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pose estimation problem by voting among a set of pose
hypotheses, according to the geometric correctness of plane
correspondences.

The voting approaches presented in [7], [8] share a
similar concept with the typical keypoint-based RANSAC
framework [11] for pose estimation. However, it differs
in that they utilize precomputed pose hypotheses instead
of computing them from inlier plane correspondences. To
ensure that the precomputed pose hypotheses can han-
dle complex pose distributions, the number of hypotheses
would be large (e.g., 1024 in SparsePlanes [7]). This leads to
a contradiction between the abundance of pose hypotheses
and the scarcity of plane correspondences. For instance, in
Fig. 1(b), there are only 4 plane correspondences available
for hypotheses voting. As a result, it becomes unstable and
unreliable to distinguish the best hypothesis among the
1024 possibilities. Consequently, a time-consuming contin-
uous optimization with the assistance of keypoint corre-
spondences is required in [7] for accurate sparse-view 3D
reconstruction. Despite achieving impressive reconstruction
results, they ignored a key problem of pose hypotheses
generation from the perspective of RANSAC [11], resulting
in inflexibility and high computational cost for sparse-view
3D reconstruction.

In this paper, we pursue to formulate the camera pose es-
timation with pure plane correspondences in the RANSAC
framework to get rid of the fixed pose hypotheses. In the
sparse-view setting, explicitly modeling the relationship
between plane correspondences and the relative camera
pose often leads to ill-posed minimal problems [12]. To
address this challenge, we leverage neural networks to
encode the parameters of plane correspondences into a pose
embedding space, enabling us to generate pose hypotheses
through learned representations. We minimize the number
of plane correspondences to 1 for the generation of each
pose hypothesis, which we refer to as the one-plane pose. This
formulation forms the basis of our proposed framework
called Neural One-PlanE RANSAC (NOPE-SAC). By gener-
ating one-plane poses, we significantly reduce the number
of pose hypotheses to be the same as the number of plane
correspondences. As a result, the quantity contradiction
between the pose hypotheses and their supported inlier
plane correspondences is greatly alleviated. This allows us
to fully exploit the information of plane correspondences
and recover accurate camera poses from sparse-view im-
ages without relying on post-processing steps such as the
continuous optimization described in [7].

We build our NOPE-SAC together with the plane detec-
tion and matching modules to establish a complete planar
reconstruction system. Specifically, given two sparse-view
images as input, our NOPE-SAC first detects 3D planes
within each image and establishes plane correspondences
by solving an optimal transport problem as in [9]. To initiate
the pose estimation process in RANSAC with an initial
coarse camera pose, we utilize a convolutional neural net-
work (ConvNet) to learn a pose embedding, which is then
decoded into the initial pose. The parameters of each plane
correspondence, along with the initial pose embedding, are
combined to create new pose embeddings for generating
one-plane pose hypotheses. To address the flexibility is-
sue of pose initialization from ConvNets, we introduce an

arbitrary pose initialization module (AIM), which follows
an auto-encoder structure to encode poses obtained from
other methods into pose embeddings. With a coarse initial
camera pose and N potential plane correspondences, our
NOPE-SAC generates N one-plane pose hypotheses. These
hypotheses are then voted based on the geometric cost
of the plane correspondences. Finally, the refined pose is
estimated by fusing all hypotheses together according to
their voting scores. The holistic planar reconstruction is
achieved as the final output of our system. Figure 1 provides
an illustrative example of our NOPE-SAC with sparse-view
input images. In this example, we consider four plane cor-
respondences and an initial pose (pink frustum) predicted
by the siamese network. By utilizing these correspondences,
our NOPE-SAC generates four one-plane pose hypotheses
(gray frustums). Subsequently, the plane correspondences
are employed to vote and fuse all pose hypotheses (includ-
ing the initial pose), enabling us to achieve a holistic 3D
reconstruction of the scene.

