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Robust Bayesian Scene Reconstruction With
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Abstract—Constructing 3D representations of object geometry
is critical for many robotics tasks, particularly manipulation prob-
lems. These representations must be built from potentially noisy
partial observations. In this work, we focus on the problem of
reconstructing a multi-object scene from a single RGBD image
using a fixed camera. Traditional scene representation methods
generally cannot infer the geometry of unobserved regions of the
objects in the image. Attempts have been made to leverage deep
learning to train on a dataset of known objects and represen-
tations, and then generalize to new observations. However, this
can be brittle to noisy real-world observations and objects not
contained in the dataset, and do not provide well-calibrated recon-
struction confidences. We propose BRRP, a reconstruction method
that leverages preexisting mesh datasets to build an informative
prior during robust probabilistic reconstruction. We introduce the
concept of a retrieval-augmented prior, where we retrieve relevant
components of our prior distribution from a database of objects
during inference. The resulting prior enables estimation of the
geometry of occluded portions of the in-scene objects. Our method
produces a distribution over object shape that can be used for re-
construction and measuring uncertainty. We evaluate our method
in both simulated scenes and in the real world. We demonstrate the
robustness of our method against deep learning-only approaches
while being more accurate than a method without an informative
prior. Through real-world experiments, we particularly highlight
the capability of BRRP to enable successful dexterous manipulation
in clutter.

Index Terms—Perception for grasping and manipulation,
probabilistic inference.
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Fig. 1. Poor understanding of geometry can lead to unwanted collisions during
robotic grasping (top), whereas robust, accurate reconstructions can enable
precise collision avoidance during manipulation (bottom).

I. INTRODUCTION

TO OPERATE autonomously in novel settings, a robot must
construct rich internal representations of its environment.

These representations need to be particularly fine-grained for
robotic manipulation, which often requires closely interacting
with and avoiding objects. Consider the task of robotic grasping
in clutter; a robot needs to avoid unwanted collisions, while also
operating in close proximity to one or more objects to make the
necessary contact for the grasp. State of the art grasp synthesis
methods often rely on motion planners to reach grasp poses in
clutter [1], [2], [3], [4], which need accurate 3D geometry for
collision checking. Thus, a lack of geometric understanding can
lead to unwanted collisions causing task failure or worse damage
to the robot or environment. This is pictured in Fig. 1. Many
grasping and motion planning algorithms require explicit 3D
representations of the scene’s geometry. These representations
must be built from observations that are both noisy and, due
to occlusion, only contain partial information of the scene.
In our case, we focus on the problem of robustly building a
3D representation of multi-object scenes from a single RGBD
camera image.
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One approach to this problem is to train a neural network
to predict the full geometry of an object given a partial view.
Such approaches are able to use existing mesh datasets to more
accurately infer the occluded backside of objects. Unfortunately,
these approaches also tend to have a number of problems when
used on real-world depth cameras. The presence of unknown
objects, significant occlusion, noisy point clouds, or inaccurate
segmentation prevents these methods from being reliably de-
ployed in less-structured environments.

Deep learning methods for 3D reconstruction generally lack
a sense of uncertainty about the shape of the object. This can
be particularly detrimental when an object in the scene is only
partially observed and we seek to factor in the geometry of
observed and occluded regions. Such uncertainty can enable
safer and more robust operation in a range of downstream tasks,
such as robot grasping [1], [2], safe motion generation and active
learning.

Another common approach to building full 3D representations
from a partial view is to build a representation solely from
the observed data without considering prior information from
mesh datasets. A common example of this is the Gaussian
Process Implicit Surface [5] model. A more recent example
is V-PRISM [6], which probabilistically maps tabletop scenes
without using prior information. These reconstruction methods
are more robust to unknown objects because they do not rely
on any training distribution. However, this also means that they
cannot reconstruct the unobserved backside of objects. Humans
have the remarkable ability to infer the geometry of scenes based
on prior experience, we seek to imbue robots with the same
capability.

In this work, we introduce a novel Bayesian approach for ro-
bustly reconstructing multi-object tabletop scenes by leveraging
object-level shape priors. We present Bayesian Reconstruction
with Retrieval-augmented Priors (BRRP). BRRP is resilient
to many of the pitfalls of learning-based methods while still
being able to leverage an informative prior to more accurately
reconstruct known objects. To further improve efficiency, we
introduce the idea of a retrieval-augmented prior, where we
retrieve relevant components of our prior distribution based
on classification results. We begin with an observed RGBD
image with corresponding instance segmentations. Then, we
compute an identification result that predicts which objects
from our database should be retrieved to use as a prior during
reconstruction. We use this prior along with a sampled likelihood
to infer a posterior distribution over object shapes. Because we
solve for a distribution, we can recover principled uncertainty
about each object’s shape. In practice, we use a pre-existing
foundation model to perform the identification and use registra-
tion to make our prior pose invariant. Fig. 2 shows an example
scene reconstruction, where one of the objects (the orange juice)
is decidedly out-of-distribution and our method is still able to
reconstruct it according to the observed point cloud.

We conduct experiments on BRRP in both procedurally gen-
erated scenes and in the real world. We quantitatively show
that BRRP results in accurate reconstructions and that BRRP
is robust to unknown objects in the generated scenes. We quali-
tatively show that BRRP is robust to noisy real world scenes col-
lected from an RGBD camera, and is able to capture uncertainty
within the reconstructions. We also demonstrate downstream
improvement with real-world grasping experiments, where the
robot is able to more robustly arrive at an accurate pre-grasp
pose.

