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M A C H I N E  L E A R N I N G

SimPLE, a visuotactile method learned in simulation to 
precisely pick, localize, regrasp, and place objects
Maria Bauza1*, Antonia Bronars1*, Yifan Hou2†, Ian Taylor1,  
Nikhil Chavan-Dafle1, Alberto Rodriguez1

Existing robotic systems have a tension between generality and precision. Deployed solutions for robotic manipu-
lation tend to fall into the paradigm of one robot solving a single task, lacking “precise generalization,” or the 
ability to solve many tasks without compromising on precision. This paper explores solutions for precise and gen-
eral pick and place. In precise pick and place, or kitting, the robot transforms an unstructured arrangement of 
objects into an organized arrangement, which can facilitate further manipulation. We propose SimPLE (Simula-
tion to Pick Localize and placE) as a solution to precise pick and place. SimPLE learns to pick, regrasp, and place 
objects given the object’s computer-aided design model and no prior experience. We developed three main com-
ponents: task-aware grasping, visuotactile perception, and regrasp planning. Task-aware grasping computes af-
fordances of grasps that are stable, observable, and favorable to placing. The visuotactile perception model relies 
on matching real observations against a set of simulated ones through supervised learning to estimate a distribu-
tion of likely object poses. Last, we computed a multistep pick-and-place plan by solving a shortest-path problem 
on a graph of hand-to-hand regrasps. On a dual-arm robot equipped with visuotactile sensing, SimPLE demon-
strated pick and place of 15 diverse objects. The objects spanned a wide range of shapes, and SimPLE achieved 
successful placements into structured arrangements with 1-mm clearance more than 90% of the time for six ob-
jects and more than 80% of the time for 11 objects.

INTRODUCTION
Most deployed solutions for robotic manipulation fall into the para-
digm of one robot, one job—like repetitively welding from point A to 
point B. This limits their deployment into unstructured environments 
like homes and hinders the automation industry from frequently and 
seamlessly adapting and improving manufacturing lines. For effective 
deployment, adaptability is essential but not sufficient. Most jobs also 
depend on high accuracy and reliability. We suggest then that prog-
ress in robotic manipulation deployment truly relies on achieving 
“precise generalization,” or solving many tasks without compromising 
on precision. This direction brings robotic manipulation closer to the 
paradigm of one robot quickly adapting to and solving many jobs.

Precise pick and place enables transforming an unstructured pile 
of objects into a structured arrangement with objects placed in known 
locations, with tight tolerances. It is a challenging task because the 
robot needs to pick up objects that it has never interacted with before 
and place them accurately in target configurations. In industry, this 
task is commonly solved by designing specialized fixtures to localize 
and regrasp the part, but this can be slower and requires special-
purpose fixtures.

Existing research on grasping has shown progress toward gener-
alization by grasping many different types of objects from depth im-
ages alone (1–3). Other works have explicitly estimated object shape 
or pose to obtain higher-quality grasps (4–6). Although these grasp-
ing paradigms optimize grasp stability, they do not consider the 
grasp’s usefulness to solve a downstream task (task awareness). This 
is a limitation for full manipulation pipelines, where grasps should be 
functional and stable.

Current systems that demonstrate task-aware grasping often 
rely on large hand-annotated datasets of task-relevant grasps 
(7–10), which are limited by the amount and quality of annota-
tions. Other works relied on simulation to build task-aware metrics 
but were limited to narrow task definitions (11, 12) or only showed 
that the selected grasp could be achieved without attempting the 
task (13). Fang et al. (14) focused on learning category-level task-
oriented grasps for sweeping and hammering in simulation with-
out aiming to achieve high precision. He et al. (15) used simulation 
for training placement-aware grasping without considering the 
challenges of precision placement or the uncertainty in post-grasp 
object pose.

In works that go beyond grasping, we find a division between achiev-
ing wide generalization and performing precise manipulations. In pick-
and-place settings, approaches that consider objects with unknown 
geometries include learning from real experience (16), human anno-
tations (17), or simulated data (18–20). However, these solutions tend 
to have wide tolerances for placements by targeting broad generality 
at the expense of precision.

Other works that center on precise pick and place relied on hard-
ware adaptations or simple object shapes as well as known object ge-
ometry. For instance, the study in (21) achieved precise insertions by 
using actuator compliance, whereas the study in (22) combined suc-
tion and grasping to improve performance. Kleeberger et  al. (23), 
which is most similar to our work, performed six–degree of freedom 
grasps to increase precision but lacked any regrasping strategy. This 
limits its applicability to objects and placements where there is a suit-
able grasp exposed.

To achieve accurate perception during manipulation, many works 
relied on both visual and tactile information, often referred to as vi-
suotactile sensing. Without tactile information, postgrasp displace-
ments are hard to estimate (24) and can impede precision. Zhao et al. 
(25) achieved precise placements through grasp selection, avoiding 
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the problem of postgrasp displacements by relying on ground-truth 
perception after the grasp.

With tactile sensors, robots get direct access to contacts. However, 
the type of contact information depends on the sensor used. Née et al. 
(26) found that point tactile sensors can improve grasp stability but 
carry limited information to estimate the object pose. Recent high-
resolution sensors that rely on camera-based solutions (27–30) can 
facilitate accurate pose estimation (31–33) or guide manipulation of 
simple geometries like boxes (34), cables (35), or connectors (36). The 
solution makes use of camera-based tactile sensors and visual infor-
mation to achieve accurate perception.

One existing method for leveraging tactile and visual information 
together for robotic manipulation is learning a joint visuotactile rep-
resentation and a policy for a particular task end to end. Lee et al. and 
Chen et al. (37, 38) fused overhead red, green, blue (RGB) images 
with force-torque data to learn a policy for insertion using reinforce-
ment learning. Li et al. (39) leveraged cross-modal attention to learn 
a joint representation for vision (overhead RGB), touch (tactile RGB), 
and audio (microphone) data and then learn policies for dense pack-
ing and pouring via imitation learning. End-to-end approaches are, 
however, task specific and do not generalize trivially to changes in 
the goal specification.

