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Abstract

We address 2D floorplan reconstruction from 3D scans.
Existing approaches typically employ heuristically de-
signed multi-stage pipelines. Instead, we formulate floor-
plan reconstruction as a single-stage structured predic-
tion task: find a variable-size set of polygons, which in
turn are variable-length sequences of ordered vertices.
To solve it we develop a novel Transformer architec-
ture that generates polygons of multiple rooms in paral-
lel, in a holistic manner without hand-crafted intermedi-
ate stages. The model features two-level queries for poly-
gons and corners, and includes polygon matching to make
the network end-to-end trainable. Our method achieves
a new state-of-the-art for two challenging datasets, Struc-
tured3D and SceneCAD, along with significantly faster in-
ference than previous methods. Moreover, it can read-
ily be extended to predict additional information, i.e., se-
mantic room types and architectural elements like doors
and windows. Our code and models are available at:
https://github.com/ywyue/RoomFormer.

1. Introduction

The goal of floorplan reconstruction is to turn observa-
tions of an (indoor) scene into a 2D vector map in birds-
eye view. More specifically, we aim to abstract a 3D point
cloud into a set of closed polygons corresponding to rooms,
optionally enriched with further structural and semantic el-
ements like doors, windows and room type labels.

Floorplans are an essential representation that enables
a wide range of applications in robotics, AR/VR, inte-
rior design, etc. Like prior work [2, 3, 8, 9, 29], we start
from a 3D point cloud, which can easily be captured with
RGB-D cameras, laser scanners or SfM systems. Several
works [8,9,21,29] have shown the effectiveness of project-
ing the raw 3D point data along the gravity axis, to obtain a
2D density map that highlights the building’s structural el-
ements (e.g., walls). We also employ this early transition to
2D image space. The resulting density maps are compact
and computationally efficient, but inherit the noise and data
gaps of the underlying point clouds, hence floorplan recon-
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Figure 1. Semantic floorplan reconstruction. Given a point
cloud of an indoor environment, RoomFormer jointly recovers
multiple room polygons along with their associated room types,
as well as architectural elements such as doors and windows.

struction remains a challenging task.
Existing methods can be split broadly into two categories

that both operate in two stages: Top-down methods [8, 29]
first extract room masks from the density map using neu-
ral networks (e.g., Mask R-CNN [15]), then employ opti-
mization/search techniques (e.g., integer programming [28],
Monte-Carlo Tree-Search [4]) to extract a polygonal floor-
plan. Such techniques are not end-to-end trainable, and
their success depends on how well the hand-crafted opti-
mization captures domain knowledge about room shape and
layout. Alternatively, bottom-up methods [9, 21] first de-
tect corners, then look for edges between corners (i.e., wall
segments) and finally assemble them into a planar floorplan
graph. Both approaches are strictly sequential and therefore
dependent on the quality of the initial corner, respectively
room, detector. The second stage starts from the detected
entities, therefore missing or spurious detections may sig-
nificantly impact the reconstruction.

We address those limitations and design a model that
directly maps a density image to a set of room polygons.
Our model, named RoomFormer, leverages the sequence
prediction capabilities of Transformers and directly out-
puts a variable-length, ordered sequence of vertices per
room. RoomFormer requires neither hand-crafted, domain-
specific intermediate products nor explicit corner, wall or
room detections. Moreover, it predicts all rooms that make
up the floorplan at once, exploiting the parallel nature of the
Transformer architecture.
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In more detail, we employ a standard CNN backbone to
extract features from the birds-eye view density map, fol-
lowed by a Transformer encoder-decoder setup that con-
sumes image features (supplemented with positional encod-
ings) and outputs multiple ordered corner sequences, in par-
allel. The floorplan is recovered by simply connecting those
corners in the predicted order. Note that the described pro-
cess relies on the ability to generate hierarchically struc-
tured output of variable and a-priori unknown size, where
each floorplan has a different number of rooms (with no nat-
ural order), and each room polygon has a different number
of (ordered) corners. We address this challenge by introduc-
ing two-level queries with one level for the room polygons
and one level for their corners. The varying numbers of
both rooms and corners are accommodated by additionally
classifying each query as valid or invalid. The decoder it-
eratively refines the queries, through self-attention among
queries and cross-attention between queries and image fea-
tures. To enable end-to-end training, we propose a poly-
gon matching strategy that establishes the correspondence
between predictions and targets, at both room and corner
levels. In this manner, we obtain an integrated model that
holistically predicts a set of polygons to best explain the ev-
idence in the density map, without hand-tuned intermediate
rules of which corners, walls or rooms to commit to along
the way. The model is also fast at inference, since it operates
in single-stage feed-forward mode, without optimization or
search and without any post-processing steps. Moreover, it
is flexible and can, with few straight-forward modifications,
predict additional semantic and structural information such
as room types, doors and windows (Fig. 1).

We evaluate our model on two challenging datasets,
Structured3D [37] and SceneCAD [2]. For both of them,
RoomFormer outperforms the state of the art, while at the
same time being significantly faster than existing methods.
In summary, our contributions are:

• A new formulation of floorplan reconstruction, as
the simultaneous generation of multiple ordered se-
quences of room corners.

• The RoomFormer model, an end-to-end trainable,
Transformer-type architecture that implements the
proposed formulation via two-level queries that pre-
dict a set of polygons each consisting of a sequence of
vertex coordinates.

• Improved floorplan reconstruction scores on both
Structured3D [37] and SceneCAD [2], with faster in-
ference times.

• Model variants able to additionally predict semantic
room type labels, doors and windows.

2. Related Work

Floorplan reconstruction turns raw sensor data (e.g., point
clouds, density maps, RGB images) into vectorized geome-

tries. Early methods rely on basic image processing tech-
niques, e.g., Hough transform or plane fitting [1, 5, 22, 25–
27, 33]. Graph-based methods [6, 14, 16] cast floorplan re-
construction as an energy minimization problem. Recent
deep learning methods replace some hand-crafted compo-
nents with neural networks. Typical top-down methods
such as Floor-SP [8] rely on Mask R-CNN [15] to de-
tect room segments and reconstruct polygons of individual
room segments by sequentially solving shortest path prob-
lems. Similarly, MonteFloor [29] first detects room seg-
ments and then relies on Monte-Carlo Tree-Search to select
room proposals. Alternative bottom-up methods, such as
FloorNet [20] first detect room corners, followed by an in-
teger programming formulation to generate wall segments.
This approach, however, is limited to Manhattan scenes.
Recently, HEAT [9] proposed an end-to-end model follow-
ing a typical bottom-up pipeline: first detect corners, then
classify edge candidates between corners. Although end-to-
end trainable, it cannot recover edges from undetected cor-
ners. Instead, our approach skips the heuristics-guided pro-
cesses from both approaches. Without explicit corner, wall
or room detection, our approach directly generates rooms as
polygons in a holistic fashion.

Transformers for structured reconstruction. Trans-
formers [31], originally proposed for sequence-to-sequence
translation tasks, have shown promising performance in
many vision tasks such as object detection [7, 38], im-
age/video segmentation [10, 11, 32] and tracking [23].
DETR [7] reformulates object detection as a direct set
prediction problem with Transformers which is free from
many hand-crafted components, e.g., anchor generation and
non-maximum suppression. LETR [34] extends DETR by
adopting Transformers to predict a set of line segments.
PlaneTR [30] follows a similar paradigm for plane detection
and reconstruction. These works show the promising poten-
tial of Transformers for structured reconstruction without
heuristic designs. Our work goes beyond these initial steps
and asks the question: Can we leverage Transformers for
structured polygon generation? Different from predicting
primitive shapes that can be represented by a fixed number
of parameters (e.g., bounding boxes, lines, planes), poly-
gons are more challenging due to the arbitrary number of
(ordered) vertices.While some recent works [18,19,36] uti-
lize Transformers for polygon generation in the context of
instance segmentation or text spotting, there are two essen-
tial differences: (1) They assume a fixed number of polygon
vertices, which is not suitable for floorplans. This results in
over-redundant vertices for simple shapes and insufficient
vertices for complex shapes. Instead, our goal is to generate
polygons that match the target shape with the correct num-
ber of vertices. (2) They rely on bounding box detection
as instance initialization, while our single-stage method di-
rectly generates multiple polygons in parallel.
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N

Density Map

Figure 2. Illustration of the RoomFormer model. Given a top-down-view density map of the input point cloud, (a) the feature backbone
extracts multi-scale features, adds positional encodings, and flattens them before passing them into the (b) Transformer encoder. (c) The
Transformer decoder takes as input our two-level queries, one level for the room polygons (up to M ) and one level for their corners (up
to N per room polygon). A feed-forward network (FFN) predicts a class c for each query to accommodate varying numbers of rooms and
corners. During training, the polygon matching guarantees optimal assignment between predicted and groundtruth polygons.

3. Method

3.1. Floorplan Representation

A suitable floorplan representation is key to an efficient
floorplan reconstruction system. Intuitively, one can de-
compose floorplan reconstruction as intermediate geometric
primitives detection problems (corners, walls, rooms) and
tackle them separately, as in prior works [8,9,21,29]. How-
ever, such pipelines involve heuristics-driven designs and
lack holistic reasoning capabilities.

Our core idea is to cast floorplan reconstruction as a
direct set prediction problem of polygons. Each polygon
represents a room and is modeled as an ordered sequence
of vertices. The edges (i.e., walls) are implicitly encoded
by the order of the vertices – two consecutive vertices are
connected – thus a separate edge prediction step is not re-
quired. Formally, the goal is to predict a set of sequences
of arbitrary length, defined as S = {Vm}M

gt

m=1, where M gt

is the number of sequences per scene, and each sequence
Vm = (vm1 , vm2 , ..., vmNm

) represents a closed polygon (i.e.,
room) defined by Nm ordered vertices.

As each polygon has an arbitrary number of verticesNm,
we model each vertex vmn in a polygon Vm by two variables
vmn = (cmn , pmn ), where cmn ∈ {0,1} indicates whether vmn is
a valid vertex or not, and pmn ∈ R2 are the 2D coordinates
of the corner in the floorplan. Once the model predicts the
ordered corner sequences, we connect all valid corners to
obtain the polygonal representation of all rooms.

3.2. Architecture Overview

Fig. 2 shows the model architecture. It consists of
(a) a feature backbone that extracts image features, (b) a
Transformer encoder to refine the CNN features, and (c)
a Transformer decoder using two-level queries for poly-
gon prediction. (d) During training, the polygon matching
module yields optimal assignments between predicted and
groundtruth polygons, enabling end-to-end supervision.

CNN backbone. The backbone extracts pixel-level feature
maps from the density map xd ∈ RH×W . Since both local
and global contexts are required for accurately locating cor-
ners and capturing their order, we utilize the L multi-scale
feature maps {Il}Ll=1 from each layer l of the convolutional
backbone, where Il ∈ RC×Hl×Wl . Each feature map is flat-
tened to a feature sequence Il ∈ RC×HlWl and sine/cosine
positional encodings El ∈ RC×HlWl are added to each pixel
location. The flattened feature maps are concatenated and
serve as multi-scale input to the Transformer encoder.

Multi-scale deformable attention. To avoid the computa-
tional and memory complexities of standard Transformers
[31], we adopt deformable attention from [38]. Given a fea-
ture map, for each query element, the deformable attention
only attends to a small set Ns of key sampling points around
a reference point, instead of looking over all HlWl spatial
locations on the feature map, where Ns << HlWl. The
multi-scale deformable attention applies deformable atten-
tion across multi-scale feature maps and enables encoding
richer context. We use multi-scale deformable attention for
the self- and cross-attention in the encoder and decoder.

Transformer encoder takes as input the position-encoded
multi-scale feature maps and outputs enhanced feature maps
of the same resolution. Each encoder layer consists of
a multi-scale deformable self-attention module (MS-DSA)
and a feed forward network (FFN). In the MS-DSA module,
both the query and key elements are pixel features from the
multi-scale feature maps. The reference point is the coordi-
nate of each query pixel. A learnable scale-level embedding
is added to the feature representation to identify which fea-
ture level each query pixel lies in.

