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We present dGrasp, an implicit grasp policy with an enhanced optimization landscape. This landscape is
defined by a NeRF-informed grasp value function. The neural network representing this function is trained on
simulated grasp demonstrations. During training, we use an auxiliary loss to guide not only the weight updates
of this network but also the slope of the optimization landscape. This loss is computed on the demonstrated

grasp trajectory and the gradients of the landscape. It requires second order optimization during training to
incorporate valuable information from the trajectory and leads to facilitating the optimization process of the
implicit policy. Experiments demonstrate that employing this auxiliary loss improves policies’ performance in
simulation as well as their zero-shot transfer to the real-world.

1. Introduction

Robotic grasping is a fundamental task in the automation of object
manipulation. Despite extensive research and progress, dealing with
unknown objects under real-world conditions is still a major challenge.
In this context, learning from demonstration (LfD) has recently become
an attractive alternative to reinforcement learning (RL) for policy learn-
ing due to its advantages in bypassing the need for a reward function
and its higher sample efficiency. LfD does not require exploration or
extensive data gathering but instead learns directly from high-quality
demonstration data.

Within LfD, implicit behavior cloning (IBC, [1]) and diffusion poli-
cies [2] have emerged as effective methods. Both utilize optimization-
based policies but with different underlying mechanisms. IBC learns an
energy function over the joint action-observation distribution (Fig. 1(a)),
which is minimized during inference to determine robot actions, effec-
tively framing the policy as an optimization problem. This formulation
allows the use of convenient action spaces like the 6-DoF task space of a
robot, facilitating the incorporation of advanced scene representations
such as Neural Radiance Fields (NeRFs, [3,4]), as demonstrated by Séti
et al. [5]. These integrations lead to improved generalization and en-
able zero-shot sim-to-real transfer of grasp policies. However, training
IBC policies requires negative sampling for normalization, which can
lead to instability, as noted by Florence et al. [1], Du et al. [6].

Diffusion policies address this instability by learning a gradient field
and using a denoising process to generate robot actions (Fig. 1(b)).

The gradient field is approximated directly by a noise prediction net-
work, avoiding the need for normalization through negative sampling,
offering a more stable alternative to IBC.

Our approach seeks to maintain the benefits of implicit policies
while reducing the instability from negative sampling by also supervis-
ing the gradient field of the implicit policy during training (Fig. 1(c)). In
action spaces such as TCP poses, the gradient of the energy function in
implicit policies should naturally align with the robot’s movement. By
extending the IBC framework to align its gradients with demonstrated
robot movements, we ensure that the gradients reflect the pose changes
seen in successful demonstrations. The primary goal of this work is to
show that this sort of alignment of the model to the physical world
in combination with NeRF based representations leads to significantly
improved convergence behavior and sim-to-real transfer of implicit
policies.

NeRFs offer foundational properties for this method as they repre-
sent the environment as a continuous volumetric field and map poses
to specific properties, aligning seamlessly with the IBC framework.
By incorporating principles from computer graphics, rendering, and
camera modeling, NeRFs offer a strong inductive bias that captures
rich geometric details. This bridges perception and the robot’s tasks
space, providing a differentiable framework for learning and optimizing
manipulation-related properties directly, making NeRFs a powerful tool
for robotic grasping and other manipulation tasks.

We summarize our main contributions as follows:

* Corresponding author at: Karlsruhe University of Applied Sciences, Institute for Robotics and Autonomous Systems, Karlsruhe, 76133, Germany.

E-mail address: gergely.soti@h-ka.de (G. Séti).

https://doi.org/10.1016/j.robot.2025.104921

Available online 18 January 2025

0921-8890/© 2025 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://www.elsevier.com/locate/robot
https://www.elsevier.com/locate/robot
mailto:gergely.soti@h-ka.de
https://doi.org/10.1016/j.robot.2025.104921
https://doi.org/10.1016/j.robot.2025.104921
http://creativecommons.org/licenses/by/4.0/

G. Séti et al.

AbBiauz

(a) Implicit Behavior Cloning

Fig. 1. Policy Representations - Comparison of policy representations for observation o and a demonstration trajectory {a,,a,,, ...
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(¢) Our Approach

,a,,,} in a two-dimensional action space. (a)

Implicit Behavior Cloning (IBC) learns an energy function E(a,o0) using negative sampling; (b) Diffusion Policy learns a noise function &(a,0) that approximates the gradient field of
the energy function V,E(a,0); (c) In our approach we learn a value function using negative sampling ¥ (a, 0) additionally supervising its gradients V,%¥(a,0) using the demonstration
trajectories during training. This formulation combines the convenient representation of IBC and the stability and robustness of diffusion policy.