Other approaches have used point clouds from vision and touch 
to constrain the object location for optimization-based pose estima-
tion. Izatt et al. (40) adapted dense articulated real-time tracking (41) 
to track object pose through sequences of point clouds from vision 
and touch, qualitatively demonstrating that including tactile infor-
mation improves tracking performance. They did not, however, eval-
uate the quality of pose tracking for any downstream task. Zhao et al. 
(42) simultaneously reconstructed the geometry of an unknown ob-
ject and estimated the relative finger/object pose from a sequence of 
RGB and tactile images. The approach assumes that the object pose is 
fixed and that the initial relative finger/object pose is known.

Here, we propose to solve precise pick and place with SimPLE 
(Simulation to Pick Localize and placE), an approach that learns to 
pick, regrasp, and place objects in simulation given only the object’s 
computer-aided design (CAD) model. It consists of three components: 
task-aware picking, visuotactile object pose estimation, and motion 
planning using hand-to-hand regrasps, as depicted in Fig. 1. We de-
signed the components purely in simulation (Fig. 2) using the objects’ 
geometries and then transferred SimPLE to the real system without 

requiring any real prior experience with the objects (Fig. 3). We demon-
strated SimPLE in the context of a dual-arm robot equipped with tactile 
sensors and an external depth camera. From a depth image of the scene 
in front of the robot, we sampled grasps on the object and estimated its 
pose. We scored each grasp using a task-aware metric that accounts for 
the expected success of grasping, visuotactile object pose estimation, 
and pick-and-place motion planning and then executed the grasp with 
the highest score. Next, our visuotactile approach, which builds on our 
previous work on tactile perception (31, 32), updated the object pose by 
combining the estimated pose distributions from vision (before the 
grasp) and tactile (after the grasp). Last, given the object pose, we exe-
cuted a manipulation plan for placing the object that required solving a 
shortest-path problem on a graph of hand-to-hand regrasps.

In summary, this work proposes an approach to manipulation that 
achieves generality by only requiring known object shapes rather than 
expensive real robot experience with those objects and does not sac-
rifice precision by developing simulation tools that transfer zero shot 
into real setups. We experimentally demonstrated successful pick and 
place of 15 diverse objects (Fig. 4), and through comparisons with 
baseline methods and ablation studies, we validated the need for 
visuotactile perception and task-aware planning (Table 1). Our ap-
proach makes an important step toward enabling more flexible solu-
tions for general-purpose robotic pick and place.

RESULTS
System overview
This work aims to solve the task of precise pick and place purely in 
simulation so that robots can handle a large variety of objects with-
out requiring direct experience. We split this task into three dif-
ferent steps.
Task-aware grasping
From a depth image taken of the scene, SimPLE sampled antipodal 
grasps and computed an initial estimation of the object pose. Next, we 
assessed the quality of each sampled grasp using a task-aware quality 
metric learned in simulation and commanded the robot to execute 
the best antipodal grasp (Fig.  3A). Task-aware grasping refers to 
choosing grasps that are compatible with the task of pick and placing.
Visuotactile object pose estimation
Once an object was grasped, the robot received as input tactile obser-
vations. Combining the tactile images with the initial depth image, 

we updated our estimate of the distribu-
tion of possible grasped object poses 
(Fig. 3B).
Motion planning
Given the best estimate of the object 
pose, the robot computed the set of mo-
tions, including object regrasps if need-
ed, that allowed it to place the object at a 
desired configuration (Fig. 3C). Last, the 
robot executed the motions in open loop 
(Fig. 3D).

Learning robot models purely 
in simulation
To enable generality, SimPLE learns the 
robot models in simulation without re-
quiring prior experience. The learned 
models use shape information to assess 

T
V

Visuotactile 
Perception

Motion
Planning

Fig. 1. Precise pick and place. We present a system capable of precisely picking and placing objects learned entirely 
in simulation. The proposed solution consists of three models: task-aware grasping, visuotactile perception, and mo-
tion planning. We show high-fidelity transfer of the models to the real system for the 15 objects shown at the bottom 
of the figure.
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the quality of grasps, estimate an object’s pose, and compute effec-
tive motion plans for placing.

Given an object’s CAD model, first, we sampled a set of grasps on 
the object that are accessible from the object’s resting pose on the ta-
ble (Fig. 2A). We denote these grasps as “table grasps” (the “Comput-
ing table-grasps” section in the Supplementary Materials provides 
more details on how table grasps were calculated). Next, we rendered 
simulated versions of the visuotactile data we expected to observe for 
each table grasp. This consisted of a pair of contact images (binary 
masks over the region of contact on each tactile sensor) and a depth 
image. The set of table grasps and their corresponding visuotactile 
data served as a library of grasps that later we could match against 
real observations. For each table grasp, we also evaluated and stored 
its task-aware quality, which corresponds to a composition of three 
metrics: graspability, observability, and manipulability.

The first metric, graspability, ranks different grasps depending 
on their capability to hold the object under disturbance forces. From 
the simulated contact images of each grasp, we estimated a measure 
in simulation of graspability where the contact region was interpreted 
as a contact patch with uniform pressure distribution. Intuitively, 
the larger the contact region, the more force and torque the grasp 
can resist before the contact breaks or slips.

The second metric, observability, measures the likelihood that a 
grasp will produce tactile observations that facilitate the estimation 
of the object pose within the grasp. Computing the observability of a 
grasp requires having a model for pose estimation. Therefore, we 
started by learning in simulation how to estimate an object’s pose by 
building a visuotactile perception model tailored to that object 
(Fig. 2B). These models learn to match visual and tactile observations 
to the simulated set of visuotactile data, outputting a distribution 
over object poses (31, 32). Details are provided in the “Visuotactile 
pose estimation” section in Materials and Methods.