Fig. 2. BRRP (a), (b) takes an input segmented RGBD image, and (c) retrieves
objects to use as a prior to (d) reconstruct the scene as well as (e) capture
principled uncertainty about object shape, in this case, an out-of-distribution
orange juice carton.

Our three primary contributions can be summarized as:
1) The formulation of retrieval-augmented priors for

Bayesian inference.
2) A formulation for a prior over Hilbert maps with pose and

scale invariance
3) A novel, robust Bayesian scene reconstruction method that

utilizes prior information from existing mesh datasets
We organize our letter as follows. We overview related works

in Section II. In Section III, we cover mathematical preliminar-
ies for our method. Section IV introduces retrieval-augmented
priors. BRRP is introduced in Section V. Experiments are found
in Section VI and a conclusion in Section VII

II. RELATED WORKS

3D Representations. There are many different ways of rep-
resenting 3D geometry of a scene. In the mapping literature,
memory-intensive voxels are used as a representation of the en-
vironment. Hilbert maps [7], on the other hand, are a continuous
occupancy map that takes the form of a linear function over some
hinge point feature space. Hilbert map representations have also
been extended to Bayesian Hilbert maps of various forms [8], [9],
[10]. Neural implicit functions have also been used to represent
continuous 3D geometry [11], [12], [13]. Other representations
are built using differentiable rendering and combining multiple
views [14], [15]. Foundation models have also been developed
for this task in [16] and applied to robotics [17]. We instead
focus on the harder problem of reconstruction from only a
single-view.

3D Reconstruction with Deep Learning Priors. Many meth-
ods have been proposed as ways to leverage deep learning
to reconstruct scenes or objects. While some methods aim to
predict object shape from RGB data only [18], [19], [20], we
instead focus on using depth measurements during reconstruc-
tion. DeepSDF [11] is a method to reconstruct an object by
running inference-time optimization to recover a latent code for
a neural implicit function. In the context of robotics, [21] extends
DeepSDF to have uncertainty-awareness. Other work, such as
occupancy networks [12] or PointSDF [22] try to directly predict
such a latent code without inference-time optimization. Deep
learning has also been leveraged to learn kernels, which are used
to construct a continuous signed distance function [23], [24].
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Language is also used during reconstruction in [25] and [26].
Another work uses a voxel-to-voxel variational autoencoder
conditioned on bounding boxes [27]. While these works typ-
ically focus on single object scenes, other work focuses on
reconstructing multi-object scenes. For example, [28] learns to
reconstruct a voxel representation, leveraging different input
channels to account for occlusion. Alternatively, work such
as [29] aim to reconstruct the scene-wide geometry without both-
ering to separate each object. Instead, we focus on reconstructing
individual objects in a manner robust to occlusion. In practice,
these deep learning approaches can struggle to reconstruct noisy
scenes with multiple, highly occluded, unknown objects on real
world depth cameras. These methods can also struggle when
segmentation is inaccurate.

3D Reconstruction without Deep Learning Priors. There
are also many approaches to perform probabilistic 3D recon-
struction without deep learning. Some of such methods for
reconstruction use informative prior information by assuming
fixed classes of objects, such as 3DP3 [30]. Other methods
use an uninformative prior, such as Gaussian process implicit
surfaces (GPIS) [5]. While there is an extension of GPIS to a
slightly more informative prior [31], the only priors that can
be enforced are specifically spherical, ellipsoidal, cylidrical, or
planar priors. We instead derive our prior from pre-existing mesh
data. V-PRISM [6] is another method that probabilistically maps
the scene using a multi-class framing.

Using Reconstructions in Manipulation. 3D reconstruction
methods have seen extensive use in manipulation. In [22],
PointSDF provides collision constraints during grasping.
PointSDF is also utilized in [3], where tactile sensors are used
along with the reconstruction during grasping. A learning-based
voxel representation is used for grasping in [32]. Neural shape
completion is also used during the anthropomorphic grasping
pipeline proposed in [33]. GPIS is also a common representation
for manipulation applications. Some recent work has utilized
the uncertainty from GPIS representations during grasp selec-
tion [1], [2]. We believe BRRP provides principled uncertainty
measurements that can similarly be utilized in downstream
manipulation tasks.

III. BACKGROUND

A. Hilbert Maps

A Hilbert map [7] is a continuous occupancy map. It repre-
sents the environment by a continuous function that is defined
by a linear function of a fixed feature transform. Typically
this feature transform is induced by a set of hinge points,
{h1, . . .,hH} ⊂ R

3 and a translation-invariant kernel k(d). The
transform is then defined as:

φ(x) = [1, k(x− h1), . . ., k(x− hH)]� .

Typically, a Gaussian kernel is used and hinge points are placed
in an evenly-spaced grid. An occupancy map can then be defined
by a single weight vector, w ∈ R

H+1, as such:

m(x) = σ
(
w�φ(x)

)
.

