
Pick2Place: Task-aware 6DoF Grasp Estimation
via Object-Centric Perspective Affordance

Zhanpeng He1,2∗, Nikhil Chavan-Dafle2, Jinwook Huh2, Shuran Song1,2, Volkan Isler2
1Columbia University 2Samsung AI Center, New York, NY

Abstract— The choice of a grasp plays a critical role in the
success of downstream manipulation tasks. Consider a task of
placing an object in a cluttered scene; the majority of possible
grasps may not be suitable for the desired placement. In this
paper, we study the synergy between the picking and placing
of an object in a cluttered scene to develop an algorithm for
task-aware grasp estimation. We present an object-centric action
space that encodes the relationship between the geometry of
the placement scene and the object to be placed in order to
provide placement affordance maps directly from perspective
views of the placement scene. This action space enables the
computation of a one-to-one mapping between the placement
and picking actions allowing the robot to generate a diverse set
of pick-and-place proposals and to optimize for a grasp under
other task constraints such as robot kinematics and collision
avoidance. With experiments both in simulation and on a real
robot we demonstrate that with our method, the robot is able
to successfully complete the task of placement-aware grasping
with over 89% accuracy in such a way that generalizes to novel
objects and scenes.

I. INTRODUCTION

Picking and placing are two fundamental skills that enable
diverse robotic manipulation tasks. Many researchers have
explored these two tasks independently. For example, various
approaches have been explored to generate six Degrees of
Freedom (DoF) grasps that could reliably pick up an object
without considering the end-task [1–7]. A few have studied
how to stably place an already grasped object conditioned
on the geometries of the object and environment [8, 9].
This separation is convenient for researchers to reduce the
action search space and build robust algorithms. However,
estimating grasps without considering the downstream task
can result in unsuitable grasps for the task. For instance, most
of the possible grasps on an object may not be fitting for
the task of placing that object in a cluttered environment.
To make the joint pick-and-place task tractable, many recent
works use constrained action space (2D top-down actions) or
expensive supervision (expert demonstration on every task) –
limiting their application in novel scenarios requiring high-
dimensional action spaces.

In this paper, we present an algorithm, which we call
Pick2Place, that addresses the dependency between grasping
and placing to perform placement-aware grasp estimation.
We propose an object-centric action space parameterized by
the object transformation required for placement and the
placement direction. We show that this action space allows us
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Fig. 1: Placement-aware grasp estimation. An example of a
placement affordance map and consequent placement strategy
generated for a sampled grasp and placement direction. Our method
uses a dense set of grasp proposals and placement directions to
optimize for the best placement-conditioned grasp estimation.

to establish the correspondence between the picking grasp and
the placement pose, naturally providing a method to guide
the grasp selection for desired placement and vice versa.

To learn from this action space, we present object-centric
perspective spatial affordance maps, which provide spatial
alignments between actions and observations. Specifically,
they capture the affordance for object placement by cross-
correlating the encoded geometries of the object and the place-
ment scene with Pick2Place shown in Fig. 2. We integrate
our previously developed object reconstruction method [10]
and Neural Radiance Field (NeRF) representation [11] of the
scene to generate faithful geometric perspective views of the
object and the placement scene. Next, we sample over the
object transformations and placement directions to optimize
for placement-aware grasping as depicted in Fig. 1.

The integration of NeRF has several advantages: First, it
provides high-quality view synthesis; Second, it can accurately
recover the geometry of the placing scene which is crucial
for reasoning spatial affordance values. Finally, compared to
direct rendering [12], NeRF is robust in reconstructing the
geometry of the scene even when commercial depth sensors
fail to do so (e.g. transparent [13] or shiny objects [14]).

We evaluate the performance of our method in a simulation
platform as well as on a real robot system. We demonstrate
that our method is able to capture the influence of the chosen
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grasp on the placement affordance in the scene. Our results
indicate that generating a set of diverse solutions with different
object transformations and placement directions allows the
robot to optimize the grasping and placement strategy under
the constraints imposed by the robot’s kinematics and scene
geometry. The robot is able to complete the object insertion
and placement in shelf tasks, as shown in Fig. 3, with about
89% accuracy and outperforms the baseline methods.

