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Abstract

Learning object-centric representations of multi-object scenes is a promising ap-
proach towards machine intelligence, facilitating high-level reasoning and control
from visual sensory data. However, current approaches for unsupervised object-
centric scene representation are incapable of aggregating information from multiple
observations of a scene. As a result, these “single-view” methods form their repre-
sentations of a 3D scene based only on a single 2D observation (view). Naturally,
this leads to several inaccuracies, with these methods falling victim to single-view
spatial ambiguities. To address this, we propose The Multi-View and Multi-Object
Network (MulMON)'—a method for learning accurate, object-centric represen-
tations of multi-object scenes by leveraging multiple views. In order to sidestep
the main technical difficulty of the multi-object-multi-view scenario—maintaining
object correspondences across views—MulMON iteratively updates the latent ob-
ject representations for a scene over multiple views. To ensure that these iterative
updates do indeed aggregate spatial information to form a complete 3D scene
understanding, MulMON is asked to predict the appearance of the scene from
novel viewpoints during training. Through experiments we show that MulMON
better-resolves spatial ambiguities than single-view methods—learning more accu-
rate and disentangled object representations—and also achieves new functionality
in predicting object segmentations for novel viewpoints.

1 Introduction

Traditional VAEs[15] use “single-object” or “flat” vector representations that fail to capture the
compositional structure of natural scenes, i.e. the existence of interchangeable objects with common
properties. As a result, “multi-object” or object-centric representations have emerged as a promising
approach to scene understanding, improving sample-efficiency and generalization for many down-
stream applications like relational reasoning and control [5, 20, 3]. However, recent progress in
unsupervised object-centric scene representation has been limited to “single-view” methods which
form their representations of 3D scenes based only on a single 2D observation (view). As a result,
these methods form inaccurate representations that fall victim to single-view spatial ambiguities (e.g.
occluded or partially occluded objects) and fail to capture 3D spatial structures.

'Code available at https://github. com/NanboLi/MulMON
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Figure 1:Left: Multi-object-multi-view setupv? denotes the query viewpoint, whilg denotes

“slot” k, i.e. the latent object representation of a scene obiight: MulMON overview Starting

with a standard normal prior, MulMON iteratively re nesover multiple views, each time reducing

its uncertainty about the scene—as illustrated by the darkening, white-to-blue arrow. Within-view
“inner loop” iterations are depicted by the green arrows and boxes. Cross-view “outer-loop” iterations
are depicted by the white-to-blue arrows and boxes. At the bottom, we have visualised MulMON's
reduction in uncertainty abouatin image space, where each image shows the per-pixel variance
of MUIMON's predicted observation from query viewpowft. MuIMON's nal predictions forv?
(observation and segmentation) are shown to the right of the vertical dotted line.

To address this, we present MulIMON (Multi-View and Multi-Object Network)—an unsupervised
method for learning object-centric scene representations from multiple views. Using a spatial
mixture model [ (] and iterative amortized inferencéq], MulMON sidesteps the main technical

dif culty of the multi-object-multi-view scenario—maintaining object correspondence across views—
by iteratively updating the latent object representations for a scene over multiple views, each time
using the previous iterations posterior as the new prior. To ensure that these iterative updates do
indeed aggregate spatial information, rather than simply overwrite, MulIMON is asked to predict the
appearance of the scene from novel viewpoints during training. Given imagestaifescene from

several viewpoints, MulIMON forms an object-centric representation, then uses this representation to
predict the appearance and object segmentations of that scene from unobserved viewpoints. Through
experiments we demonstrate that:

MulMON better-resolves spatial ambiguities than single-view methods like IODS\E [
while providing all the bene ts of object-based representations that “single-object” methods
like GQN [8] lack, e.g. object segmentations and manipulations (see Section 5).

MulMON accurately captures 3D scene information (rotation along the vertical axis) by
integrating spatial information from multiple views (see Section 5.3).

MulMON achieves both inter- and intra-object disentanglement—enabling both single-
object and single-object-property scene manipulations (see Section 5.3).

