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Fig. 1: Overview of INGRID (Interactive Geometry and Instance Identification). INGRID actively discovers previously unobservable surfaces
by executing actions with a robot arm that maximize scene visibility. Through selective finetuning, it efficiently refines the underlying geometry.
Furthermore, by interacting with the environment, INGRID resolves instance-level ambiguities.

Abstract—While identifying object instances and accurately
reconstructing their geometry are fundamental to manipulation,
passive visual observation in static scenes is inherently con-
strained by occlusions, which gives rise to both geometric and
semantic ambiguities, particularly in complex multi-object set-
tings. We present INGRID (INteractive GeometRy and instance
IDentification), a system in which a robotic manipulator actively
interacts with the scene to reveal previously hidden surfaces and
disambiguate object instances and geometries. The key challenge
lies first in deciding where to interact in order to induce the most
informative scene changes. A subsequent challenge is then to
efficiently update both the object instances and their geometries
once new visual observations become available. To address these
challenges, INGRID follows a four-step pipeline: (i) constructing
an instance candidate tree, (ii) optimizing informative actions,
(iii) identifying instances under rigid-body assumptions, and
(iv) selectively finetuning geometry. Together, these steps enable
efficient, interaction-driven geometry and instance identification.
Our method proves robust and practical in complex multi-object
scenes with severe occlusions, both in simulation and in the real
world.

I. INTRODUCTION

The ability to reconstruct object geometry and identify
object instances from visual observations is a fundamental
perception capability for robotic manipulation. An object in-
stance here refers to a rigidly connected entity whose geometry
and identity must be distinguished from other objects in

the scene. Such instance-level understanding is crucial for
many downstream tasks, including integrating object-centric
grasping modules [40, [30]], rapidly detecting scene dy-
namics [10], and bridging the sim-to-real gap [36].

Given multi-view RGB images, recent works construct static
3D scene representations by leveraging Neural Radiance Fields
(NeRFs) and their variants [38] 23] 27, [34]. These representa-
tions often include density fields, which capture the underlying
object geometry and can be converted into surface point clouds
— even in challenging scenarios such as transparent objects
that conventional depth cameras cannot handle [34]]. Further-
more, 2D segmentation masks are integrated to estimate
coherent 3D object instances in multi-object scenes [7, 29].
Taken together, these advances provide a powerful framework
for simultaneous geometry reconstruction and object instance
identification from multi-view RGB images.

However, in the presence of object occlusions, passive visual
observation — i.e., relying solely on static images — inevitably
leads to both geometric and instance ambiguities. For example,
as shown in Fig. [T when two cups are stacked vertically,
the lower cup is occluded, making it ambiguous whether its
interior is hollow or solid. Similarly, in the case of the block
on the right, the object actually consists of two separable
blocks, yet their similar semantic features make it difficult
to determine whether they should be identified as one block