Transformer decoder is stacked with multiple layers
(Fig. 3a). Each layer consists of a self-attention mod-
ule (SA), a multi-scale deformable cross-attention module
(MS-DCA) and an FFN. Each decoder layer takes in the en-
hanced image features from the encoder and a set of poly-
gon queries from the previous layer. The polygon queries
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first interact with each other in the SA module. In the MS-
DCA, the polygon queries attend to different regions of the
density map. Finally, the output of the decoder is passed to
a shared FFN to predict binary class labels c for each query
indicating its validity as a corner.

3.3. Modeling Floorplan As Two-Level Queries

We model floorplan reconstruction as a prediction of a
set of sequences. This motivates the two-level polygon
queries, one level for room polygons and one level for
their vertices. Specifically, we represent polygon queries
as Q ∈ RM×N×2, where M is the maximum number of
polygons (i.e., room level), N is the maximum number of
vertices per polygon (i.e., corner level). Using this formu-
lation, we can directly learn ordered corner coordinates for
each room as queries, which are subsequently refined after
each layer in the decoder (Fig. 3b).

We illustrate the structure of one decoder layer in
Fig. 3a. The queries in the decoder consist of two parts:
content queries (i.e., decoder embeddings) and positional
queries (generated from polygon queries). We denote
Qi = (x, y)i as the polygon queries in decoder layer i1,
and Di ∈ RM×N×C and P i ∈ RM×N×C as the corre-
sponding content and positional queries. Given the poly-
gon query Qi, its positional query P i is generated as
P i = MLP(PE(Qi)), where PE (Positional Encoding)
maps the 2D coordinates to a C-dimensional sinusoidal po-
sitional embedding. The decoder performs self-attention
on all corner-level queries regardless of the room they be-
long to. This simple design not only allows the interac-
tion between corners of a single room, but also enables in-
teraction among corners across different rooms (e.g., cor-
ners on the adjacent walls of two rooms are influencing
each other), thus enabling global reasoning. In the multi-
scale deformable attention module, we directly use polygon
queries as reference points, allowing us to use explicit spa-
tial priors to pool features from the multi-scale feature maps
around the polygon vertices. The varying numbers of both
rooms and corners are achieved by classifying each query as
valid or invalid. In Sec. 3.4, we describe the polygon match-
ing strategy that encourages the queries at corner level to
follow a specific order (i.e., a sequence) while the queries at
room level can be un-ordered (i.e., a set).

The key advantage of the above approach is that the room
polygons can directly be obtained by connecting the valid
vertices in the provided order, without the need for an ex-
plicit edge detector as in prior bottom-up methods, e.g., [9].

Iterative polygon refinement. Inspired by iterative bound-
ing box refinement in [38], we refine the vertices in each
polygon in the decoder layer-by-layer. We use a prediction
head (MLP) to predict relative offsets (∆x,∆y) from the

1For simplicity, we drop the polygon and vertex indices.
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<latexit sha1_base64="PBsdX+kTm5LphJ61eJq7ea8NoUM=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iErkoioi4LunBZwT6gjWUynbRDJ5MwMxFqyJe4caGIWz/FnX/jpM1CWw8MHM65l3vm+DFnSjvOt1VaW9/Y3CpvV3Z29/ar9sFhR0WJJLRNIh7Jno8V5UzQtmaa014sKQ59Trv+9Dr3u49UKhaJez2LqRfisWABI1gbaWhXByHWEz9Ib7KHlGWVoV1zGs4caJW4BalBgdbQ/hqMIpKEVGjCsVJ914m1l2KpGeE0qwwSRWNMpnhM+4YKHFLlpfPgGTo1yggFkTRPaDRXf2+kOFRqFvpmMo+plr1c/M/rJzq48lIm4kRTQRaHgoQjHaG8BTRikhLNZ4ZgIpnJisgES0y06SovwV3+8irpnDXci8b53XmtWS/qKMMxnEAdXLiEJtxCC9pAIIFneIU368l6sd6tj8VoySp2juAPrM8fpzKTAw==</latexit>

Di

(a) Structure of the decoder
(𝑥, 𝑦)1

(𝑥, 𝑦)2

(𝑥, 𝑦)3 (𝑥, 𝑦)4

(𝑥, 𝑦)5

(𝑥, 𝑦)6

(b) Polygon queries evolution

Figure 3. (a) Illustration of one layer of the Transformer decoder
(we omit the FFN blocks for clarity). (b) Visualization of the evo-
lution of the polygon queries after each decoder layer.

decoder embeddings and update the polygon queries for the
next layer. Both decoder embeddings and polygon queries
input to the first layer are initialized from a normal distri-
bution and learned as part of the model parameters. During
inference, we directly load the learned decoder embeddings
and polygon queries and update them layer-by-layer. We vi-
sualize this iterative refinement process in Fig. 3b. The final
predicted labels are used to select valid queries and visual-
ize their position after each layer.

3.4. Polygon Matching

The prediction head of the Transformer decoder out-
puts a fixed-number M of polygons with a fixed-number
N vertices (including non-valid ones, mapped to ∅) while
the groundtruth contains an arbitrary number of polygons
with an arbitrary number of vertices. One of the chal-
lenges is to match the fixed-number predictions with the
arbitrary-numbered groundtruth to make the network end-
to-end trainable. To this end, we introduce a strategy to
handle the matching at two levels: set and sequence level.

Let us denote Ŝ = {V̂m = (v̂m1 , v̂m2 , ..., v̂mN )}
M

m=1 as a
set of predicted polygon instances. Each predicted ver-
tex is represented as v̂mn = (ĉmn , p̂mn ), where ĉmn indicates
the probability of a valid vertex and p̂mn is the predicted
2D coordinates in normalized space [0,1]. Assume there
are M gt polygons in the groundtruth set S = {Vm}M

gt

m=1,
where Vm has a length of Nm. For each groundtruth
polygon, we first pad it to a length of N vertices so that
Vm = (vm1 , vm2 , ..., vmN ), where vmn = (cmn , pmn ) and cmn
maybe 0, i.e., ∅. Then we further pad S with additional
M − M gt polygons full of N ∅ vertices so that ∀(m ∈
[M gt + 1,M] ∧ n ∈ [1,N]), cmn = 0. At the set level, we
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<latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?
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{z

}
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[c, ((x1, y1), (x2, y2))]

<latexit sha1_base64="TBmeEUSHGOdbG4A/AUMQfM69X58=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KokU9Vjw4kWoaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqZ+6wmV5rF8NOME/YgOJA85o8ZKD3c9r1cquxV3BrJMvJyUIUe9V/rq9mOWRigNE1Trjucmxs+oMpwJnBS7qcaEshEdYMdSSSPUfjY7dULOrNInYaxsSUNm6u+JjEZaj6PAdkbUDPWiNxX/8zqpCa/9jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdoQvMWXl0nzouJdVqr31XLtNI+jAMdwAufgwRXU4Bbq0AAGA3iGV3hzhPPivDsf89YVJ585gj9wPn8AxAeNYA==</latexit>

M1

<latexit sha1_base64="0tRiLtzD2bASZuKhi3UXGEK3l/U=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBqPgKeyGoB4DXrwIEc0DkiXMTnqTIbOzy8ysEEI+wYsHRbz6Rd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDPzW0+oNI/loxkn6Ed0IHnIGTVWerjrVXrFklt25yCrxMtICTLUe8Wvbj9maYTSMEG17nhuYvwJVYYzgdNCN9WYUDaiA+xYKmmE2p/MT52Sc6v0SRgrW9KQufp7YkIjrcdRYDsjaoZ62ZuJ/3md1ITX/oTLJDUo2WJRmApiYjL7m/S5QmbE2BLKFLe3EjakijJj0ynYELzll1dJs1L2LsvV+2qpdpbFkYcTOIUL8OAKanALdWgAgwE8wyu8OcJ5cd6dj0VrzslmjuEPnM8fxYuNYQ==</latexit>

M2

<latexit sha1_base64="facY5HuSA+cqu+dRYRPbOpYdddU=">AAAB8nicbVDLSgNBEJz1GeMr6tHLYBQ8hV0J6jHgxWMU84BkCbOT2WTIPJaZXjEs+QwvHhTx6td482+cJHvQxIKGoqqb7q4oEdyC7397K6tr6xubha3i9s7u3n7p4LBpdWooa1AttGlHxDLBFWsAB8HaiWFERoK1otHN1G89MmO5Vg8wTlgoyUDxmFMCTup0gT1Bdq+1nPRKZb/iz4CXSZCTMspR75W+un1NU8kUUEGs7QR+AmFGDHAq2KTYTS1LCB2RAes4qohkNsxmJ0/wmVP6ONbGlQI8U39PZERaO5aR65QEhnbRm4r/eZ0U4usw4ypJgSk6XxSnAoPG0/9xnxtGQYwdIdRwdyumQ2IIBZdS0YUQLL68TJoXleCyUr2rlmuneRwFdIxO0DkK0BWqoVtURw1EkUbP6BW9eeC9eO/ex7x1xctnjtAfeJ8/1u6RiQ==</latexit>

R
o
om

<latexit sha1_base64="tEgpyBpPHZKrKW4gq59biwEleQQ=">AAAB+3icbVBNS8NAEN34WetXrEcvwSp4qokU9VjQg8cK9gPaUDabbbt0sxt2J9oS8le8eFDEq3/Em//GbZuDtj4YeLw3w8y8IOZMg+t+Wyura+sbm4Wt4vbO7t6+fVBqapkoQhtEcqnaAdaUM0EbwIDTdqwojgJOW8HoZuq3HqnSTIoHmMTUj/BAsD4jGIzUs0tdoGNIW0yE8un8VkqV9eyyW3FncJaJl5MyylHv2V/dUJIkogIIx1p3PDcGP8UKGOE0K3YTTWNMRnhAO4YKHFHtp7PbM+fUKKHTl8qUAGem/p5IcaT1JApMZ4RhqBe9qfif10mgf+2nTMQJUEHmi/oJd0A60yCckClKgE8MwUQxc6tDhlhhAiauognBW3x5mTQvKt5lpXpfLddO8jgK6AgdozPkoStUQ3eojhqIoDF6Rq/ozcqsF+vd+pi3rlj5zCH6A+vzB3FolJ4=</latexit>

W
in

d
ow

/D
o
or

<latexit sha1_base64="fVJgPanBbL1V5Blj0LbK83Q3SvM=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSpUKCWRoh4LXjxWsB+ShrLZbtqlm03Y3Ygh9Fd48aCIV3+ON/+N2zYHbX0w8Hhvhpl5fsyZ0rb9ba2srq1vbBa2its7u3v7pYPDtooSSWiLRDySXR8rypmgLc00p91YUhz6nHb88c3U7zxSqVgk7nUaUy/EQ8ECRrA20oNLqpWnanru9Utlu2bPgJaJk5My5Gj2S1+9QUSSkApNOFbKdexYexmWmhFOJ8VeomiMyRgPqWuowCFVXjY7eILOjDJAQSRNCY1m6u+JDIdKpaFvOkOsR2rRm4r/eW6ig2svYyJONBVkvihIONIRmn6PBkxSonlqCCaSmVsRGWGJiTYZFU0IzuLLy6R9UXMua/W7erlxmsdRgGM4gQo4cAUNuIUmtIBACM/wCm+WtF6sd+tj3rpi5TNH8AfW5w93FI90</latexit>

[c, (x, y)]
<latexit sha1_base64="fVJgPanBbL1V5Blj0LbK83Q3SvM=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSpUKCWRoh4LXjxWsB+ShrLZbtqlm03Y3Ygh9Fd48aCIV3+ON/+N2zYHbX0w8Hhvhpl5fsyZ0rb9ba2srq1vbBa2its7u3v7pYPDtooSSWiLRDySXR8rypmgLc00p91YUhz6nHb88c3U7zxSqVgk7nUaUy/EQ8ECRrA20oNLqpWnanru9Utlu2bPgJaJk5My5Gj2S1+9QUSSkApNOFbKdexYexmWmhFOJ8VeomiMyRgPqWuowCFVXjY7eILOjDJAQSRNCY1m6u+JDIdKpaFvOkOsR2rRm4r/eW6ig2svYyJONBVkvihIONIRmn6PBkxSonlqCCaSmVsRGWGJiTYZFU0IzuLLy6R9UXMua/W7erlxmsdRgGM4gQo4cAUNuIUmtIBACM/wCm+WtF6sd+tj3rpi5TNH8AfW5w93FI90</latexit>