We summarize our key contributions as follows:
• We provide an object-centric action space that correlates

the geometry of an object to that of the manipulation
scene for the 6DoF pick and place task.

• We integrate Neural Radiance Fields (NeRF) into spatial
action map learning that allows for generating placement
affordance maps conditioned on the object grasp and
placement directions.

• Our experimental results, both in simulation and on
a real robot setup, show that a robot can compute
and successfully execute task-aware grasps using our
formulation.

With our work on placement-aware grasp planning, robots
can not only grasp but also use objects for a desired task.
Such object-rearrangment skill is essential as we envision
robots performing day-to-day tasks in unstructured settings.

II. RELATED WORK

Object rearrangement, i.e., moving an object from one pose
to another is a crucial robotic manipulation skill. Being able
to grasp an object is only the part of the process, but often
dictates the successful execution of the task.

A. Grasp planning

Grasp planning has been an active topic for robotic
manipulation research and applications for the last few
decades. Early work focused on developing grippers and
analytical planning methods to grasp a wide range of objects
and for precision-based manipulation [1–3, 15]. Many of these
early work assumed the knowledge of the object geometry
and object pose to compute grasps. Recent learning based
methods directly act on depth images [10] or pointclouds [5,
6, 16] of the scene to generate grasp proposals on novel
objects in the scene. Most of these works however consider
the problem of grasp planning with little consideration to the
intended use of the grasped object. In many applications the
object removal is not sufficient and being able to place the
grasped object at the designated location is more important.

B. Object Placement

A few researchers have studied the problem of object
placement. Some of the early works look into task-level
planning for pick and place tasks and adding more primitives
such as pushing for table-top placements [17, 18]. To consider
the stability of placements, Fu et al. [19] and Saxena et al. [20]
focused on defining the features that allow a robot to learn
upright orientation of the objects and stable placements on a
flat surface respectively. These approaches assume a known
3D model of the object or require a complete pointcloud of

the object. Schuster et al. developed a method to find flat
empty areas in the scene from an image and applied it to
object placement [21]. However, they do not consider the
dependence of object orientation or the placement direction
on the placement affordance, which we study in this paper.

C. Task Aware Grasping and Manipulation

With increasing application of robotic manipulation in
logistics and manufacturing automation and potential for
robots in home, there is more research on complete task level
solutions and systems. Many of the recent works study putting
together components, such as perception, grasp planning,
robot motion planning, task planning, etc., which often are
more extensively studied in isolation. For example, Wang et
al. [22] study the combined robot motion and grasp planning
which allows the robot to select the grasp reachable for the
robot. Wada et al. [23] develop a framework to reorient
the object to achieve the desired placement in the shelf.
They assume known objects with 3D models and goal pose
specification to define the task. Zeng et al. [24] present a
neural network to predict pick-conditioned placing actions.
Our Pick2Place method generalizes to novel objects and
outperforms [24] for object insertion and placement tasks.

D. Neural Radiance Fields

Researchers have shown impressive results on view syn-
thesis [25–27] with NeRF and using NeRF for representing
scenes [28]. Several works have explored using NeRF for
robotic tasks. Lin et al. [14] investigate using NeRF to
synthesize views of an object for learning dense object
descriptors for grasping. Ichnowski et al. [13] use NeRF
to improve the estimation of geometry of transparent objects
and thus improve the grasping success. While these works use
NeRF for picking, Pick2Place focuses on applying NeRF for
placement prediction. Many methods for optimizing NeRF
suffer from long training time, and hence NeRF is difficult to
be used in robotic tasks. A recent work [11], named Instant-
NGP, shows that NeRF can be trained in 5 seconds and still
preserve robust rendering performance with a multi-resolution
hash encoding. In our work, we use Instant-NGP to train
NeRF and render images for affordance estimation.

III. METHOD

A. Problem Formulation

We formulate the problem of rearranging objects as learning
actions at from observations ot:

π(ot) → at ∈ A.

