controller-selection step the policy needs to know its
previous controller selections. One approach is representing each controller with 1-hot encoding and
appending the 1-hot encodings of previously selected controllers to the observations. This expands
the observation space by N ⇥ (Nc � 1) dimensions, and we refer to this representation as multi-1-
hot. However, in many cases it might not be necessary to know the order of the previous controllers
being selected, i.e., it is sufficient to know which controllers have been selected previously but not
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Experiments

• Tasks

•  
• Baselines:

• EE control, 1-Controller at a time
• Ablations:

• Discrete action composition
• Continuous priority scores
• Expanded MDP (Multi 1hot, Single 1 hot)

Figure 4: Experiment Tasks. From left to right: Block Fit, Block Push, Franka Hex-Screw, Franka Door-
Opening tasks implemented in simulation, and Franka tasks in the real world.

Figure 5: Example environment configurations for Block Push (left) and Block Fit (right) environments. Top
row shows some examples of train configurations, and the bottom row shows some examples of test configura-
tions. The orange wall shows the goal wall to reach.

their order. So, for the second representation, we merge the one-hot encodings of multiple previous
controllers into one binary vector. This only increases the observation space by N dimensions, and
can lead to faster learning. We refer to this representation as single-1-hot

4 Experiment Tasks and Setup

With our experiments we aim to evaluate 1) How useful are the proposed object-axis controllers for
task learning, 2) How important is controller composition for task learning, and 3) How well does
our proposed approach generalize to the different test configurations.

Figure 4 visualizes the tasks used to evaluate our approach. There are two 2D tasks, Block Fit
and Block Push, and two real robot tasks, screwing hex-screws and opening doors with the 7 DoF
Franka Emika Panda arm. We compare both learning performance of the proposed approach against
baselines, as well as their ability to generalize to novel environment configurations. To study gen-
eralization, we train policies on a small set of training environment configurations and test them on
a novel test set. Training over multiple environments is important to avoid overfitting. Details of
each task, including controller specifications, task variations, observation and action spaces, and the
reward functions can be found in the Appendix.

Block Fit: In this task, a 2D block robot needs to navigate to a 2D goal pose in the scene. There are
multiple walls or obstacles in the scene, so the robot cannot directly proceed towards the goal. Fig-
ure 5 (Left) shows some of the different train and test configurations. The low-level controllers are
wall-centric. Different environment configurations have different wall lengths and angles between
walls. The training set has 8 different environment configurations, while the test set has 9.

Block Push: In this task, a 2D block robot needs to push another block along a vertical wall over
a ledge to a desired goal pose. Figure 5 (right) visualizes some train and test configurations. Con-
trollers and environment wall configurations are similar to those of Block Fit. The environment
samples the initial pose of the block robot and the target block. The training set has 11 different
environment configurations, and the test set has 8.

Franka Hex-Screw: In this task, a 7-DoF Franka Panda arm is used to insert a hex-key into a
screw, and turn the screw to a desired angle while applying a downward force and maintaining
vertical orientation. The screw will not turn unless a sufficient pre-defined (20N ) downward force is
applied. Different environment configurations have different wrench and screw sizes. The training
set uses size scale multipliers of (0.9, 1.0, 1.3), and the test set uses (0.7, 0.8, 1.1, 1.2, 1.4, 1.5).

Franka Door-Opening: In this task, the Franka robot needs to open a door by first turning its door
handle and then pulling the door beyond an opening threshold. To avoid trivial policy solutions, the
door will not open unless the handle is first turned to a desired angle. The environment samples
the initial relative pose between the EE and the door, and different configurations have different
locations of the door handle on the door. The training and test set contain 4 and 3 configurations.

6

Figure 4: Experiment Tasks. From left to right: Block Fit, Block Push, Franka Hex-Screw, Franka Door-
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Block Push: In this task, a 2D block robot needs to push another block along a vertical wall over
a ledge to a desired goal pose. Figure 5 (right) visualizes some train and test configurations. Con-
trollers and environment wall configurations are similar to those of Block Fit. The environment
samples the initial pose of the block robot and the target block. The training set has 11 different
environment configurations, and the test set has 8.

Franka Hex-Screw: In this task, a 7-DoF Franka Panda arm is used to insert a hex-key into a
screw, and turn the screw to a desired angle while applying a downward force and maintaining
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applied. Different environment configurations have different wrench and screw sizes. The training
set uses size scale multipliers of (0.9, 1.0, 1.3), and the test set uses (0.7, 0.8, 1.1, 1.2, 1.4, 1.5).

Franka Door-Opening: In this task, the Franka robot needs to open a door by first turning its door
handle and then pulling the door beyond an opening threshold. To avoid trivial policy solutions, the
door will not open unless the handle is first turned to a desired angle. The environment samples
the initial relative pose between the EE and the door, and different configurations have different
locations of the door handle on the door. The training and test set contain 4 and 3 configurations.
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Figure 6: Success rates for all tasks on training environment configurations.

