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Abstract

Instance segmentation in 3D is a challenging task due to the lack of large-scale
annotated datasets. In this paper, we show that this task can be addressed effectively
by leveraging instead 2D pre-trained models for instance segmentation. We propose
anovel approach to lift 2D segments to 3D and fuse them by means of a neural field
representation, which encourages multi-view consistency across frames. The core
of our approach is a slow-fast clustering objective function, which is scalable and
well-suited for scenes with a large number of objects. Unlike previous approaches,
our method does not require an upper bound on the number of objects or object
tracking across frames. To demonstrate the scalability of the slow-fast clustering,
we create a new semi-realistic dataset called the Messy Rooms dataset, which
features scenes with up to 500 objects per scene. Our approach outperforms the
state-of-the-art on challenging scenes from the ScanNet, Hypersim, and Replica
datasets, as well as on our newly created Messy Rooms dataset, demonstrating the
effectiveness and scalability of our slow-fast clustering method.

1 Introduction

While the content of images is three-dimensional, image understanding has largely developed
by treating images as two-dimensional patterns. This was primarily due to the lack of effective
machine learning tools that could model content in 3D. However, recent advancements in neural field
methods [5, 40, 42, 49, 67] have provided an effective approach for applying deep learning to 3D
signals. These breakthroughs enable us to revisit image understanding tasks in 3D, accounting for
factors such as multi-view consistency and occlusions.

In this paper, we study the problem of object instance segmentation in 3D. Our goal is to extend
2D instance segmentation to the third dimension, enabling simultaneous 3D reconstruction and
3D instance segmentation. Our approach is to extract information from multiple views of a scene
independently with a pre-trained 2D instance segmentation model and fuse it into a single 3D neural
field. Our main motivation is that, while acquiring densely labelled 3D datasets is challenging,
annotations and pre-trained predictors for 2D data are widely available. Recent approaches have also
capitalized on this idea, demonstrating their potential for 2D-to-3D semantic segmentation [31, 37,

, 67] and distilling general-purpose 2D features in 3D space [29, 55]. When distilling semantic
labels or features, the information to be fused is inherently consistent across multiple views: semantic
labels are viewpoint invariant, and 2D features across views are typically learned with the same loss
function. Additionally, the number of labels or feature dimensions is predetermined. Thus, 3D fusion
amounts to multi-view aggregation.

When it comes to instance segmentation, however, the number of objects in a 3D scene is not
fixed or known, and can indeed be quite large compared to the number of semantic classes. More
importantly, when objects are detected independently in different views, they are assigned different
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Figure 1:Contrastive Lift takes as input several views of a scene (left), as well as the output of a
panoptic 2D segmenter (middle). It then reconstructs the scene in 3D while fusing the 2D segments,
which are noisy and generally labelled inconsistently between views, when no object association
(tracking) is assumed. Our method represents object instances in 3D space by a low-dimensional
continuous embedding which can be trained ef ciently using a contrastive formulation that is agnostic
to the inconsistent labelling across views. The result (right) is a consistent 3D segmentation of the
objects, which, once imaged, results in more accurate and consistent 2D segmentations.

and inconsistent identi ers, which cannot be aggregated directly. The challenge is thus how to fuse
information that is not presented in a viewpoint-consistent manner.

Recently, Panoptic Lifting4g] proposed to resolve the lack of multi-view consistency by explicitly

tting a permutation that aligns labels extracted from multiple views. Although this yields good
results, there are two drawbacks to this approach. Firstly, determining the permutation matrix involves
solving a linear assignment problem using Hungarian Matching for every gradient computation. The
cost of this increases cubically with the number of identi ers, which may limit scalability when
dealing with a large number of object instances. Secondly, the canonical label space, where the
permutation maps each 2D label, may need to be extensive to accommodate a large number of objects.