To recover the weight vector corresponding to a given depth ob-
servation, negative sampling is performed along the unoccupied
portions of the depth rays. These negative samples are assigned
a label of unoccupied and the points at the end of the ray are
labeled as occupied. Then, stochastic gradient descent (SGD)

Fig. 3. (a) A hinge point feature transform induced by a set of hinge points
is used by Hilbert maps [7]; (b) these maps are built by first sampling negative
samples along the unoccupied portions of the camera ray.

is performed on the binary cross entropy (BCE) of the negative
samples and terminal points of the ray. The binary cross entropy
measures the likelihood of the samples, and is defined as:

BCE
(
y,w�φ(x)

)
=

{
− ln

[
σ
(
w�φ(x)

)]
, y = 1

− ln
[
1− σ

(
w�φ(x)

)]
, y = 0

(1)
Fig. 3 shows an illustration of both the hinge point feature
transform and the sampling used for creating Hilbert maps.

Hilbert maps have previously been extended to Bayesian
Hilbert maps, where a distribution over weights is modeled as
a multivariate Gaussian [8], [9], [10]. There is also a multi-
class variant that defines a weight matrix with Gaussian rows
described in [6]. In this work, we adopt the Hilbert map repre-
sentation, but model the distribution over weights as a collection
of particles. This allows our method the capability to capture
irregular, non-Gaussian posterior distributions.

B. Stein Variational Gradient Descent

Stein Variational Gradient Descent (SVGD) [34] is an algo-
rithm for variational inference that closely resembles gradient
descent. The general problem of variational inference is to find
a distribution q∗ ∈ Q that is close to some target distribution p.
Usually, this takes the form of an optimization problem over the
Kullback-Leibler (KL) divergence:

q∗ = argmin
q∈Q

KL(q‖p).

SVGD aims to iteratively transform q in descent directions of
the KL divergence in ad-dimensional reproducing kernel Hilbert
space, Hd. Because this Hilbert space is a space of functions,
a descent direction requires deriving the functional gradient of
our KL divergence objective.

Theorem 1: From [34]. Let T (x) = x+ f(x), where f ∈
Hd and q[T ] is the density of random variable z = T (x) when
x ∼ q. Then

∇fKL(q[T ]‖p)|f=0 = −g∗q,p,

where g∗q,p = Ex∼q(x)[k(x, ·)∇x ln p(x) +∇xk(x, ·)].
In SVGD, q is approximated by a set of particles

x
(0)
1 , . . .,x

(0)
P ∼ q(x). This can be used to approximate the

gradient in Theorem 1 with ĝ∗:

ĝ∗(x) =
1

P

P∑
i=1

k(xi,x)∇xi
ln p(xi) +∇xi

k(x, ·). (2)
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Fig. 4. Left: Overview of BRRP method. We begin with a segmented RGBD image and compute both a retrieval-augmented prior (Sections V-A and V-B) as
well as a likelihood from negative sampling (Section V-C). Then, we combine both in a Bayesian manner via SVGD (Section V-D). Right: An overview of our
retrieval-augmented priors for reconstruction. We use CLIP to retrieve the top-k relevant objects in our database (Section V-B), then we perform registration and
retrieve the corresponding prior samples (Section V-A).

The particles can then be iteratively updated according to ĝ∗ in
Equation (2) with:

x
(t+1)
i = x

(t)
i + εĝ∗(x(t)

i )

The result of these iterations is that the set of particles converges
to an approximation of the target distribution p. Importantly,
Equation (2) only relies on the gradient of the log of p, which
means we can perform variational inference to an unnormalized
distribution. Such unnormalized distributions are common in
many Bayesian inference problems.

IV. RETRIEVAL-AUGMENTED PRIORS

Retrieval-augmented generation [35] was originally intro-
duced in the context of improving language generation. The
work has served as inspiration for an approach to affordance-
prediction in [36]. In our case, we draw inspiration from
retrieval-augmented generation, but we use the retrieved results
to improve efficiency in certain explicit formulations for prior
density functions during Bayesian inference.

To motivate retrieval-augmented priors, consider the problem
of Bayesian inference with a mixture model acting as the prior
distribution. Given some data, we would like to infer a posterior
distribution over hypotheses. Defining a mixture model prior
over components C = {c1, . . . , cNc

} gives:

P (H|D) ∝ P (D|H)
∑
c∈C

P (H|c). (3)

If our prior distribution has a lot of components, it may be
inefficient to fully evaluate. This could be a serious problem for
algorithms like SVGD, which requires iteratively computing the
gradient of both the likelihood and prior. Inspired by [35], the
insight behind retrieval-augmented priors is to determine which
subset of the prior distribution components to retrieve and use
given some detection resultR. Conditioning on this detection re-
sult, we have a new posterior distribution, P (H|D,R). Making
an independence assumption,

P (H|D,R) ∝ P (D|H) · Ec∼P (c|R)[P (H|c)].
Comparing to Equation (3), the expectation now replaces the
true prior. Then, we can use a top-k approximation for the
expectation:

P (H|D,R) ∝ P (D|H)
∑
c∈topk

P (H|c)P (c|R) (4)

Thus, we only evaluate a subset of the prior components.

V. THE BRRP METHOD

Our method takes a single RGBD image and produces re-
constructions for each object in the scene. We treat the problem
as a Bayesian inference problem over an observation described
by negative samples. We incorporate prior information on the
shape of the object by leveraging retrieval-augmented priors
introduced in Section IV. We use the pretrained CLIP [37]
foundation model to determine which objects to retrieve and
define our object-specific priors by a registered set of pre-
computed samples from the stored mesh. We then use SVGD to
optimize for a set of samples over map weights. We can generate
predicted reconstructions by taking the expected occupancy over
our weights for a given location. Fig. 4 shows a visual overview
of our method.