+ We propose a natural way to incorporate demonstration trajecto-
ries into the training of implicit policies.

» We introduce a simple augmentation and training mechanism to
supervise the gradients of implicit policies using the trajectories.

» We apply this method in the NeRF-based implicit policy by Soti
et al. [5] and demonstrate its effectiveness on simulated and real
grasping tasks.

The primary focus of this work is to evaluate the impact of the pro-
posed auxiliary loss on NeRF-based implicit grasp policies. While com-
parisons with additional baseline models are valuable, they fall outside
the scope of this study. State-of-the-art approaches such as diffusion
policies represent a fundamentally different paradigm (e.g., closed-loop
control) and require a separate, rigorous comparison. This work aims
to establish the foundational benefits of the proposed method, paving
the way for more comprehensive comparisons in future research.

The remainder of this paper is structured as follows: Related work is
discussed in Section 2, and a summary of the background information
required for a complete description of our approach is provided in
Section 3. This is followed by a detailed description of our method in
Section 4, and the conducted experiments and results in Section 5. The
paper concludes with a brief discussion of the findings, the limitations
of our approach, and possible ideas for future research in Section 6.

2. Related work

Data-driven policies in the context of robotic grasping are widely
researched topic with a variety of approaches as detailed in the sur-
veys by Bohg et al. [7], Kleeberger et al. [8], Newbury et al. [9].
Broadly, these methods fall into four categories: (i) object-detection
based [10-12], (ii) reinforcement learning [13-15], (iii) supervised
learning from a large-scale, labeled dataset [16-18], and (iv) learning
from demonstration [1,2,19] .

In this work, we focus on behavior cloning, a popular end-to-end
framework to learn policies from demonstrations, and even in behavior
cloning there are two emerging branches, i.e. explicit and implicit
models. Explicit models, like the works of Avigal et al. [20], Florence
et al. [21], Rahmatizadeh et al. [22], Zeng et al. [19], propose actions
directly from observations. Implicit models on the other hand learn
to evaluate actions and are used in conjunction with sampling based
or gradient-based optimization to find optimal actions [1,5]. In this
paper, we aim to extend the training process of such implicit models
in a way that facilitates the optimization process, and thus improves
the policy. In the following we review related work in the context of
implicit policies and finally we discuss the core idea of our proposed
approach.

Florence et al. [1] investigate the effects of using implicit models
for behavior cloning (IBC) across a variety of robot policy learning
tasks. They define an implicit policy as the argmin of a continuous

energy function, which is learned from demonstrations. This energy
function is expected to assign lower energies to optimal actions like
the demonstrations, and higher energies otherwise. To find minimum
locations and thus optimal actions, they propose two sampling-based
algorithms and a gradient-based algorithm. Their research shows that
implicit models provide competitive results or outperform explicit mod-
els and reinforcement learning algorithms on complex, discontinuous
and multi-modal simulated and even real robotic tasks.

With a similar framework, Séti et al. [5] learns 3 degree-of-freedom
(DoF) grasps in simulation and applies zero-shot transfer to the real
world. Unlike IBC, which minimizes an energy function, these methods
maximize a value function and use a gradient-based optimization with
the Adam optimizer [23] instead of the gradient-based Langevin sam-
pling described in IBC. An additional key characteristic of the approach
is the usage of a pre-trained Neural Radiance Field (NeRF) [3,4] to
inform the implicit model and thus requiring only RGB observations
during inference and enabling a large degree of generalization.

NeRFs themselves learn an implicit representation of the environ-
ment, and have been used in various works involving robotic grasp-
ing [24-27]. However, these applications primarily leverage NeRFs for
augmenting observations or as feature extractors for explicit policies,
differing from the implicit optimization-based framework we use.

Although Neural Motion Fields, by Chen et al. [18], do not employ
learning from demonstration, they also use an implicit model to learn
a grasp value function and to generate grasp trajectories in an object-
centric way. In this approach, training the grasp value function requires
a curated set of ground truth grasp poses and their model requires a seg-
mented point cloud as input. Trajectories are generated by optimizing
the learned implicit value function via sampling-based model predictive
control.

Related to implicit models, Weng et al. [28] approach grasp synthe-
sis by predicting the distance of an action candidate to the nearest suc-
cessful grasp and minimize this distance to achieve successful grasps.
By integrating this distance metric into CHOMP motion planning as an
additional cost, the model can generate grasp trajectories. For training,
this method also requires a large grasp dataset [17] and the model
processes a segmented point cloud as input.