As shown in a previous work [24], A can be parameterized
by {Tpick, Tplace} , where Tpick and Tplace represent the
pose of the end-effector when grasping the object and when
releasing the grasp respectively. Parameterizing the pick and
place actions as two poses of the end-effector allows for
designing efficient algorithms to learn spatial affordance
maps in 3D space. Tpick and Tplace are related since both
actions together can be used to decide Tobject, the object
transformation for placement. Hence, in order to learn the
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Fig. 2: Approach overview. To evaluate a placement of an object with rotation Robject, we cross-correlate the encoded object with the
encoded scene to perform pattern matching. Pick2Place uses NeRF as scene representation. It renders the scene from various viewing
directions d and computes spatial action values for each of the views. To encode an object, we use the TSDF of the object shell
reconstruction [10] from a single view depth image.

full pick and place task, the model needs to learn the
inherent pattern matching between the object geometry and
the placement scene from the poses of the end-effector.

In this work, we leverage the synergies between pick and
place and explicitly parameterize the action space in an object-
centric manner:

at = {Tpick, Tobject, ainsert},

where Tpick is the pose of the end-effector when grasping,
Tobject represents the object transformation when placing 1,
and ainsert represents the direction of a translation action
of the end-effector to reach Tobject. In fact, with this object-
centric parameterization, if we can compute two of the three
actions, we can infer the rest by making the assumption
that the end-effector normal direction (gripper palm normal)
aligns with ainsert:

Tpick = fp(Tobject, ainsert),

where fp represents a function that maps a placement action to
a picking action. One way to parameterize fp is using a neural
network. However, if fp is learned from data, the relation
between pick and place can only be enforced by expert
demonstrations successfully completing the task. Furthermore,
neural networks can give wrong estimations if the input data
are out of the training distribution and hence can lead to
infeasible pick actions. In our work, we directly implement
this function and do not learn it from data. We will discuss
the conversion between placing and picking actions as well as
estimating placement performance of a grasp in Section III-C.

B. Learning perspective affordances for placing

In this work, we aim to learn SE(3) poses for both pick
and place actions. This is challenging because of the high-
dimensional action space. While many works have shown
promising results in learning spatial action maps for SE(2)

1Note that Tobject is the transformation of the object compared to its
initial configuration before picking. Also, it is not limited to object pose
representation only. For example, in our implementation, Tobject is the
transformation of the object TSDF computed from the initial view.

action space, applying spatial action maps in SE(3) action
space is not straightforward due to the difficulty of aligning
3D spatial information with the action space. To address
this problem, we propose to learn object-centric perspective
spatial affordance maps. Concretely, our goal is to produce
affordance score maps sainsert,Robject

, whose pixels represent
the score of a placing action with specific insert direction
ainsert and a specific object transformation Tobject.

To preserve 3D spatial information of the placement scene
and the object to be placed during spatial affordance map
learning, we integrate NeRF [11] and object shell reconstruc-
tion [10] respectively. We use NeRF as a scene representation
and also a neural renderer to provide perspective information
that aligns with the action space. Specifically, we represent
each placement scene as a NeRF by optimizing a Depth-
Supervised NeRF (DS-NeRF) model [26]. To compute the
spatial alignment, when evaluating the affordance value of
insert direction ainsert, we render a depth image using the
optimized NeRF model from viewing direction d = ainsert
and encode it with an image encoder p. Then, a placing
action can be seen as a pattern-matching problem between
the object geometry and the rendered local 3D geometry of
the scene. The object shell reconstruction allows us to predict
the 3D geometry of the object from a single depth image. We
use truncated signed distance function (TSDF) of the object
reconstruction to represent an object that is being placed. To
evaluate across orientations of the object, we rotate the TSDF
with a specific rotation Robject. Then, the rotated TSDF is
encoded using an object encoder q to produce kernels that
will be used to cross-correlate object and scene information.