In the experiments, we evaluate our NOPE-SAC on two
indoor benchmark datasets, i.e., Matterport3D [13] with
sparse-view splits created by SparsePlanes [7] and Scan-
Net [14] with a more challenging split created by ourselves
(see Sec. 5.1 for details). On both benchmarks, our NOPE-
SAC achieves state-of-the-art performance in terms of pose
estimation accuracy and planar 3D reconstruction precision.
Compared to the prior arts (e.g., PlaneFormers [8]), our
NOPE-SAC pushed the accuracy of pose estimation on the
Matterport3D dataset to 73.2% and 89.0% for translation
and rotation (6.4% and 5.2% absolute improvements), the
accuracy of pose estimation on the ScanNet dataset to 82.0%
and 82.6% for translation and rotation (6.7% and 9.4%
absolute improvements), and the Average Precision (AP)
of 3D plane reconstruction to 43.29% on the Matterport3D
and 39.39% on the ScanNet (5.76% and 4.75% absolute
improvements). The comprehensive ablation studies further
verified the design rationales of the proposed NOPE-SAC.

In summary, we present a novel approach, i.e., NOPE-
SAC, to address the challenging problem of sparse-view
planar 3D reconstruction in a RANSAC framework, which
fully takes the advantage of end-to-end deep neural net-
works. Benefiting from the accurate camera pose estimated
from our one-plane pose hypotheses, we achieve superior
3D reconstruction results without incurring any offline opti-
mization procedures. Our method sets several new state-
of-the-art results on both the Matterport3D [13] and the
ScanNet [14] datasets for both pose estimation and holistic
planar reconstruction.

2 RELATED WORK

2.1 Single-View 3D Reconstruction

One relevant task to the sparse-view 3D reconstruction is to
recover 3D scenes from single images. As one of the most
widely used solution, pixel-wise depth estimation from sin-
gle views has been extensively studied [15], [16], [17], [18],
[19]. Benefiting from the advances of deep learning and the
richness of the training data [20], [21], we have witnessed
their significant improvements in depth estimation accuracy
and generalization ability.
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However, single-view depth estimation alone has lim-
itations in generating structured 3D point clouds. It can
introduce structural distortions when applied to scenes with
well-defined structures, such as indoor scenes. To overcome
this problem, some researchers [22], [23], [24], [25] have
proposed to predict structured 3D planes from a single
image directly. For example, Liu et al. [23] applied a two-
stage instance segmentation framework to jointly detect
plane instance masks and estimate 3D plane parameters
for the single view planar reconstruction. Although these
insightful methods work well for single-view indoor plane
reconstruction, they can not recover the holistic indoor
scene because of the limited field of view in every single-
view image. In this paper, we build upon the advantages
of single-view planar 3D reconstruction and go further to
the challenging sparse two-view configurations. We demon-
strate that the estimated 3D planes from single-view images
are favorable to both camera pose estimation and holistic
planar 3D reconstruction when dealing with sparse two-
view images.

2.2 Two-View Camera Pose Estimation

Two-view 3D reconstruction is the most fundamental task in
computer vision, which is formulated to solve the relative
camera poses between the input images and estimate the
scene geometry from the camera motions. The problem of
camera pose estimation is the core of this task.

A common solution is to estimate camera poses from
keypoint correspondences [26], [27], [28], [29], [30] relying
on a typical 5-point solver [10] within a RANSAC [11]
framework. Following this paradigm, there have been
tremendous efforts to improve the performance of keypoint
detection and description [31], [32], [33], [34] and matching
by neural networks [9], [35], [36], [37], [38]. As our study
mainly focuses on the sparse-view configuration for two-
view 3D reconstruction, such a common solution becomes
infeasible due to the low overlap rate between the sparse-
view inputs, which hampers the establishment of reliable
feature correspondences.

Recently, some approaches have leveraged neural net-
works to directly estimate camera poses from feature cost
volumes built up on dense pixel correspondences [39], [40],
[41], [42]. Besides, Wei et al. [39] combined the traditional
and learning-based methods by estimating dense pixel cor-
respondences with a neural network and solving camera
poses with the 5-point solver [10]. While these methods
have exhibited impressive performances, they heavily rely
on sufficient image overlap to extract motion cues from
correspondences. Consequently, they face challenges when
confronted with sparse-view indoor images that have lim-
ited overlap rates.