Training the energy based model for implicit polices often involves
a negative sampling process, which is known to cause training insta-
bility [1,6]. To avoid this, diffusion policies by Chi et al. [2], use a
denoising neural network that captures the gradient of the reversed
diffusion process. They train their model by minimizing the difference
of a diffused action from ground truth and a synthetic denoised action.
Given a sequence of observations, the policy uses the gradient field
iteratively to denoise a sequence of randomly sampled actions and
finally execute them. While the diffusion policy learns the gradient field
to update action sequences from noisy ones, the landscape of implicit
models captures the slope from an arbitrary state towards an optimal
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Fig. 2. Computational model for the implicit policy’s value function ¥ for a 6-DoF grasp candidate and an observation - First, partial pose decomposition (PPD) is applied
to the 6-DoF grasp candidate to obtain a set of 5-DoF support poses, and a feature map is computed from the input observation. Then, for each 5-DoF support pose, a NeRF feature
vector is computed using the extracted feature map and a pre-trained NeRF. These are finally processed by the value network to obtain the grasp value for the input 6-DoF grasp

candidate.

action. This means, that the optimization process of an implicit policy
itself results in an action sequence.

In this current approach, our goal is to improve the optimization
landscape of the implicit grasp policy described in Séti et al. [5]. In
addition to learning from the grasp pose itself, we use second-order
optimization to supervise the gradients of the optimization landscape
using the demonstrated grasp trajectory. Although, using a second-
order optimization algorithm like BFGS algorithm [29] might prove
beneficial for training, such algorithms usually involve the computation
of the Hessian and often its inverse, too, which can be expensive. In-
stead, we use the Adam optimizer for both training and to lead the pose
along the landscape during optimization, consistent with [5,30,31].

3. Background

We build on a previous work that introduces the concept of using
transfer learning from Neural Radiance Fields (NeRFs, [3]) to train a
grasp value function that can be used in an implicit policy [5]. In this
section we briefly introduce NeRFs and describe the architecture used
by Séti et al. [5] to compute the grasp value, the way it is trained and
used in an implicit policy framework to infer grasp poses.

3.1. Neural radiance field - NeRF

NeRFs, Mildenhall et al. [3] have revolutionized scene represen-
tation by learning implicit 3D structures from 2D images. Originally
developed for novel view synthesis, NeRFs combine traditional render-
ing methods with deep learning to achieve impressive performance.
They map positions and direction vectors, representing the 5-DoF space,
to color and density values, which are then used in a volume rendering
pipeline to render pixels for a camera image via raycasting. The key
innovation of NeRFs lies in their ability to accurately synthesize new
views of a scene by learning a continuous volumetric scene function
from a sparse set of 2D images. This scene function acts as a powerful
scene representation, capturing the detailed geometry and appearance
of the environment.

By embedding the geometry of the scene into a continuous volu-
metric representation, NeRFs allow for efficient and natural learning
of physical structure, which is directly relevant to grasping and other
manipulation tasks. Raycasting introduces inductive biases that reflect
how cameras perceive scenes, thereby simplifying learning by eliminat-
ing the need to train for features that are inherently understood through
volume rendering. Nevertheless, we recognize that NeRFs come with
notable drawbacks, including high computational costs and potential
limitations in scaling to larger or more complex task spaces. This work
aims to highlight the potential of implicit representations, such as
NeRFs, rather than position it as the definitive solution for robotic
manipulation tasks.

3.2. Transfer learning with NeRFs for grasp value function

Leveraging the scene representation provided by NeRFs, Soti et al.
[5] introduce a method that applies transfer learning to an image-
conditioned NeRF variant [4], using it to inform a grasp value function
within an implicit policy framework. The grasp value function, denoted
as ¥, maps 6-DoF Tool Center Point (TCP) poses p and observations o
to scalar values, with higher values indicating a greater likelihood of a
successful grasp. The grasp policy, =, is formulated as follows:

©(0) = argmax,¥(p, 0) 1)

Here, 7(0) represents an estimated optimal TCP pose for grasping. To
find these maximum locations of ¥, gradient-based optimization is
employed.

3.2.1. Architecture

¥ itself consists of four modules: partial pose decomposition (PPD),
a visual feature extractor, a module to compute NeRF features using
a pre-trained image-conditioned NeRF, and a value network. Fig. 2
illustrates their interaction to compute the value of a 6-DoF grasp
candidate given an observation.

Partial Pose Decomposition (PPD) - NeRFs process 5-DoF poses to
obtain color and density values for novel view synthesis. To evaluate 6-
DoF grasp candidates, PPD is applied. This computes a set of predefined
5-DoF support poses from a 6-DoF pose, which can be processed inde-
pendently by the NeRF and aggregated later to characterize the initial
6-DoF pose. Fig. 3 shows a possible PPD for grasping that corresponds
to the geometry of the gripper.