MulMON represents the rst feasible solution to tineulti-object-multi-view problem
permitting new functionality like viewpoint-queried object-segmentation (see Section 5.2).

2 Background

2.1 Multi-object representations

Assuming a single observation or view for now, we can formally describe the goal of “multi-object”
(i.e. object-centric) scene learning as that of computing the post&derz,; :::; z jx*), where



K is the number of 3D objects in the scene including the background “objgct?, RP is a

D -dimensional latent representation of objecandx* 2 RM is a 2D image wittM pixels. AsK is
unknown, recent “multi-object” works/| 9] have xed K globally to be a number that is suf ciently

large (greater than actual number of objects) to capture all the objects in a scene and allowing for
empty slots. Thus, we will us€ to represent the number of objestbtshereafter.

2.2 Multi-object representations from multiple views

As 2D views of 3D scenes are inherently under-speci ed, they often contain spatial ambiguities
(e.g. occlusions or partial occlusions). As a result, “single-view” methods often learn inaccurate
representations of the underlying 3D scene. To solve this, it is desirable to aggregate information
from multiple views into a single accurate representation of the (static) 3D scene. Recently, this was
achieved with some success by GON for single-object (i.e. single-slot) representations. However,
doing so for multi-object representations is much more challenging due to the dif cultly of the object
matching problem, i.e. maintaining object-representation correspondences across views. As a result,
this multi-object-multi-view(MOMV) problem remains unsolved.

With this in mind, we can de ne a more general object-centric scene representation learning problem
as that of learning a representation ¢ aobject scene based dnuncalibrated observations from ran-

dom viewpoints, where the scenes are static and assumed to be a spatial con guration that is indepen-
dent of the observer. Formally, this involves computing the postp(i@r, zo; :::; zk jx*; x2; 2 x 7).

Since a 2D observation of a 3D scene must be associated with a viewpoint, we can better specify the
problem as that of computing(z;; zo; :2:; z jx*; x%; 2 x T ;v v2; s vT), wherevt 2 RY s the
viewpoint associated with image. This can be written more compactly p& = f z, gjf (x*; v')g),

where both the latent object set f z,g and observation sé(x'; vt)g are permutation-invariant.

3 Method

Our goal is to learn structured, object-centric scene representations that accurately capture the spatial
structure of 3D multi-object scenes, and to do this by leveraging multiple 2D views. Key to achieving
this is 1) an outer loop that iterates over views, aggregating information while avoiding the object
matching problem, and 2) a training procedure that ensures that these outer loops are indeed used to
form a complete 3D understanding of the scene, rather than just overwriting each other. We detail 1)
in Section 3.1, and 2) in Section 3.4. Additionally, we describe the viewpoint-conditioned generative
model and iterative inference procedure in Sections 3.2 and 3.3 respectively.

(a) Graphical model (b) Viewpoint-conditioned generative model

Figure 2: (a) Graphical view of MuIMON's cross-view iterations. The two core components, a
viewpoint-conditioned generative model (Section 3.2) and an inference model (Section 3.3), are
shown in blue and green boxes respectively. (b) For viewpoint-conditioned generation, eacK of the
latent object representatiomg are transformed w.r.t. a viewpoiat using the functiorf 1, before

being passed through a decoder to render a viewpoint-queried observation As showng -
actually outputs the pixel-wise meang and predicted object masksftmax (mhy ) of the spatial
Gaussian mixture model, which are combined toxget



3.1 lIterating over views

Cross-view iterations (outer loop). For a static scene, we consider that the latent scene representa-
tion z = fzcgis updated sequentially ifi steps as th& observations are obtained one-by-one from
t=1tot = T, wheret denotes the updating step. This suggestszhit obtained by updating' !

using a new observatioxt, taken at viewpoint' (see the green box in Figure 2a). Therefore, by
making an assumption that= z' for any integet 2 [1; T], we can compute the target multi-view
posterior in a recursive form as:

.
Pz = fzagx™T;viT) = p(z°)  p(Z'ix' vzt ) (1)
t=1

wherez, ! is the latent representation of a scene object (indexek) lyeforeobservingx! at
viewpoint Vv, z} the representation afterwards. gu@®) the initial guess which we assume to

be a standard Gaussian distributidr{0; 1). The formulation in equation 1 turns the multi-view
problem into a recursive single-view problem and, in theory, enables online learning of scenes from
an in nitely large number of observations without causing memory over ow.