or two distinct instances. A natural and promising direction iBhe volumetric aggregation of NeRF can also be extended
to enable the robot to actively interact with the scene, therety incorporate rich image features from vision foundation
revealing hidden information and resolving such ambiguitiemodels. For instance, instead of RGB colors, one can use
To this end, we introduce INGRID (INteractive GeometRgurface normals to build a coherent volume for grasping
and instance IDenti cation), illustrated in Fif] 1, an ef cientapplications [[34]. Moreover, several works apply rendering
framework that (i) enables a robot to autonomously indudess on feature images to lift CLIP features into a 3D
scene changes through interaction and acquire new visual eblume [26,[47, 44], enabling interaction through language
servations, (ii) identi es object instances, and (iii) selectivelgommands. Several works closely related to our paper leverage
re nes object geometry. segmentation label$ [31] to construct novel feature elds that
The rst challenge is to identify the most ambiguous regionapture instance information [12,[7.129] 20| 53,1355 14, 51].
of the 3D scene, where spatial interactions such as pushingris approach results in a eld that simultaneously represents
pick-and-place would yield the greatest information gain. Tieoth geometry and instance identity. Speci cally, by employ-
this end, we construct an instance candidate tree from thiag a contrastive loss, these methods learn an af nity €ld [7]
levels of SAM mask predictiond_[12], where each node ithat maps two points from the same object to similar feature
assigned a point cloud representing an instance candidate ealdes. To further segment these elds into discrete clusters
child nodes correspond to subsets of their parents. The actinr8D space, clustering algorithms such as HDBSCAN [11]
space — candidate spatial perturbations — is then de ned oese applied. While numerous studies have explored various
the tree and restricted to its leaf nodes. Formulated as afd representations as discussed above, passive observation
optimal search problem, the selected action is the one tludistatic scenes still leads to ambiguities in both geometry and
maximizes the newly revealed surface area. instance identi cation. To address this, introducing controlled
Given a changed scene and new visual observations, #ugne changes and leveraging these changes to recognize and
second challenge is to ef ciently identify the correct instancagpdate the eld accordingly remain largely underexplored.
from the tree and re ne their geometry. Assuming rigid . .
bodies, we identify instances by jointly optimizing their SE(3?' Active Perception
transformations. Starting from top-level nodes — which may Active perceptioni[4, 5, 6] refers to a class of methodologies
group multiple adjacent objects and cause large errors — ilewhich a robot leverages its own actions to improve its
iteratively split into lower-level nodes until the optimizationunderstanding of the environment. It is a well-established
error falls below a threshold. The selected instance is thafea of research with broad applications [9], including pose
re ned geometrically in a selective manner for ef ciency. ~ estimation [50], object segmentation [45], articulation [41] and
Our extensive experiments demonstrate the effectivenesgighamics modeling [2], and the learning of manipulation [33]
our methods in both simulated and real-world scenarios, vait grasping strategies [42]. Recent works have extended
dating a framework capable of identifying object instances a@gtive perception toward high-level scene understanding by
geometry of unknown 3D objects in occlusion-prone scen#orporating large language models and structured heuristics.
through interaction. Our contributions can be summarized &5ese systems can perform complex interactions to discover
follows: objects and construct symbolic representations such as scene

An interaction algorithm to autonomously induce chang@raphs [24]. However, these approaches often rely heavily
for occluded objects; on precise prompt engineering and assume access to near-

utilizing a visibility metric; in real-world settings. Among related approaches, the work
An optimization formulation to jointly optimize the in- Most aligned with our philosophy is UncOS [18], which ad-

stances and transform given a few images after chang@€sses instance ambiguity in cluttered scenes by using robotic
pushing. While UncOS addresses a similar problem, its setting

Il. RELATED WORK is limited to single-view images, which hampers accurate
A. From NeRFs to Feature Fields for Robot Applications detection of instance-wise object geometry under occlusion.

Neural Radiance Fields (NeRFs) train a volumetric repr&? contrast, INGRID leverages multi-view observations to
sentation, namely the color ¢ and density of the 3D scen@dgregate instance ?”d geometric information, enhancing its
to synthesize novel view images of the scehel [38]. Whil@bustness to occlusion.

NeR_F was orlgmally developed for _n_ovel view synthe5|s_, it 1. INITIAL FIELD REPRESENTATION
has inspired a line of research that utilizes eld representations

for various vision-based robotic tasks. For example, the Signe n this section, we employ normal, density, and feature eld

Distance Field (SDF) can be seamlessly integrated into Neﬁpresentations to obtain initial estimates of object instance

frameworks through a simple conversion formulal[52] 49 _nd geometry. Building on prior work [34], we use a voxelized
‘ face normal eld n(x) and a volume density eld (x) for

Consequently, in robotics applications, SDF has been furt 3 . . S
employed for grasping [48. 15] and SLAM tasks |[25, 56]>_<2 R 3 to capture object geometryin this work, inspired by

Additiona"y’ the. tra}ined‘ density prOVide.S geometric €S- 1he density eld (x) assigns zero values to regions outside the surface,
timates for navigation[]1| _32] and grasping [22,] 27, 28while the normal eld n(x) is de ned only on object surface points.



Contrastive Lift [7], we further incorporate 3 levels (coarse,
mid, ne) of feature elds R.(x);F m(X); F¢(x) de ned on
surface points to encode instance-related information. By
clustering in this feature vector space, we can then identify
object instances.
While our main contribution is an interactive method to
obtain the geometry and instance of objects in occlusion-
prone scenes, in this section, we rst describe how to initialize
geometry and instance from multi-view, relatively dense RGB
images, following previous works [34, 35, 7]. This section
consists of the following three subsections: (i) input prepresig. 2: process to learn eld. From coarse {M mid (Mn), ne
cessing, (i) normal and density tting loss, and (iii) featurgM ) granularity masks and normal images, we learn three instance

learning loss. feature elds (k;Fm;F:) each re ecting the granularity on shared
geometry (n; ).