Most recently, there has been significant research ded-
icated to addressing the problem of pose estimation from
sparse-view indoor images [6], [7], [8]. Due to the challenge
of obtaining accurate camera poses, these approaches utilize
a large number of precomputed pose templates clustered
from the ground-truth camera poses. The pose estimation
problem is then formulated as a label voting task, where
classification likelihoods and plane correspondences are
used to determine the scores of pose templates. However,

scoring a large number of pose templates with a few plane
correspondences can potentially impact estimation accuracy.
As a result, these approaches have to apply an extra opti-
mization scheme for pose refinement. In contrast, we show
that our NOPE-SAC can work well in such a voting pipeline
to accurately estimate camera poses, thanks to the genera-
tion and fusion of our novel one-plane pose hypotheses in
end-to-end learning.

3 PLANAR CORRESPONDENCES PREPARATION

The overview of our proposed NOPE-SAC for planar 3D
reconstruction is illustrated in Fig. 2. It detects single-view
3D planes from the input sparse-view images and estab-
lishes the plane correspondences between views for camera
pose estimation and planar 3D reconstruction. We focus on
3D plane instance detection and matching in this section
and leave the key components for pose estimation in Sec. 4.
Using the estimated relative camera pose, we align the 3D
plane correspondences between viewpoints to achieve the
final scene reconstruction.

3.1 3D Plane Instance Detection

Similar to [7], we define a plane instance as π =
{n, d,M, emb}, where n ∈ R

3 and d ∈ R
+ are the plane

normal and the offset from the plane to the camera center,
M ∈ R

H×W is the plane segmentation mask (H and W

are the image height and width) and emb ∈ R
256 is a plane

appearance embedding.
We use PlaneTR [25] as the 3D plane detection module

for each input view with two main modifications: (1) the
line segment branch in PlaneTR [25] is excluded to keep
the simplicity; (2) the backbone network of PlaneTR [25] is
replaced to ResNet-50 [43] for efficiency.

During our computation, we leverage the output fea-
ture of the Transformer decoder from [25] as our plane
appearance embedding. Atop this embedding, we predict
the normal and offset for each plane using a linear layer.
In addition, we decode the plane mask by concurrently
utilizing the backbone features and the plane appearance
embedding, a strategy akin to the one presented in [44].

Our 3D plane detection module employs the following
loss function:

Lplane = Lcls + 20Lmask + Ldice + Lparm + 0.5Lcenter, (1)

where Lcls represents the classification loss, Lmask denotes
the mask loss, Ldice signifies the dice loss as described
in [45], Lparm stands for the plane parameter loss, and
Lcenter indicates the plane center loss. These loss func-
tions have been previously utilized in studies such as [25],
[44]. For a comprehensive understanding, readers can refer
to [25], [44] for details.

3.2 Plane Matching

Denoted by Π1 = {π
(1)
i }

K1

i=1 and Π2 = {π
(2)
j }

K2

j=1
the plane

sets from two view images, we find an optimal partial
assignment A ∈ [0, 1]K1×K2 from Π1 to Π2 for plane match-
ing, where K1 and K2 are the number of plane instances
in two images. The optimal partial assignment A is solved
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TABLE 2
Comparison of camera poses on the Matterport3D [13] dataset and the ScanNet [14] dataset.

Method
Translation Rotation

Med. ↓ Mean ↓ (≤1m) ↑ (≤0.5m) ↑ (≤0.2m) ↑ Med. ↓ Mean ↓ (≤ 30◦) ↑ (≤ 15◦) ↑ (≤ 10◦) ↑

Matterport3D [13] dataset

SuperGlue [9] - - - - - 3.88 24.17 77.8% 71.0% 65.7%
LoFTR [36] - - - - - 5.85 33.13 67.0% 61.0% 57.0%

SparsePlanes [7] 0.63 1.15 66.6% 40.4% 11.9% 7.33 22.78 83.4% 72.9% 61.2%
PlaneFormers [8] 0.66 1.19 66.8% 36.7% 8.7% 5.96 22.20 83.8% 77.6% 68.0%