Within-view iterations (inner loop). As shown in Figure 2, MulMON consists of a scene-
representation inference model and a viewpoint-conditioned generative model. In each iteration,
the inference model starts with a prior assumption aboukthebjects in the latent space, i.e.

z= 2" = fz 'g,and approximates the target postepéz' = f z\ gjx';vi;z! 1) after observing

x! at viewpointvt. The approximation, as mentioned in Section 1, is handled by iterative amortized
inferencel 9] and the approximate posterior is passed to the next iteration as the prior assumption.
Therefore, a single iteration is a single-view process that takes a latent priorzibbet fzf( 19

and an image observatioth (taken at a viewpoint!) as inputs. We call the single-view iterative
process thénner loop and the cross-view Bayesian updating process (see equationdytdérdoop

3.2 Generative Model

We model an image' with a spatial Gaussian mixture mod&i[ 10], similar to MONet}] and
IODINE[9], and additionally we take as input (condition on) the viewpeintWe can then write the
generative likelihood as:

t-t.t:\MX( Cl = kizt -\t toot.ty. 2
p (X'jz'; V') P (Ci = Kjz;v') p (Xiiz: V'), 3
i=1 k=1

wherex!, are the RGB values in imadeat at a pixel location that pertain to objedt, p (x} jz; V")

is the Gaussian density function parametrized by a neural netwarkdmjy is the mixing coef cient

for objectk and pixeli, i.e. the probability that pixel is assigned to th&-th object. More

formally, mi = p (C! = Kkjzi;Vv'), whereC! is a categorical random variable a@j = k

represents the event that pixes assigned to thk-th object. This is an important property for object

segmentation, as it implies that every pixelkihmust be explained by one and only one object.

Together, thev mixing coef cients for objeck (one per pixel) form a soft object segmentation mask

myg = p (C' = kjzk; v'). We assume all pixel valueg, are independent given the corresponding

latent object representatia and viewpointv', and simplify computations by using a xed variance
2 = 0:01for all pixels. In practice, we split the parameterimto two pieces, ! and 2, in order

to handle the viewpoint-queried neural transformation and observation-generation separately in

two consecutive stages. That is, we rst transform ihéatent object representatiom$ w.r.t. a

viewpointvd using the functiorf 1, then we pass the output through a decaglerin order to render

a viewpoint-queried observatior?. We illustrate this process in Figure 2b and Algorithm 1.

3.3 Inference

Equation 1 simpli es the inference problem by breaking the computation of the multi-object-multi-
view posteriomp(z = fzcgjf (x';v')g), into a recursive computation of multi-object-single-view
posteriors,p(z'jx'; vt;zt 1). However, exact inference qi(z' = fzigjx';vt;zt 1) is still in-
tractable. Similar to IODINE]], we apply iterative amortized inferend€] to approximate the



intractable target posterior. However, unlike IODINE which always initializes the prior from a
standard Gaussian, the inference model of MuIMON takes an approximate posterior from last iter-
ation as the prior. Hence, we approximate the intractable posteriogwigjx!; vt;z! 1), where

=f «g= f( k; k)9 parametrizes a set of object-speci ¢ Gaussian distributions in the latent
space. We denote the number of iterations for the inner looplwitnd each iteration is indexed by
I. The parameter update in the iterative inference is thus:

t(l) k tigt. gt ot 1
Z, q(k|>(zij iz )