Image-Conditioned NeRF - An image-conditioned NeRF (Vision-
NeRF by Lin et al. [4]) is used to compute feature vectors for each
support pose. In this context, image conditioning means that during
training and inference, a visual feature extractor processes input ob-
servations and informs the NeRF of the current scene. This results in
a NeRF that can be used in multiple environments without retraining
based on a set of observations, ensuring consistent representation across
different scenes.

Visual Feature Extractor and Support Pose NeRF Features - The
visual feature extractor combines a pre-trained vision transformer with
fully convolutional neural networks as described by Lin et al. [4] to
compute features from input observations to inform the NeRF. The
extracted features correspond to the same perspective that input was
provided from. Using the camera’s calibration information, the 3D point
of a support pose is projected onto the extracted feature maps to obtain
visual feature vectors, as shown in Fig. 4 . The support poses, along with
their corresponding visual feature vectors, are processed by the NeRF.
A positional encoding typical for NeRFs is applied to both the 3D point
and the direction vectors of the support pose:

2M—1

7(0) = (sin(°7v), cos(2Czv), ..., sin( 7v), cosM 1 zv)) (@3]

The function y is applied to each vector dimension separately, and the
results are concatenated. The NeRF itself contains six ResNet blocks (see
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Fig. 3. Partial pose decomposition - A set of 5-DoF support poses are computed
from an initial 6-DoF pose using predefined transformations. The image shows the
TCP as a 6-DoF pose and a possible set of its support poses that correspond to the
gripper’s geometry: the yellow points with purple direction vectors pointing inwards
to characterize possible object boundaries that the gripper could grasp.

Fig. 5(a) for ResNet architecture) and is pre-trained with randomized
scenes for novel view synthesis. To inform the value network, the
NeRF’s activations after the last four ResNet blocks are used. These
are aggregated into the NeRF feature vector characterizing the support
pose. Fig. 4 shows the architecture for computing the NeRF features for
a support pose given the extracted visual features from the observation.

Value Function - Finally, the support pose NeRF features are
processed by the value function to obtain the value for the implicit
policy. Fig. 5(b) shows the network architecture representing the value
function.

3.2.2. Training

The implicit policy’s value function ¥ is trained using demonstra-
tions by transforming the learning process into a binary classification
problem. Each demonstrated grasp is labeled with 1, and randomly
sampled poses within the workspace serve as negative examples labeled
with 0. The input observations o are camera images of the scene with
known calibration before executing the grasp. With this setup, the
categorical cross-entropy loss function is used during training:

P00

£Ualue =—log ZI]XO 0 3
Here, p° is the successful demonstration and p’ (with i € [1, N]) are the
sampled negative examples. This way, the model is trained to assign
higher scores to demonstrated poses compared to other poses within
the workspace.

3.2.3. Optimization process

The optimization process adapts a set of randomly sampled initial
input poses to maximize the output value of ¥, as outlined in Algorithm
1. A pose consists of a 3D position vector and the quaternion repre-
sentation of its orientation. First, the translations are optimized for 16
iterations, then the quaternions for 16 iterations, both adapted via the
Adam optimizer [23]. After each optimization step, the quaternions are
normalized.

When comparing NeRFs to other potential models for robotic manip-
ulation, the key requirement is the ability to map poses to certain values
relevant for task execution. In previous work [5], pretraining NeRFs for
novel view synthesis was shown to provide significant advantages for
manipulation tasks. Testing the same NeRF-based architecture with and
without this pretraining revealed substantially better performance in
the pretrained model. This demonstrates the value of leveraging learned
geometric representations, reinforcing NeRFs as a strong foundational
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Algorithm 1 Grasp pose optimization ([5])

Require: Observation o
Ensure: Successful grasp p*

1: G < RandomGraspCandidates()
2: while Not Terminate do
3 for all p e G do
4 p<p+tV,¥(po)
S p < PostProcess(p)
6: end for
7
8
9

> Initialization
> Termination criterion

> Maximize ¥
> Fix pose

: end while
1 pt < argmax,e; ¥ (p,0)
. return p*

> Grasp with highest value

model for downstream robotic applications.
In the following section, we describe our approach to improve the
learning of ¥ to enhance the optimization results.

4. Method

The approach in Séti et al. [5], as detailed in Section 3, focuses
on using demonstrated grasp poses to learn the grasp value function
¥. However, it does not utilize the demonstrated trajectories, which
encompass the entire Tool Center Point (TCP) movement.

We aim to incorporate the demonstrated grasp trajectories into the
learning ¥ by proposing an augmented loss function that includes an
auxiliary loss term. This term aligns the gradients of ¥ with demon-
strated TCP movements, ensuring the grasp value function considers the
entire TCP trajectory. The intuition behind this is that these gradients
should ideally reflect the actual TCP movements observed in successful
demonstrations. We hypothesize that this augmented loss improves the
grasp value function’s alignment with the physical world, leading to
better optimization and improved grasp outcomes.