In Section V-A, we explain how we leverage pre-existing
mesh assets to create a prior that is robust to different poses
and scales. Then, in Section V-B, we explain how we utilize the
retrieval-augmented priors paradigm to retrieve relevant objects
in the prior. The specific negative sampling is explained in
Section V-C. Then we give the specific SVGD objective used in
Section V-D.

A. Negative Samples as Reconstruction Priors

We want to leverage existing mesh assets as our priors during
Bayesian reconstruction. We define our prior as a mixture model
with different objects serving as each component, c1, . . ., cNc

.
Because there is not a direct way to convert a mesh into a
Hilbert map prior, we instead sample points x̃c,1, . . ., x̃c,Q ∈ R

3

around each object c’s mesh. We refer to these samples as the
prior samples. We give them labels ỹc,1, . . ., ỹc,Q ∈ {−1, 1}
determined by whether they are outside or inside the mesh. Then
we simply define our prior using this data and a Gaussian prior
over weight norm:

P̂ (w|c) := P ({ỹc,i}|{x̃c,i},w)P (w) (5)

∝ exp(λ‖w‖2)
Q∏
i=1

exp
(
BCE(ỹc,i,w

�φ(x̃c,i)
)
. (6)

In order to enforce pose-invariance for each prior component, we
first register a small stored point cloud of the respective object to
the observed points and then transform the prior samples to this
reference frame. In practice we use RANSAC [38] and the FPFH
features from [39] to perform registration. In order to also have
scale invariance, we do a linear scan over 10 different scales and
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select the the scale that resulted in the most inlier pairs from the
registration.

B. Retrieval-Augmented Priors for Hilbert Maps

Because it would be inefficient to register all meshes that
are part of the prior mixture model, we propose using the
retrieval-augmented prior approach introduced in Section IV.
In order to determine which objects to use, we need to compute
P (c|R) from Equation (4). In our case, we use CLIP [37] as
a zero-shot classifier for our different objects. For each object
in our prior, we store a small textual description of the object.
These descriptions are then used as classes for CLIP to classify
each segmented object. In order to make sure CLIP knows
which object we are targeting, we crop the RGB image to fit
the predicted segmentation of each object. One could consider
these cropped images to be the R in our P (c|R) formulation.
We feed the cropped images as input into CLIP. The resulting
distribution over objects predicted by CLIP becomes ourP (c|R)
for each component.

Once we have the probability of each object, we retrieve
and register the stored point clouds of the top-k objects. After
registration, we retrieve the prior samples corresponding to
these objects to define our top-k component prior approximation
according to Equation (5).

C. Negative Sampling

We adopt the negative sampling method introduced in [6]. The
negative sampling method makes the assumption that all objects
are lying on or above a planar surface. We begin by labeling the
points segmented to each object as occupied for that object.
Next, we perform stratified sampling along each camera ray
near each object to recover a set of negatively sampled points,
labeled as unoccupied. Then, we use RANSAC over points not
segmented to any object to recover the flat surface all objects
are resting on. This plane is used to randomly sample points in a
sphere underneath each object that are near the object. We also
label these points as occupied. Finally, we use grid subsampling
from [40] to reduce the number of points and increase uniformity
of sampled points. We refer to these points and labels as observed
samples and denote them as {xi}i∈[S], {yi}i∈[S]. The entire
negative sampling process can be easily parallelized for efficient
computation.

D. SVGD Reconstruction

Once we have retrieved our prior samples and computed our
observed samples, we can perform optimization-based recon-
struction with SVGD. Given both sets of samples and our prior
definition from Equation (5), we have the following posterior
distribution,

P ({yc,i}|{xc,i},w)P (w)
∑
c∈topk

P (c|R)P ({ỹc,i}|{x̃c,i},w).

Taking the log and applying Equation (6) gives the objective:

� =
λ1

S

S∑
i=1

BCE(yi,w
�φ(xi)) (7)

Fig. 5. Sample images of procedurally generated scenes used to evaluate
BRRP. Left: a YCB scene. Right: a ShapeNet scene.

Fig. 6. Results pertaining to the speed of BRRP on an NVIDIA RTX 4070
GPU. Left: Ablation onk for YCB scenes highlights the accuracy-speed tradeoff
in retrieval-augmented priors. We use k = 3 for all other experiments. Right:
Timing breakdown of BRRP on a real-world scene with 4 objects.

+
λ2

K

∑
c∈topk

P (c|R) ln

[
1

Q

Q∑
i=1

exp
(
BCE(ỹc,i,w

�φ(x̃c,i))
)]

(8)

+ λ3‖w‖2, (9)

where K is the number of objects retrieved for the prior. For
practical reasons, we introduce multipliers to each term as
hyperparameters during optimization and use means instead of
sums for the first two terms. This objective is used as the log of
the target distribution, lnP (w), in Equation (2), where we also
adopt the original median kernel suggested in [34]. We also opt
to use SVGD in a stochastic manner, where both the observed
samples and query samples are mini-batched.