In summary, as shown in Figure 2, our place model
fv is an affordance value function that is composed of
three components. First, a NeRF encapsulates geometric
information from a clutter placement scene and is used for
rendering perspective images providing local geometry; then,
a view encoder encodes the perspective view. Second, to
integrate the object’s geometric information for placing, an
object is represented using TSDF and encoded by an object
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encoder to produce image kernels. Finally, to evaluate a
placement, we cross-correlate the encoded object and encoded
scene to produce an affordance map. To derive an optimized
placement, we sample different actions (Robject and ainsert
tuples), feedforward them through the network to produce a
set of affordance maps and take the argmax as:

π(ot) = at = argmax
aplace

fv(ot, aplace)

where aplace = {u, v,Robject, ainsert}.

Here, u, v are the pixel location on the affordance map which
map to the placement position.

C. Conversion between pick and place

After the successful execution of a grasp, the object is
rigidly attached to the end-effector of the robot. In this work,
we impose constraints that during the placement action the
palm normal of the gripper aligns with the insertion direction
ainsert. Moreover, the gripper is orientated such that the
camera is on the upper side (towards the world frame Z
axis). Therefore, a sampled insertion direction completely
defines the orientation of the gripper during placement action.
Given a grasp action Tpick and a sampled insertion direction
ainsert, the required object rotation Robject (same as the
end-effector rotation) for the placement action is given as
Robject = R−1

pickRinsert. Here, Rpick and Rinsert are the
SO(3) orientations of the end effector when picking and
placing the object, respectively.

We exploit our prior work on simultaneous shape recon-
struction and grasp planning [10] to generate a dense set of
feasible grasps on the object from a depth image of the object.
For the set of sampled grasps and insertion directions, we
generate affordance maps and take the argmax to compute
the placement action, specifically, the placement location,
as explained in Section III-B. The placing position is given
by converting a pixel location on the image to the world
coordinate. To avoid collision of the object with the placement
surface, we compute an offset on the World Frame Z axis
using our reconstructed TSDF for placing.

D. Implementation details

Object representation and encoding: The object geometry
is captured by reconstruction from a single view depth image.
We use an in-house shell reconstruction network [10] to
predict the exit depth image and encode the object as a 3D
TSDF volume. Then the volume encoder is 4 layers of 3D
convolution layers that reduce the z dimension to 1, followed
by four 2D convolution layers that produce object features.

Scene encoding and decoding: The rendered perspective
depth image of shape H ×W × 1 from NeRF is encoded
by the view encoder with 5 layers of 2D convolution with a
kernel size of 3. Then, to perform pattern matching between
the placement scene view and the object to be placed, we
apply convolution using the object features as kernels. Finally,
the output of the cross-convolution is used to decode an
affordance map in shape H ×W × 1.

Loss function and training: Finally, the model is trained
as a binary classification with a cross-entropy loss Lpix.
During training on the shelf-placing task, for learning via
trial-and-error, we sample 16 perspective views and 72 object
orientations for each episode, and employ epsilon greedy as
an exploration strategy to produce actions for data collection.

6DoF Block-Insertion 6DoF Shelf-Placing

Fig. 3: Visualization of evaluation tasks. Left: 6DoF block-
insertion; Right: 6DoF shelf-placing.

IV. EXPERIMENTS

We demonstrate that Pick2Place can be used for different
pick and place tasks. Picking considering placement condi-
tions is particularly important when the task is kinematically
constrained such as placing the object in tight spaces such
as shelves or placing the objects precisely in fixtures since
many of the grasps are not suitable for the task. In our
experiments, we first verify that our method can be used for
behavioral cloning on the benchmark task proposed by the
Transporter Network [24]. Then, we evaluate the performance
of Pick2Place with pick and place tasks in a shelf environment
both in simulation and on a real robot setup.

A. Baselines

We compare our method with two baselines:
• GT-State MLP: This method takes the groundtruth

state of the objects as inputs and infers two SE(3)
poses for pick action and place action using multi-layer
perceptrons (MLP). Our method and TransporterNet-
based method learn an action value function for a task.
GT-state MLP, instead, directly outputs actions without
considering their value functions.

• TransporterNet-SE(3): This method first infers 6DoF
actions by computing SE(2) action from topdown view
of the scene in the form of spatial action map, then
regress the rest of the action space using MLPs.