A. Input Preprocessing

Given raw multi-view RGB images with camera poses, w .
preprocess these images to generate mask and surface noﬁﬂalfeature Learning Loss
images using pre-trained models. Specically, we employ Given the density eld (x), we use the segmentation
SAM [31] to map each RGB image | to three sets of mask®asks of three different levels MI); M m (1); M ¢ (1) to train
with different granularities: M(1), M (1), and M (1), rep- three hierarchical afnity elds R(x);Fm(X);F¢(X) as in
resenting coarse, mid, and ne-level masks, respectively. fig. 2. The three different hierarchies of elds are trained
this process, we use SAM's point query method, similar timultaneously but independently, applying a contrastive loss
the preprocessing approach in LangSplat [43]. We then uégmulation [7] to the corresponding granularity of the mask.
DSINE [3] to estimate surface normals denoted by N(1). In brief, contrastive loss encourages rays of pixels with the
same mask (positive pairs) to have similar features, while
B. Normal and Density Fitting Loss ensuring the rays from different mask labels (negative pairs)
We utilize the masks M), M m(l), and M; (1) and have distant feature vectors. At each training step, we sample

the surface normals N(I) to train the normal and density>6 pairs of rays from a single viewpoint to construct positive
elds, n(x) and (x), which represent the geometry of the @nd negative pairs for the triplet loss [46].
objects, depicted in Fig. 2. The two elds are approximated
using voxel grid representations and tted to the predicted
normal and segmentation masks, following prior work [34].
While we adopt two key loss terms from the prior work [34] In this section, we introduce INGRID (Interactive Geometry
— (i) the normal vector rendering loss and (i) the densitgnd Instance Identi cation), a framework for identifying both
penalization loss for background pixel rays — in this sectiofl€ geometry and instance of objects in occlusion-prone scenes
we introduce density-normal consistency regularization loss frough interaction. Building upon the eld representations
further enhance geometric accuracy. (FC,Fm,Ff) described in Section Ill, we rst generate a

We empirically observe that for highly concave objects, triderarchy of instance candidates in a tree-like structure (Sec-
normal rendering loss alone tends to cause n(x) to overlion IV-A). Based on the tree, we then de ne an optimization-
the rendered normal images while signi cantly violating geobased interaction algorithm to identify informative interactions
metric consistency with (x), leading to distorted results. Tdthat reveal previously unobservable surfaces (Section IV-B).
address this issue, we design a density-normal consistency rafier executing the chosen action, we simultaneously identify
ularization loss for each ray r, inspired from MonoSDF [54](_aach instance and estimate its corresponding SE(3) transfor-
We de ne the loss as the difference between the normal vectB@tion given sparse RGB images (Section IV-C). Finally, we
obtained from the gradient of the density eld and the'®ne the geometry of the newly visible regions for ef ciency,
predicted normal N. Denoting the accumulated transmittan8eProcess we refer to as selective netuning (Section IV-D) to
along the ray r as obtain instance-wise geometry.

Z,
T(r;1) = exp( : (r(s))ds); @

IV. INTERACTIVE GEOMETRY AND INSTANCE
IDENTIFICATION

A. Instance Candidate Tree Construction

After obtaining the geometric layout of the scene (;n), the
additional information on instance clusters can provide struc-

the loss can be expressed: : .
P ture, such that we can design the action sequences and perform

F‘:tf T(rOr (r®) (r(D)dt desired_tasks. While the i_nstaana geometry _and boun_daries can
L norma(r) := R’ N be ambiguous under static passive observation, the hierarchical
o T(6Or (r@®) (r())dt elds (F¢;Fm;F¢) aggregate the distribution of potential in-

(2) stances from multiple viewpoints. We further cluster them into



Fig. 4: Interaction process visualization. We compute the visibility

Fig. 3: Instance candidate tree and its nodes. The Instance candidht@ncoding how much each voxel was observed during training for

tree (b) contains geometry of the candidates in its nodes (a), with #Rch object voxels (a). For each action a in the action space A (b),
child node included in its parent node. we obtain the updated visibility3z (c) and evaluate the action value

proportional to the visibility gain (highlighted in yellow).