From a non-probabilistic standpoint, one can interpret Equa-
tion (7) as the likelihood of the observed data, Equation (8) as
the object shape prior, and Equation (9) as regularization.

VI. EXPERIMENTS

In this section, we aim to experimentally validate the follow-
ing claims: (1) BRRP is more robust than deep learning methods;
(2) BRRP is more accurate than methods that use uninformative
priors; (3) BRRP can capture principled uncertainty. (4) BRRP’s
robustness improves the downstream success of grasping. First,
we provide details on the experiments, such as the baselines and
metrics in Section VI-A, then we show then show the results and
analyses in Section VI-B.

A. Experimental Details

BRRP Implementation: We use a set of 50 objects from the
YCB dataset [41] to act as the prior for our experiments with
BRRP. We implement the method in PyTorch. We also display
results for the speed of running BRRP on an NVIDIA RTX
4070 GPU in Fig. 6. We use k = 3 for all experiments, but note
that our method’s performance is fairly robust to the k parameter
(Fig. 6).
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Baselines: We compare our work against two main baselines,
V-PRISM [6] and a version of PointSDF [22] that predicts
occupancy and is trained on ShapeNet [42] scenes. V-PRISM
is a probabilistic mapping method that uses an uninforma-
tive prior. This means that it is robust to novel objects, but
doesn’t accurately reconstruct object backsides. We refer to this
baseline as V-PRISM. In contrast, PointSDF is a learning-based
method. This means it can leverage prior information from mesh
datasets to accurately reconstruct the backside, but can suffer
in performance under significant distributional shift. We train
two versions of PointSDF. One is trained on scenes containing
a wide variety of Shapenet objects, and another trained only
on scenes containing the 50 YCB objects in our BRRP prior.
We refer to this baseline as PointSDF, and generally use the
ShapeNet version when the training dataset is not mentioned.
When reconstructing meshes with PointSDF, a level set of
τ = 0.3 is used.

Procedurally Generated Scenes: We use the generated scenes
from [6] to evaluate our method. These scenes are constructed
with objects from ShapeNet [42], YCB [41], and Objaverse [43]
datasets. There are 100 multi-object scenes for each mesh
dataset. Each scene contains up to 10 objects. Some meshes
in the Objaverse and ShapeNet scenes did not have correctly
rendered textures and were instead rendered as plain white ob-
jects. Fig. 5 contains two example images of these procedurally
generated scenes. We use the ground-truth masks for experi-
ments on procedural scenes. We also conduct an experiment on
robustness where we perturb the masks of the ShapeNet scenes
by two pixels and evaluate reconstructions.

We evaluate performance on the procedurally generated
scenes with two metrics: intersection over union (IoU) and
chamfer distance. We refer readers to [6] for further explanation
of these metrics.

Real World Scenes: In order to showcase robustness to real-
world noise, we evaluate on real world scenes collected with a
Kinect depth camera. In order to obtain instance segmentations,
we use Grounded SAM [44] along with some depth filters. We
include timing of performing this segmentation in the real-world
timing breakdown in Fig. 6. We evaluate on these real world
scenes qualitatively with images of scene reconstruction and
visualizing surface uncertainty.

Grasping Experiment: To understand the downstream impact
of our method, we assess its effectiveness on the problem of
dexterous grasping from a fixed RGB-D camera. We place an
object on the table, segment it, reconstruct its mesh, plan a grasp
trajectory, and execute it open-loop. Fig. 9 shows the 10 objects
used.

For segmentation, we use Grounded SAM [44] with the
prompt object that can be picked up with one hand. Meshes
are reconstructed with marching cubes on either BRRP or
PointSDF reconstructions. We implement a grasp planner [4]
which takes a segmented point cloud as input and moves the
robot to a pregrasp configuration that is collision-free according
to the reconstruction while also avoiding obstacles according
to the scene reconstruction. The robot then closes the hand
and lifts the arm. An attempt is successful if the object is
lifted. We use KUKA LBR4 with Allegro hand in the ex-
periment. We place each of the 10 objects across 5 different
poses on the table, resulting in 50 executed grasp trajecto-
ries for each method. We select stable poses where objects
are reachable by the robot, visible to the camera, and remain
stationary, while ensuring diversity in positions and orienta-
tions. We report the grasp success rate per method across all
50 trajectories.

TABLE I
INTERSECTION OVER UNION (IOU) ON PROCEDURALLY GENERATED SCENES

FROM TWO DIFFERENT MESH DATASETS

Fig. 7. Chamfer distances (lower is better) for various methods across the
procedurally generated scenes. Values are reported in centimeters. BRRP has
the lowest chamfer distance on each dataset.

Fig. 8. Qualitative comparison of BRRP and our baselines. PointSDF tends
to predict a spherical shape for many non-spherical objects. V-PRISM can
sometimes predict occupancy in portions of the scene that are not occupied.
Our method is more robust and can more accurately reconstruct the scenes.

B. Results & Discussion

In Table I, we display the IoU results from procedurally
generated scenes. The chamfer distances for the procedurally
generated scenes is shown in Fig. 7. The qualitative reconstruc-
tions on real world scenes can be seen in Fig. 8.

Insight 1: BRRP is more accurate than a method with an
uninformative prior.