After learning how to perceive the object, we leveraged the tac-
tile model to evaluate the observability of each table grasp in simu-
lation. Observability aims to quantify how informative a given contact 
is in uniquely determining the object pose. Because tactile sensors 
provide a local view of the object geometry, many contacts may 
look similar and therefore provide ambiguous information about 

the object pose. Intuitively, any grasp that looks similar to a grasp on 
a distant region of the object is not a good indicator of object pose 
and has low observability. Aiming for grasps with high observability 
allows a policy to prefer grasps with more unique features that, in 
turn, ease perception.

Table grasps

In-air grasps

Simulated 
visuotactile

Grasp qualityQ
High

Low

Graph of regraspsG

Visuotactile
models

T
V

GS

Obs

Mani

B

A

B

C

D

E

F

Fig. 2. Generating models in simulation. Starting from the object’s CAD model 
(A), we sampled two types of grasps on the object. Table grasps (B) are accessible 
from the object’s resting pose on the table. For each table grasp, we simulated cor-
responding depth and tactile images and used these images to learn visuotactile 
perception models (E). In-air grasps (C) are accessible during regrasps. We con-
nected in-air grasp samples that are kinematically feasible into a graph of regrasps 
(F). We used the visuotactile model and regrasp graph to compute the observabil-
ity (Obs) and manipulability (Mani) of a grasp and combined these with grasp sta-
bility (GS) to evaluate the quality of each table grasp (D).
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Planning

Grasp
Selection

Plan found with no regrasp

 . 
.

Extract grasp samples

Estimate
from vision
and tactile
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Quality
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Pose Distribution
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√√

Pose
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Execute
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Execute plan

Placement

D

Q

E

E

E

G

A

B

C

D

Fig. 3. Deployment in the real world. Our approach first selects the best grasp 
from a set of samples on a depth image (A). The best grasp has the highest ex-
pected quality given the pose distribution estimate from vision and the precom-
puted grasp quality scores. Then, we executed the best grasp and updated the 
pose estimate, now including information from tactile in addition to the original 
depth image (B). Next, we took the best estimate from vision and tactile as the start 
pose and found a plan that leads to the goal pose using the regrasp graph if neces-
sary (C). Last, we executed the plan (D).
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Last, we computed the manipulability of each table grasp. Ma-
nipulability measures the simplicity of the best pick-and-place plan 
that we can obtain from an initial table grasp, which includes the 
length of motion and the number of regrasps or handing off the ob-
ject to the other arm a number of times. A regrasp may be necessary 
to increase the workspace of the robot or if the initial grasp prevents 
collision-free placement of the object.

To compute this metric, we first developed a solution for finding 
motion plans. We started by obtaining in simulation a large set of 
in-air grasps (or a set of stable antipodal grasps). Then, we found 
possible regrasps by checking which pairs were feasible kinematical-
ly, in other words, by computing whether two grippers at each grasp in 
the pair would result in a collision-free situation. Precomputing the 
set of possible regrasps allowed us to more efficiently solve the prob-
lem of finding online a feasible placing strategy.

Finding the best motion plan for placing an object consists of build-
ing a “graph of regrasps” (43, 44) (Fig. 2C) and solving for the shortest 
path within it. For each table grasp, we used its grasp configuration as 
the initial node and the desired placing pose as the goal node. Then, 
solving the shortest path consists of finding whether it is possible to 
directly place the object from its initial configuration (leading to a solu-
tion with no regrasp) or whether applying one or more regrasps will 
allow the robot to place the object. Edges in the regrasp graph repre-
sent kinematic feasibility between two nodes (in other words, whether 

a pair of grasps is feasible or whether it is possible to place the object 
from a given grasp without any collision). Table  S1 provides the 
number of in-air grasps and edges of the regrasp graph of each ob-
ject. Manipulability penalizes the number of required regrasps in the 
shortest path from a given table grasp to the goal location. Table 
grasps that result in plans with fewer regrasps have higher manipulabil-
ity scores and are preferable.

Once we computed the three metrics in simulation, we obtained 
and saved the composite grasp quality for each table grasp as the prod-
uct of its graspability, observability, and manipulability (Fig. 2B). In 
summary, simulation allowed us to compute the robot’s models re-
quired to predict pose distributions using visuotactile observations; 
compute motion plans to place the object in a given configuration; and 
assess the quality of table grasps using metrics for graspability, observ-
ability, and manipulability.

Experimental evaluation of SimPLE in pick-and-place tasks
Overview of experimental setup
We validated our approach on the precise pick-and-place task, 
where rigid objects of different shapes need to be picked up and 
placed precisely on rigid fixtures (see Fig. 1). This task represents 
a typical application in mechanical assembly and packing. For 
each object tested, SimPLE first leveraged a CAD model of the 
object to learn purely in simulation its models for perception, 
grasp stability, and planning, as described in the previous section. 
The learned models are object specific. Our robotic system con-
sisted of a dual arm robot with parallel jaw grippers, where tactile 
sensors were installed on the fingers. A top-down depth camera 
provided tabletop perception of the items.

Given a depth image, we followed the approach in (2) to find 
possible antipodal grasps on the image. We then filtered the grasp 
samples to avoid collisions between the robot’s fingers, the object, 
and the environment. For each collision-free grasp sample, we took 
a crop of the original depth image that is centered and aligned at the 
grasp (see Fig. 3) and provided it as input to the visual model, which 
estimated the object pose as a distribution over table grasps.

For each sampled grasp, we computed its quality as the expecta-
tion of the quality metrics over the pose distribution provided by the 
visual model (Fig. 3A). The grasp sample with the highest expected 
quality is the most likely to provide the best combination of grasp-
ability, observability, and manipulability.

If the expected best grasp is executed successfully, the robot will 
also receive tactile observations. Combining the tactile observations 
with the previous depth image allowed us to update the vision-only 
estimate for the object pose (Fig. 3B). Last, we took the best visuo-
tactile pose estimate to compute the shortest path and find the sim-
plest motion plan that the robot can execute to place the object 
(Fig. 3, C and D).