a tree structure with discrete granularity, forming the instance
candidate tree as follows. First, we extract the point clou@.e., unobserved during training), and should therefore be
of the objects by thresholding and perform clustering wittprioritized for uncovering through interaction.
HDBSCAN [37] on each E Fn;F¢. This gives us multiple  The action space A — a set of candidate spatial perturbations
candidate clusters of varying sizes from different hierarchiesis de ned based on the instance candidate tree. An action
of elds with possible overlap. Second, we sort all clustera 2 A consists of a target instance node selected from the
(irrespective of k; Fr; Fr) in descending order based on thget of leaf nodes, along with a displacement vector on the
sizes of the bounding boxes of their respective point cloudgy plane, with z axis pointing up. The action space A spans
We then apply an iterative tree generation algorithm. Startingl leaf nodes and 12 prede ned directions with 20 distance
from the largest cluster, the process sequentially determinaagnitudes ranging from 1 cm to 40 cm (Fig. 4 (b)). For
whether each cluster should be (1) added as a child of @ach a 2 A, the visibility eld U is updated along with (x)
existing node, (2) ignored since it is a duplicate of an existingssuming a rigid body transform, which we denote Wy.
node, or (3) assigned as a new root node, thereby expanditiger displacement, the node's new region inherits original
the tree accordingfy As illustrated in Fig. 3, each node invisibility values, and its former region is set to 0 ( = 0) as
the tree represents an instance candidate, with child nodesecomes empty (Fig. 4 (c)).
corresponding to subsets of their respective parent nodes. \\e de ne a value function Q(a) that quanti es the amount
of newly visible surface area revealed by an action a. Given a
set of camera viewpoints V, the value function is de ned as:
This section proposes an algorithm that interacts with ob- X
jects in the scene to reveal unobserved or occluded surfaces Q(a) = proj, (Ua) + C(a); (4)
or discern object instances. Assuming an instance geometry
rigidly moves together under interaction, we can de ne a set

of actions from the_ instance tree structure of Section '_V'Atvhere proj, denotes the projected visible surface area from
From the set of action spaces, INGRID chooses the aCt'O”\}i%wpoint v (Fig. 5 (b)), and C(a) is a penalty term set to
maximize observation of unseen geometry. 1 for actions that result in collision. We used cameras at

First, in order to track unobservable parts, we proposead altitude of 45 degrees, equally spaced around the objects.
3D visibility eld that represents how much each point Oiwithin the action space A de ned above, we select the action
the objects was observable during the eld training process §fat maximizes the value function, i.e., arg max Q(a). For
Section lll. Given the standard de nition of transmittance iRcenarios with multiple instances, we select one action per
Eg. (1), we de ne the visibility U (depicted in Fig. 4 () forconnected component in the instance candidate tree.

a voxel (i;]; k) as: To execute the selected action on a physical robot, we design
UGij k)= max Tt )@t ) : @) @ pick-and-place pipeline using a Franka Panda. robot arm.

r2R ik Grasp poses for the target node are generated via AnyGrasp

[917], and the candidate with the highest predicted score
is selected. Joint position and velocity trajectories are then
computed using PyBullet Planning [19] to guide the robot

de ned on objects voxels only, obtained by thresholding off _the grasp pose while ensuring coIIlision avoidance. Thgse
, and is calculated for all object voxels once, after trainingssr"juectorles are executed on the physical robot using a joint-

the geometry n; . Voxels with lower U indicate less visibility pace PD controll_er. Following the grasp, the gripper _is raised
20 cm, the 2D action arg maxa Q(a) is applied, the gripper

2We utilize Intersection over Union (loU) between the existing cluster anqescendS 20 cm to its original height, and the object is
the one being added. released.

B. Algorithms for Determining Where-to-Interact

v2Vv

where Ry is the set of training rays that pass through th
voxel (i;j;k). t is de ned for each ray r(t) = o +td with
origin o and direction d such that r(} = (i;j;k). U is



described in Section IV-C. The proposed approach rst trans-
fers high-visibility regions through a cut-and-paste operation,
followed by selective geometry netuning. Compared to naive
netuning, this method is not only computationally more
ef cient but also more robust, as it mitigates degradation in
few-shot scenarios by initializing from a better starting point.
First, we utilize the visibility eld U in Section IV-B to
Iter instances with newly visible surfaces due to change
(Fig. 5 (a)). We use a volume rendering technique to obtain
visibility values from each instance (Fig. 5 (b)). We consider
an instance as a target of geometric netuning if it contains
Fio. 5 Selective geometric netuning process. After a scene Chanlow-visibility surfaces from all new observation viewpoints V .
(a?,. we calculatg the visibility of gegch sur'face (yellow in (b) ext, we perform geometric netuning by leveraging existing

