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Abstract
We propose a computational framework to parse and reconstruct the 3D configuration of an indoor scene from a
single RGB image using a stochastic grammar model. We
introduce a Holistic Scene Grammar (HSG) to represent
the 3D scene structure, which characterizes a joint distribution over the functional and geometric space of indoor
scenes. The proposed HSG captures three essential but often latent dimensions of the indoor scenes: i) latent human
context, describing the affordance and the functionality of a
room arrangement, ii) geometric constraints over the scene
configurations, and iii) physical constraints that guarantee
physically plausible parsing and reconstruction. We solve
this parsing and reconstruction problem in an analysis-bysynthesis fashion, seeking to minimize the differences between the input image and the rendered image generated
by our 3D representation, over the space of depth, surface
normal, and object segmentation map. The optimal configuration (i.e., parse graph) is inferred using Markov chain
Monte Carlo (MCMC), which efficiently traverses through
the non-differentiable solution space, jointly optimizing object localization, 3D layout, and hidden human context.
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Figure 1. Illustration of the proposed 3D indoor scene parsing and
reconstruction in an analysis-by synthesis fashion. A 3D representation is initialized by individual vision modules (e.g., object
detection, 2D layout estimation). A joint inference algorithm compares the differences between the rendered normal, depth, and segmentation map with the ones estimated directly from the input
RGB image, and adjust the 3D structure iteratively.

1. Introduction

den factors occurred in the physical process that produces
observed images.
In this paper, we embrace the concept of vision as inverse
graphics, and propose a 3D indoor scene parsing and reconstruction algorithm that simultaneously reconstructs the
functional hierarchy and the 3D geometric structure of an
indoor scene from a RGB image. Figure 1 schematically
illustrates the analysis-by-synthesis inference process. The
joint inference algorithm takes proposals from various vision modules and infers the 3D structure by comparing various projections (i.e., depth, normal, and segmentation) rendered from the recovered 3D structure with the ones directly
estimated from an input image.
Specifically, we introduce a Holistic Scene Grammar
(HSG) to represent the hierarchical structure of a scene.
As illustrated in Figure 2, our HSG decomposes a scene
into hidden groups in the functional space (i.e., hierarchi-

The complexity and richness of human vision are not
only reflected by the ability to recognize visible objects, but
also to reason about the latent actionable information [5],
including inferring latent human context as the functionality of a scene [4], reconstructing 3D hierarchical geometric structure [2], and complying with the physical constraints that guarantee the physically plausible scene configurations [9]. Such rich understandings of an indoor scene
are the essence for building an intelligent computational
system, which transcends the prevailing appearance- and
geometry-based recognition tasks to account also for the
deeper reasoning of observed images or patterns.
One promising direction is analysis-by-synthesis [8] or
“vision as inverse graphics” [1]. In this paradigm, computer
vision is treated as an inverse problem as opposed to computer graphics, of which the goal is to reverse-engineer hid1

cal structure including activity groups) and object instances
in the geometric space (i.e., CAD models). For the functional space, in contrast to the conventional method that
only models the object-object relations, we propose a novel
method to model human-object relations by imagining latent human in activity groups to further help explain and
parse the observed image. For the geometric space, the geometric attributes (e.g., size, position, orientation) of individual objects are taken into considerations, as well as the
geometric relations (e.g., supporting relation) among them.
In addition, physical constraints (e.g., collision among the
objects, violations of the layout) are incorporated to generate a physically plausible 3D parsing and reconstruction of
the observed image.
Here, an indoor scene is represented by a parse graph
(pg) of a grammar, which consists of a hierarchical structure
and a Markov random field (MRF) over terminal nodes that
captures the rich contextual relations between objects and
room layout (i.e., the room configuration of walls, floors,
and ceilings).
A maximum a posteriori probability (MAP) estimate is
designed to find the optimal solution that parses and reconstructs the observed image. The likelihood measures
the similarity between the observed image and the rendered
images projected from the inferred pg onto the 2D image
space. Thus, the pg can be iteratively refined by sampling an MCMC with simulated annealing based on posterior probability.
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Figure 2. An indoor scene represented by a parse graph (pg) of
the HSG that spans across the functional space and the geometric
space. The functional space characterizes the hierarchical structure and the geometric space encodes the spatial entities with contextual relations.