[c, (x, y)]

<latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="dqcp4x4eDMUGrNcmns257EJeJO0=">AAAB+XicbVBNT8JAEN3iF+JX1aOXjcQED5LWEPVIlINHiPKRQEO2ywIbtttmd0okDf/EiweN8eo/8ea/cYEeFHzJJC/vzWRmnh8JrsFxvq3M2vrG5lZ2O7ezu7d/YB8eNXQYK8rqNBShavlEM8ElqwMHwVqRYiTwBWv6o7uZ3xwzpXkoH2ESMS8gA8n7nBIwUte2O8CeICmQc/xQuajUpl077xSdOfAqcVOSRymqXfur0wtpHDAJVBCt264TgZcQBZwKNs11Ys0iQkdkwNqGShIw7SXzy6f4zCg93A+VKQl4rv6eSEig9STwTWdAYKiXvZn4n9eOoX/jJVxGMTBJF4v6scAQ4lkMuMcVoyAmhhCquLkV0yFRhIIJK2dCcJdfXiWNy6J7VSzVSvnybRpHFp2gU1RALrpGZXSPqqiOKBqjZ/SK3qzEerHerY9Fa8ZKZ47RH1ifP/uUkpg=</latexit>

(a) SD-DQ
<latexit sha1_base64="MXn7eg0z70xNOUuHkAlwNkL72lA=">AAAB+XicbVBNS8NAEN34WetX1KOXxSLUgyWRoh6L9uCxBfsBbSib7aZdutmE3UmxhP4TLx4U8eo/8ea/cdvmoK0PBh7vzTAzz48F1+A439ba+sbm1nZuJ7+7t39waB8dN3WUKMoaNBKRavtEM8ElawAHwdqxYiT0BWv5o/uZ3xozpXkkH2ESMy8kA8kDTgkYqWfbXWBPkBb9C1ytXlbr055dcErOHHiVuBkpoAy1nv3V7Uc0CZkEKojWHdeJwUuJAk4Fm+a7iWYxoSMyYB1DJQmZ9tL55VN8bpQ+DiJlSgKeq78nUhJqPQl90xkSGOplbyb+53USCG69lMs4ASbpYlGQCAwRnsWA+1wxCmJiCKGKm1sxHRJFKJiw8iYEd/nlVdK8KrnXpXK9XKjcZXHk0Ck6Q0XkohtUQQ+ohhqIojF6Rq/ozUqtF+vd+li0rlnZzAn6A+vzB+YZkoo=</latexit>

(b) DD-DQ
<latexit sha1_base64="0CKRJI/LYrskXhnETiv+YfwBmK0=">AAAB+XicbVBNT8JAEN3iF+JX1aOXjcQED5LWEPVIlINHiPKRQEO2ywIbtttmd0okDf/EiweN8eo/8ea/cYEeFHzJJC/vzWRmnh8JrsFxvq3M2vrG5lZ2O7ezu7d/YB8eNXQYK8rqNBShavlEM8ElqwMHwVqRYiTwBWv6o7uZ3xwzpXkoH2ESMS8gA8n7nBIwUte2O8CeICnQc1ypXDzUpl077xSdOfAqcVOSRymqXfur0wtpHDAJVBCt264TgZcQBZwKNs11Ys0iQkdkwNqGShIw7SXzy6f4zCg93A+VKQl4rv6eSEig9STwTWdAYKiXvZn4n9eOoX/jJVxGMTBJF4v6scAQ4lkMuMcVoyAmhhCquLkV0yFRhIIJK2dCcJdfXiWNy6J7VSzVSvnybRpHFp2gU1RALrpGZXSPqqiOKBqjZ/SK3qzEerHerY9Fa8ZKZ47RH1ifP/5/kpo=</latexit>

(c) DD-SQ
(a) SD-TQ

…
…
…

Polygon
Decoder

FFN

…
…
… <latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="+7QEdiZkgXSxVgxF6UmMeDgdYZQ=">AAACBnicbVDLSgMxFM3UV62vqksRgkXoqsxoUZcFNy4r2Ae0tWQyd9rQJDMkGaEMs3Ljr7hxoYhbv8Gdf2P6WGjrgZDDOfdy7z1+zJk2rvvt5FZW19Y38puFre2d3b3i/kFTR4mi0KARj1TbJxo4k9AwzHBoxwqI8Dm0/NH1xG89gNIskndmHENPkIFkIaPEWKlfPO4mMgDlK0Ih7Q51PPnPqciy+xRn/WLJrbhT4GXizUkJzVHvF7+6QUQTAdJQTrTueG5seilRhlEOWaGbaLAjRmQAHUslEaB76fSMDJ9aJcBhpOyTBk/V3x0pEVqPhW8rBTFDvehNxP+8TmLCq17KZJwYkHQ2KEw4NhGeZIIDpoAaPraEUMXsrpgOiY3E2OQKNgRv8eRl0jyreBeV6m21VCvP48ijI3SCyshDl6iGblAdNRBFj+gZvaI358l5cd6dj1lpzpn3HKI/cD5/AA4ymWw=</latexit>

Line
Decoder

FFN

<latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="+7QEdiZkgXSxVgxF6UmMeDgdYZQ=">AAACBnicbVDLSgMxFM3UV62vqksRgkXoqsxoUZcFNy4r2Ae0tWQyd9rQJDMkGaEMs3Ljr7hxoYhbv8Gdf2P6WGjrgZDDOfdy7z1+zJk2rvvt5FZW19Y38puFre2d3b3i/kFTR4mi0KARj1TbJxo4k9AwzHBoxwqI8Dm0/NH1xG89gNIskndmHENPkIFkIaPEWKlfPO4mMgDlK0Ih7Q51PPnPqciy+xRn/WLJrbhT4GXizUkJzVHvF7+6QUQTAdJQTrTueG5seilRhlEOWaGbaLAjRmQAHUslEaB76fSMDJ9aJcBhpOyTBk/V3x0pEVqPhW8rBTFDvehNxP+8TmLCq17KZJwYkHQ2KEw4NhGeZIIDpoAaPraEUMXsrpgOiY3E2OQKNgRv8eRl0jyreBeV6m21VCvP48ijI3SCyshDl6iGblAdNRBFj+gZvaI358l5cd6dj1lpzpn3HKI/cD5/AA4ymWw=</latexit>

<latexit sha1_base64="TBmeEUSHGOdbG4A/AUMQfM69X58=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KokU9Vjw4kWoaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqZ+6wmV5rF8NOME/YgOJA85o8ZKD3c9r1cquxV3BrJMvJyUIUe9V/rq9mOWRigNE1Trjucmxs+oMpwJnBS7qcaEshEdYMdSSSPUfjY7dULOrNInYaxsSUNm6u+JjEZaj6PAdkbUDPWiNxX/8zqpCa/9jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdoQvMWXl0nzouJdVqr31XLtNI+jAMdwAufgwRXU4Bbq0AAGA3iGV3hzhPPivDsf89YVJ585gj9wPn8AxAeNYA==</latexit>

M
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}
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{z
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1

<latexit sha1_base64="0tRiLtzD2bASZuKhi3UXGEK3l/U=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBqPgKeyGoB4DXrwIEc0DkiXMTnqTIbOzy8ysEEI+wYsHRbz6Rd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDPzW0+oNI/loxkn6Ed0IHnIGTVWerjrVXrFklt25yCrxMtICTLUe8Wvbj9maYTSMEG17nhuYvwJVYYzgdNCN9WYUDaiA+xYKmmE2p/MT52Sc6v0SRgrW9KQufp7YkIjrcdRYDsjaoZ62ZuJ/3md1ITX/oTLJDUo2WJRmApiYjL7m/S5QmbE2BLKFLe3EjakijJj0ynYELzll1dJs1L2LsvV+2qpdpbFkYcTOIUL8OAKanALdWgAgwE8wyu8OcJ5cd6dj0VrzslmjuEPnM8fxYuNYQ==</latexit>

M2

<latexit sha1_base64="facY5HuSA+cqu+dRYRPbOpYdddU=">AAAB8nicbVDLSgNBEJz1GeMr6tHLYBQ8hV0J6jHgxWMU84BkCbOT2WTIPJaZXjEs+QwvHhTx6td482+cJHvQxIKGoqqb7q4oEdyC7397K6tr6xubha3i9s7u3n7p4LBpdWooa1AttGlHxDLBFWsAB8HaiWFERoK1otHN1G89MmO5Vg8wTlgoyUDxmFMCTup0gT1Bdq+1nPRKZb/iz4CXSZCTMspR75W+un1NU8kUUEGs7QR+AmFGDHAq2KTYTS1LCB2RAes4qohkNsxmJ0/wmVP6ONbGlQI8U39PZERaO5aR65QEhnbRm4r/eZ0U4usw4ypJgSk6XxSnAoPG0/9xnxtGQYwdIdRwdyumQ2IIBZdS0YUQLL68TJoXleCyUr2rlmuneRwFdIxO0DkK0BWqoVtURw1EkUbP6BW9eeC9eO/ex7x1xctnjtAfeJ8/1u6RiQ==</latexit>

R
o
o
m

<latexit sha1_base64="tEgpyBpPHZKrKW4gq59biwEleQQ=">AAAB+3icbVBNS8NAEN34WetXrEcvwSp4qokU9VjQg8cK9gPaUDabbbt0sxt2J9oS8le8eFDEq3/Em//GbZuDtj4YeLw3w8y8IOZMg+t+Wyura+sbm4Wt4vbO7t6+fVBqapkoQhtEcqnaAdaUM0EbwIDTdqwojgJOW8HoZuq3HqnSTIoHmMTUj/BAsD4jGIzUs0tdoGNIW0yE8un8VkqV9eyyW3FncJaJl5MyylHv2V/dUJIkogIIx1p3PDcGP8UKGOE0K3YTTWNMRnhAO4YKHFHtp7PbM+fUKKHTl8qUAGem/p5IcaT1JApMZ4RhqBe9qfif10mgf+2nTMQJUEHmi/oJd0A60yCckClKgE8MwUQxc6tDhlhhAiauognBW3x5mTQvKt5lpXpfLddO8jgK6AgdozPkoStUQ3eojhqIoDF6Rq/ozcqsF+vd+pi3rlj5zCH6A+vzB3FolJ4=</latexit>

<latexit sha1_base64="fVJgPanBbL1V5Blj0LbK83Q3SvM=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSpUKCWRoh4LXjxWsB+ShrLZbtqlm03Y3Ygh9Fd48aCIV3+ON/+N2zYHbX0w8Hhvhpl5fsyZ0rb9ba2srq1vbBa2its7u3v7pYPDtooSSWiLRDySXR8rypmgLc00p91YUhz6nHb88c3U7zxSqVgk7nUaUy/EQ8ECRrA20oNLqpWnanru9Utlu2bPgJaJk5My5Gj2S1+9QUSSkApNOFbKdexYexmWmhFOJ8VeomiMyRgPqWuowCFVXjY7eILOjDJAQSRNCY1m6u+JDIdKpaFvOkOsR2rRm4r/eW6ig2svYyJONBVkvihIONIRmn6PBkxSonlqCCaSmVsRGWGJiTYZFU0IzuLLy6R9UXMua/W7erlxmsdRgGM4gQo4cAUNuIUmtIBACM/wCm+WtF6sd+tj3rpi5TNH8AfW5w93FI90</latexit>

[c, (x, y
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<latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="+7QEdiZkgXSxVgxF6UmMeDgdYZQ=">AAACBnicbVDLSgMxFM3UV62vqksRgkXoqsxoUZcFNy4r2Ae0tWQyd9rQJDMkGaEMs3Ljr7hxoYhbv8Gdf2P6WGjrgZDDOfdy7z1+zJk2rvvt5FZW19Y38puFre2d3b3i/kFTR4mi0KARj1TbJxo4k9AwzHBoxwqI8Dm0/NH1xG89gNIskndmHENPkIFkIaPEWKlfPO4mMgDlK0Ih7Q51PPnPqciy+xRn/WLJrbhT4GXizUkJzVHvF7+6QUQTAdJQTrTueG5seilRhlEOWaGbaLAjRmQAHUslEaB76fSMDJ9aJcBhpOyTBk/V3x0pEVqPhW8rBTFDvehNxP+8TmLCq17KZJwYkHQ2KEw4NhGeZIIDpoAaPraEUMXsrpgOiY3E2OQKNgRv8eRl0jyreBeV6m21VCvP48ijI3SCyshDl6iGblAdNRBFj+gZvaI358l5cd6dj1lpzpn3HKI/cD5/AA4ymWw=</latexit>|
{z