In the following, we detail our proposed enhancements, including
the formulation of the auxiliary loss, architectural modifications, and
implementation details.

4.1. Auxiliary loss

In S6ti et al. [5] the optimization landscape for pose optimization
is shaped by the value loss £,,,. (Eq. (3)), which only considers the
executed grasp pose. To include the grasp trajectories, we augment the
grasp value function ¥ to have the following property:

Pt =P+ V, ¥ (0, 0) 4

with p, as the TCP pose at timestep 7 and p,,; as the pose at a
later timestep 7 + 1 during a demonstration. On one hand, this aligns
with the gradient-based optimization of the grasp candidates poses
(see Algorithm 1). On the other hand, given that we have access to
ground truth trajectories from demonstrations, this gradient can be
supervised by the displacement of the TCP pose along the trajectory
during training as an auxiliary loss:

Loux ==ScPry1 © py> VPY/(pt, 0)) (5)

with S the cosine similarity and p,, ; ©p, representing the element-wise
difference of the pose representations. We believe this straightforward
operator is effective in a gradient-based context because small gradient
steps allow linear changes in the representations to be sufficient. The
rationale behind using cosine similarity is that we are primarily inter-
ested in the direction of the gradients rather than their magnitude and
leverage the Adam optimizer’s capabilities for more stable updates.
Including the auxiliary loss, the total loss for the model:

Etotal = Evalue + Eaux (6)
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feature corresponding to the input support pose. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 5. Network architectures - Value Network: The network processes the support pose NeRF features to compute the final grasp value for the implicit policy; ResNet: Used in
NeRF and Value Networks. Transforms the residual shortcut if the input and output dimensions are not equal.

4.2. Pose representation

The optimization process relies on the Adam optimizer to adapt
the input poses of ¥ in such a way that its output is maximized.
This gradient-based pose optimization makes the selection of pose
representation crucial.

We split the pose into a position vector and an orientation repre-
sentation. While [5] use quaternions for orientation, we implement the
6D orientation representation proposed by Zhou et al. [32], which is
also utilized by Chi et al. [2] for diffusion policies. For both orientation
representations, it is essential to ensure they remain valid after the
gradient-based update. Quaternions are normalized and for 6D repre-
sentations, consisting of the first two column vectors of the rotation
matrix, the vectors are orthonormalized.

To compute £, Eq. (5), we process the cosine similarity of the
gradient and p,,; © p, for the position and orientation representa-
tions independently, and then sum them. Additionally, in case of the
6D orientation representation, the two column vectors are handled
independently.

It is worth noting that without the auxiliary loss, we can freely
interchange pose representations, as they are only used during the opti-
mization process and not during training. However, with the auxiliary
loss, the gradient used in Eq. (5) depends on the pose representation,
requiring a new model for each representation.

4.3. Architecture

Since our goal is to incorporate the gradient of ¥ into the loss
function and training, we need to consider the gradients of the newly

added error function £, with respect to the trainable weights 6 of .
When training ¥, a pre-trained NeRF @ is used with frozen weights,
thus only the weights of NeRF activations aggregation network (Fig. 4)
and the value network (Fig. 5(b)) are trained and belong to 6.

To compute the gradients for the weight update from £, we use
the gradients of the grasp vale model itself, V¥ (p,,0) = %, which also
involves evaluating the NeRF &:

FYid (L 9@
aEuux aﬁaux ap 0£aux od dp
= — = —_— 7
00 2% 00 9% a6
ap ap
o on,
Since @ is independent of 0 resolving the partial differential —*2-22~
results in:
o 0> k4
Yoro) om0, ®
a0 20 dp
This makes:
0Ly _ 0Ly 0*¥ 0D ©

00 3% 0da0 op
op

The expression shows, that ¥ has a mixed partial derivative with
respect to its weights 6 and the activations of &. This means, that
discontinuities in its first derivative should to be avoided, otherwise its
second derivative could destabilize the weight update process. Since we
are in the context of neural networks, we only have to make sure, that
the derivatives of the employed activation functions are continuous. In
order to be able to use L,,,, we replace the ReLU activation functions
of the NeRF activations aggregation network (Fig. 4) and the value
network (Fig. 5(b)) with ELU. As for the NeRF @, it is sufficient to be



G. Séti et al.

Demonstration

I_l_’ p° grasp pose

i, pr from grasp trajectory

> Pr © Pt

’—‘—‘ p' with i € [1, N] for Loaue
I_LV pr € P7 for Loy,

..... > V"LII(P” 0)

""" » pp © p, desired gradient direction

Value loss:

Auxiliary loss:

e¥(p’0)

£wxlua = —log Loyz = Z _SC(pt' S Pry Vpll’(pryo))

N oo
Eu’:ﬂe (p's0) P

Fig. 6. Loss functions - The value loss contributes to selecting the correct grasp
(green) from the randomly generated ones (red). The auxiliary loss encourages the
gradients of the value function to align with the demonstrated TCP movement. (For
interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

differentiable with respect to the input TCP pose p. This means that we
still can use the pre-trained NeRF as it is.