B. 6DoF block-insertion

As shown in Figure 3, we first verify our method with a
benchmark task introduced in [24]: a 6-DoF L-shape block
insertion that requires an L-shape object to be placed in an
arbitrarily-oriented L-shape fixture. This task is challenging
since it requires the agent to perform precise matching
between the object and the target fixture. Hence, there exists
only a few solutions to this task.

In this experiment, we evaluate Pick2Place and the base-
lines in two settings: 1. target place poses are randomly
sampled from the training distribution (rotations of the
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(a) (b) (c) (d) (e)
Fig. 4: Executing pick and place in the real world. The robot (a) acquires images of and builds the NeRF representation of the scene,
(b) acquires an image of the object, completes the object geometry using the Shell reconstruction and iterates over object rotations encoded
and cross-correlated with the scene so as to compute the grasp and placement poses (c) the grasp is executed for the picking action, and
placement is completed by moving to a pre-placement pose (d) followed by insertion (e).

fixture are sampled from: θx, θy ∈ [−π
5 , π

5 ], θz ∈ [−π, π]);
2. target place configurations are out of the training distri-
bution (rotations of the fixture are sampled from: θx, θy ∈
[−2π

5 ,−π
5 ] ∪ [π5 ,

2π
5 ], θz ∈ [−π, π]). The first setting checks

whether our model is able to generalize to pick-and-place
tasks that are similar to the training demonstrations. The latter
one challenges our model to find views that can generate
feasible solutions.

block-insertion
(ID test poses)

block-insertion
(OOD test poses)

Method 1 10 100 1 10 100

GT-State MLP 0 1 1 0 0 0
TransporterNet-SE(3) 28 76 81 0 13 20

Ours 1 85 89 0 72 75

TABLE I: Quantitative results for the 6DoF block-insertion task.
Task success rate (mean %) vs. # of demonstration episodes (1, 10,
or 100) used in training. ID represents in-distribution test poses,
and OOD represents out-of-distribution test poses.

As shown in Table I, GT-State MLP model fails to learn
in-distribution poses as well as out-of-distribution poses.
TransporterNet-SE(3) learns reasonably well on placing
objects in poses within the training distribution, but its
performance drops when testing with out-of-distribution cases.
A major cause of this performance drop is the difficulty of
inferring solutions from the top-down view of OOD target
poses. In some extreme cases, a solution may be occluded
in the top-down view. Our method is able to learn the
block insertion task while generalizing to OOD target place
poses. Pick2Place has a bad performance when only one
demonstration is available for training. This can be due to
the lack of data variety in the training data.

C. Placing objects to a shelf

In the second task, we test whether our model can be used
as an action-value function in a trial-and-error setting. In
this task, we ask the agent to use a virtual gripper to pick
up an object and place it in the higher section of a shelf.
The solutions to this task are not unique and a placement is
considered as success if it meets the following requirements:
1. the placing object does not collide with any other object
in the scene; 2. the placing object is stably placed within

(a) (b) (c) (d) (e) (f)

Fig. 5: Qualitative results for the shelf-placing task. (a) scene
images, (b) - (e) the affordances from different viewing angles, (f)
the scene after the object is stably placed (shown in green). The
red rectangle highlights the selected view for action execution. The
first two rows show examples from the training distribution while
the last two rows are test cases with higher scene complexity.

the target region. In this experiment, we do not provide
any demonstration during training, instead train a policy to
complete the task via trial-and-error using sparse reward
signals. The agent can only get a reward of 1 if the object is
successfully placed for each episode.

For each episode, N objects are randomly initialized in the
shelf where N ∈ [5, 7] during training. We train the model
with a set of synthetic shapes from [10]. During testing, we
evaluate each placement with higher scene complexity where
each scene has 5 to 9 objects from YCB dataset. In this task,
to build the NeRF representation of a scene, we sample 24
viewing angles that look at the scene center.

shelf-placing
Method Fully-accessible Limited workspace

GT-State MLP 0 0
TransporterNet-SE(3) 80 53

Ours 89 78

TABLE II: Quantitative results for the 6DoF shelf-placing task.