Compared Approaches: We set Nc = 3 across all experiments, which we found to be sufficient.
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1https://developer.nvidia.com/isaac-gym
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Task Variation EE-Space 1-Ctrlr 3-Priority 3-Combo 3-Exp-Single 3-Exp-Multi

Block Fit Train 0.87 (0.213) 0.778 (0.38) 0.936 (0.032) 0.294 (0.18) 0.998 (0.002) 1.00 (0.0)
Test-Small 0.87 (0.10) 0.916 (0.14) 0.99 (0.001) 0.184 (0.12) 0.99 (0.001) 0.99 (0.01)
Test-Large 0.371 (0.246) 0.396 (0.423) 0.877 (0.141) 0.165 (0.23) 0.974 (0.048) 0.953 (0.087)

Block Push Train 0.966 (0.046) 0.594 (0.087) 0.548 (0.129) 0.0 (0.0) 0.974 (0.025) 0.978 (0.022)
Test-Small 0.912 (0.045) 0.577 (0.193) 0.396 (0.041) 0.0 (0.0) 0.945 (0.045) 0.960 (0.030)
Test-Large 0.518 (0.185) 0.152 (0.137) 0.376 (0.032) 0.0 (0.0) 0.751 (0.103) 0.788 (0.132)

Table 1: Mean (SD) success rates for Block Fit and Block Push tasks on different environment configurations.

Task Variation EE-Space 1-Ctrlr 3-Priority 3-Combo 3-Exp-Single 3-Exp-Multi

Hex-Screw Train 0.002 (0.002) 0.183 (0.303) 0.960 (0.048) 0.774 0.194) 0.984 (0.01) 0.980 (0.016)
Test-Small 0.00 (0.00) 0.13 (0.072) 0.62 (0.045) 0.429 (0.430) 0.963 (0.01) 0.966 (0.015)
Test-Large 0.00 (0.00) 0.026 (0.025) 0.633 (0.081) 0.34 (0.057) 0.936 (0.028) 0.936 (0.035)
Real-World n/a 0.0 0.5 0.0 0.9 0.6

Door-Open Train 0.002 (0.006) 0.947 (0.021) 0.982 (0.007) 0.984 (0.013) 0.987 (0.009) 0.984 (0.015)
Test-Small 0.066 (0.063) 0.922 (0.043) 0.965 (0.046) 0.975 (0.011) 0.997 (0.006) 0.992 (0.015)
Test-Large 0.000 (0.001) 0.936 (0.032) 0.983 (0.006) 0.985 (0.007) 0.996 (0.005) 0.994 (0.013)
Real-World n/a 0.0 1.0 0.9 1.0 1.0

Table 2: Success rates for Franka Hex-Screw and Open-Door tasks on train and test environment configu-
rations across 8 seeds. Parentheses denote standard deviation. Real-world results are evaluated over 10 trials
each. We did not run EE-Space policies in the real world as they were unable to learn the tasks in simulation.
progress on either task. For Hex-Screw, the EE-Space policy is able to reach the screw, but is unable
to learn to simultaneously rotate the screw and apply sufficient downward force. For Door-Open, the
EE-Space policy reaches the door handle, but fails to grasp and completely rotate the door handle
in a robust manner to open the door. One reason for these EE-Space failures is that exploration
in both tasks is difficult in the end-effector space. To aid EE-Space exploration, we evaluated the
approach from [40], which gives the agent additional exploration rewards. While doing so leads the
agent to cover a larger region in the state space, the explored states do not always correspond with
meaningful behaviors for task completion, so we did not observe any gains using this method.

Unlike with the Block 2D tasks, 3-Priority is able to learn both the Franka tasks. This is because the
Franka tasks have fewer possible controllers, which resulted in lower dimensional priority-score ac-
tion spaces. The reduced action-space dimensions of Franka tasks allowed us to evaluate 3-Combo,
which is also able to learn both tasks, although it achieves worse performance on Hex-Screw. Sim-
ilarly, 1-Ctrlr is able make progress on Door-Open but not Hex-Screw, which suggests that Hex-
Screw requires more precise coordination of multiple controllers than Door-Open. Table 2 (rows
2, 3, 5 and 6) shows the success rates for both tasks on test configurations with small and large
deviations. All methods that use hierarchical combination of multiple object-axis controllers gener-
alize well to both small and large test deviations. Methods that performed poorly during training,
EE-Space for both tasks and 1-Ctrlr Hex-Screw, do not generalize well.

To evaluate Franka tasks in the real-world, we performed 10 trials of each method on the real robot,
each trial with a different sampled initial state. For the Hex-Screw task, we further tested on 3 differ-
ent screw and key sizes. All methods that used the proposed composition of hierarchical controllers
were able to robustly perform Door-Open in the real world, while only 3-Exp-Single was able to do
so for Hex-Screw. Hex-Screw is more challenging than Door-Open, because it requires more pre-
cise movements for alignment and insertion. As a result, sim-to-real gap in the robot dynamics and
controller responses leads to greater performance degradation for Hex-Screw than for Door-Open.

