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Learning Nonprehensile Dynamic Manipulation:
Sim2real Vision-based Policy with a Surgical Robot

Radian Gondokaryono':2, Mustafa Haiderbhai''?, Sai Aneesh Suryadevara'3, Lueder A. Kahrs!*

Abstract—Surgical tasks such as tissue retraction, tissue ex-
posure, and needle suturing remain challenging in autonomous
surgical robotics. One challenge in these tasks is nonprehensile
manipulation such as pushing tissue, pressing cloth, and needle
threading. In this work, we isolate the problem of nonprehensile
manipulation by implementing a vision-based reinforcement
learning agent for rolling a block, a task that has complex dynam-
ics interactions, small scale objects, and a narrow field of view.
We train agents in simulation with a reward formulation that en-
courages efficient and safe learning, domain randomization that
allows for robust sim2real transfer, and a recurrent memory layer
that enables reasoning about randomized dynamics parameters.
We successfully transfer our agents from simulation to real and
show robust execution of our vision-based policy with a 96.3%
success rate. We analyze and discuss the success rate, trajectories,
and recovery behaviours for various models that are either
using the recurrent memory layer or are trained with a difficult
physics environment. Further project information is available at
https://medcvr.utm.utoronto.ca/ral2023-rollblock.html.

Index Terms—Surgical Robotics: Laparoscopy, Reinforcement
Learning, Visual Servoing

I. INTRODUCTION

INE manipulation skills are a critical aspect of surgical

robotics tasks such as needle insertion, knot tying, and
tissue retraction [1]. In recent years, there has been great suc-
cess in applying deep learning methods such as reinforcement
learning (RL) to learn these complex autonomous behaviors.
These advances can be attributed to the development of
simulations for surgical robots such as the da Vinci Research
Kit (dVRK) [2]. One common challenge in RL for robotics
is that agents trained in the simulation must be transferable
to real robot scenarios. In our previous work [3], we created
a novel simulation for the dVRK inside Unity3D and showed
that a robust visuomotor policy could be trained efficiently in
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Fig. 1: Simulation (a) and real setup (b) of the da Vinci Re-
search Kit and environment for the task of rolling a miniature
block. Time series of the block rolling trajectory with a vision-

based autonomous agent in simulation (c) and real (d).

simulation and transferred to real through our sim2real training
pipeline using Domain Randomization.

Another advancement in sim2real RL for automating a sur-
gical task uses visual observations, Simulation Open Frame-
work Architecture simulator [4], and domain adaptation to
train a policy agent for tissue retraction which achieves a
success rate of 50% [5]. While one issue to address is real-
to-sim matching of deformable materials, we first investigate
how an agent should reason about dynamics, such as friction
and mass, which are principal components of surgical scenes.
Furthermore, the typical surgical scene deals with small-
scale objects such as needles, sutures, and tissue where small
interactions of frictions, masses, and contacts have large effects
on the task.

To experiment, we take inspiration from nonprehensile
dynamic manipulation tasks [6] where the object being manip-
ulated does not strictly follow the motion of the end-effector.
Rather, it utilizes the object’s dynamic interaction (e.g. force
and friction) with the environment and the end-effector to
accomplish the task. We extend our previous work of pushing
a block to accomplish a task of rolling a miniature block (see
Fig. 1). This task requires finer manipulation at the level of
human expertise due to complex interactions of the ground and
object during rolling and the large difference in size and inertia
of the object relative to the robot manipulator. The training
procedure is modified to include domain randomization on
dynamics parameters which are unobservable by the input
image, and the model is extended to include a recurrent layer
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Fig. 2: Overview of the sim2real learning method for rolling a block. a) Estimation procedure to obtain simulation visual and
dynamic environment parameters. b) Training methods including visual and dynamics randomization, a parallel simulator, and

a policy network with a long-short term memory layer.

to reason about unobservable dynamics which are different
in each episode. We show that our simulation, model, and
training procedure can sim2real transfer substantially more
dynamic tasks. This work presents the following contributions:

o The first visuomotor autonomous agent that executes,
with a high success rate, a small scale nonprehensile task
with the physical dVRK robot.

o Performance and behaviour analysis of the autonomous
trajectory on a challenging ground inclination setup,
which tests the dynamics understanding of the agent.

o A reward function for rolling a block that facilitates
training times and creates a robust policy.