4.4. Training

For training, both the value loss £,,,, and the auxiliary loss L,
are used. For L,,,., the demonstrated grasp pose is augmented with
negative samples as described by Séti et al. [5].

We also augment the data from the grasp trajectory to compute the
auxiliary loss. For a given observation o and current and future TCP
poses p, and p,,;, we sample a set of poses P" in the proximity of p,. The
loss is then computed on p,.; © p, and V,¥(®(p,,0)) for each sampled
pose p. € P":

Lo =Y, =Sc(pis1 © 1.V, ¥(p,.0)) 10)
prEP”

We rationalize this decision with when a pose is near p, then moving
towards p,,; should still lead towards successful grasps. Fig. 6 visualizes
the differences between L,,,, and L, L., aims at learning to
identify good grasps, and L, learns how to get there.

4.5. Optimization process

The improved optimization landscape resulting from applying the
auxiliary loss L,,, allows us to implement a synchronous optimiza-
tion process. Instead of optimizing positions and rotations sequentially
like [5], we can now optimize both simultaneously.

To tune the optimization process we employ Bayesian hyperpa-
rameter optimization over 100 iterations. Hyperparameters include the
optimizer’s initial learning rates for the pose representations, their
corresponding decay rates, and the number of optimization steps.
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5. Experiments and results

To evaluate the grasp policies, we conduct a series of experiments in
both simulated and real-world environments. These tasks are designed
to test the models’ ability to generalize across familiar (in-distribution)
and unfamiliar (out-of-distribution) scenarios and their adaptability to
real-world conditions.

5.1. Tasks

We use the three simulated and a real-world task described in Séti
et al. [5] to measure the grasp success rate of a policy for testing:

+ Tasks in a pybullet simulated environment. Grasping is successful
if an object is enveloped by the gripper fingers and was lifted up
after the physics-based grasp execution

- simple: This task assesses basic grasping capabilities. The
workspace contains up to five monochromatic prismatic
objects, each placed at a distance from the others (Fig. 7(a)).
The goal is to successfully grasp one of these objects.

— clutter: This task tests the model’s performance on out-of-
distribution pose data. The scenario is a cluttered workspace
containing five monochromatic prismatic objects (Fig. 7(b)).
The objective is to grasp all objects one after the other.

- novel objects: This task assesses the model’s ability to
handle out-of-distribution pose, shape, and texture data. The
workspace features one previously unseen object selected
from the YCB dataset [33] (Fig. 7(c)). The goal is to grasp
this object. Objects used: banana, foam brick, gelatin box,
hammer, Master Chef can, pear, power drill, strawberry and
tennis ball.

 real-world: This task tests the transferability of the model to
the real world. In this task, a single everyday object is randomly
placed in the workspace of an real robot (Fig. 7(d)). The task is
considered successful if the robot can securely grasp and lift the
object. Objects used: crochet ball, a shuffled Rubik’s cube, large
Lego tire, canned tomato, rubber duck, hiking boot, dental floss,
power drill, shampoo bottle and a 3D printed block.

All tasks feature a UR10 robot on a workbench, equipped with a
Robotiq 2f-140 gripper and an Intel RealSense D415 camera. Examples
of the tasks are shown in Fig. 7.

5.2. Training and hyperparameter tuning

During training, all models are exclusively exposed to the training
dataset of the simulated simple scenario, including the pre-training
of the NeRF and the grasp value models. This means, that neither of
the models have ever seen objects in close proximity to each other,
with complex textures and shapes or in poses other than upright during
training.

In each of the grasp value models we use the same pre-trained
NeRF, which was trained on 2.5k randomly set up simple tasks with 50
randomly sampled camera perspectives for 1600 epochs as described
in S6ti et al. [5]. The training data for the grasp value models con-
sists of 512 demonstrated grasps, generated in simulation, containing
RGB observations and the grasp trajectory. Successful grasp poses are
determined by an oracle with access to the simulation’s state. The
observations are recorded from 16 randomly sampled perspectives
pointing to the center of the robot’s workspace before the action
execution. The grasp models were trained for 400 epochs. We configure
both the NeRF and grasp value models to process a single image from
a single perspective at the time.