6 Conclusion and Future Work
In this work, we propose using RL to learn how to compose hierarchical object-centric controllers
for manipulation tasks. Our approach has several advantages. First, the object-centric controllers
can be reused across multiple tasks. Second, controller compositions are invariant to certain object
properties. Finally, the use of a structured action space introduces meaningful inductive biases for
manipulation. Our experiments show that the proposed approach leads to more guided exploration
and consequently improved sample efficiency, and it enables zero-shot generalization to test envi-
ronments and simulation-to-reality transfer without fine-tuning. In future work, we will tackle the
main limitations of the current approach – the set of controllers is fixed and manually-defined.
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More Than a Feeling: Learning to Grasp and
Regrasp using Vision and Touch

Roberto Calandra1, Andrew Owens1, Dinesh Jayaraman1, Justin Lin1, Wenzhen Yuan2,
Jitendra Malik1, Edward H. Adelson2, and Sergey Levine1

Abstract—For humans, the process of grasping an object relies

heavily on rich tactile feedback. Most recent robotic grasping

work, however, has been based only on visual input, and thus

cannot easily benefit from feedback after initiating contact. In this

paper, we investigate how a robot can learn to use tactile infor-

mation to iteratively and efficiently adjust its grasp. To this end,

we propose an end-to-end action-conditional model that learns

regrasping policies from raw visuo-tactile data. This model – a

deep, multimodal convolutional network – predicts the outcome

of a candidate grasp adjustment, and then executes a grasp by

iteratively selecting the most promising actions. Our approach re-

quires neither calibration of the tactile sensors, nor any analytical

modeling of contact forces, thus reducing the engineering effort

required to obtain efficient grasping policies. We train our model

with data from about 6,450 grasping trials on a two-finger gripper

equipped with GelSight high-resolution tactile sensors on each

finger. Across extensive experiments, our approach outperforms a

variety of baselines at (i) estimating grasp adjustment outcomes,

(ii) selecting efficient grasp adjustments for quick grasping,

and (iii) reducing the amount of force applied at the fingers,

while maintaining competitive performance. Finally, we study

the choices made by our model and show that it has successfully

acquired useful and interpretable grasping behaviors.

Index Terms—Deep Learning in Robotics and Automation;

Grasping; Perception for Grasping and Manipulation; Force and

Tactile Sensing

I. INTRODUCTION

G
RASPING is a deeply interactive task: we initiate con-
tact by reaching our fingers toward an object, adjust

the placement of our fingers, and balance contact forces as
we lift. During this process, the feedback provided by the
sense of touch is paramount, as demonstrated by human
experiments [1]. Nonetheless, incorporating touch sensing into
robotic grasping has thus far proved challenging, due to
hardware limitations (e.g., sensor sensitivity and cost) and
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the difficulty of integrating tactile inputs into standard con-
trol schemes. Consequently, the predominant input modalities
currently used in the robotic grasping literature are vision and
depth.

Figure 1: We propose an action-
conditional model that iteratively
adjusts a robot’s grasp based on
raw visuo-tactile inputs.

However, vision does
not easily permit the
measurement of and
reaction to ongoing
contact forces, thus
significantly hindering
the potential benefits of
interaction. As a result,
vision-based grasping
approaches have largely
relied on selecting a grasp
configuration (location,
orientation, and forces) in
advance, before making
contact with the object.

In the quest for inter-
active grasping, we study
how tactile sensing can be
integrated into a grasping
system that can probe an
object and then reactively
adjust its grasp to achieve
the highest chance of success. Our method is based on learning
an action-conditioned grasping model, trained end-to-end in
a self-supervised manner by using a robot to autonomously
collect grasp attempts. In contrast to prior self-supervised
grasping work [2], [3], however, our model incorporates rich
touch sensing from a pair of GelSight sensors (see Fig. 1).
Incorporating tactile sensing into action-conditional models,
however, is not straightforward. The robot only receives tactile
input intermittently, when its fingers are in contact with the
object and, since each regrasp attempt can disturb the object
position and pose, the scene changes with each interaction.
In contrast, grasping methods that use vision typically do not
interact repeatedly with the object, but simply drive the arm
toward a chosen grasp pose and then attempt a single grasp.

Our contributions are as follows: (1) we introduce a new
multi-modal action-conditional model for grasping using vi-
sion and touch; (2) we show that our model is effective
at grasping novel objects, in comparison to unconditional
models and vision-only variations; (3) we analyze the learned
grasping policy and show that it produces interpretable and
useful grasping behaviors; (4) we demonstrate that our model
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8 • Use haptic feedback to determine how to re-
grasp for better grasping outcomes



Gelsight as a haptic sensor

Ted Adelson’s lab at MIT



Gelsight as a haptic sensor

Estimating Object Hardness with a GelSight Touch Sensor

Wenzhen Yuan1, Mandayam A. Srinivasan2 and Edward H. Adelson3

Abstract— Hardness sensing is a valuable capability for a
robot touch sensor. We describe a novel method of hardness
sensing that does not require accurate control of contact
conditions. A GelSight sensor is a tactile sensor that provides
high resolution tactile images, which enables a robot to infer
object properties such as geometry and fine texture, as well
as contact force and slip conditions. The sensor is pressed on
silicone samples by a human or a robot and we measure the
sample hardness only with data from the sensor, without a
separate force sensor and without precise knowledge of the
contact trajectory. We describe the features that show object
hardness. For hemispherical objects, we develop a model to
measure the sample hardness, and the estimation error is about
4% in the range of 8 Shore 00 to 45 Shore A. With this
technology, a robot is able to more easily infer the hardness of
the touched objects, thereby improving its object recognition
as well as manipulation strategy.

I. INRODUCTION

For both humans and robots, the sense of touch is impor-
tant for object recognition and dexterous manipulation [1].
When we touch an object, we quickly learn a set of its
physical properties, such as the shape, smoothness, hardness,
thermal conductivity, etc. Those properties enable us to
quickly categorize the object and devise a suitable manip-
ulation strategy. Considerable research has been conducted
to infer tactile object properties using robots as well. Two
recent examples are Drimus et al. [2] and Chu et al. [3],
who introduced methods to infer multiple object properties
by analyzing touch sensor input during several controlled
exploration procedures.