In this study, we propose a more ef cient formulation, which also leads to more accurate results.
To understand our approach, consider rst a 2D image segmenter: it takes anliraaggut and

It is natural to extend this mapping to 3D by introducing a functioithat associates each 3D
pointx 2 R2 with the labelY (x) of the corresponding object. To account for the fact that labels
are arbitrary and thus inconsistent between views, Panoptic Liftitigspeks an image-dependent
permutation matridP such thaty (x) = P y(u), whereu is the projection ok onto the image.

To address the aforementioned challenges with the linear-assignment-based approach, we identify
the labelsy(u) with coordinate vectors in the Euclidean spd&'e. The functionsy(u) can be
reconstructed, up to a label permutation, from the distadpg@1); y(u%)= ky(u) y(u9k, of such

vectors, as they tell whether labels of two pix@lsu® are the same or different, without considering

the speci c labelling. Notably, similar to compressed sensing, we can seek lower-dimensional
projections of the vectorg that preserve this information. With this in mind, we replace the 3D
labelling functionY with a low-dimensional Euclidean embeddirigx) 2 RP . Then, we supervise

the embeddings such that their distandeé x); ( x9) d(y(u);y(u?®) are suf ciently similar to

that of corresponding 2D label embeddings.

This approach has two advantages. First, it only requires learning vectors of dimensiDnalitly

which is independent of the number of objectsSecond, learning this function does not require
solving an assignment problem; rather, it only considers pairwise distances. Hence, the complexity of
computing the learning objective is independent of the number of objects in the scene.

We translate this idea into a neural fusion eld framework, which we Calhtrastive Lift We
build on the recent progress in self-supervised learning, and combine two key ideas: the usage of a



contrastive loss, and the usage of a slow-fast learning scheme for minimizing the latter in a stable
manner. We believe to be the rst to introduce these two ideas in the context of neural elds.

We compare our method to recent techniques including Panoptic Liftitfjgoh standard 3D instance
segmentation benchmarksz. ScanNet { 3], Replica (0], and Hypersim46]. To better demonstrate

the scalability of our method to a very large number of object instances, we introduce a semi-realistic
Messy Rooms dataset featuring scenes with up to 500 objects.

2 Related Work

Neural Radiance Fields (NeRFs).NeRF [1(] and its numerous variant§g,[5, 34, 36, 47] have
achieved breakthrough results in generating photorealistic 3D reconstructions from 2D images of a
scene. These systems typically represent the scene as a continuous volumetric function that can be
evaluated at any 3D point, enabling high-quality rendering of novel views from any viewpoint.

Objects and Semantics in NeRFWhile NeRF by default offers low-level modelling of radiance

and geometry, recent methods have expanded the set of tasks that can be addressed in this con-
text to includesemantic3D modelling and scene decomposition. Some works use neural scene
representations to decompose scenes into foreground and background without supervision or from
weak signals17, 41, 47, 56, 62, 63], such as text or object motion. Others exploit readily available
annotations for 2D datasets to further extend the capabilities of NeRF models. For example, Semantic
NeRF [67] proposes to incorporate a separate branch predicting semantic labels, while@eSF [
predicts a semantic eld by feeding a density eld as input to a 3D semantic segmentation model.

Closer to our work are methods that employ NeRFs to address the problem of 3D panoptic segmen-
tation [L9, 26, 31, 48, 61]. Panoptic NeRF19] and Instance-NeRF2[] make use of 3D instance
supervision. In Panoptic Neural Fieldsl], each instance is represented with its own MLP but
dynamic object tracking is required prior to training the neural eld. In this work, we focus on the
problem of lifting 2D instance segmentation to 3D without requiring any 3D masks or object tracks.
A paper most related to our work is Panoptic Lifting], which also seeks to solve the same problem,
using linear assignment to make multi-view annotations consistent. Here, we propose a more ef cient
and effective technique based on learning permutation-invariant embedding vectors instead.