We evaluated SimPLE on 15 objects (Fig. 1). For each object, we 
conducted 20 trials in which the robot grasped the object from an 
unknown starting pose and attempted to place it in a known pose.
Success metric
We categorized each trial into success, near-success, and failure. 
Succeeding at a pick-and-place experiment requires placing the ob-
ject into a tight cavity (Figs. 1 and 3). The experiments labeled as 
near-success are cases where the object almost reached the goal po-
sition and failure happened because of a small misalignment (of a 
few millimeters) during the final placement step rather than an in-
correct localization or a failed regrasp that led to complete failure. 

Fig. 4.  Success rate for 15 objects. The rate of success, near-success, and failure 
out of 20 trials for 15 objects is tabulated in order of highest success rate to lowest.
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Near-successes could, in principle, be resolved by a closed-loop lo-
cal insertion strategy (see “Analysis of the near success” section in 
the Supplementary Materials for an in-depth analysis of near suc-
cesses). Any other outcome was considered a failure.
Baseline experiments
For 5 of the 15 objects, we also conducted a set of baseline experi-
ments to evaluate the influence of each of the core components of 
SimPLE: task-aware grasping, tactile localization, and visual local-
ization. Each baseline eliminated one of these components but pre-
served the other two. In the tactile baseline, after performing a 
task-aware grasp, pose estimation only used tactile information in-
stead of using both visual and tactile observations. In the vision 
baseline, after performing a task-aware grasp, pose estimation only 
used vision information instead of using both visual and tactile ob-
servations. Last, for the task-agnostic baseline, instead of using the 
task-aware grasp selection, this baseline selected grasps on the basis 
of the grasp quality metric from Dex-Net (2). Perception for this 
baseline used both visual and tactile information to estimate the ob-
ject pose after the grasp.
SimPLE versus tactile baseline
Tactile localization performs well in combination with task-aware 
grasping (“tactile baseline”) for objects where unambiguous grasp lo-
cations exist. The success rate for “grease,” for example, was 95% of 20 
trials, and for “rod,” the tactile baseline achieved 60% successes and 
25% near-successes out of 20 trials (Table 1). Some objects, such as 
“hose,” “grip,” and “kendama,” did not have any region where the 
grasp was entirely unambiguous. Therefore, even in the presence of 
task-aware grasping, tactile localization alone is unable to consistently 
resolve the object pose. This was reflected by a lower rate of successes 
and near-successes for the tactile baseline for these objects (Table 1).
SimPLE versus vision baseline
Visual localization performs well in combination with task-aware 
grasping (“vision baseline”) when the object configuration is unam-
biguous from an overhead camera. This was the case for hose, grip, 
kendama, and grease, whose rates of successes and near-successes 
were correspondingly high (Table 1). The object rod, on the other 
hand, had one threaded end and one unthreaded end, which were 
difficult to disambiguate using only an overhead camera. This caused 
the vision baseline to fail in 25% of the 20 trials. The rate of near-
successes for hose and kendama was high relative to the rate of true 
successes. This is because although vision is capable of globally dis-
ambiguating between object orientations, it is less adept at refining 
the object pose to high precision, which is necessary to success-
fully place the object into the cavity. When tactile localization was 

included, we saw more true successes (the “Comparison of tactile 
pose estimation versus tactile pose estimation with a prior” section 
in the Supplementary Materials provides additional analysis on the 
influence of tactile versus vision on pose estimation accuracy).
SimPLE versus task-agnostic baseline
Next, we compared SimPLE against a “task-agnostic baseline,” which 
uses the quality metric from Dex-Net (2) and therefore is task ag-
nostic and object independent. Note that SimPLE takes into account 
the downstream goals of localization and placement, in addition to 
object-tailored graspability, before choosing a grasp. Instead, the 
task-agnostic baseline considers only the likelihood of grasp success 
when choosing a grasp. For some objects, like hose and kendama, 
the task-agnostic baseline often prefers the same grasp as SimPLE, 
and therefore, the success rates are similar. For other objects, like 
rod and grease, task awareness leads SimPLE to prefer a different 
grasp than the task-agnostic baseline.

For the object rod, we found that task-aware grasping facilitates 
perception by targeting grasps that lead to unambiguous tactile 
information (Fig. 5). This is particularly important for rod because 
visual information alone is ambiguous. The SimPLE method re-
sulted in 85% successful trials out of 20 compared with 15% success-
ful trials out of 20 for the task-agnostic baseline. The task-agnostic 
baseline targets grasped near the center of the object, where both 
vision and tactile information are ambiguous. SimPLE was able to 
resolve the pose by targeting grasps near the end of the object, 
where tactile information can resolve the ambiguity in the visual 
information.

The object rod also highlights an important benefit of our regrasp-
based planning framework: It allows for recovery from vision-based 
perception failures. In 6 of SimPLE’s 17 successful trials, the robot 
grasped on the wrong end of rod because of a vision ambiguity (the 
two ends of the object are difficult to disambiguate from vision alone). 
After incorporating tactile information, the robot amended its esti-
mate and planned a regrasp to place the object in the correct orienta-
tion. The SimPLE-preferred grasp for this object was expected to result 
in a placement without a regrasp. However, the vision confusion and 
the consequent correction from tactile information triggered a cor-
rection regrasp by the motion planning framework that allowed the 
robot to recover from this vision failure.

As another example, for the object grease, we found that task-
aware grasping facilitated motion planning by targeting grasps that 
led to successful motion plans (Fig. 6). Because grease is a small ob-
ject, regrasps were infeasible from some table grasps. This can make it 
impossible to place the object if motion planning is not considered 

Table 1. Success rate versus baselines on five objects. The rate of success, near-success, and failure for five objects on the proposed method and the three 
baselines. SimPLE and the three baselines were evaluated with 20 trials each.