II. RELATED WORKS
A. Fine Manipulation Tasks

The task of rolling a block falls under the category of
dynamic nonprehensile manipulation defined as manipulation
of an object without a force closure grasp [6] and has
been well studied from conventional motion planning and
control perspective [7]. Recently, works on deep reinforcement
learning for complex in-hand dexterous manipulation tasks
have shown success in learning cube manipulation techniques
such as rotating and sliding to achieve a desired object pose
with a tri-finger robot [8]. Andrychowicz et al. [9] study
similar dexterous in-hand manipulation with a robotic hand but
propose a recurrent layer for memory in the policy network to
reason about dynamic parameters. Both these works train in a
visuallly and dynamically realistic simulation using Proximal
Policy Optimization [10] and rely on Domain Randomization
[11] to transfer policies to a physical setup. Unlike our task,
their work chooses to first estimate the pose of the object,
or keypoints of the object, using multiple cameras with data
from the simulation and trains a policy using vector-based
observations. Keypoint and pose estimation methods assume a
precise robot to camera calibration method which is not feasi-
ble in most surgical applications. In contrast, our work relies

on a single camera close-up view, and trains a policy end-
to-end with visual observations. The reinforcement learning
aspect of our work uses similar methods, employing Domain
Randomization techniques for effective sim2real transfer.

In surgical robotics, there have been a few recent methods
that deal with complex manipulation tasks. Wilcox et al. [12]
apply perception techniques coupled with trajectory optimiza-
tion to reposition a needle using two dVRK end-effectors.
Similarly, Hwang et al. [13] create an optimized trajectory for
peg transfer, a standard laparoscopic training task, and are able
to complete robotic peg transfers with efficient movements sur-
passing human performance. Both works are great examples of
dVRK tasks being solved in real scenarios. The limitation of
these approaches is that, similar to [9], they rely on perception
techniques and precise camera calibration methods without
which the optimized trajectory would not be able to complete
the task. Such methods do not generalize well to more complex
tasks, such as the manipulation of soft materials, nonprehensile
tasks, or other vision-based navigation in surgical applications
where calibration might be difficult.

B. Surgical Robotics Simulation

Our work is closely related to concurrent work in advancing
simulations to enable reinforcement learning and other tech-
niques in autonomous surgical robotics. Most recently, novel
simulators such as SurRoL [14] have been released, that build
a simulation using PyBullet [15] and include manipulation
tasks of small rigid objects such as needles. Their work is
recently extended with more realistic rendering techniques,
and learning from human demonstration, which allows for
efficient policy learning. The limitation is that they do not
explore sim2real transfer of learned policies to real scenarios.
Other simulators, such as AMBF [16], also provide a simu-
lation for the dVRK, but training vision-based policies using
reinforcement learning is not explored. Unity3D [17] provides
a realistic rendering pipeline and Unity ML-Agents [18]
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provides sim2real techniques such as Domain Randomization
and state-of-the art reinforcement learning training algorithms.
These features facilitate our work which focuses heavily on
sim2real transfer of learned policies. Furthermore, the open-
community GUI-based editor in Unity allows quick develop-
ment of the reinforcement learning tasks. Currently, there is
no work that specifically deals with small-scale autonomous
manipulation with the dVRK as seen in this paper.

III. METHODOLOGY

In this work, the goal is to autonomously execute a non-
prehensile dynamic task which is to roll a miniature block
with a small mass using a close-up camera view. The method
starts by building a simulation of the task and aims to produce
a robust policy to evaluate on the real dVRK surgical robot
mounted with the Large Needle Driver tool.

A. Problem Formulation

We choose to formulate our problem as a visual servoing
task where kinematic errors [19] produced by cable tension
[20], friction hysteresis, and backlash from the tool in a
cannula [21] are compensated by commanding tool-tip Carte-
sian increments to the current pose based on an input image
from one RGB camera. This formulation is analogous to
teleoperation, the original control scheme for the commercial
system, where users operate the robotic arms from the Master
Console that has a first-person camera display. In this work,
we fix the rotation of the tool-tip to always be pointing down,
and use inverse kinematics to solve the joint state positions.
More details on the modular control architecture are explained
in our previous works [3], [22].