As showcased in Table I, BRRP outperforms V-PRISM on
both sets of procedurally generated scenes. It has the highest
IoU improvement from V-PRISM on the YCB scenes. A similar
pattern can be seen in the chamfer distances in Fig. 7, where
BRRP consistently outperforms V-PRISM, with the biggest gap
of 0.19 (cm) occuring on the YCB scenes. This makes sense
because BRRP uses a subset of the YCB objects as its prior.

We can see this improvement qualitatively in Fig. 8. While
BRRP and V-PRISM are comparable for most objects, there
exist certain objects that V-PRISM predicts to occupy a large
portion of space that the object doesn’t occupy. BRRP is able to
more accurately reconstruct these objects. The clearest example
of this is the dark green object in the right-most scene in Fig. 8.
Both of these quantitative and qualitative results suggest BRRP
is generally more accurate than V-PRISM. It is the most accurate
when evaluated on objects in its prior distribution.
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Fig. 9. Objects and the robot used to assess the impact of our method on
dexterous grasping.

Fig. 10. (left) IoU of BRRP and PointSDF on ShapeNet scenes with and
without shifted segmentations. Our method is more robust to segmentation shifts.
(right) An example of a scene and the corresponding point cloud with shifted
segmentation.

Insight 2: BRRP is more robust than a deep learning method.
While the ShapeNet version of PointSDF outperformed

BRRP on the ShapeNet scenes on IoU (Table I), BRRP had
a lower Chamfer distance (Fig. 7). BRRP also outperformed
the YCB version of PointSDF on both YCB and ShapeNet
(Table I). Generally, BRRP performed significantly better than
each PointSDF version on mesh datasets the specific version
was not trained on. When measuring chamfer distance, BRRP
outperformed the ShapeNet version of PointSDF on all datasets
as shown in Fig. 7, including the Objaverse dataset, where
objects were out-of-distribution for both methods. These results
suggests BRRP is more robust to different object distributions
than PointSDF. Next, we evaluate robustness to slightly incor-
rect image segmentations. We take the procedurally generated
ShapeNet scenes and shift the segmentation over by 2 pixels. In
Fig. 10, we compare the IoU of BRRP and ShapeNet version of
PointSDF on the scenes with and without the shift. Our method
performs better on the shifted scenes compared to PointSDF.

On the real-world scenes in Fig. 8, BRRP is qualitatively
more robust than PointSDF. PointSDF struggles with the noise
inherent in real world scenes as well as novel objects. It tends
to predict a spherical object on many non-spherical objects in
the real world scenes. Our method is better able to reconstruct
these scenes, including the objects that are out-of-distribution
for its prior. These results suggest BRRP is more robust than
PointSDF. Even though by one metric the ShapeNet-trained
PointSDF outperforms BRRP on ShapeNet scenes, when the
scenes are perturbed, BRRP performs better.

Insight 3: BRRP can capture principled uncertainty about
object shape.

Fig. 11. Visualization of a cylindrical Clorox container surface uncertainty
from BRRP. Lighter areas correspond to higher uncertainty about the shape. We
observe that the occluded back-side of the container has high uncertainty.

Fig. 12. BRRP builds precise representations, which are critical for down-
stream dexterous manipulation. Here, the water (out-of-distribution) is partic-
ularly large, and the dexterous hand needs to arrive at a pre-grasp pose that is
very close to the surface of the bottle, all the while requiring the fingers to avoid
colliding.

Fig. 11 shows a qualitative example of uncertainty from
BRRP. We measure the uncertainty by taking the variance of
logits over weight particles. Our method predicts the highest
uncertainty in areas of the surface that are occluded. This sug-
gests that we can utilize surface uncertainty from BRRP in a
similar way to how GPIS surface uncertainty is utilized in many
grasping applications.

Insight 4: BRRP’s robust reconstructions improve the down-
stream success of dexterous grasping.

The success rate of BRRP and the PointSDF baseline is 64%
and 40% respectively on the downstream grasping experiment.
The difference in success rates stems from the modeling of
the obstacles, consisting of the reconstructed object mesh and
the table (fixed). The collision modeling directly impacts how
close the robot can get to the object before executing the grasp.
This directly affects whether the object will get knocked over
or bumped into as the gripper moves to the pre-grasp con-
figuration. BRRP exhibits higher accuracy and robustness in
reconstruction, which creates an over 50% increase in grasp
success rates. Fig. 12 illustrates an example and highlights the
impact of BRRP in significantly improving downstream grasp
success. While the difference in BRRP and PointSDF grasp
success can be easily attributed to reconstruction quality, we
hypothesize the 36% of grasp failures with BRRP stem from a
mixture of reconstruction, grasp selection, and motion planning
inaccuracies.

Limitations: As shown in Fig. 6, the registration portion of
our method grows with the number of objects, which can be
resolved by fast learning-based registration methods. While
our method is robust to viewpoint, occlusion, and scale; it is
still limited by the quality of segmentation, depth accuracy,
and its prior database. Advances in segmentation methods will
further improve BRRP performance. While BRRP can robustly
handle OOD data, the reconstruction and uncertainty remain
marginally biased towards the in-distribution dataset, which
is common for data-driven approaches. This can be seen in
Figs. 2 and 8, and can be mitigated with a larger, more diverse
prior database.
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VII. CONCLUSION

We introduced the concept of retrieval-augmented priors,
where we retrieve relevant components of a prior distribution
during Bayesian inference. We also introduced a novel Bayesian
method for scene reconstruction that uses informative priors.
Our method, BRRP, leveraged existing mesh datasets to build
its prior and probabilistically reconstructed the scene leveraging
these priors in a retrieval-augmented manner. We showed our
method was more robust than a deep learning method as well
as more accurate than a mapping method. We also showed a
qualitative example of recovering principled uncertainty from
our method. Finally, we demonstrated that our robust recon-
structions improve downstream performance, where BRRP re-
constructions enable precise collision avoidance as the robot
moves to execute grasps.