}

<latexit sha1_base64="H5TdBFoa0b6bDqYAxVuod14egwM=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBqPgKexKUI8BL16EBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDvzW0+oNI/lgxkn6Ed0IHnIGTVWqt/3iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JedW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJb/wJl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZl2bsqV+qVUvUsiyMPJ3AKF+DBNVThDmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP571jLw=</latexit>

M

<latexit sha1_base64="fVJgPanBbL1V5Blj0LbK83Q3SvM=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSpUKCWRoh4LXjxWsB+ShrLZbtqlm03Y3Ygh9Fd48aCIV3+ON/+N2zYHbX0w8Hhvhpl5fsyZ0rb9ba2srq1vbBa2its7u3v7pYPDtooSSWiLRDySXR8rypmgLc00p91YUhz6nHb88c3U7zxSqVgk7nUaUy/EQ8ECRrA20oNLqpWnanru9Utlu2bPgJaJk5My5Gj2S1+9QUSSkApNOFbKdexYexmWmhFOJ8VeomiMyRgPqWuowCFVXjY7eILOjDJAQSRNCY1m6u+JDIdKpaFvOkOsR2rRm4r/eW6ig2svYyJONBVkvihIONIRmn6PBkxSonlqCCaSmVsRGWGJiTYZFU0IzuLLy6R9UXMua/W7erlxmsdRgGM4gQo4cAUNuIUmtIBACM/wCm+WtF6sd+tj3rpi5TNH8AfW5w93FI90</latexit>

[c, (x, y)]

<latexit sha1_base64="ZelptNfcckWuZnnTYV83EnO//p4=">AAACAHicbVBNS8NAEN3Ur1q/oh48eAkWQRBqIkU9FvXgsYr9gDaUzXZbl252w+5ELSEX/4oXD4p49Wd489+4bXPQ1gcDj/dmmJkXRJxpcN1vKzc3v7C4lF8urKyurW/Ym1t1LWNFaI1ILlUzwJpyJmgNGHDajBTFYcBpIxhcjPzGPVWaSXELw4j6Ie4L1mMEg5E69k4b6CMkN1KGhw0muvLh6FJKlXbsoltyx3BmiZeRIspQ7dhf7a4kcUgFEI61bnluBH6CFTDCaVpox5pGmAxwn7YMFTik2k/GD6TOvlG6Tk8qUwKcsfp7IsGh1sMwMJ0hhjs97Y3E/7xWDL0zP2EiioEKMlnUi7kD0hml4XSZogT40BBMFDO3OuQOK0zAZFYwIXjTL8+S+nHJOymVr8vFynkWRx7toj10gDx0iiroClVRDRGUomf0it6sJ+vFerc+Jq05K5vZRn9gff4ADeOWtg==</latexit> R
o
o
m
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…

<latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="+7QEdiZkgXSxVgxF6UmMeDgdYZQ=">AAACBnicbVDLSgMxFM3UV62vqksRgkXoqsxoUZcFNy4r2Ae0tWQyd9rQJDMkGaEMs3Ljr7hxoYhbv8Gdf2P6WGjrgZDDOfdy7z1+zJk2rvvt5FZW19Y38puFre2d3b3i/kFTR4mi0KARj1TbJxo4k9AwzHBoxwqI8Dm0/NH1xG89gNIskndmHENPkIFkIaPEWKlfPO4mMgDlK0Ih7Q51PPnPqciy+xRn/WLJrbhT4GXizUkJzVHvF7+6QUQTAdJQTrTueG5seilRhlEOWaGbaLAjRmQAHUslEaB76fSMDJ9aJcBhpOyTBk/V3x0pEVqPhW8rBTFDvehNxP+8TmLCq17KZJwYkHQ2KEw4NhGeZIIDpoAaPraEUMXsrpgOiY3E2OQKNgRv8eRl0jyreBeV6m21VCvP48ijI3SCyshDl6iGblAdNRBFj+gZvaI358l5cd6dj1lpzpn3HKI/cD5/AA4ymWw=</latexit>|
{z

}

Line
Decoder

FFN

<latexit sha1_base64="+7QEdiZkgXSxVgxF6UmMeDgdYZQ=">AAACBnicbVDLSgMxFM3UV62vqksRgkXoqsxoUZcFNy4r2Ae0tWQyd9rQJDMkGaEMs3Ljr7hxoYhbv8Gdf2P6WGjrgZDDOfdy7z1+zJk2rvvt5FZW19Y38puFre2d3b3i/kFTR4mi0KARj1TbJxo4k9AwzHBoxwqI8Dm0/NH1xG89gNIskndmHENPkIFkIaPEWKlfPO4mMgDlK0Ih7Q51PPnPqciy+xRn/WLJrbhT4GXizUkJzVHvF7+6QUQTAdJQTrTueG5seilRhlEOWaGbaLAjRmQAHUslEaB76fSMDJ9aJcBhpOyTBk/V3x0pEVqPhW8rBTFDvehNxP+8TmLCq17KZJwYkHQ2KEw4NhGeZIIDpoAaPraEUMXsrpgOiY3E2OQKNgRv8eRl0jyreBeV6m21VCvP48ijI3SCyshDl6iGblAdNRBFj+gZvaI358l5cd6dj1lpzpn3HKI/cD5/AA4ymWw=</latexit>|
{z

}

<latexit sha1_base64="dup1YWYuJH0gBVM3QnX9ouC9QOY=">AAACBHicbZDLSsNAFIYnXmu9RV12M1iFFkJJSlGXBTcuK9gLtCFMppN26GQSZiZiCF248VXcuFDErQ/hzrdx2mahrT8MfPznHM6c348Zlcq2v4219Y3Nre3CTnF3b//g0Dw67sgoEZi0ccQi0fORJIxy0lZUMdKLBUGhz0jXn1zP6t17IiSN+J1KY+KGaMRpQDFS2vLMUh9bsFJ58BwLpp5TtTTWrdSrV6uuZ5btmj0XXAUnhzLI1fLMr8EwwklIuMIMSdl37Fi5GRKKYkamxUEiSYzwBI1IXyNHIZFuNj9iCs+1M4RBJPTjCs7d3xMZCqVMQ193hkiN5XJtZv5X6ycquHIzyuNEEY4Xi4KEQRXBWSJwSAXBiqUaEBZU/xXiMRIIK51bUYfgLJ+8Cp16zbmoNW4b5eZZHkcBlMApqAAHXIImuAEt0AYYPIJn8ArejCfjxXg3Phata0Y+cwL+yPj8AZGXlMY=</latexit>

[c, ((x1, y1), (x2, y2))]

<latexit sha1_base64="TBmeEUSHGOdbG4A/AUMQfM69X58=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KokU9Vjw4kWoaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqZ+6wmV5rF8NOME/YgOJA85o8ZKD3c9r1cquxV3BrJMvJyUIUe9V/rq9mOWRigNE1Trjucmxs+oMpwJnBS7qcaEshEdYMdSSSPUfjY7dULOrNInYaxsSUNm6u+JjEZaj6PAdkbUDPWiNxX/8zqpCa/9jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdoQvMWXl0nzouJdVqr31XLtNI+jAMdwAufgwRXU4Bbq0AAGA3iGV3hzhPPivDsf89YVJ585gj9wPn8AxAeNYA==</latexit>

M1

<latexit sha1_base64="0tRiLtzD2bASZuKhi3UXGEK3l/U=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBqPgKeyGoB4DXrwIEc0DkiXMTnqTIbOzy8ysEEI+wYsHRbz6Rd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDPzW0+oNI/loxkn6Ed0IHnIGTVWerjrVXrFklt25yCrxMtICTLUe8Wvbj9maYTSMEG17nhuYvwJVYYzgdNCN9WYUDaiA+xYKmmE2p/MT52Sc6v0SRgrW9KQufp7YkIjrcdRYDsjaoZ62ZuJ/3md1ITX/oTLJDUo2WJRmApiYjL7m/S5QmbE2BLKFLe3EjakijJj0ynYELzll1dJs1L2LsvV+2qpdpbFkYcTOIUL8OAKanALdWgAgwE8wyu8OcJ5cd6dj0VrzslmjuEPnM8fxYuNYQ==</latexit>

M2

<latexit sha1_base64="facY5HuSA+cqu+dRYRPbOpYdddU=">AAAB8nicbVDLSgNBEJz1GeMr6tHLYBQ8hV0J6jHgxWMU84BkCbOT2WTIPJaZXjEs+QwvHhTx6td482+cJHvQxIKGoqqb7q4oEdyC7397K6tr6xubha3i9s7u3n7p4LBpdWooa1AttGlHxDLBFWsAB8HaiWFERoK1otHN1G89MmO5Vg8wTlgoyUDxmFMCTup0gT1Bdq+1nPRKZb/iz4CXSZCTMspR75W+un1NU8kUUEGs7QR+AmFGDHAq2KTYTS1LCB2RAes4qohkNsxmJ0/wmVP6ONbGlQI8U39PZERaO5aR65QEhnbRm4r/eZ0U4usw4ypJgSk6XxSnAoPG0/9xnxtGQYwdIdRwdyumQ2IIBZdS0YUQLL68TJoXleCyUr2rlmuneRwFdIxO0DkK0BWqoVtURw1EkUbP6BW9eeC9eO/ex7x1xctnjtAfeJ8/1u6RiQ==</latexit>

R
o
o
m

<latexit sha1_base64="tEgpyBpPHZKrKW4gq59biwEleQQ=">AAAB+3icbVBNS8NAEN34WetXrEcvwSp4qokU9VjQg8cK9gPaUDabbbt0sxt2J9oS8le8eFDEq3/Em//GbZuDtj4YeLw3w8y8IOZMg+t+Wyura+sbm4Wt4vbO7t6+fVBqapkoQhtEcqnaAdaUM0EbwIDTdqwojgJOW8HoZuq3HqnSTIoHmMTUj/BAsD4jGIzUs0tdoGNIW0yE8un8VkqV9eyyW3FncJaJl5MyylHv2V/dUJIkogIIx1p3PDcGP8UKGOE0K3YTTWNMRnhAO4YKHFHtp7PbM+fUKKHTl8qUAGem/p5IcaT1JApMZ4RhqBe9qfif10mgf+2nTMQJUEHmi/oJd0A60yCckClKgE8MwUQxc6tDhlhhAiauognBW3x5mTQvKt5lpXpfLddO8jgK6AgdozPkoStUQ3eojhqIoDF6Rq/ozcqsF+vd+pi3rlj5zCH6A+vzB3FolJ4=</latexit>
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<latexit sha1_base64="fVJgPanBbL1V5Blj0LbK83Q3SvM=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSpUKCWRoh4LXjxWsB+ShrLZbtqlm03Y3Ygh9Fd48aCIV3+ON/+N2zYHbX0w8Hhvhpl5fsyZ0rb9ba2srq1vbBa2its7u3v7pYPDtooSSWiLRDySXR8rypmgLc00p91YUhz6nHb88c3U7zxSqVgk7nUaUy/EQ8ECRrA20oNLqpWnanru9Utlu2bPgJaJk5My5Gj2S1+9QUSSkApNOFbKdexYexmWmhFOJ8VeomiMyRgPqWuowCFVXjY7eILOjDJAQSRNCY1m6u+JDIdKpaFvOkOsR2rRm4r/eW6ig2svYyJONBVkvihIONIRmn6PBkxSonlqCCaSmVsRGWGJiTYZFU0IzuLLy6R9UXMua/W7erlxmsdRgGM4gQo4cAUNuIUmtIBACM/wCm+WtF6sd+tj3rpi5TNH8AfW5w93FI90</latexit>