Fusion with NeRF. The aforementioned works, such as Semantic NéRFdr Panoptic Lifting f:g],

are also representative of a recent research direction that seklsetbe output of 2D analysis

into 3D space. This is not a new idea; multi-view semantic fusion methags}, 37, 38,

predate and extend beyond NeRF. The main idea is that multiple 2D semantlc obsermgons (
noisy or partial) can be combined in 3D space and re-rendered to obtain clean and multi-view
consistent labels. Instead of assuming a 3D model, others reconstruct a semantic map incrementally
using SLAM [32, 43, 53]. Neural elds have greatly improved the potential of this idea. Instead

of 2D labels, recent works, such as FEDJ, N3F [55], and LERF 7], apply the 3D fusion idea

directly to supervised and unsupervised dense features; in this manner, unsupervised semantics can
be transferred to 3D space, with bene ts such as zero-shot 3D segmentation.

Slow-fast contrastive learning. Many self-supervised learning methods are based on the idea of
learning representations that distinguish different samples, but are similar for different augmenta-
tions of the same sample. Some techniques build on InfoNi@E5[/] and, like MoCo P3| and
SimCLR [7], use a contrastive objective. Others such as SWA¥rfd DINO [4] are based on online
pseudo-labelling. Many of these methods stabilise training by using mean-teactjeeddo called
momentum encoder§§]. The idea is to have two versions of the same networflast'student”
network supervised by pseudo-labels generated fratowa “teacher” network, which is in turn
updated as the moving average of the student model. Our formulation is inspired by this idea and
extends it to learning neural elds.

Clustering operators for segmentation. Some works 4, 18, 30, 45] have explored using clustering

of pixel-level embeddings to obtain instance segment assignments. Recent Wik [earn a
pixel-cluster assignment by reformulating cross-attention from a clustering perspective. Our proposed
method, Contrastive Lift, is similar in spirit, although we learn the embeddings (and cluster centers)
using volumetric rendering from 2D labels.



Figure 2: Overview of the Contrastive Lift architecture. See Section 3 for details.

3 Proposed Method: Contrastive Lift

Here and in Fig. 2, we describe Contrastive Lift, our approach for fusing 2D instance segmentation
in 3D space. Animage is a mappihg ! R?3, where is a pixel grid inR?, and the values are

RGB colours. We have a set of imagesaptured in the same scene and, for each inha@j¢ , we

have its camera pose2 SE(3) as well as object identity labels: ! f 1;:::;Lgobtained from

a 2D instance segmentation model for the imbhg&he labels/ assigned to the 3D objects in one
imagel and the labelg®in another imagé®are in general not consistent. Furthermore, these 2D
label maps can be noisy across views.

We use this data to t a neural eld. The latter is a neural network that maps 3D coordinates
x 2 R® to multiple quantities. The rst two quantities are density, denoted bR® 7! [0; 1], and
radiance (colour), denoted loy. R®  S? 7! [0; 1]°. Following the standard neural radiance eld
approach §6], the colourc(x; d) also depends on the viewing directidr?2 S?. The third quantity is
aD-dimensional instance embedding (vector) denoted aR® 7! RP . Each 3D coordinate is also
mapped to a semantic embedding that represents a distribution over the semantic classes.

Differentiable rendering. The neural eld associates attributes (density, colour, and embedding
vectors) to each 3D point 2 R®. These attributes are projected onto an imagaken from a
viewpoint via differentiable ray casting. Given a pixel locatior?2  in the image, we takdl
successive 3D samples2 R3,i =0;:::;N 1 along the ray from the camera center through the
pixel (so that(u;f) / L(ri) wheref is the focal length). The probability that a photon is not
absorbed when travelling from sampleto samplerj+; is ex (ri) i) where = kri+1  riks

is the distance between points. Tirensmittance ; = exp( ;:01 (rj) j) is the probability that

the photon travels through sample The projection of any neural elél onto pixelu is thus given

by the rendering equation:

K 1 X 1

R(ujf;; )= fri)(i 1) = f(ri) (L exp(  (ri) i) (1)

i=0 i=0

In particular, the colour of a pixel is reconstructed &8) R (ujc( ;dy); ; ) where the viewing
directiond, = ro=kroks. The photometric loss is thus:

R o e
Lres(c J1)= = KI(W) R (uie(idh); 5 K™ )

u2

Instance embeddings and slow-fast contrastive learningThe photometric los§2) learns the
colour and density eldgc; ) from the available 2D viewk. Now we turn to learning the instance
embedding eld : R3 7! RP: As noted in Section 1, the goal of the embeddings is to capture the
(binary) distances between pixel labels suf ciently well. By that, we mean that the segments can be
recovered, modulo a permutation of their labels, by singhlgteringthe embeddings a posteriori.



We cast learning the embeddings as optimising the following contrastive loss function:

P
. 1 X oo~ Ly(u= yuoy €xXpsim( u; uwop ) _
L ; = = |og—Y2p YW=yl ; =R ;; );
contr( JY) i Juz g Lo exp(S|m( Ul o )) u ( ) )
3)

wherel is the indicator function, ansim(x; x% )=exp( kx x%?)is a Gaussian RBF kernel

used to compute the similarity between embeddings in Euclidean space. Therefore, pixels that belong
to the same segment are considered positive pairs, and their embeddings are brought closer, while
the embeddings of pixels from different segments are pushed apart. It is worth emphasizing that,
since the object identity labels obtained from the underlying 2D segmenter are not coraisieat
images/ contr is Only applied to positive and negative pixel pairs sampled fronsémeeimage.

While Eq. (3) is logically sound, we found it to result in gradients with high variance. To address
this, we draw inspiration from momentum-teacher approaches P4] and de ne aslowly-updated
instance embedding eld”, with parameters that are updated with an exponential moving average of
the parameters of , instead of gradient descent. With this, we reformulate Eq. (3) as:

P
X 1y(u)= exp(sim( y; o;
L 5 iviy= 2T log e bye v EXPEIMCu; i ), )
14 uz2 uo2 zexp(S|m( us o))
where , = R(uj ;; ),ando= R(uY~;; ). Here, we randomly partition the pixelsinto

two non-overlapping sets; and », one for the “fast” embedding eld , and another for the “slow”
eld ~. This avoids the additional cost of predicting and rendering each pixel's embedding using
both models, and allows the computational cost to remain the same as for Eq. (3).

Concentration loss. In order to further encourage the separation of the embedding vectans
thus simplify the extraction of the objects \@gposterioriclustering, we introduce a loss function
that further encourages the embeddings to form concentrated clusters for each object:

1 X P 1 _ 2

. o = 0 0

Leond 5 JY57= — u Pz >:ll_(U) o : )
I, uo2 , +y(u)=y(uo

1

This loss computes a centroid (average) embedding as predicted by the “slow” ahdl penalizes

the squared error between each embedding (as predicted by the “fast” )eldd the corresponding
centroid. While this loss reduces the variance of the clusters, it is not a suf cient training objective by
itself as it does not encourage the separation of different clusters, as done by Eqgs. (3) and (4).

Semantic segmentation.For semantic segmentation, we follow the same approach as Semantic
NeRF [57], learning additional embedding dimensions (one per semantic class), rendering labels in
the same manner as Eq. (1), and using the cross-entropy loss for tting the semantic eld. Additionally,
we also leverage the segment consistency loss introducéd]imhich encourages the predicted
semantic classes to be consistent within an image segment.