mal pg could be derived by an MAP estimator,

2. Holistic Scene Grammar
We represent the hierarchical structure of indoor scenes
by a Holistic Scene Grammar (HSG). An HSG consists of
a latent hierarchical structure in the functional space F and
terminal object entities in the geometric space G. The HSG
is defined as a 5-tuple hS, V, R, E, P i. S denotes the root
node of the indoor scene. V is the vertex set that includes
both non-terminal nodes Vf ∈ F and terminal nodes Vg ∈
G. R denotes the production rule, and E the contextual
relations among the terminal nodes. P is the probability
model defined on pg.
A scene configuration is represented by a pg as shown
in Figure 2, whose terminals are room layouts and objects
with their attributes and relations. As shown in Figure 2, a
pg can be decomposed as pg = (pg f , pg g ), where pg f and
pg g denote the functional part and geometric part of the pg,
respectively. E ∈ pgg denotes the contextual relations in
the terminal layer.

3. Probabilistic Formulation
The objective of the holistic scene parsing is to find an
optimal pg that represents all the contents and relations observed in the scene. Given an input RGB image I, the opti-

p(pg|I) ∝ p(pg) · p(I|pg)

(1)

∝ p(pg f ) · p(pg g |pg f ) · p(I|pg g )
(2)

1
= exp −E(pg f ) − E(pg g |pg f ) − E(I|pg g ) ,
Z
(3)

where the prior probability p(pg) is decomposed into
p(pg f )p(pg g |pg f ), and p(I|pg) = p(I|pg g ) since the image space is independent of the functional space given the
geometric space. We model the joint distribution with a
Gibbs distribution; E(pg f ), E(pg g |pg f ) and E(I|pg g ) are
the corresponding energy terms.
Functional Prior E(pg f ) characterizes the prior of the
functional aspect in a pg, which models the hierarchical
structure and production rules in the functional space.
Geometric Prior E(pg g |pg f ) characterizes the prior of
the geometric aspect in a pg. Besides modeling the size,
position and orientation distribution of each object, we also
consider two types of contextual relations E = {Es , Ea }
among the objects: i) relations Es between supported objects and their supporting objects (e.g., monitor and desk);
ii) relations Ea between imagined human and objects in an
activity group (e.g., relation between imagined human and
the chair in an activity group of reading).

We define different potential functions for each type of
contextual relations, constructing an MRF in the geometric
space including four terms:
E(pg g |pg f ) = Esc + Espt + Egrp + Ephy .

(4)

• Size Consistency Esc constrains the size of an object.

We model the distribution of object scale using a nonparametric way,
• Supporting Constraint Espt characterizes the contextual relations between supported objects and supporting objects (including floors, walls and ceilings). We model the
distribution with their relative heights and overlapping areas.
• Human-Centric Grouping Constraint Egrp . For each
activity group, we imagine the invisible and latent human
poses to help parse and understand the scene. The intuition
is that the indoor scenes are designed to serve human daily
activities, thus the indoor images should be jointly interpreted by the observed entities and the unobservable human
activities. This is known as the Dark Matter [7] in computer
vision that drives the visible components in the scene. Prior
methods on scene parsing often merely model the objectobject relations. In this paper, we go beyond passive observations to model the latent human-object relations, thereby
proposing a human-centric grouping relationship and a joint
inference algorithm over the visible scene and invisible latent human context.
• Physical Constraints: Additionally, in order to avoid
violating physical laws during parsing, we define the physical constraints Ephy to penalize physical violations. Exceeding the room cuboid or overlapping among the objects
are defined as violations.
Likelihood E(I|pg g ) characterizes the similarity between
the observed image and the rendered image generated by the
parsing results. Since there is still a difference between the
two images due to various lighting conditions, textures, and
material properties, we solve the problem in an analysis-bysynthesis fashion. By combining generative models and discriminative models, this approach tries to reverse-engineer
the hidden factors that generate the observed image.
Specifically, we first use discriminative methods to
project the original image to various spaces. In this paper,
we directly estimate three intermediate images including
the depth map, surface normal map and object segmentation
map, as the feature representation of the observed image.
Meanwhile, a pg inferred by our method represents the
3D structure of the observed image. Thus, we can use the
inferred pg to reconstruct image, and recover the corresponding depth map, surface normal map, and object segmentation map through a forward graphics rendering.
Finally, we compute the likelihood term by comparing
these rendered results from the generative model with the
directly estimated results calculated by the discriminative

models. Specifically, the likelihood is computed by pixelwise differences between the two sets of maps.