[c, (x, y)]
<latexit sha1_base64="fVJgPanBbL1V5Blj0LbK83Q3SvM=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSpUKCWRoh4LXjxWsB+ShrLZbtqlm03Y3Ygh9Fd48aCIV3+ON/+N2zYHbX0w8Hhvhpl5fsyZ0rb9ba2srq1vbBa2its7u3v7pYPDtooSSWiLRDySXR8rypmgLc00p91YUhz6nHb88c3U7zxSqVgk7nUaUy/EQ8ECRrA20oNLqpWnanru9Utlu2bPgJaJk5My5Gj2S1+9QUSSkApNOFbKdexYexmWmhFOJ8VeomiMyRgPqWuowCFVXjY7eILOjDJAQSRNCY1m6u+JDIdKpaFvOkOsR2rRm4r/eW6ig2svYyJONBVkvihIONIRmn6PBkxSonlqCCaSmVsRGWGJiTYZFU0IzuLLy6R9UXMua/W7erlxmsdRgGM4gQo4cAUNuIUmtIBACM/wCm+WtF6sd+tj3rpi5TNH8AfW5w93FI90</latexit>

[c, (x, y)]

<latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="dqcp4x4eDMUGrNcmns257EJeJO0=">AAAB+XicbVBNT8JAEN3iF+JX1aOXjcQED5LWEPVIlINHiPKRQEO2ywIbtttmd0okDf/EiweN8eo/8ea/cYEeFHzJJC/vzWRmnh8JrsFxvq3M2vrG5lZ2O7ezu7d/YB8eNXQYK8rqNBShavlEM8ElqwMHwVqRYiTwBWv6o7uZ3xwzpXkoH2ESMS8gA8n7nBIwUte2O8CeICmQc/xQuajUpl077xSdOfAqcVOSRymqXfur0wtpHDAJVBCt264TgZcQBZwKNs11Ys0iQkdkwNqGShIw7SXzy6f4zCg93A+VKQl4rv6eSEig9STwTWdAYKiXvZn4n9eOoX/jJVxGMTBJF4v6scAQ4lkMuMcVoyAmhhCquLkV0yFRhIIJK2dCcJdfXiWNy6J7VSzVSvnybRpHFp2gU1RALrpGZXSPqqiOKBqjZ/SK3qzEerHerY9Fa8ZKZ47RH1ifP/uUkpg=</latexit>

(a) SD-DQ
<latexit sha1_base64="MXn7eg0z70xNOUuHkAlwNkL72lA=">AAAB+XicbVBNS8NAEN34WetX1KOXxSLUgyWRoh6L9uCxBfsBbSib7aZdutmE3UmxhP4TLx4U8eo/8ea/cdvmoK0PBh7vzTAzz48F1+A439ba+sbm1nZuJ7+7t39waB8dN3WUKMoaNBKRavtEM8ElawAHwdqxYiT0BWv5o/uZ3xozpXkkH2ESMy8kA8kDTgkYqWfbXWBPkBb9C1ytXlbr055dcErOHHiVuBkpoAy1nv3V7Uc0CZkEKojWHdeJwUuJAk4Fm+a7iWYxoSMyYB1DJQmZ9tL55VN8bpQ+DiJlSgKeq78nUhJqPQl90xkSGOplbyb+53USCG69lMs4ASbpYlGQCAwRnsWA+1wxCmJiCKGKm1sxHRJFKJiw8iYEd/nlVdK8KrnXpXK9XKjcZXHk0Ck6Q0XkohtUQQ+ohhqIojF6Rq/ozUqtF+vd+li0rlnZzAn6A+vzB+YZkoo=</latexit>

(b) DD-DQ
<latexit sha1_base64="0CKRJI/LYrskXhnETiv+YfwBmK0=">AAAB+XicbVBNT8JAEN3iF+JX1aOXjcQED5LWEPVIlINHiPKRQEO2ywIbtttmd0okDf/EiweN8eo/8ea/cYEeFHzJJC/vzWRmnh8JrsFxvq3M2vrG5lZ2O7ezu7d/YB8eNXQYK8rqNBShavlEM8ElqwMHwVqRYiTwBWv6o7uZ3xwzpXkoH2ESMS8gA8n7nBIwUte2O8CeICnQc1ypXDzUpl077xSdOfAqcVOSRymqXfur0wtpHDAJVBCt264TgZcQBZwKNs11Ys0iQkdkwNqGShIw7SXzy6f4zCg93A+VKQl4rv6eSEig9STwTWdAYKiXvZn4n9eOoX/jJVxGMTBJF4v6scAQ4lkMuMcVoyAmhhCquLkV0yFRhIIJK2dCcJdfXiWNy6J7VSzVSvnybRpHFp2gU1RALrpGZXSPqqiOKBqjZ/SK3qzEerHerY9Fa8ZKZ47RH1ifP/5/kpo=</latexit>

(c) DD-SQ
(b) TD-TQ

…
…
…

Polygon
Decoder

FFN

…
…
… <latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="+7QEdiZkgXSxVgxF6UmMeDgdYZQ=">AAACBnicbVDLSgMxFM3UV62vqksRgkXoqsxoUZcFNy4r2Ae0tWQyd9rQJDMkGaEMs3Ljr7hxoYhbv8Gdf2P6WGjrgZDDOfdy7z1+zJk2rvvt5FZW19Y38puFre2d3b3i/kFTR4mi0KARj1TbJxo4k9AwzHBoxwqI8Dm0/NH1xG89gNIskndmHENPkIFkIaPEWKlfPO4mMgDlK0Ih7Q51PPnPqciy+xRn/WLJrbhT4GXizUkJzVHvF7+6QUQTAdJQTrTueG5seilRhlEOWaGbaLAjRmQAHUslEaB76fSMDJ9aJcBhpOyTBk/V3x0pEVqPhW8rBTFDvehNxP+8TmLCq17KZJwYkHQ2KEw4NhGeZIIDpoAaPraEUMXsrpgOiY3E2OQKNgRv8eRl0jyreBeV6m21VCvP48ijI3SCyshDl6iGblAdNRBFj+gZvaI358l5cd6dj1lpzpn3HKI/cD5/AA4ymWw=</latexit>|
{z

}

Line
Decoder

FFN

<latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="+7QEdiZkgXSxVgxF6UmMeDgdYZQ=">AAACBnicbVDLSgMxFM3UV62vqksRgkXoqsxoUZcFNy4r2Ae0tWQyd9rQJDMkGaEMs3Ljr7hxoYhbv8Gdf2P6WGjrgZDDOfdy7z1+zJk2rvvt5FZW19Y38puFre2d3b3i/kFTR4mi0KARj1TbJxo4k9AwzHBoxwqI8Dm0/NH1xG89gNIskndmHENPkIFkIaPEWKlfPO4mMgDlK0Ih7Q51PPnPqciy+xRn/WLJrbhT4GXizUkJzVHvF7+6QUQTAdJQTrTueG5seilRhlEOWaGbaLAjRmQAHUslEaB76fSMDJ9aJcBhpOyTBk/V3x0pEVqPhW8rBTFDvehNxP+8TmLCq17KZJwYkHQ2KEw4NhGeZIIDpoAaPraEUMXsrpgOiY3E2OQKNgRv8eRl0jyreBeV6m21VCvP48ijI3SCyshDl6iGblAdNRBFj+gZvaI358l5cd6dj1lpzpn3HKI/cD5/AA4ymWw=</latexit>|
{z

}

<latexit sha1_base64="TBmeEUSHGOdbG4A/AUMQfM69X58=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KokU9Vjw4kWoaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqZ+6wmV5rF8NOME/YgOJA85o8ZKD3c9r1cquxV3BrJMvJyUIUe9V/rq9mOWRigNE1Trjucmxs+oMpwJnBS7qcaEshEdYMdSSSPUfjY7dULOrNInYaxsSUNm6u+JjEZaj6PAdkbUDPWiNxX/8zqpCa/9jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdoQvMWXl0nzouJdVqr31XLtNI+jAMdwAufgwRXU4Bbq0AAGA3iGV3hzhPPivDsf89YVJ585gj9wPn8AxAeNYA==</latexit>

M1

<latexit sha1_base64="0tRiLtzD2bASZuKhi3UXGEK3l/U=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBqPgKeyGoB4DXrwIEc0DkiXMTnqTIbOzy8ysEEI+wYsHRbz6Rd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDPzW0+oNI/loxkn6Ed0IHnIGTVWerjrVXrFklt25yCrxMtICTLUe8Wvbj9maYTSMEG17nhuYvwJVYYzgdNCN9WYUDaiA+xYKmmE2p/MT52Sc6v0SRgrW9KQufp7YkIjrcdRYDsjaoZ62ZuJ/3md1ITX/oTLJDUo2WJRmApiYjL7m/S5QmbE2BLKFLe3EjakijJj0ynYELzll1dJs1L2LsvV+2qpdpbFkYcTOIUL8OAKanALdWgAgwE8wyu8OcJ5cd6dj0VrzslmjuEPnM8fxYuNYQ==</latexit>

M2

<latexit sha1_base64="facY5HuSA+cqu+dRYRPbOpYdddU=">AAAB8nicbVDLSgNBEJz1GeMr6tHLYBQ8hV0J6jHgxWMU84BkCbOT2WTIPJaZXjEs+QwvHhTx6td482+cJHvQxIKGoqqb7q4oEdyC7397K6tr6xubha3i9s7u3n7p4LBpdWooa1AttGlHxDLBFWsAB8HaiWFERoK1otHN1G89MmO5Vg8wTlgoyUDxmFMCTup0gT1Bdq+1nPRKZb/iz4CXSZCTMspR75W+un1NU8kUUEGs7QR+AmFGDHAq2KTYTS1LCB2RAes4qohkNsxmJ0/wmVP6ONbGlQI8U39PZERaO5aR65QEhnbRm4r/eZ0U4usw4ypJgSk6XxSnAoPG0/9xnxtGQYwdIdRwdyumQ2IIBZdS0YUQLL68TJoXleCyUr2rlmuneRwFdIxO0DkK0BWqoVtURw1EkUbP6BW9eeC9eO/ex7x1xctnjtAfeJ8/1u6RiQ==</latexit>

R
o
o
m

<latexit sha1_base64="tEgpyBpPHZKrKW4gq59biwEleQQ=">AAAB+3icbVBNS8NAEN34WetXrEcvwSp4qokU9VjQg8cK9gPaUDabbbt0sxt2J9oS8le8eFDEq3/Em//GbZuDtj4YeLw3w8y8IOZMg+t+Wyura+sbm4Wt4vbO7t6+fVBqapkoQhtEcqnaAdaUM0EbwIDTdqwojgJOW8HoZuq3HqnSTIoHmMTUj/BAsD4jGIzUs0tdoGNIW0yE8un8VkqV9eyyW3FncJaJl5MyylHv2V/dUJIkogIIx1p3PDcGP8UKGOE0K3YTTWNMRnhAO4YKHFHtp7PbM+fUKKHTl8qUAGem/p5IcaT1JApMZ4RhqBe9qfif10mgf+2nTMQJUEHmi/oJd0A60yCckClKgE8MwUQxc6tDhlhhAiauognBW3x5mTQvKt5lpXpfLddO8jgK6AgdozPkoStUQ3eojhqIoDF6Rq/ozcqsF+vd+pi3rlj5zCH6A+vzB3FolJ4=</latexit>

<latexit sha1_base64="fVJgPanBbL1V5Blj0LbK83Q3SvM=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSpUKCWRoh4LXjxWsB+ShrLZbtqlm03Y3Ygh9Fd48aCIV3+ON/+N2zYHbX0w8Hhvhpl5fsyZ0rb9ba2srq1vbBa2its7u3v7pYPDtooSSWiLRDySXR8rypmgLc00p91YUhz6nHb88c3U7zxSqVgk7nUaUy/EQ8ECRrA20oNLqpWnanru9Utlu2bPgJaJk5My5Gj2S1+9QUSSkApNOFbKdexYexmWmhFOJ8VeomiMyRgPqWuowCFVXjY7eILOjDJAQSRNCY1m6u+JDIdKpaFvOkOsR2rRm4r/eW6ig2svYyJONBVkvihIONIRmn6PBkxSonlqCCaSmVsRGWGJiTYZFU0IzuLLy6R9UXMua/W7erlxmsdRgGM4gQo4cAUNuIUmtIBACM/wCm+WtF6sd+tj3rpi5TNH8AfW5w93FI90</latexit>