Object 
name

SimPLE Agnostic baseline Tactile baseline Vision baseline

S (/20) NS (/20) F (/20) S (/20) NS (/20) F (/20) S (/20) NS (/20) F (/20) S (/20) NS (/20) F (/20)

Grease 20 0 0 15 0 5 19 0 1 19 0 1

Grip 17 3 0 10 2 8 1 0 19 18 2 0

Rod 17 1 2 3 8 9 12 5 3 15 0 5

Kendama 16 3 1 15 2 3 10 3 7 14 6 0

Hose 14 3 3 15 3 2 8 2 10 12 6 2
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before the first grasp. SimPLE resulted in 100% successful trials out of 
20 compared with 75% successful trials out of 20 for the task-agnostic 
baseline. The task-agnostic baseline aimed at grasps near the center of 
the object that require a regrasp. In the 25% of failed trials, the initial 
grasp did not leave enough room for a regrasp, and thus the attempt 
failed. The remaining 75% of trials of the task-agnostic baseline were 
successful, but they required a regrasp that SimPLE avoided. SimPLE 
targeted grasps that require simpler planning strategies and, as a con-
sequence, resulted in a higher success rate.
Summary of SimPLE’s performance
We tested SimPLE on a total of 15 objects to evaluate the method’s 
generalization to a wide variety of object shapes and sizes. Figure 4 
shows the number of attempts that succeeded after 20 trials, as 
well as the number of near-successes and failures. Movie 1 shows 
a successful placement for each object as well as a subset of failures 
and near-successes. Overall, SimPLE provides the robot with a 
method that successfully transfers to the real world and achieves 
precise pick and place. For nine of the objects, SimPLE had a suc-
cess rate of at least 85%. Only “magnet” had a success rate of less 
than 50%. The object magnet is particularly challenging because 
there are very few object orientations and grasps that make its 
pose observable.

Of the several objects studied, we highlight the case of “stud” 
because it provides an important discussion point for SimPLE. As 
depicted in Fig. 7, the best table grasps for stud, according to 
the task-aware quality, required at least one regrasp to ensure tac-
tile observability. During experiments, SimPLE selected these grasps 
and had a success rate of 80%, with 20% near-successes and no fail-
ures. Therefore, all selected table grasps required a regrasp. Choosing 
other table grasps would not require a regrasp but would come at the 
cost of losing tactile observability and thus a higher likelihood of 
failing to estimate an accurate object pose. Dealing with such trade-
offs is inevitable and requires foresight, because task awareness im-
plies balancing multiple objectives (graspability, observability, and 
manipulability).

DISCUSSION
In this work, we present an approach to precise pick and place that 
leverages offline computing to allow a high degree of adaptability. 
Being able to use the same algorithms and system to precisely place 
objects taken from unstructured scenes is at the core of many ma-
nipulation problems that still remain unsolved. By not requiring 
prior robot or human experience with those objects, we showcase 
that it is possible to aim to build systems that rapidly adapt to addi-
tional objects without compromising on accuracy.

Our experiments suggest that through visuotactile perception 
and task awareness, robot models learned in simulation can success-
fully transfer to real systems. We showed this for a large variety of 
objects’ sizes and shapes. When compared with baselines, our re-
sults validate the need for having both tactile and visual sensing, as 
well as the benefits of deploying policies that consider the task re-
quirements end to end.

Simulated observations to learn robot models
Although it is common to learn behavior policies purely in simula-
tion, here, we used simulation to learn precise perception models that 
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SimPLE (task-aware)

Baseline (task-agnostic)

Successful trials

17/20

3/20

Both vision and tactile
are ambiguous

Vision and tactile 
can resolve the pose

A

B

Fig. 5. Task-aware grasping facilitates perception. We consider the case of the 
object rod and compare SimPLE against a baseline that does not perform task-
aware grasping. We show the type of grasp selected by SimPLE (A) and the baseline 
(B) and the final pose distribution after grasping the object. The baseline could not 
resolve the pose because both tactile and vision observations were ambiguous.
Instead, SimPLE aimed at grasps that it expected would produce observable tactile 
imprints, allowing the perception model to resolve the pose after the grasp. As a
result, SimPLE succeeded in 85% of 20 real experiment trials, whereas the baseline, 
because of perception errors, only succeeded in 15% of 20 trials.

SimPLE SimPLE chooses grasp
that can be placed
without a regrasp

Baseline Baseline chooses 
grasps that require
a regrasp or that 
are infeasible

√√

XX

√√

SimPLE (task-aware)

Baseline (task-agnostic)

Successful trials

20/20

15/20

Number regrasps

0: 20

0: 1, 1: 14
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Fig. 6. Task-aware grasping results in better planning solutions. A baseline that 
does not aim at task-aware grasping can end up choosing grasps that require more 
regrasps than needed (B) or that result in an object configuration where no motion 
plan is possible (C). Instead, our method chose grasps that reduced the number of 
regrasps required to place the object (A). Aiming for grasps that require simpler 
planning strategies ended in more successful trials.

Movie 1. Overview of the SimPLE approach and results. The video highlights 
the main advantages of SimPLE, shows the method step by step, and demonstrates 
a successful placement for each object. It also shows examples of consecutive place-
ments and representative failure cases.
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can then inform model-based behavior policies (the “Tactile localiza-
tion with real versus simulated contact shapes” section in the Supple-
mentary Materials provides additional analysis on the pose estimation 
accuracy on real versus simulated data). Learning perception purely 
in simulation allowed us to generate the large amounts of data needed 
to predict meaningful pose distributions. By simulating observations, 
we were also able to rethink perception as a matching problem that 
aims to answer how similar observations are rather than directly re-
gress which pose could produce a given observation. Matching is sim-
pler and allowed us to easily generate probabilities that quantified the 
similarity of different observations on the basis the proximity of the 
contacts that generated them. Combining vision, which is global, with 
tactile, which is local but provides higher resolution at contact, makes 
our system capable of precisely estimating poses for objects with more 
variety in shapes, textures, and sizes.