Among the physical properties of objects, hardness is
particularly important. Many objects have distinct hardness
and which makes them easier to recognize, such as human
or animal bodies, cushions, sponges, food, and fabrics. A
robot would benefit from hardness detection to recognize
those objects in daily tasks and choose proper contact force
to avoid damage. Hardness is also helpful in specific jobs,
like product evaluation. For many fruits, like avocado, peach,
tomato, hardness indicates the level of ripeness. It would be
helpful to have a robot that is capable of estimating whether
a fruit is ready to eat by measuring its hardness. Palpation of
human tissue has diagnostic value and is useful in guiding
tele-surgery.

1Department of Mechanical Engineering, and Computer Science and
Artificial Intelligence Laboratory(CSAIL), MIT, Cambridge, MA 02139,
USA yuan wz@csail.mit.edu

2Laboratory for Human and Machine Haptics (MIT TouchLab), Research
Laboratory of Electronics and Department of Mechanical Engineering,
MIT, Cambridge, MA 02139, USA and UCL TouchLab, Computer Science
Department, UCL, London, UK srini@mit.edu

3Department of Brain and Cognitive Sciences and CSAIL, MIT, Cam-
bridge, MA 02139, USA adelson@csail.mit.edu

Fig. 1. The fingertip GelSight sensor and hemispherical silicone samples
used in this project. We manually press the sensor on samples, and infer
sample hardness from GelSight data sequences.

Hardness can be described in terms of deformation as a
function of force, suggesting the need for accurate force
sensing in the process. However, humans are surprisingly
good at estimating hardness with a passive fingertip, via
cutaneous touch alone, evidently based on the deformation
pattern of the fingertip [4]. We wish to replicate this capabil-
ity in a robot fingertip, allowing more convenient hardness
estimation when the contact force is unknown or poorly
controlled.

Object hardness is generally measured by touch, but there
are several challenges. It can be measured, for example,
by comparing the contact pressure and indentation depth
between the touch sensor and the contact object. However,
different object geometries give rise to different contact
forces, correlation the two is complicated, and measuring the
object shape to sufficient precision is difficult for most touch
sensors. There are several but limited attempts to measure
object hardness by tactile sensors, but they work only under
strict conditions, like the precise control of contact movement
and the single geometry or type of the objects.

We have attempted to expand the robot’s ability to estimate
object hardness with an optical based touch sensor GelSight
[5], [6]. The sensor takes high-resolution tactile images of the
contact geometry and deformation distribution. We press the
sensor against a set of silicone samples, as shown in Figure 1,
and get a set of data during the press, and show some
example results in Figure 2. The movement is intentionally
imprecise; it is performed by a human holding the sensor,

Yuan et al. Estimating Object Hardness with a GelSight Touch Sensor
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Figure 3: Action-conditioned visuo-tactile model network architecture.

original GelSight RGB images to 256⇥256, and subsequently
(for data augmentation) sample random 224⇥224 crops. This
kind of image resolution is standard for CNN-based object
recognition in computer vision, though it is substantially lower
than the native resolution of the GelSight. Although we did
not investigate the effect of image resolution on performance,
this is an interesting question for future work.

a) Network design: We process each image using a con-
volutional network. Specifically, we use the penultimate layer
of a 50-layer deep residual network [39]. We further emphasize
deformations in each GelSight image through background
subtraction i.e., we pass the neural network the difference
of the GelSight images before and after contact. The action
network is a multi-layer perceptron consisting of two fully-
connected layers with 1024 hidden units each. This network
takes as input vector representations of the action and pose.
The action is a 5-dimensional vector consisting of a 3D
motion, in-plane rotation, and change in force. Likewise, the
end effector pose is a 4-dimensional vector represented by
position and angle. Moreover, we also provided the network
with the 3D motion transformed into the gripper’s coordinate
system. To fuse these networks, we concatenate the outputs of
the four input branches (camera image, two GelSight images,
and the action network), and then pass them through a two-
layer fully-connected network that produces a grasp success
probability. The first layer of this fusion network contains 1024
hidden units. Our model architecture is shown in Fig. 3.

b) Training: To speed up training, we pretrain these
networks using weights from a model trained to classify
objects on ImageNet [40], and we tie the weights of the two
tactile networks. We then jointly optimize the model with
a batch size of 16 for 9,000 iterations (using a dataset of
18,070 examples), lowering the learning rate by a factor of
10 after 7000 iterations.

B. Regrasp Optimization
Once the action-conditional model f has been learned,

we use it to select the action that maximize the expected
probability of success of the grasp after performing the action

a⇤
t = arg maxa f (st,a) . (1)

We perform this optimization using stochastic search: we
randomly sample potential actions and predict the success
probability using the learned model f , and then select the
action with the highest success probability. Although this
optimization can be computationally expensive (in our exper-
iments, approximately 0.6 s for 5000 samples), in practice we
find that it performs well.