that represents newly visible parts. For instances with previoudggometry TX;, the vis_ibility U, and images from V_- In order
unobservable parts, we perform netuning (c) to re ne the geometr{o preserve the certain (well-observed) geometry;iX;T we

consult U to retain parts with high visibility. Then, with the
new observations, we reuse the loss of Section IlI-B to netune

C. Instance Identi cation under Rigid-Body Assumption  the geometry as in Fig. 5 (c), resulting in accurate instance-

Execution of the selected actions argmax Q(a) sep- wise geometry.

arates objects and uncovers new surfaces. We assume the V. EXPERIMENTS
individual instances move rigidly under interaction, and updateIn this section, we provide both qualitative and quantitative

the scene con guration accordingly. To do so, we need taﬂwalysis on the performance of INGRID on identifying individ-

identify the correct set of instances from the instance candide&t&I object instances and their 3D geometries by understanding
tree and their corresponding SE(3) transforms from imaggnol utilizing change in the scene

observatE)nsf.. .-\ be the index for th b . Implementation-wise, we rst predict surface normals and
Lﬁt V= 1dfv e the Im fex ort g nev(\; o_serva_‘t'ons_'rnstance masks, each using DSINE [3], and SAM [31]. To
cach captured from a total of V pre-dene wevypomts 'Peconstruct the objects solely, we retain predicted masks within
Section 1V-B, and m be the 2D projection of the point CIOUdthe prede ned workspace of the robot. The workspace is
in the v-th view. Let X denote a 3D cluster or point cloudj, \od to be a 50ecm  60cm  30cm box positioned at the
in the tree, where i = 1;:::;N, and N IS the total numpercemer of the Franka Panda workspace. All of our experiments
of nodes in the tree. Let;Tbe the rotation and translation, .. - nducted on an RTX 3090. with an i7-8700 CPU. In
parameters for X, and when X is transformed by Tand addition to our real-world setup including a Realsense d435i

projected onto the image plane in the v-th direction, it fom\ﬁith Franka Panda, we create photo-realistic scenes using

ZZD p(r)]int clou?, ngCh W? der:jote Ey p(ﬁ(JTiXi). Also, we Blender Cycles [8] by populating a tabletop with household
e ne the set of nodes selected to be instances as |I. abjects, for groundtruth annotations.

Starting from the coarse granularity, we progressively ad-pirot we report the qualitative results in Fig. 6. The rst

just the node combination in | along with th? rotation andy;ymn represents images before the change, and the second
translations fTg to match the 2D observations: column visualizes the leaf nodes of the instance candidate

WX tree in different colors. The third column denotes the full
min d proj, (TiXi);my ; (5) hierarchy of the instance candidate tree. The fourth column
fTid2lg |, o reports the interactions from our algorithm, while the fth

. . _ and last columns each represent the visibility described in
where d(; ) is the Chamfer distance metric between two 2B qtion B and the nal instance-wise geometry. The rst
point clouds. For example, in the scene of Fig. 3, we st try,y originates from our real-world setup, while the second and
matching the instance set of | = f1,4;7g. If the objective,irq o comes from our photo-realistic Blender dataset. For
function is minimized below a prede ned threshold, we stog cases, INGRID successfully captures instance candidates
and return the instances | and transforms g Otherwise, i, 5 yree formulation, estimates, and exploits change to re ect
we split one of the nodes and_red_e ne I, eg, f1;4;79g ! and netune changes in the geometry.
f2;3;4;79, then solve the optimization again. We repeat this a0, we provide quantitative results regarding the ability
process until the alignment error is suf ciently low. of our model to obtain geometry and instance information. We
evaluate on our Blender dataset for accessibility to groundtruth
geometry and instance. We render RGB images to 50 view-

In this section, we introduce an efcient dynamic scenpoints uniformly sampled from a circle at 45 degrees altitude,
update scheme that leverages instance-wise transformsfrém which we retrieve estimates for surface normals and
and visibility information U derived from the few-shot inputinstances using [3, 31].