REFERENCES

[1] S. Chen, J. Bohg, and C. K. Liu, “SpringGrasp: An optimization pipeline
for robust and compliant dexterous pre-grasp synthesis,” in Robotics:
Science and Systems, 2024.

[2] C. de Farias, B. Tamadazte, M. Adjigble, R. Stolkin, and N. Marturi, “Task-
informed grasping of partially observed objects,” IEEE Robot. Automat.
Lett.,vol. 9, no. 10, pp. 8394–8401, Oct. 2024,

[3] M. Matak and T. Hermans, “Planning visual-tactile precision grasps via
complementary use of vision and touch,” IEEE Robot. Automat. Lett., vol.
8, no. 2, pp. 768–775, Feb. 2023.

[4] M. Matak, M. Devendran K. Shanthi V. Wyk, and T. Hermans, “First
plan then evaluate: Use a vectorized motion planner for grasping,” 2025,
arXiv:2509.07162.

[5] S. Dragiev, M. Toussaint, and M. Gienger, “Gaussian process implicit
surfaces for shape estimation and grasping,” in Proc. Int. Conf. Robot.
Automat., 2011, pp. 2845–2850.

[6] H. Wright, W. Zhi, M. Johnson-Roberson, and T. Hermans, “V-PRISM:
Probabilistic mapping of unknown tabletop scenes,” in Proc. Int. Conf.
Intell. Robots Syst., 2024, pp. 1078–1085.

[7] F. Ramos and L. Ott, “Hilbert maps: Scalable continuous occupancy
mapping with stochastic gradient descent,” Int. J. Robot. Res., vol. 35,
no. 14, pp. 1717–1730, 2016.

[8] R. Senanayake and F. Ramos, “Bayesian Hilbert maps for dynamic con-
tinuous occupancy mapping,” in Proc. 1st Annu. Conf. Robot Learn, vol.
78, 2017, pp. 458–471, .

[9] R. Senanayake, A. Tompkins, and F. Ramos, “Automorphing kernels for
nonstationarity in mapping unstructured environments.,” in Proc. 2nd
Conf. Robot Learn., vol. 87, 2018, pp. 443–455.

[10] W. Zhi, L. Ott, R. Senanayake, and F. Ramos, “Continuous occupancy
map fusion with fast Bayesian hilbert maps,” in Proc. Int. Conf. Robot.
Automat., 2019, pp. 4111–4117.

[11] J. J. Park, P. Florence, J. Straub, R. Newcombe, and S. Lovegrove,
“DeepSDF: Learning continuous signed distance functions for shape
representation,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit.,
2019, pp. 165–174.

[12] L. Mescheder, M. Oechsle, M. Niemeyer, S. Nowozin, and A. Geiger,
“Occupancy networks: Learning 3D reconstruction in function space,”
in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2019,
pp. 4455–4465,.

[13] V. Sitzmann, J. Martel, A. Bergman, D. Lindell, and G. Wetzstein, “Implicit
neural representations with periodic activation functions,” Neural Inf.
Process. Syst., vol. 33, pp. 7462–7473, 2020.

[14] B. Mildenhall, P.P. Srinivasan, M. Tancik, J. T. Barron, R. Ramamoorthi,
and R. Ng, “NERF: Representing scenes as neural radiance fields for view
synthesis,” Commun. ACM, vol. 65, no. 1, pp. 99–106, 2021.

[15] B. Kerbl, G. Kopanas, T. Leimkühler, and G. Drettakis, “3D Gaussian
splatting for real-time radiance field rendering,” ACM Trans. Graph., vol.
42, no. 4, 2023, Art. no. 139.

[16] S. Wang, V. Leroy, Y. Cabon, B. Chidlovskii, and J. Revaud, “DUST3R:
Geometric 3D vision made easy,” in Proc. IEEE/CVF Conf. Comput. Vis.
Pattern Recognit., 2024, pp. 20697–20709.

[17] W. Zhi, H. Tang, T. Zhang, and M. Johnson-Roberson, “Simultaneous
geometry and pose estimation of held objects via 3D foundation models,”
IEEE Robot. Automat. Lett., vol. 9, no. 12, pp. 11818–11825, Dec. 2024.

[18] J. Xu, W. Cheng, Y. Gao, X. Wang, S. Gao, and Y. Shan, “Instantmesh:
Efficient 3D mesh generation from a single image with sparse-view large
reconstruction models,” 2024, arXiv:2404.07191.

[19] M. Liu et al., “One-2-3-45: Any single image to 3D mesh in 45 seconds
without per-shape optimization,” Neural Inf. Process. Syst., vol. 36, pp.
22226–22246, 2024.

[20] F. Engelmann, K. Rematas, B. Leibe, and V. Ferrari, “From points to multi-
object 3D reconstruction,” in Proc. Conf. Comput. Vis. pattern Recognit.,
2021, pp. 4588–4597.