Task awareness to select grasps
Our experiments suggest that accounting only for the success of a 
grasp is less effective than selecting task-aware grasps that also ac-
count for facilitating perception and planning. We show this in more 
detail in Figs. 5 and 6, where selecting task-aware grasps was key to 
resolving the object pose and to finding placing plans with fewer 
regrasps, respectively. During experiments, we measured the task-
aware quality of a grasp by taking the product of three metrics: 
graspability, observability, and manipulability. Nevertheless, Sim-
PLE would allow us to seamlessly integrate other relevant metrics 
like penalizing grasps on deformable or fragile regions of an object. 
To further improve our solution, we believe that it would be useful to 
systematically assess the importance of each metric toward solving 
the task. This could lead to better ways of defining and combining 
metrics. For instance, ensuring good pose estimation might be of 
higher or lower importance than simplifying a motion plan for end-
to-end reliability.

Scope of applicability
SimPLE can accommodate different sensor modalities as long as it is 
possible to simulate the sensor observations. Following the process 
that SimPLE uses for our tactile and vision sensors, we would learn 
a perception model on the basis of matching real observations to a 
set of precomputed ones. Because each model outputs a distribution 
of likelihoods over possible poses, integrating the sensing modali-
ties reduces to simply multiplying the likelihoods obtained from 
each of the observations (31, 32).

Also relevant to the applicability of 
SimPLE, this method can integrate task 
constraints such as avoiding environment 
collisions or dealing with multiple objects 
on the scene. Qualitative experiments 
have shown that SimPLE for grasp se-
lection is able to find good grasps on the 
objects even when multiple objects (of 
different types) are present. In the cases 
where there are multiple types of objects, 
the robot can run grasp selection for 
each object type and select the grasp 
with highest quality that solves the ob-
ject classification problem implicitly.

Opportunities for future work
SimPLE shows that it is possible to 

build adaptable solutions for robotic manipulation while achiev-
ing high accuracy. To that end, SimPLE features an open-loop so-
lution based on learning from simulated data. Next, we expose 
three of its limitations and comment on how to overcome them.
Near-success failures
As described in Results and the “Analysis of the near success” section 
in the Supplementary Materials, it was not uncommon to have 
near success because of small misalignments that ended in the 
object being placed quite close yet outside the ±0.5-mm placing 
tolerance. Such cases would benefit from closed-loop execution 
during the placement. For instance, we could measure the forces 
experienced during placing and detect external contacts (45). This 
could allow the robot to identify the evolution of the placement and 
derive a policy for correcting deviations.
Reacting to the unexpected
SimPLE is currently executed in open loop, meaning that after 
receiving tactile images from the initial grasp and producing a 
visuotactile pose estimate, it does not update its belief of the ob-
ject pose. Although we showed that this is sufficient to get rela-
tively good results, in some cases, it proves insufficient. Adding a 
tracking strategy that aggregates multiple sensor readings over 
time would help avoid cases of ambiguity and reduce failure. A 
step in the system that would benefit from additional feedback is 
after regrasps, which tend to exacerbate error. Such a strategy could 
also help deal with unexpected disturbances like the object slid-
ing in the grasp because of collisions with a dynamic or unknown 
environment.
Defining observability under multiple sensors
Currently, the notion of observability only takes into account how 
likely a grasp is to produce useful observations for tactile percep-
tion. Although we took both vision and tactile into account when 
estimating the object pose, to compute observability, we currently 
do not account for vision, which in some cases would be sufficient 
to estimate the pose even if tactile would be ambiguous. We be-
lieve that building the algorithmic and mathematical tools to bet-
ter understand and exploit observability is paramount. Defining 
observability after aggregating multiple sensors would increase the 
range of poses where the object pose can be estimated. Moreover, 
it would also be possible to provide the robot with policies that 
take multiple actions, rather than a single grasp as in SimPLE, to 
ensure higher observability and thus avoid wide or multimodal 
pose distributions.

√√

Tactile can
resolve pose

Tactile is
ambiguous

No hando�
required

One hando�
required

Best Grasp RegionBest Grasp Region
Best grasp requires one hando� but 

ensures observable perception

A B

Fig. 7. Task-aware grasping balances perception and planning to find the grasp region that maximizes suc-
cess. For the object stud, there was no one grasp region that maximized both observability and manipulability 
(A). The proposed approach chose a grasp that require a handoff to ensure observable perception, negotiating the 
trade-off between observability and manipulability to maximize task success (B).
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SimPLE leverages object-specific perception models learned en-
tirely in simulation to perform precise pick and place without any 
real experience with the objects. In this way, SimPLE is an approach 
to manipulation that achieves generality by only requiring known 
object shapes rather than expensive robot experience. We experi-
mentally validated SimPLE’s capability via successful pick and place 
of 15 objects of diverse shapes and sizes, resulting in successful place-
ments more than 90% of the time for six objects and more than 80% 
of the time for 11 objects. Our approach therefore makes an impor-
tant step toward enabling more flexible solutions for general-purpose 
robotic pick and place.

MATERIALS AND METHODS
Notation for table and in-air grasps
We considered as a valid table grasp, t, a grasp that could occur with-
out collisions between the robot’s fingers, a flat environment like a 
table, and an object resting on top of it. We denoted as T a fixed dis-
crete set taken from all the possible table grasps. Given a table grasp 
to that produced the observation o, we were interested in computing 
the density function

which represents how likely a grasp t ∈ T is to be the closest in pose 
distance (measured by the function dist) to a table grasp to. To simplify 
notation, we will denote the probability above as p(t∣o). The dist func-
tion corresponds to the ADD (average three-dimensional distance) 
(46) metric, which measures the average distance between the point 
cloud of the object in two different poses.

In our case, an observation o of a table grasp t included a simu-
lated visual observation from the depth camera in the form of a 
depth image, d, and a pair of simulated tactile images from the tactile 
sensors, c, such that o = (d, c). Our perception models then estimate 
the following distribution:

which provides the likelihood of each table grasp in T given the vi-
suotactile observations d and c (which are simulated observations 
during learning and real observations at test time).