D. Selective Geometric Finetuning



Fig. 6: Instance candidate elds, visibility, and instance-wise geometry for various scenes. Different colors represent different instances in
the instance candidate tree and instance-wise geometry. In the instance candidate tree, we only depict the leaf nodes. The yellow region in
the visibility map represents a newly visible surface due to the change. INGRID successfully generates instance candidate trees and recover:
instance-wise geometry given a change. The recovered instances are shaded in orange in the instance candidate tree.

TABLE I: Geometric update performance of various methods. Metrics include visual surface discrepancy (VSD) of depth [21] and intersection
over union (loU) for 33 novel viewpoints. We report the average metrics over three sets of different viewpoints for each image count. Bold
represents the best results while underline refers to the second.

| VSD (#) | loU (") | Runtime (#)
Models | 2imgs 4imgs 8imgs 16imgg 2imgs 4imgs 8imgs 16imgy Average
INGRID (Update + Finetune + Visibility) 0.0385 0.0330 0.0307 0.0303 0.8672 0.8973 0.9132 0.914 17 sec
INGRID (Update + Finetune) 0.0465 0.0413 0.0387 0.0383 | 0.8673 0.8967 0.9131 0.9134 17 sec
INGRID (Update) 0.0433 0.0416 0.0407 0.0406| 0.8771 0.8875 0.8937 0.892 3 sec
INGRID (Scratch) 0.1842 0.0427 0.0343 0.0333 0.5155 0.8894 0.9550 0.957 62 sec
Dex-NeRF [23] (Update) 3.0190 2.6412 0.0934 0.0504 0.0769 0.8053 0.9353 0.9461 25 min
Dex-NeRF [23] (Scratch) 2.7979 2.6319 0.0992 0.0535 0.0695 0.4382 0.9351 0.945 50 min
NeRF [38] (Update) 0.8672 1.0712 0.1003 0.0687 0.0769 0.8053 0.9353 0.9461 25 min
NeRF [38] (Scratch) 1.7426 0.9968 0.0881 0.0716 0.0695 0.4382 0.9351 0.945! 50 min
Instant-NGP [39] (Update) 0.7123 1.1015 0.3884 0.0981 0.5807 0.7565 0.8472 0.861 25 sec
Instant-NGP [39] (Scratch) 0.3973 0.4515 0.3791 0.0900 0.1617 0.4455 0.7821 0.866! 50 sec

Table | compares the geometric accuracy of variations edch number of input images (e.g., 4 imgs), we perform 3
our model with other eld-based methods such Dex-NeRffials on different sets of viewpoints sampled by farthest point
[23], NeRF [38], and Instant-NGP [39]. For our method, theampling on a circle at 45 degrees altitude. For evaluation,
update scheme represents instance-wise rigid body transfoman render object depth and mask to 33 novel viewpoints.
obtained from Section IV-C, while netuning refers to geo-Our experiments demonstrate that INGRID accurately captures
metric netuning of Section IV-D. Visibility refers to whether scene geometry under change, while remaining ef cient in
visibility-based selective netuning of Section IV-D is appliedboth computation time and image input. With only 2 images,
For the update scheme of the baseline models, we follaur method can successfully transform objects in 3D space
the method of Evo-NeRF [27] by loading the trained weight@pdate) while netuning newly visible parts, in 17 seconds.
and resuming training. We compare in such a manner sinc
our update method cannot be directly applied on continuoH

eld representations such as Dex-NeRF [23], NeRF [38] a d OmniSeg3D [53]. The ablated versions (coarse, mid,

Instant-NGP [39]. ne) are given only xed types of masks from SAM [31],

We evaluate geometry with 2 metrics: Visual Surface Disvhich cannot be updated based on observed changes. Instead,
crepancy (VSD) [21] and Intersection over Union (loU). VSDhey represent the 3D instances we can obtain from passive
refers to the average error of the rendered object depth witisual observation. For Gar eld [29], we sweep the scale
respect to the groundtruth depth. loU measures the matgyperparameter from 0 to 0.40 in 0.05 steps, but display only
between rendered object masks and groundtruth masks. Siftoen 0 to 0.15, since Gar eld [29] outputs only a single cluster
viewpoint selection may drastically change the results, féor scales over 0.15. For fair comparison, we manually crop the

Crable 1 reports the instance identi cation performance of
r model, the ablated versions of our model, Gar eld [29],
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