[c, (x, y

D
o
o
r/

W
in

d
ow

)]

…
…
…
…

Polygon
Decoder

FFN

…
…
…
…

<latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="+7QEdiZkgXSxVgxF6UmMeDgdYZQ=">AAACBnicbVDLSgMxFM3UV62vqksRgkXoqsxoUZcFNy4r2Ae0tWQyd9rQJDMkGaEMs3Ljr7hxoYhbv8Gdf2P6WGjrgZDDOfdy7z1+zJk2rvvt5FZW19Y38puFre2d3b3i/kFTR4mi0KARj1TbJxo4k9AwzHBoxwqI8Dm0/NH1xG89gNIskndmHENPkIFkIaPEWKlfPO4mMgDlK0Ih7Q51PPnPqciy+xRn/WLJrbhT4GXizUkJzVHvF7+6QUQTAdJQTrTueG5seilRhlEOWaGbaLAjRmQAHUslEaB76fSMDJ9aJcBhpOyTBk/V3x0pEVqPhW8rBTFDvehNxP+8TmLCq17KZJwYkHQ2KEw4NhGeZIIDpoAaPraEUMXsrpgOiY3E2OQKNgRv8eRl0jyreBeV6m21VCvP48ijI3SCyshDl6iGblAdNRBFj+gZvaI358l5cd6dj1lpzpn3HKI/cD5/AA4ymWw=</latexit>|
{z

}

<latexit sha1_base64="H5TdBFoa0b6bDqYAxVuod14egwM=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBqPgKexKUI8BL16EBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDvzW0+oNI/lgxkn6Ed0IHnIGTVWqt/3iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JedW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJb/wJl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZl2bsqV+qVUvUsiyMPJ3AKF+DBNVThDmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP571jLw=</latexit>

M

<latexit sha1_base64="fVJgPanBbL1V5Blj0LbK83Q3SvM=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSpUKCWRoh4LXjxWsB+ShrLZbtqlm03Y3Ygh9Fd48aCIV3+ON/+N2zYHbX0w8Hhvhpl5fsyZ0rb9ba2srq1vbBa2its7u3v7pYPDtooSSWiLRDySXR8rypmgLc00p91YUhz6nHb88c3U7zxSqVgk7nUaUy/EQ8ECRrA20oNLqpWnanru9Utlu2bPgJaJk5My5Gj2S1+9QUSSkApNOFbKdexYexmWmhFOJ8VeomiMyRgPqWuowCFVXjY7eILOjDJAQSRNCY1m6u+JDIdKpaFvOkOsR2rRm4r/eW6ig2svYyJONBVkvihIONIRmn6PBkxSonlqCCaSmVsRGWGJiTYZFU0IzuLLy6R9UXMua/W7erlxmsdRgGM4gQo4cAUNuIUmtIBACM/wCm+WtF6sd+tj3rpi5TNH8AfW5w93FI90</latexit>

[c, (x, y)]

<latexit sha1_base64="ZelptNfcckWuZnnTYV83EnO//p4=">AAACAHicbVBNS8NAEN3Ur1q/oh48eAkWQRBqIkU9FvXgsYr9gDaUzXZbl252w+5ELSEX/4oXD4p49Wd489+4bXPQ1gcDj/dmmJkXRJxpcN1vKzc3v7C4lF8urKyurW/Ym1t1LWNFaI1ILlUzwJpyJmgNGHDajBTFYcBpIxhcjPzGPVWaSXELw4j6Ie4L1mMEg5E69k4b6CMkN1KGhw0muvLh6FJKlXbsoltyx3BmiZeRIspQ7dhf7a4kcUgFEI61bnluBH6CFTDCaVpox5pGmAxwn7YMFTik2k/GD6TOvlG6Tk8qUwKcsfp7IsGh1sMwMJ0hhjs97Y3E/7xWDL0zP2EiioEKMlnUi7kD0hml4XSZogT40BBMFDO3OuQOK0zAZFYwIXjTL8+S+nHJOymVr8vFynkWRx7toj10gDx0iiroClVRDRGUomf0it6sJ+vFerc+Jq05K5vZRn9gff4ADeOWtg==</latexit> R
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<latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="+7QEdiZkgXSxVgxF6UmMeDgdYZQ=">AAACBnicbVDLSgMxFM3UV62vqksRgkXoqsxoUZcFNy4r2Ae0tWQyd9rQJDMkGaEMs3Ljr7hxoYhbv8Gdf2P6WGjrgZDDOfdy7z1+zJk2rvvt5FZW19Y38puFre2d3b3i/kFTR4mi0KARj1TbJxo4k9AwzHBoxwqI8Dm0/NH1xG89gNIskndmHENPkIFkIaPEWKlfPO4mMgDlK0Ih7Q51PPnPqciy+xRn/WLJrbhT4GXizUkJzVHvF7+6QUQTAdJQTrTueG5seilRhlEOWaGbaLAjRmQAHUslEaB76fSMDJ9aJcBhpOyTBk/V3x0pEVqPhW8rBTFDvehNxP+8TmLCq17KZJwYkHQ2KEw4NhGeZIIDpoAaPraEUMXsrpgOiY3E2OQKNgRv8eRl0jyreBeV6m21VCvP48ijI3SCyshDl6iGblAdNRBFj+gZvaI358l5cd6dj1lpzpn3HKI/cD5/AA4ymWw=</latexit>|
{z

}

Line
Decoder

FFN

<latexit sha1_base64="+7QEdiZkgXSxVgxF6UmMeDgdYZQ=">AAACBnicbVDLSgMxFM3UV62vqksRgkXoqsxoUZcFNy4r2Ae0tWQyd9rQJDMkGaEMs3Ljr7hxoYhbv8Gdf2P6WGjrgZDDOfdy7z1+zJk2rvvt5FZW19Y38puFre2d3b3i/kFTR4mi0KARj1TbJxo4k9AwzHBoxwqI8Dm0/NH1xG89gNIskndmHENPkIFkIaPEWKlfPO4mMgDlK0Ih7Q51PPnPqciy+xRn/WLJrbhT4GXizUkJzVHvF7+6QUQTAdJQTrTueG5seilRhlEOWaGbaLAjRmQAHUslEaB76fSMDJ9aJcBhpOyTBk/V3x0pEVqPhW8rBTFDvehNxP+8TmLCq17KZJwYkHQ2KEw4NhGeZIIDpoAaPraEUMXsrpgOiY3E2OQKNgRv8eRl0jyreBeV6m21VCvP48ijI3SCyshDl6iGblAdNRBFj+gZvaI358l5cd6dj1lpzpn3HKI/cD5/AA4ymWw=</latexit>|
{z

}

<latexit sha1_base64="dup1YWYuJH0gBVM3QnX9ouC9QOY=">AAACBHicbZDLSsNAFIYnXmu9RV12M1iFFkJJSlGXBTcuK9gLtCFMppN26GQSZiZiCF248VXcuFDErQ/hzrdx2mahrT8MfPznHM6c348Zlcq2v4219Y3Nre3CTnF3b//g0Dw67sgoEZi0ccQi0fORJIxy0lZUMdKLBUGhz0jXn1zP6t17IiSN+J1KY+KGaMRpQDFS2vLMUh9bsFJ58BwLpp5TtTTWrdSrV6uuZ5btmj0XXAUnhzLI1fLMr8EwwklIuMIMSdl37Fi5GRKKYkamxUEiSYzwBI1IXyNHIZFuNj9iCs+1M4RBJPTjCs7d3xMZCqVMQ193hkiN5XJtZv5X6ycquHIzyuNEEY4Xi4KEQRXBWSJwSAXBiqUaEBZU/xXiMRIIK51bUYfgLJ+8Cp16zbmoNW4b5eZZHkcBlMApqAAHXIImuAEt0AYYPIJn8ArejCfjxXg3Phata0Y+cwL+yPj8AZGXlMY=</latexit>

[c, ((x1, y1), (x2, y2))]

<latexit sha1_base64="TBmeEUSHGOdbG4A/AUMQfM69X58=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSp4KokU9Vjw4kWoaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz321lZXVvf2CxsFbd3dvf2SweHTR2nimGDxSJW7YBqFFxiw3AjsJ0opFEgsBWMbqZ+6wmV5rF8NOME/YgOJA85o8ZKD3c9r1cquxV3BrJMvJyUIUe9V/rq9mOWRigNE1Trjucmxs+oMpwJnBS7qcaEshEdYMdSSSPUfjY7dULOrNInYaxsSUNm6u+JjEZaj6PAdkbUDPWiNxX/8zqpCa/9jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdoQvMWXl0nzouJdVqr31XLtNI+jAMdwAufgwRXU4Bbq0AAGA3iGV3hzhPPivDsf89YVJ585gj9wPn8AxAeNYA==</latexit>

M1

<latexit sha1_base64="0tRiLtzD2bASZuKhi3UXGEK3l/U=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBqPgKeyGoB4DXrwIEc0DkiXMTnqTIbOzy8ysEEI+wYsHRbz6Rd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDPzW0+oNI/loxkn6Ed0IHnIGTVWerjrVXrFklt25yCrxMtICTLUe8Wvbj9maYTSMEG17nhuYvwJVYYzgdNCN9WYUDaiA+xYKmmE2p/MT52Sc6v0SRgrW9KQufp7YkIjrcdRYDsjaoZ62ZuJ/3md1ITX/oTLJDUo2WJRmApiYjL7m/S5QmbE2BLKFLe3EjakijJj0ynYELzll1dJs1L2LsvV+2qpdpbFkYcTOIUL8OAKanALdWgAgwE8wyu8OcJ5cd6dj0VrzslmjuEPnM8fxYuNYQ==</latexit>

M2

<latexit sha1_base64="facY5HuSA+cqu+dRYRPbOpYdddU=">AAAB8nicbVDLSgNBEJz1GeMr6tHLYBQ8hV0J6jHgxWMU84BkCbOT2WTIPJaZXjEs+QwvHhTx6td482+cJHvQxIKGoqqb7q4oEdyC7397K6tr6xubha3i9s7u3n7p4LBpdWooa1AttGlHxDLBFWsAB8HaiWFERoK1otHN1G89MmO5Vg8wTlgoyUDxmFMCTup0gT1Bdq+1nPRKZb/iz4CXSZCTMspR75W+un1NU8kUUEGs7QR+AmFGDHAq2KTYTS1LCB2RAes4qohkNsxmJ0/wmVP6ONbGlQI8U39PZERaO5aR65QEhnbRm4r/eZ0U4usw4ypJgSk6XxSnAoPG0/9xnxtGQYwdIdRwdyumQ2IIBZdS0YUQLL68TJoXleCyUr2rlmuneRwFdIxO0DkK0BWqoVtURw1EkUbP6BW9eeC9eO/ex7x1xctnjtAfeJ8/1u6RiQ==</latexit>

R
o
o
m

<latexit sha1_base64="tEgpyBpPHZKrKW4gq59biwEleQQ=">AAAB+3icbVBNS8NAEN34WetXrEcvwSp4qokU9VjQg8cK9gPaUDabbbt0sxt2J9oS8le8eFDEq3/Em//GbZuDtj4YeLw3w8y8IOZMg+t+Wyura+sbm4Wt4vbO7t6+fVBqapkoQhtEcqnaAdaUM0EbwIDTdqwojgJOW8HoZuq3HqnSTIoHmMTUj/BAsD4jGIzUs0tdoGNIW0yE8un8VkqV9eyyW3FncJaJl5MyylHv2V/dUJIkogIIx1p3PDcGP8UKGOE0K3YTTWNMRnhAO4YKHFHtp7PbM+fUKKHTl8qUAGem/p5IcaT1JApMZ4RhqBe9qfif10mgf+2nTMQJUEHmi/oJd0A60yCckClKgE8MwUQxc6tDhlhhAiauognBW3x5mTQvKt5lpXpfLddO8jgK6AgdozPkoStUQ3eojhqIoDF6Rq/ozcqsF+vd+pi3rlj5zCH6A+vzB3FolJ4=</latexit>