For each table grasp, we developed functions to simulate several 
of its attributes such as the expected contacts ĉ(t) on each finger of 
the grasp, simulated depth image d̂(t) of the grasp (see Fig. 2), and 
quality score, q(t). Each table grasp t is uniquely defined by consid-
ering the pose of the object with respect to the gripper frame. We 
will also refer to this pose as t to simplify notation.

We also considered in-air grasps, denoted as g, which correspond 
to grasps that could happen without collisions between the robot fin-
gers and the object. Note that then the environment is not constrain-
ing the grasp, and thus in-air grasps include but are not restricted to 
being table grasps. For in-air grasps, we considered the notion of re-
grasps, r, to denote whether two grippers grasping an object at the 
grasp locations g1, g2 would create any collisions. Therefore, r(g1, g2) 
is a binary variable that is equal to 0 if there is some collision during 
the regrasp and 1 if the regrasp is collision free. With this definition 
of regrasp, we considered a discretized set of in-air grasps, G, and 
built a graph of regrasps, G = G(tinit, qgoal), where its nodes corre-
spond to all the in-air grasps g from G, as well as the initial table 
grasp, tinit, and the desired goal configuration of the object at place-
ment, qgoal. The edges between any grasps g1, g2 ∈ G on the graph G 

are precomputed and exist if r(g1, g2) = 1. At runtime, start (tinit) and 
goal (qgoal) nodes are added, as well as edges that connect them to the 
precomputed graph.

Table grasps
Table grasps are the set of grasps that could occur without collision 
between the robot fingers, a flat environment like a table, and an 
object resting on top of that table. We generated a discrete set T of 
table grasps by first determining the resting configurations of the 
object on a flat table. Then, we sampled antipodal grasps with 1-mm 
resolution around the object. We constrained the height of the an-
tipodal samples by enforcing that the tips of the robot fingers were 
flush with the table during the grasp. We augmented the set of table 
grasps by perturbing the object from its resting configuration to ac-
count for any object perturbations that may occur during grasping. 
We considered small perturbations about the axis of the grasp and 
of the height of the grasp. The set of table grasps T consists of poses, 
t, measured relative to the gripper and the corresponding set of sim-
ulated visuotactile data for those poses, ĉ(t) and d̂(t) . The process 
for rendering visuotactile data in simulation is described below. The 
“Computing table-grasps” section of the Supplementary Materials 
provides more details on how table grasps are computed.

Rendering observations in simulation
We used a similar procedure to simulate contact and depth images 
to represent the actual observations from real sensors. How to sim-
ulate contact is extensively described in (31, 32) and consists of ren-
dering images from a virtual camera of an object placed such that its 
closest point to the virtual camera would contact without penetrat-
ing an imaginary sensor. The virtual camera rendered a depth im-
age from the scene, which we then processed to create a contact 
mask using the pixels where the object would penetrate the sensor.

Simulating depth images requires rendering both the table and 
object at a given position and taking a depth image using a virtual 
camera that matches the extrinsic and intrinsic parameters of the 
real one. We computed the depth image associated with each table 
grasp by taking a crop of the rendered depth image by centering 
and reorienting it at the pose of the table grasp (32). The resulting 
crop and the contact images simulated for each of the fingers on 
the gripper provided the set of simulated observations for each 
table grasp.

Visuotactile pose estimation
For each object and sensor modality (vision and tactile in our case), 
we trained an encoder to match observations to the precomputed 
set of observations in the set of table grasps T, following the ap-
proach outlined in (32). Once we learned to encode observations 
on the basis of their distances in pose space, we precomputed en-
codings for the observations in the set T. At test time, we com-
puted an encoding for the real observation coming from the actual 
sensor and compared its distance in embedding space with all of 
the precomputed encodings in T. We applied a softmax to the re-
sulting vector of distances to obtain a probability distribution over 
the table gasps in T. This distribution represents the likelihood of 
the object configuration matching each element in T given the real 
observation.

For each table grasp t, we precomputed encodings for its two contact 
images and the depth image that represents the expected observation at 

p(t = argmint�∈T dist(t�, to) ∈ T∣o) (1)

p(t∣o) = p(t∣d, c) (2)
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that grasp. This allowed us to efficiently compute the distributions over 
possible object poses for each sensing modality online.

During experiments, visuotactile observations consisted of a 
depth image, d, of the object before grasping, two contact images c, 
and the gripper width during a grasp. The final estimate of the pose 
distribution, p(t∣d, c), came from the product of the distribution 
obtained from the depth image p(t∣d), the distributions obtained 
from the contact images p(t∣c), and a Gaussian centered at the grip-
per width. Additional information on visuotactile pose estimation, 
including training details, is available in the “Visuotactile pose esti-
mation” section in the Supplementary Materials.

In-air grasps and finding object regrasps
In-air grasps, g, were selected by dividing the object model surface 
into small patches, computing the normals of each patch, and pair-
ing the patches to compute if they could result, within some toler-
ance, in a stable antipodal grasp (44, 47).

We also computed whether a regrasp r(g1, g2) was possible be-
tween grasps g1, g2 by checking whether a gripper taking grasp g1 
and another at g2 would collide between them. If not, r(g1, g2) = 1 
and 0 otherwise. Precomputing the set of regrasps for all pairs in G 
made motion planning more efficient when building G.

Regrasp graph and shortest-path search
To construct the regrasp graph G, we used the set of grasps G, the 
initial table grasp tinit, and the goal configuration qgoal. Although 
edges between grasps in G were precomputed in simulation, the rest 
of the edges were computed online. To simplify computations, we 
ran a shortest-path search on the graph to find the simplest plan to 
the goal, which represents the minimal number of regrasps. First, 
we checked whether tinit could happen without collisions with the 
robot and environment when the object was at qgoal. If so, o regrasp 
was needed to place the object.