B. Task Setup

The task consists of a prism-shaped wooden block of size
2545, 5.11, and 5.14 mm, placed on top of a green cloth.
The block color is black with one face painted red. Fig. 1a-b
shows the task setup in both simulation and real. This setup is
chosen because the size, mass, and friction create a complex
scenario where the tool-tip interacting with the block could
either push or roll the block. Rolling the block requires precise
manipulation with the correct contact location, force direction
and magnitude (F' in Fig. 2a). Incorrect contact or force would
easily lead to sliding or twisting (rotation along the shorter
axes) of the block. The RGB camera (OAK-1, OpenCV.AI
Corporation) observes the scene from a side perspective.

To simulate our task, we extend our previous work [3]
where we build a dVRK simulation in Unity3D [17] which
includes parallel training and system-identified robot dynam-
ics [20]. The visual and dynamic environment parameters
are determined through an estimation process. This process
is an approximation where the goal is not to accurately
identify the parameters, but to estimate a starting point for
Domain Randomization (Section III-E). Fig. 2a illustrates the
estimation process. We match the camera position by aligning
the edges of the block when placed in the center of the field
of view. The appearance of the cloth is replicated by creating

a texture from a picture of the scene and the color of the
tool and block are estimated. Environment dynamic properties
such as friction coefficients of the block, tool, and cloth as
well as block mass, are estimated by executing a trajectory by
user teleoperation in the physical setup that causes a roll, and
replaying this trajectory in simulation until a similar behavior
is observed. These friction coefficients determine the resulting
magnitudes of F?b and }T; in Fig. 2a. For this work, it is
satisfactory to set static and dynamic friction coefficients as the
same value. Similar executions are also collected for sliding
and twisting behaviors.

C. Reward Function Design

The reward function is designed to encourage the agent to
roll the block once per episode but allows for multiple rolls
to occur in real where the episode does not end. Our reward
function consists of dense and sparse components as motivated
by [23] which allows the training to be stable, faster, and
alleviates the need for user demonstrations [24]. Geometric
and physical parameters considered for the reward calculations
are visualized in Fig. 3a. The reward components are:

1. Roll reward: r,.(s) = w, %%i) subject to 0 < ¢(s) < 90°
where w, is a weight, and ¢(s) is the current roll angle in
degrees between the ground normal vector (y4) and the block
up normal vector (y3). 5 is changed to another surface normal
vector facing gravity if the block has rotated 90° in the ¢(s)
negative direction, resulting in ¢(s) = 0.

2. Distance reward: r4(s) = wymin (e~ ()=d) 1) uses
an exponential distance function where wy is a weight, d;(s) is
the current distance between the tool-tip and the center of the
block, and «a is an exponential scaling factor. d;, is the spherical
radius and is calculated by dj, = \/(pby /2)? + (pb./2)? where
by, b., and p are block size y, block size z, and padding
respectively. This allows the distance reward term to have a
maximum value of wy when d;(s) = d;, which encourages the
tool-tip to go near the block surface but, for higher rewards,
needs to find the proper interaction which increases the roll
angle, ¢(s). All distances are in meters.

3. Reach goal reward: r,(s) = n,4(s) where n,4(s) is 0,
otherwise 1 when ¢(s) > 80 and the tool has reached a
chosen distance, d,, left of the block. The condition n,, = 1
also triggers the end of an episode. This reward encourages
multiple rolls when the episode does not end because the tool
is forced to return to the start position after finishing a roll.
4. Penalties: r,(s) = —wl@—whtnht(s)—whgnhg(s) where
wy, Wre, and wy, are weights, t(s) is the current step count,

(a)

Y _ground

Fig. 3: a) Parameters of the reward function. b) Visualization
of specific environment parameters.
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and 7 is the number of maximum steps in an episode. npq(s)
is the current number of times the tool mesh colliders hit the
ground colliders and np.(s) is the current number of times
the tool colliders hit the block colliders when the tool-tip
position is on the right side of the boundary [;(s). Colliding
multiple times, accumulates np4(s) or np¢(s) which results in
an accumulative negative reward. These penalties discourage
dangerous behaviours that might damage the system.