V. DATA COLLECTION

To collect the data necessary to train our model, we de-
signed a self-supervised automated data collection process.
In each trial, depth data from the front Kinect was used to
approximately identify the starting position of the object and
enclose it within a cylinder. We then set the end-effector (x, y)
coordinates to the position of the center of the cylinder plus a
small random perturbation, and set its height to be a random
value between the floor and the height of the cylinder. Its
orientation � was set uniformly at random. Moreover, we
randomized the gripping force F to collect a large variety
of behaviors, from firm, stable grasps, to occasional slips, to
overly gentle grasps that fail more often. After moving to the
chosen position and orientation, and closing the gripper with
the desired gripping force, the gripper attempt to lift the object
and wait in the air for 4 s. If the object was still in the gripper
at the end of this time, the robot would place the object back
at a randomized position, and a new trial would start.

The labels for this data (i.e., whether the grasp was suc-
cessful) were also automatically generated using deep neural
network classifiers (running two instances, one for each finger)
trained to detect contacts using the raw GelSight images
observed1. We performed additional manual labeling on a
small set of samples for which the automatic classification
was borderline ambiguous (e.g., if both sensor were not
confident of the presence of contacts after lifting), or in the
rare cases when a visual inspection would indicate a wrong

1This model was initially trained using manually collected data, and
iteratively fine-tuned in a self-supervised manner using the very same au-
tomatically collected, but manually labeled, data.

Overall Architecture
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label. Overall, we collected 6,450 grasping trials from over 65
training objects.

As the gripper moves from one position to another, the
locations that it moves to along the way can provide additional
data points for training. We use this idea to augment the
dataset with additional examples. When the robot is gripping
an object, we create a state-action pair with zero translation
or rotation, corresponding to the action of the robot keeping
the gripper in the same position (a useful possible action
for regrasping). Similarly, we create a state-action pair at the
moment that the robot has released the gripper but has not
yet moved. In this case, the action is the same as when the
gripper is in contact with the object. After this augmentation,
our dataset contains 18,070 examples.

During the data collection and experimental evaluation,
we replaced the gels of the two GelSight sensors multiple
times due to wear and tear. Each gel is unique, and as a
result produces slightly different inputs (e.g., grid of markers
might not be evenly aligned). Moreover, with the progressive
wear of the surface a single gel, the images can significantly
change over time. In our experiments we noticed how, initially,
replacing the gel would degrade the performance of the learned
models. However, after collecting data with a few different
gels, changing the gels did not seem to significantly affect
performance anymore, hence suggesting that the model learned
features that are reasonably invariant to the specific gel being
used.

VI. EXPERIMENTAL RESULTS

To validate our multi-modal grasping model, we first com-
pare the performance of the model on the dataset we collected.
Then, we test the model on an actual robot, and evaluate its
generalization capabilities on additional (unseen) test objects.
Moreover, we analyze the learned visuo-tactile model to gain
some insight into its learned behavior and features. Finally,
we demonstrate that it is possible to exploit our visuo-tactile
action-conditioned model to minimize the applied forces while
maintaining a high success rate. Videos showing the robotic
grasping experiments (and other material) are available online
at: https://sites.google.com/view/more-than-a-feeling

A. Model Evaluation

Table I: K-fold (K=3) cross-validation
accuracy of the different models trained
with 18,070 data points.

Model Accuracy
(mean ± std. err.)

Chance 62.80%± 0.85%
Vision (+ action) 73.03%± 0.24%
Tactile (+ action) 79.34%± 0.66%
Tactile + Vision (+ action) 80.28%± 0.68%
Tactile + Vision (no action) 76.43%± 0.42%

First, we ask:
can our model
successfully learn
to predict future
grasp success for
novel objects?
Recall that while
previous works
such as [18] have
shown that it is
possible to predict
stability of ongoing grasps from visuo-tactile inputs, we seek
to evaluate the stability of future grasps, conditional on a
relative adjustment from the current grasp. We compare the
predictive performance of a number of variations of our

model, using our dataset of grasps (Sec. V). For this, we
use K-fold (K = 3) cross-validation, partitioning the data
by object instance. Does our model learn to use actions to
predict future outcomes? This is critical, since we expect to
use this model to search over possible actions during grasping
on a robot. To test this, we evaluate the model in Fig. 3
without the action (“Tactile + Vision (no action)” in Tab. I) –
an unconditional model similar to the one considered in [18]
– which without having access to the action corresponds to
computing the expectation over all the possible actions. We
see that performance indeed drops significantly when action
information is withheld, validating that the model learns to
successfully evaluate the importance of different actions.
Next, we test whether our model significantly outperforms
variations where different components are ablated, such as the
vision-only and tactile-only models. As seen in Tab. I, the full
visuo-tactile model performs best – results for future-grasp
prediction that are consistent with those reported in [18] for
the task of evaluating current grasps.

B. Robot Grasp Evaluation

Next, we evaluated the learned models on the robot. In
these experiments, we had the robot grasp a given object after
executing a series of regrasp actions. Each grasp begins by
randomly sampling an end-effector position and angle with
the manually engineered system used for the data collection
of Sec. V, but without closing the fingers of the robot. Since
we start from a configuration where the fingers are not in
contact, it is impossible to fairly compare against the tactile-
only variant of our model, which requires the robot to already
be in contact with the object to select a meaningful action.
Consequently, we compare with the vision-only variant of
our model, which is similar to that in [3]. We then use
the learned models to select the next grasp, by solving the
optimization of Eqn. (1). For the action optimization, we
consider translations in the interval [�2,+2] cm, gripper
rotations from [�17

�, 17�], and force values in [4, 25] N. The
optimization is performed by randomly sampling 4900 actions,
plus 100 additional actions sweeping over the grasping force
interval, but having the end-effector rotation and translation
set to 0. Each action results in performing a translation and
rotation of the end-effector, and in closing the fingers with
the desired force. Moreover, if the predicted grasp success
probability is above the desired threshold, the re-grasp also
includes lifting the object. In our experiments, we set this
threshold to 0.9. To ensure that the probabilities are well-
calibrated, we applied Platt scaling [41] to its probability
predictions, using a validation set containing approximately
1900 examples.