As shown in Table II, GT-State MLP fails to learn the
task in the sparse reward setting due to its failure to explore
any positive reward signals. TransporterNet-SE(3), although
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(a) TransporterNet-SE(3) (b) Ours

Scene Before object 
release

After object 
release

Before object 
release

After object 
release

Fig. 6: Examples of failure cases from TransporterNet-SE(3) [24].
Each row shows a test case. For test case 1, the predicted place
action by TransporterNet-SE(3) leads to collision with the shelf
before reaching the placing pose, however we render the estimated
placing pose in the upper-right green box for clarity.

Fig. 7: Influences of object orientation Qualitative results of
Pick2Place show that different placement actions are preferred when
placing with different object orientations.

reach a reasonably high success rate, its regression module
sometimes produces inaccurate placing heights or rotations
for test objects. For example, as shown in Fig. 6-(a), although
it infers correct x and y locations for placing on the image
space, a wrong z and rotation estimation can result in an
unstable placing action that drops the object and causes a
collision between the placed object and scene objects. Another
failure case is that TransporterNet-SE(3) estimates a low
placing height that causes the collision between the object
and the shelf. The green box in Fig. 6-(a) shows that the pose
estimation from TransporterNet-SE(3) and it is about 0.05m
lower than a feasible placement. Finally, Pick2Place is able
to reach the highest success rate in these tasks. As shown
in Fig. 5, our model can discover diverse solutions: with
different insertion directions, it generates different feasible
regions in the scene to produce collision-free placement.

We demonstrate that finding diverse solutions is useful
when the placing task with kinematic constraints. For example,
if only a part of the shelf is within reach of the robot, solutions
can still be found in some of the perspective views. To verify
this, we restrict the workspace of the virtual gripper to be
the volume of a ball with a center of (0.2,−0.4, 0.5) and a
radius of 0.5. As shown in Table II, since TransporterNet-
SE(3) always produces a single solution for each scene, it has
worse performance when the workspace is limited. Although
the performance of our method also gets adversely affected,
it still shows a relatively high success rate.

We also show that our model learns to match the geometry
of the object with that of the placement scene. For example,

(a) (b) (c) (d) (e)

Fig. 8: Qualitative results for real robot validation. Column
(a) shows the placing scene. Column (b) - (d) show examples of
perspective NeRF views, sampled from different insertion direction,
overlaid with the corresponding placement affordance maps. Column
(e) shows the execution of a placement.

when estimating the placement of the clamp, as shown
in Fig. 7, our model utilizes different regions of the scene to
place the object in different orientations.

D. Real robot experiment

We validate Pick2Place for the shelf-placing task in real
world using a Kinova robot arm, with a RealSense Camera
D435 mounted on its wrist, and a two-finger Robotiq gripper.
To execute a placement on the shelf, the robot first moves to
20 locations and captures RGB images of the scene. We use
COLMAP [29] to refine the camera poses and intrinsics and
derive sparse depth information for NeRF optimization. We
build the NeRF representation of the scene and feed forward
Pick2Place with sampled grasps and insertion directions
to find the placement with the highest affordance score.
Fig. 4 shows an example of the execution of the pick and
place pipeline. Fig. 8 shows the performance of Pick2Place
with a synthesized scene views from real-world data. The
supplementary video shows representative executions of
picking and placing with our model.

V. CONCLUSION AND FUTURE DIRECTIONS

We introduced Pick2Place, a method to estimate placement-
aware grasps via object-centric perspective affordance. We
proposed an object-centric action space that correlates the
geometry of an object to that of a placement scene for generat-
ing the 6DoF pick and place strategies. We demonstrated that
Pick2Place can explore the space of placement directions to
compute and optimize for the placement affordance by using
NeRF as scene representation and renderer. With experiments
both in simulation and on a real robot setup, we validated
our proposed method to successfully complete the task of
picking up an object and placing it in a cluttered scene.

Although Pick2Place requires a time-consuming process
for capturing multiple images by a wrist-mounted camera for
NeRF representation, this limitation can be easily addressed
by using multi-camera systems or algorithms that require only
a few images to train NeRF (e.g., PixelNeRF [27]). Since our
Pick2Place pipeline is differentiable, there are many exciting
future directions. In particular, we plan to incorporate our
pipeline into a action planning strategy.
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