The total reward is calculated by r(s) = r.(s) + r4(s) +
r4(s) + rp(s). We recalculate the reward at each step. We
choose a = 2, p = 1.10, d, = 0.14, T = 600, w, = 2,
wq = 1, w; = 1, wyy = 0.5, and wy,y = 0.5. Each simulation
environment in Unity runs at a default 50 Hz, meaning that
each time step is 0.02 seconds in terms of physics calculations.
The policy network also takes image observations and actions
at the same time step.

D. Policy Architecture and Training

We employ a policy network architecture provided by Unity
ML-Agents [18] which uses a ResNet-50 [25] visual encoder
(not pretrained) followed by two fully connected layers of
300 units (Fig. 2b). Block position and rotation are observ-
able from images, but our training task includes randomized
unobservable parameters (Section III-E), such as friction and
mass, that effect the success of the task. To account for this, we
experiment with a long short-term memory (LSTM) [26] layer
of memory size of 256. This recurrent memory component
allows the network to reason about unobservable dynamics
in the scene by first interacting with the environment at the
beginning of each episode. Our policy and value network
take a 64x64 pixel image as input and outputs the xyz
position increments through discrete action branches. Each
discrete action branch has 9 bins, equally spaced from -
1 to 1, and are multiplied by a speed modifier to produce
Cartesian increments. Discrete actions were chosen following
the recommendation and experiments [9] that performs better
than continuous actions probably due to a more expressive
Gaussian probability distribution.

We train using Proximal Policy Optimization with the
hyperparameters € = 0.2, § = 0.001, Ay = 0.95, number of
epochs = 3, batch size = 400, buffer size = 14,000, learning
rate = 0.0001, time horizon = 300, reward ~ = 0.99, reward
strength = 1, and max_steps = 25,000,000. max_steps takes
into account all steps taken from each of the 12 simulation
environments running in parallel. All models were trained
using a cluster (Digital Research Alliance of Canada) which
finishes the 25M steps in 24-28 hours.

E. Domain Randomization and Sim2real Transfer

The estimation procedure in Section III-B sets the mean val-
ues for Domain Randomization (DR). The ranges are chosen
based on the specific parameter and estimation procedure, and
the ability of the agent to train. For example, the block size can
have a small range as a caliper is used to measure, however,
the camera position might need larger ranges as it is difficult to
ensure the exact position in simulation vs. real. These ranges
ensure that the task is still solvable, such as ensuring the block

TABLE I: Environment parameters in Unity. Parameters with
ranges are domain randomized using a uniform sampler.
Metric units are scaled by 20 of the real setup value.

Parameter Value/Range Parameter Value/Range
Cam Pos Y [m] [0.09, 1.22] Ground B [0.90, 1.00]
Cam Pos X [m] [-1.50, -1.15] Ground Height [m] [0.15, 0.25]
Cam Pos Z [m] [-1.27, -1.07] Ground Friction Coef. 0.33
Cam Rot X [°] [26, 33] Tool Friction Coef. 0.20
Cam Rot Y [°] [86, 94] Block Scale X [m] [0.50, 0.53]
Cam Rot Z [°] 0 Block Scale Y, Z [m] [0.10, 0.115]
Light Intensity [10, 60] Block Mass [gr] [0.40, 0.90]
Light Pos Y [m] [0.50, 3.50] Block Color H, S 0
Light Pos X [m] [-3.80, -1.80] Block Color V [0.05, 0.18]
Light Pos Z [m] [-3.50, -0.80] Block Side Color R [0.42, 0.72]
Ground R [0.65, 1.00] Block Side Color G [0, 0.20]
Ground G [0.90, 1.00] Block Side Color B 0.075

is still observable in the camera view. A sample of different
visual randomizations generated during DR is illustrated in
Fig. 2b. Due to the large number of randomizations, agent
training can fail or take extremely long. To combat this we
utilize curriculum learning [27], and start with small ranges
that incrementally increase as the next lesson is triggered.