+1) k(I ORI .
(k+) E<)+f (Zk(),Xt,Vt,a()), (3)
where the re nement functiof , with trainable parameter, is modeled by a recurrent neural

network. The® and ¥ operators denote parallel operations dkeindependent object slots. The
same auxiliary inputs such as mask gradients L and posterior gradiemt , L, whereL is the
objective function of MulIMON (will be discussed in Section 3.4), as that of IODINE are also adopted
to re ne the posterior. These auxiliary inputs are computed by a funetfgn namely the “auxiliary

function”, which takes in the re nement function's inputs along with the posterior param%ier

Algorithm 1: MulMON at Test Time: Online Scene Learning

Input: Trained parameters,

HyperparametersK, 2=0:01,L Initialize °=f 29 f ( «=0; « = 1)g;

/* The outer loop for scene learning */
fort=11toT do

Accessa scene observatiofx!; vt);

prior — t(0) t 1.

/* The inner loop for observation aggregation */

forI=0toL 1do
PAlONN NI CAIOFRIOM
faimyg  ga(f +(20;v);
fm(k')g sqftmax (fl‘?‘.]f(lk)g);.
[* The spatial Gaussian mixture *
p (xjz vty T mIN (s 2
if | ==0 then
| L logp (xtjzt®;wh;
else
L LY D IN@O; OGN (2O )] Togp (xz40;v);

| t(1+1) t) 4 f (Z;(l);xt;vt;a( DE

t t(1+1) -

The variational approximate posterior of MUIMON is thus:

Y
q (z= fzgix*T;viT) = (2% g (@'x5vh2 ), (4)
t=1

where the initial guesg(z°) is a standard Gaussian and this is the samEzY in equation 1. We
refer to Algorithm 1 for more details about MuIMON's inference process and its behaviors at test
time.

3.4 Training

Similar to IODINE, MulMON learns the decoder parameteend the re nement network parameters
by minimizing Dy [q (zjx¥T;vET)jip (zjx¥T ;v T)], which is equivalent to maximizing the

evidence lower bound (i.e. the ELBO, denoted.a$n a generative con guration. However, instead

of directly maximizing the ELBO like IODINE, we simulate novel viewpoint-queried generation in



the training process (similar to GON [8]). By asking MulMON to predict the appearance of a scene
from unobserved viewpoints during training, we ensure that the iterative updates are indeed used
to aggregate spatial information across views, as a complete 3D scene understanding is required to
perform well. More formally, we randomly partition the setoscene observatiorigx'; vt)g into

two subset§ andQ, withn U (1;5) observations iT and the remainind n observations in

Q. We perform scene learning dnand novel viewpoint-queried generation Qn We thus derive

the MulIMON ELBO (for one scene sample) as:

1 X tigt.  t 1 X gist.y,0
L=75 Eq@pllogp (xjz5v)l+ i Eq zj)llogp (x%jz";vY)]
) Jt2T ] ]qZQ;tT
ix IG t. t. .ot 1 5
il (x4 vh 2t ) %)

t27

wherelG is the information gain (aka. Bayesian surprise), the opergtipmeasures the size of

a discrete set, angl (z!] ) is an abbreviation of the variational postergpi(ztjx'; vt; zt 1), from

which we sample' by applying ancestral sampling. In practice, we use an ef cient approxima-
tion of the information gain, i.e. an approxima@® Dy, [q (z!jx';vt; 2t Dijig (24jvt; 2t )] or

Di. [ (z = zZtjxt;vh; xEt LvEt Djig (z = z¢ Ljx*t 1;vIt 1)]. Note that using a xed num-

ber of observations could harm the model's robustness at test time, hence why we randomly partition
the observations into size-varying s&tsaandQ during training, i.e. we train the model with varying
number of observations. See Appendix A for full details of the training algorithm of MuIMON.

4 Related Work

Single-object-single-view (SOSV). Many recent breakthroughs in unsupervised representation
learning of have come in the form of “disentanglement” modeis ¢, 14] that seek feature-attribute-

level understanding by encouraging e.g. independence among latent dimensions. However, most
of these models focus on a single view of a single object that has been placed in front of some
background (e.g. dSprites, CelebA, 3D Chairs). As a result, they fail to i) generalize to more realistic,
multi-object scenes, and ii) accurately capture 3D scene information (e.g. resolve single-view spatial
ambiguities and estimate e.g. rotation along the vertical axis).