SparsePlanes-TR [7], [25] 0.61 1.13 67.3% 41.7% 12.2% 6.87 22.17 83.8% 74.5% 63.3%
PlaneFormers-TR [8], [25] 0.64 1.17 67.9% 38.7% 8.9% 5.28 21.90 83.9% 79.0% 70.8%

NOPE-SAC-Cls (ours) 0.66 1.20 65.6% 37.9% 9.8% 2.98 19.68 84.9% 83.1% 80.2%
NOPE-SAC-Reg (ours) 0.52 0.94 73.2% 48.3% 16.2% 2.77 14.37 89.0% 86.9% 84.0%

ScanNet [14] dataset

SuperGlue [9] - - - - - 10.90 31.00 67.8% 56.0% 48.4%
LoFTR [36] - - - - - 5.49 27.13 71.0% 63.3% 58.4%

SparsePlanes [7] 0.56 0.81 73.7% 44.6% 10.7% 15.46 33.38 70.5% 48.7% 28.0%
PlaneFormers [8] 0.55 0.81 75.3% 45.5% 11.3% 14.34 32.08 73.2% 52.1% 32.3%

SparsePlanes-TR [7], [25] 0.57 0.82 73.4% 43.6% 10.1% 14.57 32.36 72.8% 51.2% 30.1%
PlaneFormers-TR [8], [25] 0.53 0.79 76.2% 47.0% 11.4% 13.81 31.58 74.5% 54.1% 33.6%

NOPE-SAC-Cls (ours) 0.49 0.76 77.5% 50.9% 14.1% 9.01 27.84 77.9% 69.5% 55.1%
NOPE-SAC-Reg (ours) 0.41 0.65 82.0% 59.1% 21.2% 8.27 22.12 82.6% 73.2% 59.5%

fair comparisons. In SparsePlanes-TR, we replace the plane
detection module with PlaneTR [25] as our network used.
As the official implementation of SparsePlanes [7] does not
provide results on the ScanNet [14] dataset, we train these
baselines on the ScanNet [14] dataset by ourselves.

PlaneFormers and PlaneFormers-TR. PlaneFormers [8] is
the prior art built upon on SparsePlanes [7]. It selects Top-9
classification poses from [7] as hypotheses. For each pose
hypothesis, PlaneFormers jointly estimates the pose score
and plane matching cost using a neural network. The pose
with the best score is selected and refined with an extra
estimated pose residual. The plane correspondences are
achieved by conducting an offline Hungarian algorithm on
the matching cost. Like SparsePlanes [7], we implemented
the results of PlaneFormers on the ScanNet [14] dataset by
ourselves. In PlaneFormers-TR, we use the planes detected
by PlaneTR [25], the same as what our NOPE-SAC used to
ensure fairness of comparisons.

SuperGlue and LoFTR. These are two strong baselines for
keypoints or local feature matching with neural networks.
The camera poses are calculated from matched point cor-
respondences with ‘5-point solver [10] + RANSAC [11]’.
Since SuperGlue [9] and LoFTR [36] lack scale information
in translations, we do not report their translation errors.
When SuperGlue/LoFTR fails to estimate camera poses,
we set their rotation results as identity matrices like [7].
For the results of plane reconstruction, we use the ground
truth scales in translations and match planes detected by
PlaneTR [25] with our plane matching module.

5.5 Main Results

In this section, we position our methodology alongside
several leading-edge techniques across various dimensions.
We first commence with a quantitative assessment of diverse
plane matching networks. Subsequently, our attention shifts
to the primary objectives: camera pose estimation and 3D

TABLE 3
Comparison of plane matching results.

Methods
Matterport3D [13] ScanNet [14]
P ↑ R ↑ F ↑ P ↑ R ↑ F ↑

SparsePlanes-TR [7], [25] 44.4 49.0 46.6 37.5 45.7 41.2
PlaneFormers-TR [8], [25] 55.0 46.2 50.2 49.1 40.4 44.3

NOPE-SAC-Cls (ours) 49.2 50.8 50.0 43.4 46.9 45.1
NOPE-SAC-Reg (ours) 49.9 51.5 50.7 44.3 48.0 46.0

TABLE 4
Detailed camera pose comparison with SparsePlanes-TR [7], [25]. ‘Cls.
Top-1’ means the Top-1 classification pose of SparsePlanes [7]. ‘Con.’

means the continuous optimization proposed by SparsePlanes.