4. Learning
Using SUN RGB-D, we model the prior of scene types,
object categories and support relations by multinoulli distributions. The human-centric grouping occurrence and
human-object interactions in 3D space are learned from the
Watch-n-Patch. This dataset collects the RGB-D videos of
human activities in offices and kitchens. For each activity,
we first extract key frames from each sequence with group
activity labels. Then we compute the occurrence frequency
of the objects around human within a distance threshold,
and model the prior of object category using a multinomial
distribution. The geometric relations between the objects
and humans are similarly learned by fitting normal distributions of relative distance, height, and orientation between
each joint of a human pose and the object center.

5. Inference
Given a single RGB image as the input, the goal in the
inference phrase is to find the optimal pg that best explains
the hidden factors that generate the observed image while
recovering the 3D scene structure. The inference process
includes three major steps.
• Room geometry estimation: estimate the room geometry by predicting the 2D room layout and the camera parameter, and projecting the estimated 2D layout to 3D.
• Objects initialization: detect objects and retrieve CAD
models correspondingly with the most similar appearance,
then roughly estimate their 3D poses, positions, sizes, and
initialize the support relations.
• Joint inference: optimize the objects, layout and hidden human context in the 3D scene in an analysis-bysynthesis fashion by maximizing the posterior probability
of the pg.

5.1. Joint Inference
The goal of joint inference is to (1) optimize the objects and layout; (2) group objects, assign activity label and
imagine human pose in each activity group; and (3) optimize the objects, layout and human pose iteratively.
In each step, we use distinct MCMC processes. Specifically, to travel through non-differentiable solution spaces,
we design Markov Chain dynamics {q1o , q2o , q3o } for objects, {q1l , q2l } for layout, and {q1h , q2h , q3h } for human pose.
Specifically,
• Object Dynamics: Dynamics q1o adjusts the position of
a random object, which translates the object center in one
of the three coordinate directions.
• Layout Dynamics: Dynamics q1l translates the faces
of the layout, which also optimizes the predefined camera

Figure 3. Sampled human poses in various indoor scenes. Objects in multiple activity groups have multiple poses. We visualize the pose
with the highest likelihood.

Figure 4. Qualitative results on SUN RGB-D dataset. Left columns are the originial RGB images, middle columns are 3D visualizations
of the results. Right columns are the rendered results.

height while translating the floor. Dynamics q2l proposes to
rotate the layout.
• Human pose Dynamics q1h , q2h and q3h are designed to
translate, rotate and scale the human pose, respectively.
Given a current pg, each dynamic will propose a new
pg0 according to a proposal probability p(pg0 |pg, I). The
proposal is accepted according to an acceptance probability α(pg → pg0 ) defined by the Metropolis-Hasting algorithm [3]:
0
0
α(pg → pg0 ) = min(1,

p(pg|pg , I)p(pg |I)
).
p(pg0 |pg, I)p(pg|I)

(5)

Figure 3 shows the results of sampled human poses in
various indoor scenes.

6. Results
We use the SUN RGB-D dataset [6] to evaluate our approach on 3D scene parsing and reconstruction. It has 47
scene categories with high-quality 3D bounding box annotations for most of the 3D objects, as well as 3D room corners for most of the scenes. It also provides benchmarks for
various 3D scene understanding tasks. The dataset has 5050
testing images and 10,355 images in total. Figure 4 shows
some qualitative parsing results (top 30%).

7. Conclusion
We present an analysis-by-synthesis framework to recover the 3D structure of an indoor scene from a single RGB
image using a stochastic grammar model integrated with latent human context, geometry and physics. In general, we

believe this will be a step towards a unifying framework for
the holistic 3D scene understanding.
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