Multi-object-single-view (MOSV). To avoid the additional computational complexities of factoris-

ing or segmenting the objects in a scene into expfiitti-objectrepresentations, many works have

used pre-segmented imagés,[26]. However, this comes at the cost of decreased representational
power (good object representation requires good object segment@ji@aml a reliance on annotated

data. In addition, these works struggle in a multi-view scenario where pre-segmented images require
consistent multi-frame object registration and tracking, since the segmentation and representation
models work independently. More recently, several woik9[ 18, 17, 1] have succeeded in approxi-
mating the factorized posterip(z;; z; :::; zx jx) within the VAE framework, achieving impressive
unsupervised object-level scene factorization. However, being single-view models, they fall victim
to single-view spatial ambiguities. As a result, they fail to accurately capture the scene's 3D spatial
structure, causing problems for object-level segmentation. To overcome this and learn object-based
representations that accurately capture 3D spatial structures, MulIMON essentially extends these
models to the multi-view scenario.

Single-object-multi-view (SOMV). Recently, unsupervised models like GQN §nd EGQN P2

have been quite successful in aggregating multiple observations of a scene into a single-slot rep-
resentation that accurately captures the spatial layout of the 3D scene, as shown by their ability
to predict the appearance of a scene from unobserved viewpoints. However, being single-slot or
“single-object” models, they fail to achieve object-level scene understanding in multi-object scenes,
and as a result, miss out on the aforementioned bene ts of object-centric scene representations. To
overcome this, MulMON essentially extends these models to the case of multi-object representations.
In addition, several works have sought explicit 3D representations either in the latent 3ijace [

or output space4, 2]. However, due to the complexity of 1) working with explicit 3D object
representations and 2) maintaining object correspondences across views, these works have been
limited to single-object scenes (often quite simple, with “ oating” objects placed in front of a plain
background).



Figure 3: Qualitative comparison of MuIMON vs. IODINE in terms of scene segmentation per-
formance.Top: L) Reconstruction and segmentation comparison on a CLE-MV data sample. R)
Individual masked-object generation using each object's representation independently (see Appendix
C for the computation detailsBottom: Segmentation performance on CLE-Aug and GQN-Jaco
data samples (speci c colors arbitrary).

Multi-object scenes in videos. While some works in multi-object discovery and tracking in videos
appear to be MOMV modelds p, 17], they in fact work with one view per scene (abiding strictly by
our de nition of a scene in Section 2) and are only capable of dealing with binarizable MNIST-like
images.

5 Experiments

Our experiments are designed to demonstrate that MulMON is a feasible solution to the MOMYV prob-
lem, and to demonstrate that MulMON learns better representations than the MOSV and SOMV mod-
els by resolving spatial ambiguity. To do so, we compare the performance of MulIMON against two
baseline models, IODINE] (MOSV) and GQNE] (SOMV), in terms of segmentation, viewpoint-
queried prediction (appearance and segmentation) and disentanglement (inter- and intra-object). To
best facilitate these comparisons, we created two new datasets called CLEVR6-MultiView (abbr.
CLE-MV) and CLEVR6-Augmented (abbr. CLE-Aug) which contain ground-truth segmentation
masks and shape descriptions (e.g. colors, materials, etc.). The CLE-MV dataset is a multi-view,
observation-enabled variant (10 views per scene) of the CLEVR6 datasdt[ The CLE-Aug adds

more complex shapes (e.g. horses, ducks, and teapots etc.) to the CLE-MV environment. In addition,
we compare the models on the GQN-Jaco datékat[d use the GQN-Shepard-Metzler7 dateédet|

(abbr. Shep7) for a speci c ablation study. We train all models using an Adam optimizer with an
initial learning rated:0003for 30k gradient steps. In addition, all experiments were run across ve
different random seeds to simulate scenarios of different observation orders and view selections. For
more details about the four datasets and model implementations see Appendix B and C respectively
in the supplementary materials.