D
o
o
r/
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<latexit sha1_base64="fVJgPanBbL1V5Blj0LbK83Q3SvM=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSpUKCWRoh4LXjxWsB+ShrLZbtqlm03Y3Ygh9Fd48aCIV3+ON/+N2zYHbX0w8Hhvhpl5fsyZ0rb9ba2srq1vbBa2its7u3v7pYPDtooSSWiLRDySXR8rypmgLc00p91YUhz6nHb88c3U7zxSqVgk7nUaUy/EQ8ECRrA20oNLqpWnanru9Utlu2bPgJaJk5My5Gj2S1+9QUSSkApNOFbKdexYexmWmhFOJ8VeomiMyRgPqWuowCFVXjY7eILOjDJAQSRNCY1m6u+JDIdKpaFvOkOsR2rRm4r/eW6ig2svYyJONBVkvihIONIRmn6PBkxSonlqCCaSmVsRGWGJiTYZFU0IzuLLy6R9UXMua/W7erlxmsdRgGM4gQo4cAUNuIUmtIBACM/wCm+WtF6sd+tj3rpi5TNH8AfW5w93FI90</latexit>

[c, (x, y)]
<latexit sha1_base64="fVJgPanBbL1V5Blj0LbK83Q3SvM=">AAAB8HicbVBNS8NAEJ34WetX1aOXxSpUKCWRoh4LXjxWsB+ShrLZbtqlm03Y3Ygh9Fd48aCIV3+ON/+N2zYHbX0w8Hhvhpl5fsyZ0rb9ba2srq1vbBa2its7u3v7pYPDtooSSWiLRDySXR8rypmgLc00p91YUhz6nHb88c3U7zxSqVgk7nUaUy/EQ8ECRrA20oNLqpWnanru9Utlu2bPgJaJk5My5Gj2S1+9QUSSkApNOFbKdexYexmWmhFOJ8VeomiMyRgPqWuowCFVXjY7eILOjDJAQSRNCY1m6u+JDIdKpaFvOkOsR2rRm4r/eW6ig2svYyJONBVkvihIONIRmn6PBkxSonlqCCaSmVsRGWGJiTYZFU0IzuLLy6R9UXMua/W7erlxmsdRgGM4gQo4cAUNuIUmtIBACM/wCm+WtF6sd+tj3rpi5TNH8AfW5w93FI90</latexit>

[c, (x, y)]

<latexit sha1_base64="5fOSwiKdZVCnoa/3fY84g2Dww8E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ac0oWy2m3bpZjfsbgol9G948aCIV/+MN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJR8tUEdomkkvVC7GmnAnaNsxw2ksUxXHIaTec3Od+d0qVZlI8mVlCgxiPBIsYwcZKvj/FSkgzZmJUGVRrbt1dAK0TryA1KNAaVL/8oSRpTIUhHGvd99zEBBlWhhFO5xU/1TTBZIJHtG+pwDHVQba4eY4urDJEkVS2hEEL9fdEhmOtZ3FoO2NsxnrVy8X/vH5qotsgYyJJDRVkuShKOTIS5QGgIVOUGD6zBBPF7K2IjLHCxNiY8hC81ZfXSeeq7l3XG4+NWvOuiKMMZ3AOl+DBDTThAVrQBgIJPMMrvDmp8+K8Ox/L1pJTzJzCHzifP/EYkaE=</latexit>?

<latexit sha1_base64="dqcp4x4eDMUGrNcmns257EJeJO0=">AAAB+XicbVBNT8JAEN3iF+JX1aOXjcQED5LWEPVIlINHiPKRQEO2ywIbtttmd0okDf/EiweN8eo/8ea/cYEeFHzJJC/vzWRmnh8JrsFxvq3M2vrG5lZ2O7ezu7d/YB8eNXQYK8rqNBShavlEM8ElqwMHwVqRYiTwBWv6o7uZ3xwzpXkoH2ESMS8gA8n7nBIwUte2O8CeICmQc/xQuajUpl077xSdOfAqcVOSRymqXfur0wtpHDAJVBCt264TgZcQBZwKNs11Ys0iQkdkwNqGShIw7SXzy6f4zCg93A+VKQl4rv6eSEig9STwTWdAYKiXvZn4n9eOoX/jJVxGMTBJF4v6scAQ4lkMuMcVoyAmhhCquLkV0yFRhIIJK2dCcJdfXiWNy6J7VSzVSvnybRpHFp2gU1RALrpGZXSPqqiOKBqjZ/SK3qzEerHerY9Fa8ZKZ47RH1ifP/uUkpg=</latexit>

(a) SD-DQ
<latexit sha1_base64="MXn7eg0z70xNOUuHkAlwNkL72lA=">AAAB+XicbVBNS8NAEN34WetX1KOXxSLUgyWRoh6L9uCxBfsBbSib7aZdutmE3UmxhP4TLx4U8eo/8ea/cdvmoK0PBh7vzTAzz48F1+A439ba+sbm1nZuJ7+7t39waB8dN3WUKMoaNBKRavtEM8ElawAHwdqxYiT0BWv5o/uZ3xozpXkkH2ESMy8kA8kDTgkYqWfbXWBPkBb9C1ytXlbr055dcErOHHiVuBkpoAy1nv3V7Uc0CZkEKojWHdeJwUuJAk4Fm+a7iWYxoSMyYB1DJQmZ9tL55VN8bpQ+DiJlSgKeq78nUhJqPQl90xkSGOplbyb+53USCG69lMs4ASbpYlGQCAwRnsWA+1wxCmJiCKGKm1sxHRJFKJiw8iYEd/nlVdK8KrnXpXK9XKjcZXHk0Ck6Q0XkohtUQQ+ohhqIojF6Rq/ozUqtF+vd+li0rlnZzAn6A+vzB+YZkoo=</latexit>

(b) DD-DQ
<latexit sha1_base64="0CKRJI/LYrskXhnETiv+YfwBmK0=">AAAB+XicbVBNT8JAEN3iF+JX1aOXjcQED5LWEPVIlINHiPKRQEO2ywIbtttmd0okDf/EiweN8eo/8ea/cYEeFHzJJC/vzWRmnh8JrsFxvq3M2vrG5lZ2O7ezu7d/YB8eNXQYK8rqNBShavlEM8ElqwMHwVqRYiTwBWv6o7uZ3xwzpXkoH2ESMS8gA8n7nBIwUte2O8CeICnQc1ypXDzUpl077xSdOfAqcVOSRymqXfur0wtpHDAJVBCt264TgZcQBZwKNs11Ys0iQkdkwNqGShIw7SXzy6f4zCg93A+VKQl4rv6eSEig9STwTWdAYKiXvZn4n9eOoX/jJVxGMTBJF4v6scAQ4lkMuMcVoyAmhhCquLkV0yFRhIIJK2dCcJdfXiWNy6J7VSzVSvnybRpHFp2gU1RALrpGZXSPqqiOKBqjZ/SK3qzEerHerY9Fa8ZKZ47RH1ifP/5/kpo=</latexit>

(c) DD-SQ
(c) TD-SQ

Figure 4. Model variants for semantically-rich floorplans. SD-TQ: Single decoder with two-level queries. TD-TQ: two decoders with
two-level queries. TD-SQ: two decoders with single-level queries in the line decoder.

find a bipartite matching between the predicted polygons
and the groundtruth by searching for a permutation σ̂ with
minimal cost:

σ̂ = argmin
σ

M

∑
m=1
D(Vm, V̂σ(m)) (1)

where D is a function that measures the matching cost
between groundtruth polygon Vm and a prediction with
index σ(m). Since we view a polygon as a sequence
of vertices, we calculate the matching cost at sequence
level and define D as 1{m≤M gt}λcls∑N

n=1 ∥cmn − ĉ
σ(m)
n ∥ +

1{m≤M gt}λcoordd(Pm, P̂σ(m)), where d measures the sum
of pair-wise L1 distance between groundtruth vertex co-
ordinates without padding Pm = (pm1 , pm2 , ..., pmNm

) and
the prediction sliced with the same length P̂σ(m) =
(p̂σ(m)1 , p̂

σ(m)
2 , ..., p̂

σ(m)
Nm
). The matching cost D takes into

account both the vertex label and coordinates with balanc-
ing coefficients λcls and λcoord. A closed polygon is a cycle
so there exist multiple equivalent parametrizations depend-
ing on the starting vertex and the orientation. Here, we fix
the groundtruth Pm to always follow counter-clockwise ori-
entation, but can start from any of the vertices. We calculate
the distance between P̂σ(m) and all possible permutations
of Pm and take the minimum as the final d.
Loss functions. After finding the optimal permutation σ̂
with the Hungarian algorithm, we can compute the loss
function which consists of three parts: a vertex label clas-
sification loss, a vertex coordinates regression loss and a
polygon rasterization loss. The vertex label classification
loss is a standard binary cross-entropy:

Lm
cls = −

1

N

N

∑
n=1

cmn ⋅log(ĉσ̂(m)n )−(1−cmn )⋅log(1−ĉσ̂(m)n ) (2)

Similar to the matching cost function, the L1 distance serves
as a loss function for vertex coordinates regression:

Lm
coord =

1

Nm
1{m≤M gt}d(Pm, P̂σ̂(m)) (3)

We additionally compute the Dice loss [24] between raster-
ized polygons as auxiliary loss:

Lm
ras = 1{m≤M gt}Dice(R(Pm),R(P̂σ̂(m))) (4)

where R indicates the rasterized mask of a given polygon,
using a differentiable rasterizer [18]. We only compute
Lm

coord and Lm
ras for predicted polygons with matched non-

padded groundtruth while computing Lm
cls for all predicted

polygons (including ∅). The total loss L is then defined as:

L =
M

∑
m

(λclsLm
cls + λcoordLm

coord + λrasLm
ras) (5)

3.5. Towards Semantically-Rich Floorplans

Our method can easily be extended to classify different
room types and reconstruct additional architectural details
such as doors and windows, while using the same input.
Room types. The two-level polygon queries make our
pipeline very flexible to be extended to identify room types.
We denote the output embedding from the last layer of
the Transformer decoder as Dlast ∈ RM×N×C . We then
aggregate room-level features by simply averaging corner-
level features and obtain an aggregated embedding D̂last ∈
RM×C . Finally, a simple linear projection layer predicts the
room label probabilities using a softmax function. Since M
is usually larger than the actual number of rooms in a scene,
an additional empty class label is used to represent invalid
rooms. We denote tm as the type for polygon instance Vm.
We use the same matching permutation σ̂ from Eq. 1 to find
the matched prediction t̂σ̂(m). The room type is supervised
by a cross-entropy loss Lm

room cls.
Doors and windows. A door or a window can be regarded
as a line in a 2D floorplan. Intuitively, we can view them as
a special “polygon” with 2 vertices. This way, our pipeline
can be directly adapted to predict doors and windows with-
out architecture modification. It is only required to increase
the room-level queries M since more polygons need to be
predicted (Fig. 4a). Alternatively, we could use a separate
line decoder to predict doors and windows. Since a line
can be parameterized by a fixed number of 2 vertices, we
can either represent them as two-level queries but with a
fixed number of corner-level queries (Fig. 4b), or single-
level queries (Fig. 4c). The two-level queries variant is sim-
ply an adaptation of our polygon decoder. For the single-
level queries variant, we follow LETR [34] that directly pre-
dicts the two endpoints from the query. The performance of
each variant is analyzed in Sec. 4.4.
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Room Corner Angle

Method Venue Fully-neural Single-stage t (s) Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1

Floor-SP [8] ICCV19 ✗ ✗ 785 89. 88. 88. 81. 73. 76. 80. 72. 75.
MonteFloor [29] ICCV21 ✗ ✗ 71 95.6 94.4 95.0 88.5 77.2 82.5 86.3 75.4 80.5

HAWP [35] CVPR20 ✓ ✗ 0.02 77.7 87.6 82.3 65.8 77.0 70.9 59.9 69.7 64.4
LETR [34] CVPR21 ✓ ✗ 0.04 94.5 90.0 92.2 79.7 78.2 78.9 72.5 71.3 71.9
HEAT [9] CVPR22 ✓ ✗ 0.11 96.9 94.0 95.4 81.7 83.2 82.5 77.6 79.0 78.3

RoomFormer (Ours) - ✓ ✓ 0.01 97.9 96.7 97.3 89.1 85.3 87.2 83.0 79.5 81.2

Table 1. Foorplan reconstruction scores on Structured3D test set [37]. Our method offers state-of-the-art results while being signifi-
cantly faster than existing works. Runtime is averaged over the test set. Scores of prior works are as taken from [9, 29].