The grasp value models can be used in combination with dif-
ferently configured policies using sequential or synchronous position
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(d) real-world

(c) novel objects

Fig. 7. Example observations from the test datasets.
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Fig. 8. Bayesian hyperparameter optimization - The image shows the configurations tested during hyperparameter optimization of a policy using a model trained only with

the value loss £,,,, (top) and for a policy also employing the auxiliary loss £,
and orientation optimization or in case of using the value loss L.
only, the rotation representation can also be altered. After training the
grasp value models we run Bayesian hyperparameter optimization to
tune each policy using them. This narrows down the required number
of pose optimization steps and the learning and decay rates for the
pose optimization in order to improve success rates. Success rates are
determined on a validation dataset of the simple task with simulated
grasp execution. The hyperparameters tuned are described in 4.5. Fig. 8
shows the configurations tested during tuning policies with and without
employing the auxiliary loss £,,,. The overall higher success rates
when using £,,, indicate that the learned grasp value models are
more suitable for optimization, more robust for optimization parameter
perturbations and even lead to higher success rates.

5.3. Results

Due to the different policy and model configurations (using L,
rotation representation, sequential or synchronous pose optimization)
and policy parameters, we trained, tuned and tested several policy and
model combinations.

During our experiments we found that when not using £, se-
quential optimization in the policy leads to higher success rates, and
that 6D rotation representation tends to outperform quaternions which
aligns with the findings of Zhou et al. [32]. When using £, however,
quaternions perform better.

(bottom).

Our baseline policy Basegy, does not use £,,, and uses quater-
nions as rotation representation with sequential optimization, aligning
with the description in Séti et al. [5]. Additionally, we include Basegy
as a second baseline, with employing 6D rotation representation as the
only difference.

While this work does not include comparisons with additional base-
line models, the focus here is on demonstrating the efficacy of the
proposed auxiliary loss in improving the optimization landscape for
NeRF-based policies. Specifically, we aim to evaluate how this auxiliary
loss influences performance, particularly in the context of learning from
very simple demonstrations and generalizing to the real world without
explicitly addressing the domain gap. Comparing our approach with
state-of-the-art methods would require significant effort to adapt these
methods, as they often operate under different paradigms. For exam-
ple, current state-of-the-art methods are primarily closed-loop systems,
while our approach is open-loop. Additionally, most state-of-the-art
methods rely on in-domain data, such as real-world data for real-world
deployment, whereas our focus is on generalization, including sim-
to-real. Given these differences, a direct comparison in the current
study is outside the scope of this paper. Future work will address
this limitation by reducing the differences in these paradigms and
conducting a rigorous comparison under more comparable conditions.

In the following we present results of the best performing policy
using £, with sequential optimization dGrasp and also with syn-
chronous optimization dGraspgyy,.. Both use quaternions as rotation
representation. For all models during policy inference, we use 3 input
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Optimization results
without
supervised landscape

with
supervised landscape

simple clutter

grasp candidates after optimization

real world

novel objects

optimized grasp candidate with highest estimated value

Fig. 9. Grasp pose optimization results - The optimization process adapts randomly sampled grasp candidates to improve their grasp value and finally the pose with the highest
value is selected for execution. The figure shows the final state of the poses (green) on different tasks. The baseline policy in shown in the middle row and the policy with
a supervised optimization landscape is shown in the bottom row. The best predicted grasp candidates are highlighted in red. Using the auxiliary loss improves pose-to-object
alignment and real-world performance. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 1
Grasp success rates - Mean and standard deviation for simulated tasks and success
rate for the real task.

Simple Clutter ycb Real
Base 0.77 + 0.04 0.66 + 0.03 0.62 + 0.04 0.28
Basegq 0.79 + 0.02 0.68 + 0.03 0.64 + 0.03 0.30
dGrasp 0.91 + 0.02 0.70 + 0.04 0.62 + 0.04 0.56
dGraspgyp, 0.91 + 0.02 0.67 + 0.01 0.60 + 0.02 0.60

images that are processed independently by the value function but their
sum is used as an objective function during optimization, as described
in Séti et al. [5].

The simple and ycb test datasets contain 100 different scenes where
the robot is allowed to execute a single grasp. The clutter test dataset
contains 20 different scenes with 5 objects in a clutter and the robot
is allowed to attempt to remove an object 10 times. Grasp success is
determined by execution in simulation and we repeat each simulated
experiment 6 times. In the real task, each of the 10 objects is placed
5 times randomly in the robots workspace with the robot executing
a single grasp every time. Table 1 presents the average grasp success
rates and their standard deviation in the simulated task and the success
rate in the real task for the policies. An example of the final results
of a policy’s pose optimization for models without and with £, in
Fig. 9 shows the improved convergence properties when supervising
the optimization landscape during training, especially in simulated
environments.