Table I lists the randomizations of our environment and
Table II lists the randomizations with a curriculum learning
lesson plan. All randomizations use a uniform sampler and
the next lesson is only triggered when the reward reaches a
value of 2.7 for a minimal 300 episodes (600 for block friction
coefficient). The reward value directly corresponds to the task
success rate due to the defined reward terms in the previous
section. After the block is spawned at position xyz, the tool-
tip position is spawned 0.14 metric units z behind the block
with added tool noise xyz (Fig. 3b).

We train different models using the same randomizations but
with different amounts of ground inclination randomization, to
create steepness in the direction of the roll. The three models
we trained are FC_TO0, FCM_TO0, and FCM_T20. TO denotes
a model trained with no ground inclination randomization
and T20 denotes a model trained with 0 minimum inclination
randomization and as the maximum inclination with increasing
lessons: 1, 3, 5,7, 10, 13, 16, and 20 degrees. 20 degrees is the
chosen maximum incline as at 22 degrees, the block almost
always rolls down the incline after any interaction with the
tool. FCM is the policy network with the LSTM layer (Fig.
2b) and FC is a policy network without the LSTM layer but
replaced with a 300 unit fully connected layer.

F. Experiment Setup

Our experiment setup aims to test the sim2real performance
of the different models on three different ground inclinations:
0, 10, and 15 degrees. We stop at 15 degrees as any larger
inclination causes the block to have a high chance of rolling
down due to its own mass and gravity. Fig. 4a displays the
different inclinations as seen from the camera’s perspective.
The light source is placed behind the camera to the right, to
ensure the red face of our block is clearly seen. A protractor
is used to measure the inclination angle.
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TABLE II: Domain randomized parameters with curriculum learning. Metric units are scaled by 20 of the real setup value.

Lesson Spawn Pos X Spawn Pos Z Spawn Angle Y Tool Noise X Tool Noise Y Tool Noise Z Block Friction
[m] [m] [°] [m] [m] [m] Coef.
0 [-0.06, 0.06] [-0.03, 0.03] [-3, 3] [-0.08, 0.08] [-0.02, 0.02] [-0.04, 0.04] [0.18, 0.20]
1 [-0.12, 0.12] [-0.06, 0.06] [-6, 6] [-0.15, 0.15] [-0.04, 0.04] [-0.07, 0.07] [0.14, 0.16]
2 [-0.25, 0.25] [-0.12, 0.12] [-9, 9] [-0.258, 0.258] [-0.07, 0.17] [0.12, 0.14]
3 [-0.18, 0.18] [-12, 12] [0.10, 0.12]
4 [-0.225, 0.225] [-15, 15]
5 [-18, 18]
3 =
2 4
el
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H
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FCM_TO
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0 5 10 Steps [m] 15 20 25
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(a) (b) (c)
Fig. 4: a) Environment with an incline of 0, 10, and 15 degrees
with the block at the central start position b4. b) 9 different

tool/block start positions b0 - b8. c) Different block sizes.

Our testing protocol, for each incline, involves 9 different
starting positions based on a 3x3 grid of x-z tool tip positions,
with the block at a small distance in front of the tool. The
positions are specified by the robots x-z coordinates and the
height is adjusted, for each incline, to approximately the height
of the block with a random noise of 1 mm. A homing script
is used to ensure the robot starts at the same position for each
run. Fig. 4b displays all 9 starting positions at 0° incline.

Each run at consists of 5 trials for each of the 9 starting
positions, totaling 45 trials to evaluate each model at each
incline. In conducting these 5 trials, a small rotation of the
block along the y axis is added for randomness. The number
of successful rolls is recorded for each trial. The policy
network takes input images and gives actions to the real robot
at 30 Hz due to the frequency limit of streaming images
from the camera software implementation. Details about the
sim2real execution of the agent can be found in our previous
publications [3], [22].

IV. RESULTS

In this section, we report our findings that highlight the
benefits of the LSTM memory layer and ground incline ran-
domization that result in the best performance with a sim2real
policy capable of multiple rolls on all tested inclines and
starting positions relative to the camera.