5.1 Scene Factorization

The ability of MuIMON to perform scene object decomposition in the scene learning phase is crucial
for learning object-centric scene representations. We evaluate its segmentation ability by computing
mean-intersection-over-union (mloU) scores between the output and the GT masks. However, since
the segments produced by IODINE and MulMON are unordered, GT masks and object segmentation
masks need to rst be one-to-one registered for each scene. We solve this matching problem by rst
computing every possible object pairs of GT object masks and outputs, then, for each GT object
mask, we nd the output object mask that gives the highest loU score. Table 1a shows that MuIMON
outperforms IODINE in object segmentation. The qualitative comparison in Figure 3 shows that
IODINE captures each object well independently but fails to understand the spatial structure along
depth directions (3D) — as described by the Categorical distribution (see Section 3.2). Note that
IODINE's poor segmentation performance is mostly due to its poor handling of the background, i.e.
its tendency to split up the background. Although the background is often considered a less-important



Models | CLE-MV CLE-Aug Models | CLE-MV CLE-Aug

GQN | N/A N/A GQN | N/A N/A
IODINE | 0:1891 0:0000 05137 0:0007 IODINE | N/A N/A
MulMON | 0:7852 0:0008 0:7076 0:0004 MulMON | 0:7845 0:0011 0:6860 0:0006
(a) Object Segmentation mloU Scores (b) Predicted Object Segmentation mloU Scores
Models | CLE-MV CLE-Aug GQN-Jaco Models | Disent. Compl. Inform.
GQN | 0:1426 0:0002 01482 0:0001 01675 0:0013 GON | N/A N/A N/A
IODINE | N/A N/A N/A IODINE | 0:47 0:00 Q60 001 067 0:01
MulMON | 0:0464 0:0004 0:0733 0:0003 0:1607 0:0018 _MulMON | 0:65 0:01 0:73 0:01 0:78 0:00
(c) Predicted Observation RMSE (pixel avg.) (d) Disentanglement Analysis (CLE-MV)

Table 1: Quantitative comparisons of MulMON, IODINE and GQN. “N/A’ denotes cases where a
model isunableto perform a task. In tables (a), (b) and (d), higher is better and 1 is best. For table
(c), lower is better and 0 is best.

Figure 4: Qualitative results on novel-viewpoint predictibeft: Working example of MulMON,
including uncertainty reduction across views, for a GQN-Jaco sarRgdgt: Qualitative comparison
between MulIMON and GQN.

“object”, correct handling of the background demonstrates better spatial-reasoning ability. Together,
all of these results suggest that MuIMON learns better single-object representations and spatial
structures by overcoming spatial ambiguities.

5.2 Novel-viewpoint Prediction

MulMON can predict both observations and segmentation for novel viewpoints. This is the major
advantage of our model (a MOMV model) over the MOSV and SOMV models in scene understanding.
For our evaluation of online scene learning, each model is provided with 5 observations of each
scene and then asked to predict both the observation and segmentation for randomly-selected novel
viewpoints. We compute the root-mean-square error (RMSE) and mloU as quality measures of the
predicted observation and segmentation respectively. Table 1c shows that MulIMON outperforms
GQN on novel-view observation prediction. Table 1b shows that MulMON is the only model that can
predict the object segmentation for novel viewpoints — and it does so with a similar quality to the
original object segmentation (compare with Table 1a). However, as shown in Figure 4, GQN tends to
capture more pixel details than MulMON, albeit at the risk of predicting wrong spatial con gurations.

5.3 Disentanglement Analysis

To evaluate how well MulIMON performs disentanglement at both the inter-object level and the
intra-object level, we run disentanglement analyses on the representations learned by MulMON.
For our qualitative analysis, we pick one Kf objects in a scene, and traverse one dimension

of the learned object-representation at a time. Figure 5 (left) shows i) MUIMON's intra-object
disentanglement, encoding interpretable features in different latent dimensions; and ii) MulMON's
inter-object disentanglement, allowing single-object manipulation without affecting other objects in
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