As a baseline, we also evaluated against an approach that fits
a cylinder around the object using depth data and subsequently
attempt to grasp the centroid of the object using a constant
grasping force of 10N. Since we used this cylinder fitting
approach as a component of our data collection procedure,
it was manually engineered to perform well.

We first trained the models on 18,070 data points collected
as described in Sec. V, and evaluated them on a test set of

6 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED JUNE, 2018

Table II: Detailed grasping results using different policies for the ”Easy” and ”Hard” test objects.

“E
as

y”
se

t

Methods

Objects
Average

grasp
success

215g 160g 40g 125g 125g 65g 135g 30g 380g 140g 10g
% grasp success (# success / # trials)

Vision only 76% (38/50) 70% (7/10) 60% (6/10) 50% (5/10) 50% (5/10) 90% (9/10) 40% (4/10) 60% (6/10) 90% (9/10) 10% (1/10) 100% (10/10) 63.2%
Tactile + Vision 95% (95/100) 100% (10/10) 100% (10/10) 100% (10/10) 90% (9/10) 100% (10/10) 90% (9/10) 100% (10/10) 80% (8/10) 90% (9/10) 90% (9/10) 94.0%

Cylinder fitting 90% (18/20) 90% (18/20) 80% (16/20) 55% (11/20) 100% (20/20) 100% (20/20) 90% (18/20) 75% (15/20) 35% (7/20) 20% (4/20) 100% (20/20) 75.9%

“H
ar

d”
se

t

Methods

Objects
Average

grasp
success

230g 120g 195g 50g 70g 85g 38g 165g 65g 340g 110g
% grasp success (# success / # trials)

Vision only 60% (6/10) 80% (8/10) 30% (3/10) 30% (3/10) 80% (8/10) 40% (4/10) 60% (6/10) 50% (5/10) 50% (5/10) 50% (5/10) 20% (2/10) 50%
Tactile + Vision 80 % (8/10) 100% (10/10) 50% (5/10) 80% (8/10) 90% (9/10) 70% (7/10) 100% (10/10) 40% (4/10) 60% (6/10) 80% (8/10) 60% (6/10) 73.6%

Cylinder fitting 95% (19/20) 100% (20/20) 35% (7/20) 100% (20/20) 90% (18/20) 15% (3/20) 90% (18/20) 85% (17/20) 15% (3/20) 15% (3/20) 95% (19/20) 66.8%

11 previously unseen objects (that we call “Easy”). These
objects significantly differed from the ones seen in the training
set in terms of color, weight, shape, friction, etc. From the
evaluations, we found that our visuo-tactile model significantly
outperformed both the vision-only and the cylinder fitting
models, achieving 94% accuracy. However, on the harder
objects from the “Hard” test set, this learned model would
not perform very well. Hence, we decided to collect more
data on the training objects, but this time on-policy using the
learned model. We thus collected a new dataset consisting of
25,404 datapoints, which we used to re-train both the Vision
and Tactile+Vision models. After retraining, we evaluated the
performance again on the “Hard” test set. In Tab. II, we
can see how the visuo-tactile model again outperform the
other two models. Based on these experiments, the largest
improvements in performance of our model seem to happen
in the presence of compliant objects, and objects where it is
difficult to visually ascertain a good grasp, such as small or
irregular objects. Another interesting result is that the vision-
only model performs quite poorly. We hypothesize that the
main cause is the relatively small size of the dataset. Prior
work [3] used a smaller model and 40x more data. As such,
it is likely that the performance of our tactile+vision model
could also be further improved by collecting more data.

C. Understanding the Learned Visuo-Tactile Model
Our approach relies on a future grasp evaluation model

learned entirely from data, without manual specification of
heuristically useful behaviors. We now examine qualitatively:
what strategies has our model learned and what behaviors does
it produce?

1) Grasping Force: The first question we study is whether
or not the model has learned the importance of modulating
the amount of force F applied at the fingers for the grasp
outcome. Naturally, a stronger grasp is typically more likely
to succeed. To test this hypothesis, we placed the gripper in a
state where it was in contact with a previously unseen object.
We then asked the model to predict the probability of grasp
success given various finger forces, keeping the other parts of
the action vector fixed. Given this state and candidate actions,
we computed the corresponding success rate prediction. As
illustrated in Fig. 4, the model appears to have learned that

(a) Stable grasp (b) Unstable grasp

Figure 4: Predicted grasp success rate with varying the amount
of force F . The model learned that, when stably in contact with
the object, there is a correlation between force applied and
success rate. However, for unstable grasps, the model learned
that increasing the grasp force might misplace the object and
result in an unsuccessful grasp.

there is a correlation between the force and the grasp outcome.
However, further analysis shows that the model did not just
learn to increase the force in all cases: for multiple situations
having very high forces seems to reduce the predicted success
rate. For example, we saw this occur when the robot grasped
a cube whose corner was only half in contact with the fingers.
Due to the shape of the fingers, applying large forces in this
case would cause the object to be displaced and slip out of
the fingers, and the model correctly predicts that lower forces
should be preferred (see Fig. 4b).