There is no significant difference between model performance on
the clutter and ycb tasks, however an analysis of variance (ANOVA)
on the success rates yielded significant variation among the models
(F(3,20) = 41.03,p < .001) in case of the simple task. A post hoc
Tukey test revealed that both the trajectory-quat model and
the trajectory-quat-sync model had significantly higher success
rates compared to the goal-quat and the goal-6d models. This
shows the effectiveness of the auxiliary loss in shaping the grasp value

function while also enabling synchronous pose optimization.

Both dGrasp and dGraspgyy,, significantly outperform the base
policies on the real task doubling the success rates. Even though we
filter the final optimization results to only contain poses that point
downwards (which is more of a safety feature) and adjust the final pose
along the z axis by 1 cm to compensate the errors in camera calibration,
the results indicate a significant improvement in zero-shot sim-to-real
transfer capability.

Regarding the objects in the real world, the simpler objects like
the rubber duck, the crochet ball and the 3D printed block were
grasped reliably by all policies. All struggled however, with more
complex objects like the power drill and the hiking boot. The predicted
grasps commonly just collided with the objects. The policies also often
failed to grasp the shampoo bottle, however mainly due to slippage.
While Base and Basegy never grasped the Lego tire, the shuffled
Rubik’s cube, the dental floss and the canned tomato, both dGrasp
and dGraspgy,. were successful in 75% of the trials. In case of the
Lego tire, the Base policies ended up in one of the corners of the
robots workspace, which we believe can be accounted for the tire
having a similar dark color as the plate in the workspace. Both, the
dental floss and the canned tomato requires precise positioning, the
first due to being small and the second because it is heavy and slippery.
The performance of the dGrasp policies on these objects indicate an
improved utilization of the geometric representation provided by the
NeRF.

The failed grasps in the real-world experiments, which may be
attributed to two primary factors: inaccuracies in the objective function
and limitations in the optimization process of the implicit policy. The
objective function relies heavily on precise camera calibration. Any cal-
ibration errors can propagate into the grasp evaluation process, leading
to suboptimal or misaligned candidates. Additionally, the optimization
process was parameterized based on simulated experiments. While the
use of NeRFs as a foundational representation partially bridges the do-
main gap between simulation and the real world, residual discrepancies
can still influence the optimization dynamics. These discrepancies may
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amplify the occurrence of extreme local extrema in the optimization
landscape, potentially causing the optimizer to get stuck or converge
to unintended solutions.

Overall, the results show that integrating the demonstration trajec-
tories via the auxiliary loss £,,, into the training process significantly
enhances the performance of the grasping policies, particularly in
zero-shot sim-to-real transfer.

6. Conclusion

In this work, we propose an auxiliary loss for augmenting the
training of a NeRF-informed grasp value function, aimed at improving
the optimization landscape of an implicit grasp policy. This auxiliary
loss supervises the gradients of the value function using demonstrated
grasp trajectories, and requires second order optimization during the
training of the neural network model. Our experiments focus on the
generalization capabilities of these policies, training models on simple
simulated grasps and testing them on cluttered and novel objects in
simulation and also in real-world settings through zero-shot sim-to-real
transfer. The results demonstrate significant improvements in one out
of three simulated tasks and in zero-shot sim-to-real transfer, suggesting
that the auxiliary loss contributes to more stable policy optimization,
thereby enabling more reliable identification of successful grasp poses.

Despite these advancements, the model’s generalization to complex
objects remains a challenge, which could likely be addressed with a
more diverse dataset. While current success rates may not be suffi-
cient for high-demand real-world applications, the promising results
achieved with a small, simple dataset underscore the potential of our
method.

Moreover, the proposed approach is not limited to grasping tasks
and could be extended to a wide range of policies. The use of NeRFs
as a scene representation, in particular, seems to significantly enhance
generalization, offering the possibility of developing highly capable
general models that can be easily fine-tuned for specific tasks. Although
our implementation was in an open-loop context, the findings on
synchronous pose optimization suggest that transitioning to a closed-
loop framework could be viable, opening the door to integrating these
methods into more complex and sophisticated tasks. This highlights
the potential of NeRFs and our approach as a robust framework for
developing more reliable, adaptable, and scalable robotic systems.

We acknowledge the absence of additional baseline comparisons as
a limitation of this study. This work aims to establish the foundation for
NeRF-based implicit policies. Future studies will include thorough com-
parisons with other state-of-the-art approaches to validate the broader
applicability of the proposed method.
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