A. Training

Fig. 5 shows the simulation training results of the three
models FC_T0, FCM_TO0, and FCM_T20 with final average
rewards of 2.638, 2.813, and 2.744. The large variability in

Fig. 5: Simulation training results of the three models FC_TO0,
FCM_TO0, and FCM_T20.

TABLE III: Success rate (SR) to achieve at least 1 or 2 rolls
in each trial out of 45 trials (9 starting positions and 5 trials
each) of every model at varying inclinations of 0, 10, and 15
degrees.

Minimal 1 Roll SR (%) Minimal 2 Roll SR (%)

Model
0° 10° 15° Mean 0° 10°  15° Mean
FC_TO 933 356 178 489 844 133 00 326
FCM_TO 978 733 222 644 778 200 0.0 326
FCM_T20 100.0 1000 839 963 733 733 556 674

reward around 4M to 8M steps corresponds to when the
lessons increase in difficulty and the final lesson is triggered
at the latest 16M steps.

The model with a memory layer performs better (higher
mean reward) than the model without the memory layer
(FC_TO0). During development until these final models are
chosen, the training is stable (no complete failures) and all
curriculum lessons have been triggered.

B. Sim2real Experiments

Table III shows the results of the experimental protocol
evaluating the success rate (SR) of achieving a minimum of 1
and 2 rolls on the real setup in one trial on an average over
45 trials for every model on three different inclinations 0, 10,
and 15 degrees. FCM_T20, the model with an LSTM layer
and incline randomization training, achieves a minimal 1 roll
with 100% SR on 0 and 10° inclines and 88.9% SR on the
most difficult 15° incline. Taking the average of all inclines,
this model achieves a 96.3% SR. This model outperforms both
FC_TO and FCM_TO at all inclines. At 0° incline, the model
with LSTM memory layer, FCM_TO, performs better (97.8%
SR) than the model without memory FC_TO (93.3% SR). Both
models however performed poorly on 10 and 15° inclines.
Similar trends are observed for a minimum of 2 rolls in a trial
with the best average SR of 67.4% for FCM_T20.

Table IV shows the success rate of FCM_T20 for different
sized blocks, same length but different cross sections, on the 0
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TABLE IV: FCM_T20 tested with different, not observed in
training, block sizes and masses on the 0 degree incline.

Block Types Minimal N Roll SR (%)

N=1 2 3 4
Small 80.0 40.0 17.8 11.1
Medium (Original Block, 0.50 gr)  100.0 733 222 0.0
Large 718 556 222 44
Medium Heavy (0.93 gr) 689 444 11.1 0.0

degree incline environment. The agent, which was not trained
on these sizes, was able to achieve 80.0% SR on a small 3x3
mm block and 77.6% on a large 7x7 mm block. Additionally,
the agent achieved a 68.9% SR on a heavier block with the
same size. All blocks are shown in Fig. 5c.

Fig. 6 shows real tool-tip trajectories, projected onto the yz
plane, all starting from a common relative origin (0, 0) and
accumulating the discrete actions at each step. The y-direction
points upwards and positive z is the forward direction during
rolling from left to right (see Fig. 1). The trajectory first goes
to a lower y until the RL model identifies, with the visual
observation, that the tool makes contact with the block and
proceeds to do an upward and forward motion to roll the block.
The completion of the roll is observed when a maximum vy is
achieved and then moves in the z-negative direction.

Fig. 6a shows FCM_TO’s trajectory has a constant slope
angle when rolling the block over different inclinations 0, 10,
and 15°. Fig. 6b shows how FCM_T20 is able to adapt and
increase the trajectory slope for a steeper 15° incline (dark red
line). In Fig. 7a, we compare how FCM_T20’s trajectory slope
(dark red line) is larger (steeper) than FCM_TO’s trajectory
slope (blue line) at 15° incline. A key observation is that
FCM_T?20’s trajectory (red line) accomplishes a roll with only
a 2.5 mm difference in height change (-1.5 to 1 mm in z).
These findings are also summarized in Table V which is the
slope of the y-z projection trajectories of the 3 different models
on 3 different inclines for an average over 9 trials (Each trial
at each starting position b0-b8). The TO models which did
not have inclination randomization do not change the slope
angle to different inclines and have a constant slope. However,
the value of this constant slope is different between the two
models, 22.0° for FC_TO0 and 17.5° for FCM_TO.