Figure 7: Example of predicted grasp
success rate varying the height of
the fingers. The model learned that
decreasing the height of the fingers
generally increases the success rate.

2) Height and
Center-of-Mass:
A second important
question is what the
model learned with
respect to the height
of the grasp. For
instance, it may be
important to grasp
close to the vertical
center-of-mass of the
object: objects that are held close to their top might slip away
under even small perturbations. At the same time, objects that
are grasped below the center-of-mass might be unstable and
rotate around the contact, increasing the chance of slippage.
Evaluating the model in different circumstances shows that the
model learned that the probability of success increases when
decreasing the height of the fingers (an example is shown in
Fig. 7). The model did not however, seem to have learned
any relevant correlation between the height of the object, or
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Table II: Detailed grasping results using different policies for the ”Easy” and ”Hard” test objects.
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Methods

Objects
Average

grasp
success

215g 160g 40g 125g 125g 65g 135g 30g 380g 140g 10g
% grasp success (# success / # trials)

Vision only 76% (38/50) 70% (7/10) 60% (6/10) 50% (5/10) 50% (5/10) 90% (9/10) 40% (4/10) 60% (6/10) 90% (9/10) 10% (1/10) 100% (10/10) 63.2%
Tactile + Vision 95% (95/100) 100% (10/10) 100% (10/10) 100% (10/10) 90% (9/10) 100% (10/10) 90% (9/10) 100% (10/10) 80% (8/10) 90% (9/10) 90% (9/10) 94.0%

Cylinder fitting 90% (18/20) 90% (18/20) 80% (16/20) 55% (11/20) 100% (20/20) 100% (20/20) 90% (18/20) 75% (15/20) 35% (7/20) 20% (4/20) 100% (20/20) 75.9%
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Methods

Objects
Average

grasp
success

230g 120g 195g 50g 70g 85g 38g 165g 65g 340g 110g
% grasp success (# success / # trials)

Vision only 60% (6/10) 80% (8/10) 30% (3/10) 30% (3/10) 80% (8/10) 40% (4/10) 60% (6/10) 50% (5/10) 50% (5/10) 50% (5/10) 20% (2/10) 50%
Tactile + Vision 80 % (8/10) 100% (10/10) 50% (5/10) 80% (8/10) 90% (9/10) 70% (7/10) 100% (10/10) 40% (4/10) 60% (6/10) 80% (8/10) 60% (6/10) 73.6%

Cylinder fitting 95% (19/20) 100% (20/20) 35% (7/20) 100% (20/20) 90% (18/20) 15% (3/20) 90% (18/20) 85% (17/20) 15% (3/20) 15% (3/20) 95% (19/20) 66.8%

11 previously unseen objects (that we call “Easy”). These
objects significantly differed from the ones seen in the training
set in terms of color, weight, shape, friction, etc. From the
evaluations, we found that our visuo-tactile model significantly
outperformed both the vision-only and the cylinder fitting
models, achieving 94% accuracy. However, on the harder
objects from the “Hard” test set, this learned model would
not perform very well. Hence, we decided to collect more
data on the training objects, but this time on-policy using the
learned model. We thus collected a new dataset consisting of
25,404 datapoints, which we used to re-train both the Vision
and Tactile+Vision models. After retraining, we evaluated the
performance again on the “Hard” test set. In Tab. II, we
can see how the visuo-tactile model again outperform the
other two models. Based on these experiments, the largest
improvements in performance of our model seem to happen
in the presence of compliant objects, and objects where it is
difficult to visually ascertain a good grasp, such as small or
irregular objects. Another interesting result is that the vision-
only model performs quite poorly. We hypothesize that the
main cause is the relatively small size of the dataset. Prior
work [3] used a smaller model and 40x more data. As such,
it is likely that the performance of our tactile+vision model
could also be further improved by collecting more data.

C. Understanding the Learned Visuo-Tactile Model
Our approach relies on a future grasp evaluation model

learned entirely from data, without manual specification of
heuristically useful behaviors. We now examine qualitatively:
what strategies has our model learned and what behaviors does
it produce?

1) Grasping Force: The first question we study is whether
or not the model has learned the importance of modulating
the amount of force F applied at the fingers for the grasp
outcome. Naturally, a stronger grasp is typically more likely
to succeed. To test this hypothesis, we placed the gripper in a
state where it was in contact with a previously unseen object.
We then asked the model to predict the probability of grasp
success given various finger forces, keeping the other parts of
the action vector fixed. Given this state and candidate actions,
we computed the corresponding success rate prediction. As
illustrated in Fig. 4, the model appears to have learned that
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(b) Unstable grasp

Figure 4: Predicted grasp success rate with varying the amount
of force F . The model learned that, when stably in contact with
the object, there is a correlation between force applied and
success rate. However, for unstable grasps, the model learned
that increasing the grasp force might misplace the object and
result in an unsuccessful grasp.

there is a correlation between the force and the grasp outcome.
However, further analysis shows that the model did not just
learn to increase the force in all cases: for multiple situations
having very high forces seems to reduce the predicted success
rate. For example, we saw this occur when the robot grasped
a cube whose corner was only half in contact with the fingers.
Due to the shape of the fingers, applying large forces in this
case would cause the object to be displaced and slip out of
the fingers, and the model correctly predicts that lower forces
should be preferred (see Fig. 4b).