[21] Z. Liao, J. Yang, J. Qian, A. P. Schoellig, and S. L. Waslander,
“Uncertainty-aware 3D object-level mapping with deep shape priors,” in
Proc. Int. Conf. Robot. Automat., 2024, pp. 4082–4089.

[22] M. Van der Merwe, Q. Lu, B. Sundaralingam, M. Matak, and T. Hermans,
“Learning continuous 3D reconstructions for geometrically aware grasp-
ing,” in Proc. IEEE Int. Conf. Robot. Automat., 2020, pp. 11516–11522.

[23] F. Williams et al., “Neural fields as learnable kernels for 3D re-
construction,” in Proc. Conf. Comput. Vis. Pattern Recognit., 2022,
pp. 18479–18489.

[24] J. Huang, Z. Gojcic, M. Atzmon, O. Litany, S. Fidler, and F. Williams,
“Neural kernel surface reconstruction,” in Conf. Comput. Vis. Pattern
Recognit., 2023, pp. 4369–4379.

[25] Y. Kasten, O. Rahamim, and G. Chechik, “Point cloud completion with
pretrained text-to-image diffusion models,” Neural Inf. Process. Syst., vol.
36, 2024.

[26] Y.-C. Cheng, H.-Y. Lee, S. Tulyakov, A. G. Schwing, and L.-Y. Gui,
“SDFusion: Multimodal 3D shape completion, reconstruction, and gen-
eration,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2023,
pp. 4456–4465.

[27] B. Saund and D. Berenson, “Diverse plausible shape completions from
ambiguous depth images,” in Proc. 4th Conf. Robot Learn., 2021, pp.
1–12.

[28] W. Agnew et al., “Amodal 3D reconstruction for robotic manipulation
via stability and connectivity,” in Proc. 4th Conf. Robot Learn., 2021, pp.
1–11.

[29] S. Iwase et al., “Zero-shot multi-object scene completion,” in Proc. Eur.
Conf. Comput. Vis., 2024, pp. 96–113.

[30] N. Gothoskar et al., “3DP3: 3D scene perception via probabilistic pro-
gramming,” Proc. 35th Conf. Neural Inf. Process. Syst., 2021, pp. 1–13.

[31] W. Martens, Y. Poffet, P. R. Soria, R. Fitch, and S. Sukkarieh, “Geometric
priors for Gaussian process implicit surfaces,” IEEE Robot. Automat. Lett.,
vol. 2, no. 2, pp. 373–380, Apr. 2017.

[32] J. Lundell, F. Verdoja, and V. Kyrki, “Robust grasp planning over un-
certain shape completions,” in Proc. Int. Conf. Intell. Robots Syst., 2019,
pp. 1526–1532.

[33] D. Hidalgo-Carvajal et al., “Anthropomorphic grasping with neural ob-
ject shape completion,” IEEE Robot. Automat. Lett., vol. 8, no. 12,
pp. 8034–8041, Dec. 2023.

[34] Q. Liu and D. Wang, “Stein variational gradient descent: A general purpose
Bayesian inference algorithm,” Neural Inf. Process. Syst., vol. 29, 2016,
pp. 2378–2386.

[35] P. Lewis et al., “Retrieval-augmented generation for knowledge-intensive
NLP tasks,” Neural Inf. Process. Syst., vol. 33, pp. 9459–9474, 2020.

[36] Y. Kuang et al., “RAM: Retrieval-based affordance transfer for general-
izable zero-shot robotic manipulation,” in Proc. of The 8th Conf. Robot
Learn., 2025, pp.547–565.

[37] A. Radford et al., “Learning transferable visual models from natural lan-
guage supervision,” in Proc. Int. Conf. Mach. Learn., 2021, pp. 8748–8763.

[38] M. A. Fischler and R. C. Bolles, “Random sample consensus: A paradigm
for model fitting with applications to image analysis and automated car-
tography,” . Commun. ACM, vol. 24, no. 6, pp. 381–395, 1981.

[39] R. B. Rusu, N. Blodow, and M. Beetz, “Fast point feature histograms
(FPFH) for 3D registration,” in Proc. Int. Conf. Robot. Robot. Automat.,
2009, pp. 3212–3217.

[40] H. Thomas, “Learning new representations for 3D point cloud semantic
segmentation,” Ph.D. dissertation, Université Paris sciences et lettres,
2019.

[41] B. Calli, A. Singh, A. Walsman, S. Srinivasa, P. Abbeel, and A. M.
Dollar, “The YCB object and model set: Towards common benchmarks
for manipulation research,” in Proc. Int. Conf. Adv. Adv. Robot. Robot.,
2015, pp. 510–517.

[42] A. X. Chang et al., “ShapeNet: An information-rich 3D model repository,”
2015, arXiv:1512.03012.

[43] M. Deitke et al., “Objaverse: A universe of annotated 3D objects,” in Proc.
Conf. Comput. Vis. Pattern Recognit., 2023, pp. 13142-13153.

[44] T. Ren et al., “Grounded SAM: Assembling open-world models for diverse
visual tasks,” 2024, arXiv:2401.14159.

Authorized licensed use limited to: The University of Utah. Downloaded on April 27,2026 at 14:57:26 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