Otherwise, we computed for each grasp g ∈ G if r(tinit, g) = 1. If 
so, we added that edge to the graph. We did the same for qgoal, check-
ing whether it was possible to exert a grasp g ∈ G if the object was 
at qgoal. Next, we solved a shortest-path problem where each edge 
was modulated by the regrasp quality, thus preferring plans that 
were more likely to succeed. The “Building a regrasp graph” sec-
tion in the Supplementary Materials provides more details on how 
the regrasp graph was built.

Task-aware grasp quality
For each table grasp t ∈ T, we computed in simulation its grasp 
quality, q(t), as a task-aware metric that consists of the product of 
three measures.
Graspability
Graspability measures the stability of a grasp to hold within the robot’s 
fingers. We computed graspability for each table grasp t by normaliz-
ing the area of the contact patches from the simulated observations ct 
to fall between 0 and 1. A graspability of 1 indicates that a grasp was 
expected to be stable.
Observability
Estimating the pose of an object tactilely can be unambiguous, 
making it preferable to grasp at regions with more unique features. 
We quantified this intuition with the metric of tactile observabili-
ty. To obtain the observability of a grasp t, we computed how like-
ly each table grasp t′ ∈ T was given the simulated observations from 
t, p(t′∣dt, ct). Then, we checked whether the most likely table grasp 

was within 5 mm of t and whether the deviation between the five 
most likely table grasps was less than 2 mm. If so, t was observable, 
and we denoted its observability as 1 and 0 otherwise.
Manipulability
For each table grasp t, we solved the shortest path for G(t, qgoal), 
which resulted in the simplest plan to place the object. Manipulabil-
ity score was 1 if no regrasp was needed, 0.8 or 0.4 if one or two re-
grasps were needed, respectively, and 0 otherwise.

To ensure consistency between adjacent table grasps, we smoothed 
the scores by computing for a given table grasp its closest table 
grasps and updated its scores as the minimum of its original score 
and the median and mean of its closest scores. Two grasps were 
close if their angle distances were smaller than 5° and less than 
10 mm in the x and y directions. We empirically determined the 
numerical values used to assess grasp quality, such as the 2-mm 
and 5° thresholds.

Pipeline for real experiments
To deploy SimPLE during real experiments, we first sampled pos-
sible antipodal grasps, x, without knowledge of the object position. 
Then, we scored each sample by computing its expected score as

The sample with the highest expected quality was selected and exe-
cuted. This in turn allowed us to get tactile images c and update our 
estimate over the table grasp exerted: p(t∣d, c).

To place the object, we took tinit = arg maxt p(t∣d, c) and com-
puted the graph G(tinit, qgoal) by checking the existence of the edges 
between tinit and G, tinit and qgoal, and between G and qgoal. Last, we 
found the shortest path in G, which provides the motion plan that 
the robot will execute to place the object.

Grasp sampling
Our grasp sampling strategy was based on (2), which uses a depth 
image from the scene to identify possible antipodal grasps. We ex-
tended it by also checking whether the fingers were likely to collide 
with the environment. All baselines also made use of this sam-
pling strategy.

Robot system setup
The robot system we used to conduct real experiments consisted of 
a dual-arm ABB Yumi with two WSG-32 grippers and GelSlim 3.0 
tactile (30) sensing fingers to collect tactile observations. We used a 
Photoneo PhoXi M depth camera mounted overhead to collect vi-
sual observations. We placed objects into cavities that were a nega-
tive of the object with 1 mm of radial clearance from the object and 
a 3-mm chamfer on the mating edge.

Success, near-success, and failure during experiments
In successful trials, the robot placed the object into the cavity. In 
nearly successful trials, the object was in the correct location and 
orientation but marginally missed the cavity. Intuitively, these at-
tempts could have succeeded with a local insertion strategy. Failed 
trials included grasp failures, global localization failures where 
the object pose estimate was flipped in the wrong orientation, and 
motion planning failures where a handoff was unsuccessful or no 
feasible plan was found from the initial grasp. Failed trials could 
not have been salvaged by a local insertion strategy.

E[q(x)∣d] = Σt q(t) ⋅ p(t∣d) (3)
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Baseline description
We compared the performance of our system against three baselines.
Agnostic baseline
We scored the set of grasp candidates on the basis of a task-agnostic 
and object-independent Grasp Quality Convolutional Neural Net-
works (GQ-CNN) (2). This quality network was trained to predict 
the robustness of a candidate grasp without considering the down-
stream task or the object grasped. To evaluate the grasp, the ag-
nostic baseline took as input the gripper depth and the same image 
that SimPLE uses, consisting of a depth image centered on the 
grasp center pixel and aligned with the grasp axis orientation. Its 
output was a robustness score for the candidate grasp between 
0 and 1. We executed the grasp with the highest score. The visuo-
tactile localization step and the motion planning were the same as 
in SimPLE.
Tactile baseline
The grasp selection step was the same as in SimPLE, but the visuo-
tactile localization step was replaced with tactile localization alone, 
p(t ∣ c). After executing the best grasp, we found the pose that max-
imizes the joint distribution from both contacts and a Gaussian 
centered at the measured gripper width. We took that maximizing 
pose as the tactile pose estimate to compute the motion plan.
Vision baseline
The grasp selection step was the same as in SimPLE, but the visuo-
tactile localization step was replaced with vision localization alone, 
p(t∣d). The pose estimate used for motion planning was then the 
pose that maximized the distribution from vision.
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Editor’s summary
In robotic manipulation, there is often a trade-off between high accuracy for a repetitive motion and reliability in
an unstructured environment. To teach a robot to move objects into an organized arrangement, Bauza et al. have
developed a framework called SimPLE, which stands for Simulation to Pick, Localize, and placE. Given only a model of
the object, the framework generates training data by sampling grasps in simulation. The SimPLE framework was tested
with a set of 15 objects of different geometries on a dual-arm robot equipped with tactile sensors and an external depth
camera. Using hand-to-hand regrasps, the robot successfully relocated the objects into structured arrangements,
demonstrating the possibility of transferring a model learned in simulation to a real robot. —Melisa Yashinski
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