Figure 7: Example of predicted grasp
success rate varying the height of
the fingers. The model learned that
decreasing the height of the fingers
generally increases the success rate.

2) Height and
Center-of-Mass:
A second important
question is what the
model learned with
respect to the height
of the grasp. For
instance, it may be
important to grasp
close to the vertical
center-of-mass of the
object: objects that are held close to their top might slip away
under even small perturbations. At the same time, objects that
are grasped below the center-of-mass might be unstable and
rotate around the contact, increasing the chance of slippage.
Evaluating the model in different circumstances shows that the
model learned that the probability of success increases when
decreasing the height of the fingers (an example is shown in
Fig. 7). The model did not however, seem to have learned
any relevant correlation between the height of the object, or
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(a) Improvement from downward motion
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Figure 5: What does the model learn? Here we show examples where the network
predicts that a downward motion will result in a grasp with (a) higher or (b) lower
chance of succeeding. Notice that downward movement is predicted to be beneficial
for cases where the fingers hold the top of an object, but not when they hold it
by the bottom. To more clearly visualize the contact on the robot’s fingertip, we
show the change in intensity of the GelSight images.

Figure 6: Histograms of the actions ap-
plied by the Tactile+Vision policy for
the successful grasps. It can be noticed
how the policy strongly favour moving
downward.

the center-of-mass, and the preference for moving downward.
In Fig. 5, we show examples, taken from our dataset, of cases
in which the model strongly preferred a downward motion
to a static or upward one. For this, we trained a variation of
our model without the end effector pose, so that it cannot
use the height above the table as a cue. We show held-out
examples with the most (and least) predicted improvement in
grasp success. The examples with the largest improvement in
downward motion tend to be cases in which the top of the
object has been gripped (which result in a visible bump in
the bottom of the GelSight image). Fig. 6 shows histograms
of the actions performed by the Tactile+Vision model for the
successful grasps in Sec. VI-B. For the z-translation, almost
50% of the actions used the maximum downward motion
allowed (i.e., 2cm), which clearly shows that the learned
model acquired a strong preference for moving downward to
produce stable grasps.

D. Minimum Force Grasp

One of the benefits of training an action-conditional grasp
outcome prediction model, in contrast to the static grasp
classification model in prior work [18], is that we can predict
how successful a given grasp will be if we modify the strength
of the grasp. Humans typically do not use the strongest grasp
possible, but rather employ the minimum amount of contact
force, out of consideration for energy consumption and object
fragility. Our model also allows us to directly optimize for
grasps with either a constraint on the contact force, or via
a weighted combination of contact force and grasp success
probability. In this experiment, we modified the optimization
in Eqn. (1) as a constrained optimization problem such that the
selected action would instead minimize the use of force, but
while still having an expected success rate > 90% (if such
an action existed, otherwise it would revert to the standard
optimization task).

We evaluated the success rate and applied the force of
grasps optimized for either pure grasp success or the minimum
force objective on the ‘Green tea cup’ object. After evaluating
100 grasps for each criterion using the Tactile+Vision model,
we observed a fairly similar grasp success rate, with 95/100
successful grasp for the maximum success optimization and
94/100 for the minimum force grasps. However, we can see
in Fig. 8a that, for the successful grasps, the force distribution

of the minimum force grasp optimization was substantially
lower compared to the maximum success criterion (mean of 10
vs 20 N). Similar results were obtained also when evaluating
the Vision only model, as shown in Fig. 8b. This time, both
criteria achieved a success rate of 76% (out of 50 trials),
which is lower than the Tactile+Vision model. However, the
force distribution of the minimum force grasping policy was
substantially lower compared to the maximum success criteria
at 6 vs 18 N. These results suggest that using a minimum
force optimization with our learned model can effectively
reduce the amount of force exerted when grasping, without
impacting performance. We believe that this is an important
result that show the quality of the learned visuo-tactile model,
and further motivate the use of tactile sensors in applications
which require handling of fragile objects (i.e., glass or fruit,
such as strawberries).

VII. CONCLUSIONS

Touch sensing is an inherently active sensing modality,
and it is natural that it would be best used in an active
fashion, via feedback controllers that incorporate tactile inputs
during the grasping process. Designing such controllers is
challenging, particularly with complex, high-bandwidth tac-
tile sensing combined with visual inputs. In this paper, we
introduced a novel action-conditional deep model capable of
incorporating raw inputs from vision and touch. By using raw
visuo-tactile information, this model can continuously re-plan
what action to take so as to best grasp objects. To train this
model, we collected over 6,000 trials from 65 training objects.
The learned model is capable of grasping a wide range of
unseen objects, and with a high success rate. Moreover, we
demonstrated that with an action-conditioned model, we can
easily decrease the amount of force exerted when grasping,
while preserving a similar chance of success.

Our method has multiple limitations that could be ad-
dressed in future work. First, our action-conditioned model
only makes single-step predictions, and does not perform
information-gathering actions. Second, we consider relatively
coarse actions – A model using fine-grained actions could
more delicately manipulate the object before the grasp, and
potentially react to slippage during the lift-off. Finally, it
would be valuable to extend our approach to more realistic
cluttered environments. Together, addressing these limitations
would require a transition to more continuous feedback control
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