Fig. 7b shows the 3D trajectory of FCM_T?20 at 15° incline.

—— FCM_TO Incline 0 b2
—— FCM_TO Incline 10 b3
—— FCM_TO Incline 15 b7 -~

—— FCM_T20 Incline 0 b4
—— FCM_T20 Incline 15 b4

0 5 10 15 =25 0.0 25 5.0 7.5 10.0
(@) z[mm] (b)
Fig. 6: y-z projection of trajectories from discrete actions
accumulation for a) FCM_TO at inclines 0, 10, and 15° b)
FCM_T20 at incline 0 and 15°. Dotted lines depict the re-
gressed slope using values between the circles. Start positions,
squares, are superimposed to a common origin [0, O].

TABLE V: The slope angle of the y-z projection of the roll
block trajectory for various models at different real setup
inclinations 0, 10, and 15 degrees for an average over 9 trials.

Mean Trajectory Slope (°)

Model
0° 10° 15° Mean
FC_TO 22,6 21.1 223 22.0
FCM_TO 184 172 17.0 17.5
FCM_T20 21.7 27.6 29.2 26.2

All models at different trials/inclines have learned a similar
shape trajectory. We further include other successful behaviors,
in Fig. 8a-d, such as multiple rolls, fall and recover roll, a
motion with two rolls, and rolling a small block. Fig. 8e also
shows the main failure case, pushing with a y-axis rotation.

V. DISCUSSION

Our findings show how the proposed method can produce
a robust agent to achieve a fine manipulation task where
dynamics parameters play an important role.

Generalization, recovery behaviors, and failure cases.
Table IV shows how our model is able to generalize to
different sized blocks without previously being trained in that
scenario. The drop in success rate is expected but still achieves
an acceptable 80%. Fig. 4c shows the very small size of the
3x3 mm block compared to the tool. In Fig. 8b, we see a
failure case and recovery behavior when the block is about
to complete one roll, the block falls down the incline and the
agent, not trained in this situation, can reason to follow the
block and start rolling again from the left. This block falling,
also seen during other trials, is due to either the stochastic
nature of the ground-block friction, the tool not completing
the entire roll trajectory, or the tool slightly interacts with the
top of the block after finishing a trajectory. The main failure
case, shown in Fig. 8d, is when the agent only pushes the
block and rotates it about the y angle. Both of these failure
cases are probably due to the combination of the 64x64 low
resolution image, unseen edges from the black color, no depth
understanding, and/or stochastic nature of the friction. Each of
these limitations to improve the performance is a good starting
point of exploration that we will consider in future work.

What challenges occur in a narrow field of view task?
We experimented with a larger resolution of 128x128 in hopes
of better understanding of the block edges and for rolling,

41 FcM_TO Incline 15 b7 —— FCM_T20 Incline 15 b4

—— FCM_T20 Incline 15 b4

0 5 10 5
z [mm]

(a) (b)
Fig. 7: a) y-z projection of trajectories from discrete actions
accumulation for FCM_TO0 vs. FCM_T20 at a 15° incline.
Dotted lines depict the regressed slope using values between
circles. b) 3D trajectory of FCM_T20 at 15°.
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Fig. 8: Real setup trajectories seen from camera view top to
bottom: a) multiple rolls, b) fall and recover roll, c) one motion
double roll, d) small block roll, and e) failure push.

but failed to achieve robust sim2real as noise and lighting
conditions highly affect the agent’s domain adaptation to the
real scene. This is accentuated by the metallic texture of the
tool that was difficult to match by changing parameters in
the simulator. The real setup works when a bright light is
illuminating the tool to achieve a shiny texture.

What causes the decrease in success rate for more than
one roll? After the policy agent rolls the block once on the
real setup, there is a possibility the resulting y angle is large
where the red face is not perpendicular to the camera. This
situation does not occur in simulation because the real setup
ground friction is stochastic due to the uneven surfaces and/or
the combination of sim2real gaps which cause the trajectory
to twist the y angle of the block. To alleviate this, we suggest
to employ, at each time step, stochastic noise on the forces as
in [9] and increase the spawn angle y in Table II to include
this case in the training data distribution.