4. Experiments

4.1. Datasets and Metrics

Datasets. Structured3D [37] is a large-scale photo-realistic
dataset containing 3500 houses with diverse floor plans
covering both Manhattan and non-Manhattan layouts. It
contains semantically-rich annotations including doors and
windows, and 16 room types. We adhere to the pre-defined
split of 3000 training samples, 250 validation samples and
250 test samples. As in [9, 29], we convert the registered
multi-view RGB-D panoramas to point clouds, and project
the point clouds along the vertical axis into density images
of size 256×256 pixels. The density value at each pixel is
the number of projected points to that pixel divided by the
maximum point number so that it is normalized to [0, 1].

SceneCAD [2] contains 3D room layout annotations on
real-world RGB-D scans of ScanNet [12]. We convert the
layout annotations to 2D floorplan polygons. Annotations
are only available for the ScanNet training and validation
splits, so we train on the training split and report scores on
the validation split. We use the same procedure as in Struc-
tured3D to project RGB-D scans to density maps.

Metrics. Following [9, 29], for each groundtruth room, we
loop through the predictions and find the best-matching re-
constructed room in terms of IoU. For the matched rooms
we then report precision, recall and F1 scores at three geom-
etry levels: rooms, corners and angles. We compute preci-
sion, recall and F1 scores also for the semantic enrichment
predictions. For the room type, the metrics are computed
like the room metric described above, with the additional
constraint that the predicted semantic label must match the
groundtruth. A window or door is considered correct if its
L2 distance to the groundtruth element is <10 pixels.

4.2. Implementation Details

Model settings. We use the same ResNet-50 backbone as
HEAT [9]. We generate multi-scale feature maps from the
last three backbone stages without FPN. The fourth scale
feature map is obtained via a 3×3 stride 2 convolution on the
final stage. All feature maps are reduced to 256 channels by

Room Corner Angle

Method t(s) IoU Prec. Rec. F1 Prec. Rec. F1

Floor-SP [8] 26 91.6 89.4 85.8 87.6 74.3 71.9 73.1
HEAT [9] 0.12 84.9 87.8 79.1 83.2 73.2 67.8 70.4
RoomFormer (Ours) 0.01 91.7 92.5 85.3 88.8 78.0 73.7 75.8

Table 2. Foorplan reconstruction on the SceneCAD val set [2].
a 1×1 convolution. The Transformer consists of 6 encoder
and 6 decoder layers with 256 channels. We use 8 heads and
Ns=4 sampling points for the deformable attention module.
The number of room-level queries and corner-level queries
is set to M = 20 and N = 40.

Training. We use the Adam optimizer [17] with a weight
decay factor 1e-4. Depending on the dataset size, we train
the model on Structured3D for 500 epochs with an initial
learning rate 2e-4 and on SceneCAD for 400 epochs with an
initial learning rate 5e-5. The learning rate decays by a fac-
tor of 0.1 for the last 20% epochs. We set the coefficients for
the matcher and losses to λcls = 2, λcoord = 5, λras = 1 and use
a single TITAN RTX GPU with 24GB memory for training.

4.3. Comparison with State-of-the-art Methods

Results are summarized in Tab. 1 for Structured3D and
in Tab. 2 for SceneCAD. We compare our method to a
range of prior approaches that can be grouped into two
broad categories: Floor-SP [8] and MonteFloor [29] both
rely on Mask R-CNN to segment rooms, followed by
learning-free optimization techniques to recover the floor-
plan. HAWP [35] and LETR [34] are originally generic
methods to detect line segments and have been adapted to
floorplan reconstruction in [9]. HEAT [9] is an end-to-end
trainable neural model that first detects corners, then links
them via edge classification. Our RoomFormer outperforms
all previous methods on Structured3D (Tab. 1), increasing
the F1 score by +1.9 for rooms, +4.7 for corners and +2.9
for angles from the previous state-of-the-art, HEAT. Our
RoomFormer is the fastest one among the tested meth-
ods, with more than 10 times faster inference than HEAT.
MonteFloor additionally employs a Douglas-Peucker algo-
rithm [13] for post-processing to simplify the topology of
the output polygons. By contrast, RoomFormer does not
rely on any post-processing steps.
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Room Corner Angle

Method t(s) IoU Prec. Rec. F1 Prec. Rec. F1

HEAT [9] 0.12 52.5 50.9 51.1 51.0 42.2 42.0 41.6
RoomFormer (Ours) 0.01 74.0 56.2 65.0 60.3 44.2 48.4 46.2

Table 3. Cross-data generalization. Models are trained on Struc-
tured3D train set but evaluated on SceneCAD val set. Our method
shows significant robustness when the train-test domains differ.

Door/Window Room∗ Room Corner Angle

Method F1 F1 F1 F1 F1

SD-TQ (Fig. 4a) 81.1 70.7 94.3 83.9 76.7
TD-TQ (Fig. 4b) 80.8 71.4 93.4 82.0 73.7
TD-SQ (Fig. 4c) 81.7 74.4 94.9 84.2 75.9

Table 4. Semantically-rich floorplan reconstruction scores on
Structured3D test set. The Room∗ metric is similar to Room, but
additionally considers the correct room type classification.

On SceneCAD (Tab. 2), we compare with two rep-
resentative methods (for which code is available) from
optimization-based and fully-neural categories Floor-SP
and HEAT. RoomFormer achieves notable improvement
over other methods, especially on corner/angle precision.
For more details, please see the supplementary.

Cross-data generalization. We further evaluate the ability
of our model to generalize across datasets. For that, we train
on Structured3D training set and evaluate on SceneCAD
validation set (without fine-tuning on SceneCAD). We com-
pare with the current state-of-the-art, end-to-end method
HEAT and report scores in Tab. 3. Our model general-
izes better to unseen data characteristics. It outperforms
HEAT significantly in almost every metric and particularly
on room IoU (74.0 vs. 52.5). We attribute the better gen-
eralization to the learned global reasoning capacity rather
than focusing on separate corner detection and edge classi-
fications as in HEAT.

Qualitative results on Structured3D are shown in Fig. 5.
The quality of floorplan generated by two-stage pipelines
is strongly affected by errors in the first stage, e.g., miss-
ing rooms with MonteFloor (3rd, 4th row) and missing cor-
ners/edges with HEAT (5th, 6th row). Instead, our holis-
tic single-stage model produces more accurate predictions
while being able to capture geometric details. We observe
a similar pattern in Fig. 6. HEAT suffers from missing
corners/edges when the input point cloud is sparse (last 4
rows), while our RoomFormer handles these cases more ro-
bustly. Floor-SP forces the generated polygon to completely
contain its room segmentation mask which, however, results
in redundant corners (4th, 5th row). By contrast, Room-
Former produces more plausible results without imposing
any hard constraints.

4.4. Semantically-Rich Floorplans

The quantitative results on semantically-rich floorplan
are summarized in Tab. 4. We observe that separating the
room and door/window decoding can help improve room

3D Scan Density Map MonteFloor [29] HEAT [9] Ours Ground Truth

Figure 5. Qualitative evaluations on Structured3D [37]. Best
viewed in color on a screen and zoom in. Colors are assigned
based on room locations, without semantic meaning.

3D Scan Density Map Floor-SP [8] HEAT [9] Ours Ground Truth

Figure 6. Qualitative evaluations on SceneCAD [2]. HEAT is
affected by missing corners and edges (last 4 rows). Floor-SP
tends to produce redundant corners due to its containment con-
straint (4th, 5th row). Our method is more robust in these cases.

type classification since room and door/window may have
significantly different geometry and semantic properties.
However, the second-best performing method is SD-TQ
where we use our original model with more polygon queries
to model the doors and windows. For the two variants with
line decoder, the single-level queries (TD-SQ) work bet-
ter than the two-level queries (TD-TQ), suggesting that for
shapes represented by a fixed number of parameters (e.g.,
lines), single-level queries are sufficient. We show our qual-
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Figure 7. Results of semantic-rich floorplans. Dashed lines rep-
resent windows, arcs represent doors. The radius, number and
orientation of arcs are determined by the length and direction of
the predicted lines. Best viewed in color on a screen.

itative results on rich floorplan reconstruction in Fig. 7. For
visualization purposes, we use arcs to represent doors. In-
terestingly, our single decoder variant (SD-TQ) incorrectly
identifies a room as “bathroom” instead of “misc” (3rd col.).
However, this follows house design principles better than
the groundtruth, since each house usually has a bathroom.

4.5. Analysis Experiments

Two-level vs. single-level queries. We model floorplans as
two-level queries. To validate that choice we compare with
single-level queries, where a single query is responsible for
predicting all ordered vertices of a room. Tab. 5 shows that
two-level queries greatly improve all metrics. The reason is
that the two-level design relaxes the role of each query to
model a single vertex rather than a sequence. Furthermore,
it enables explicit interactions between vertices of the same
room, and vertices across adjacent rooms, while single-level
queries only enable room-level interactions.
Multi-scale feature maps. We leverage multi-scale feature
maps to aggregate both local and global contexts for joint
vertex positioning and order capturing. To validate this de-
sign, we conduct ablations by using only a single-level fea-
ture map obtained from the last stage of ResNet-50. Tab. 6
shows that multi-scale feature maps significantly improve
all metrics, which indicates that local and global contexts
are crucial for our Transformers for structured reasoning.
Iterative polygon refinement. We propose to directly learn
vertex sequence coordinates as queries, refine them itera-
tively layer-by-layer, and use the updated positions as new
reference points for deformable cross-attention. We ablate

Room Corner Angle

Queries Prec. Rec. Prec. Rec. Prec. Rec.

Single-level 74.4 73.4 65.1 58.9 61.4 55.6
Two-level (Ours) 96.5 95.3 91.2 82.8 88.3 80.3

Table 5. Query analysis. Comparison between two-level and
single-level queries. Scores are on Structured3D validation set.

Multi-Scale Polygon Room Corner Angle

Features Refinement Prec. Rec. Prec. Rec. Prec. Rec.

- ✓ 93.9 92.9 87.8 79.6 83.3 75.6
✓ - 94.8 93.0 88.7 80.7 84.2 76.7
✓ ✓ 96.5 95.3 91.2 82.8 88.3 80.3

Table 6. Model analysis. Impact of multi-scale features and poly-
gon refinement. Scores are on Structured3D validation set.

Settings Room Corner Angle

Lcls Lcoord Lras Prec. Rec. Prec. Rec. Prec. Rec.

✓ - ✓ 84.3 83.2 75.4 68.8 70.6 64.5
✓ ✓ - 96.0 94.5 89.9 81.7 87.0 79.2
✓ ✓ ✓ 96.5 95.3 91.2 82.8 88.3 80.3

Table 7. Loss analysis. Impact of various losses. Lcls is always
required for determining valid corners. The combination of Lcoord

and Lras yields best results. Scores are on Structured3D val set.

this by removing the refinement process and keeping the
reference points static in intermediate layers while only up-
dating the decoder embeddings. Tab. 6 suggests that the re-
finement strategy significantly improves the performance.
Loss functions. We use three loss components to super-
vise our network (Tab. 7). Since the vertex label classifica-
tion loss is essential and cannot be removed, we ablate for
Lcoord and Lras. In the first experiment, we remove Lcoord
and replace the matching cost for sequence coordinates with
a matching cost for the rasterized mask. This leads to a
significant drop in all metrics. Next, we only remove Lras
which incurs a smaller drop in all metrics. We conclude that
the sequence coordinates regression loss is essential and the
rasterization loss serves as an auxiliary loss.

5. Conclusion
In this work, we have introduced RoomFormer, a sim-

ple and direct model for 2D floorplan reconstruction for-
mulated as a polygon estimation problem. The network
learns to predict a varying number of rooms per floorplan,
each room represented as a varying length of ordered cor-
ner sequence. Our single-stage, end-to-end trainable model
shows significant improvements over prior multi-stage and
heuristics-driven methods, both in performance and speed
metrics. Moreover, it can be flexibly extended to reconstruct
semantically-rich floorplans. We hope our approach in-
spires more applications in polygonal reconstruction tasks.
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