Architectural details. Our neural eld architecture is based on TensoRF For the density, we

use a single-channel grid whose values represent the scalar density eld directly. For the colour, a
multi-channel grid predicts an intermediate feature which is concatenated with the viewing direction
and passed to a shallow 3-layer MLP to predict the radiance eld. The viewing directions are encoded
using a frequency encoding(, 5¢]. For the instance embedding eld (and also the “slow” eld

~ which has the exact same architecture as the “fast” eJdwe use a shallows-layer MLP that
predicts an embedding given an input 3D coordinate. The same architecture is used for the semantic
eld. We use raw 3D coordinates directlyithouta frequency encoding for the instance and semantic
components. More details are provided in the supplementary material.

Rendering instance segmentation mapsAfter training is complete, we sampléP® pixels from
100random viewpoints (not necessarily training views) and rendefaténstance eld at these

pixels using the corresponding viewpoint pose. The rend&@d D embeddings are clustered

using HDBSCAN B9 to obtain centroids, which are cached. Now, for any novel view, the eld

rendered and for each pixel, the label of the centroid nearest to the rendered embedding is assigned.



Figure 3: Messy Rooms dataset visualization. Left: physically realistic static 3D scend®l with
objects from GSO15]. Middle: M camera viewpoints sampled in a dome-shaped shell. Right:
ground-truth RGB and instance IDs, and instance segmentations obtained from Detic [68].

4 Messy Rooms Dataset

In order to study the scalability of our method to scenes with a large number of objects, we generate a
semi-realistic dataset using Kubri¢(]]. To generate a scene, we rst spainrealistically textured
objects, randomly sampled from the Google Scanned Objects datggaetithout any overlap. The
objects are dropped from their spawned locations and a physics simulation is run for a few seconds
until the objects settle in a natural arrangement. The static scene is renderdd fiomward-facing
camera viewpoints randomly sampled in a dome-shaped shell around the scene. Background, oor,
and lighting are based @60 HDRI textures from PolyHaven [66] projected onto a dome.

Speci cally, we create scenes withh = 25;50; 100, and5000bjects. The number of viewpoints]

is set tomin(1200; b600 N=se), and the rendered image resolutio®b2 512 To ensure that

the focus is on the added objects, we use background texdltteomandlarge_corridor from
PolyHaven that do not contain any objects. A totaBafcenes are generated. The use of realistic
textures for objects and background environments makes them representative of real-world scenarios.

Additionally, we would like to maintain a consistent number of objects per image as we increase
the total number of objects so that the performance of the 2D segmenter is not a factor in the nal
performance. Firstly, we ensure that the oor area of the scene scales proportionally with the number
of objects, preventing objects from becoming densely packed. Secondly, the cameras move further
away from the scene as its extent increases. To ensure that the same number of objects is visible in
each imagq) regardless of the scene size, we adjust the focal length of the cameras acdoedingly,

f =35:0 N=p5, creating an effect similar to magni cation. This approach ensures a comparable
object distribution in each image, while enabling us to study the scalability of our method.

We render the instance IDs from each camera viewpoint to create ground-truth instance maps. These
ground-truth instance IDs remain consistent (tracked) across views, as they are rendered from the
same 3D scene representatioRigure 3 shows illustrative examples from the dataset, which we
nameMessy RoomsFor evaluation (Section 5), semantic maps are required. As there is a large
variety of different object types in Kubric, there is no off-the-shelf detector that can classify all of
these, and since we are interested in the instance segmentation problem, rather than the semantic
classes, we simply lump all object types in a single “foreground” class, which focuses the evaluation
on the quality of instance segmentation. More details about the dataset are provided in Appendix A.

5 Experiments

Benchmarks and baselinesWe train and evaluate our proposed method on challenging scenes from
the ScanNet13], Hypersim [16], and Replica§(] datasets. We compare our method with Panoptic
Lifting (PanopLi) [48], which is the current state-of-the-art for lifting 2D panoptic predictions
to 3D, along with other 3D panoptic segmentation approaches: Panoptic Neural Bidldad

1In all experimentstrackedground-truth instance maps are used only for evaluation and not to train models.