Why do we choose to output the Cartesian increment
for the policy network? By giving an increment instead of
absolute position, the agent does not need feedback of the
current robot position, and can solely rely on image for spatial
reasoning. This assumption simplifies the task as feedback
can be noisy and is affected by underlying dynamics of the
robot. Our results show longer training times for learning
high fidelity dynamics as compared to previous tasks [3] and

suggests learning joint level control, could potentially make
the training longer with no benefit on success rate. Another
recent publication states having the agent control a high-level
policy is better for sim2real transfer [28].

Were there variations of the reward function? The roll
term reward originally accounted for multiple rolls with the
formulation: r,.(s) = wT‘g(—d? +n,(s) subject to n,-(8) < Nnas
where n,-(s) is the number of rolls, and 1,4, is the maximum
number of rolls. n,(s) is incremented every time ¢(s) > 80
where ¢(s) is then reset to 0. We experimented with 7,4, = 3
but resulted in worse performance probably due to an un-
balanced data distribution because the resulting y angle is
dependent on how the agent previously rolls the block.

How does this method scale to real scenarios? The
general trend of simulators seem to provide rendering im-
provements such that, in the future, complex visual scenarios
such as specularities, blood, and smoke can be reproduced.
We experienced the difficulties in using domain randomization
(DR) because it needs to adjust each individual parameter
while also keeping a valid scene based on the combination
of parameters. More realistic rendering techniques might have
many parameters. While [9] has tried to address this by doing
an automated curriculum for DR, we prefer to explore other
methods of sim2real techniques that rely on matching the
visual rendering of the simulation with real videos while also
providing noise parameters (smaller range DR) to adjust the
simulation style that encompasses any further sim2real gap.
An alternative to simulation rendering is augmenting the 2D
image for blood and smoke [29].

What are the limitations and future work? One of the
main limitations of our work is that our initial task setup
involves user estimation of the real scene to match the simu-
lation. We observed moments during our work where a small
error that is unaddressed can cause task failure. Recent works
have shown that a method can optimize hidden parameters by
minimizing the difference between simulated and real trajecto-
ries [30]. Bridging between rendered images in simulation and
real images, recent works in image-to-image translation could
be added [31]. One benefit of such an approach is that the
resulting domain randomization ranges can be much smaller,
as our parameters are an estimate of the real values. Another
limitation is how the 3D trajectory (Fig 7b) tends to go toward
the red face. It seems the agent learns the contrast between
the red and black features. For our case, this did not affect the
performance, however, it will be an interesting investigation to
use 3D input observations. Additionally, our camera is running
at 30 Hz while the agent was trained in simulation with 50
Hz physics step and observation. In the future, we will test
whether performance of the model has been affected by a
time-dilation between the sequence of input images.

VI. CONCLUSION

In this work, we explore autonomy of a fine manipulation
task: Rolling a miniature block with a surgical robot. We
train a robust vision-based policy in simulation and sim2real
transfer our agents to a real setup. Our results show that we can
achieve 96.3% (up to 100%) sim2real success, robustly manip-
ulating the block to roll. Our work showcases the importance
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of Domain Randomization for successful sim2real transfer,
highlighting the special importance of simulating the physical
behavior of rolling as well as inclination randomization and
how it can be used to increase the robustness of the roll policy.
We experiment between fully connected networks and LSTM
layers, and find that LSTMs perform consistently better both in
simulation and the real setup due to the ability to reason about
randomized dynamic parameters which are unobservable to the
input image. In the future, separate analysis of perception and
control seems necessary, to isolate if certain failures are related
to visual or dynamic parameter differences. One of the main
limitations of our work is the need to manually estimate the
visual and dynamical properties of the scene, which we hope
to find alternatives for in the future to automate the process.
The block rolling task proves that the dVRK surgical robot
is capable of fine manipulation tasks with visuomotor policies
that reasons about environment dynamics. Furthermore, this
task is also a stepping stone for further autonomous surgical
tasks and not intended for use in a surgical intervention.
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