Method
Translation Rotation

Med. ↓ Mean ↓ (≤0.5m) ↑ Med. ↓ Mean ↓ (≤ 15◦) ↑

Matterport3D [13] dataset

Cls. Top-1 0.90 1.40 21.1% 7.65 24.57 71.7%
[7], [25] w/o Con. 0.88 1.35 21.9% 7.17 22.36 74.6%
[7], [25] 0.61 1.13 41.7% 6.87 22.17 74.5%
NOPE-SAC-Cls 0.66 1.20 37.9% 2.98 19.68 83.1%

ScanNet [14] dataset

Cls. Top-1 0.56 0.83 43.9% 15.21 33.16 49.5%
[7], [25] w/o Con. 0.55 0.83 44.2% 14.55 32.36 51.3%
[7], [25] 0.57 0.82 43.6% 14.57 32.36 51.2%
NOPE-SAC-Cls 0.49 0.76 50.9% 9.01 27.84 69.5%

planar reconstruction, for which we provide both quantita-
tive and qualitative results. Finally, we present data on the
model size and inference time to show the efficiency of our
approach.

5.5.1 Comparison of Plane Matching

We compare our method with SparsePlanes-TR [7], [25] and
PlaneFormers-TR [8], [25], in which we use the same single-
view 3D plane detection results for fair comparisons. As
shown in Tab. 3, both two versions of our method signif-
icantly outperform SparsePlanes-TR which uses an offline
Hungarian algorithm. When compared to PlaneFormers-TR
which utilizes neural networks for matching, our approach
achieves competitive F-score results and demonstrates su-
perior performance in terms of matching recall.
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TABLE 5
Average Precision (AP) of 3D plane reconstruction conditioned with mask IoU, normal angle error, and offset distance error. The threshold of mask

IoU is fixed to 0.5. ‘All’ means we consider all three conditions. ‘-Offset’ and ‘-Normal’ mean we ignore the offset and the normal conditions
respectively. ‘Con.’ means the continuous optimization proposed by SparsePlanes [7].

Method
Offset≤1m, Normal≤ 30◦ Offset≤0.5m, Normal≤ 15◦ Offset≤0.2m, Normal≤ 5◦

All -Offset -Normal All -Offset -Normal All -Offset -Normal

Matterport3D [13] dataset

SuperGlue-TR [9], [25] 39.51 44.11 44.08 28.98 37.53 34.40 11.29 21.87 17.27
LoFTR-TR [25], [36] 35.71 40.74 41.36 25.84 34.04 31.48 10.74 20.51 16.05

SparsePlanes [7] w/o Con. 35.87 42.13 38.80 23.36 35.34 27.48 8.07 17.28 12.99
SparsePlanes [7] 36.02 42.01 39.04 23.53 35.25 27.64 6.76 17.18 11.52
PlaneFormers [8] 37.62 43.19 40.36 26.10 36.88 29.99 9.44 18.82 14.78

SparsePlanes-TR [7], [25] w/o Con. 39.91 46.50 42.53 27.37 40.79 31.03 9.99 22.80 14.64
SparsePlanes-TR [7], [25] 40.35 46.39 43.03 27.81 40.65 31.38 9.02 22.80 13.66
PlaneFormers-TR [8], [25] 41.87 47.50 44.43 30.78 42.82 34.03 12.45 25.98 17.34

NOPE-SAC-Cls Init. (ours) 38.94 46.60 41.96 26.17 40.48 29.89 9.89 22.55 14.29
NOPE-SAC-Cls Ref. (ours) 41.92 48.18 44.01 31.36 44.24 34.01 13.59 30.05 17.45

NOPE-SAC-Reg Init. (ours) 40.07 46.03 43.59 26.78 36.76 31.95 10.09 19.09 15.55
NOPE-SAC-Reg Ref. (ours) 43.29 49.00 45.32 32.61 44.94 35.36 14.25 30.39 18.37

ScanNet [14] dataset

SuperGlue-TR [9], [25] 33.20 33.77 43.40 22.78 24.94 36.72 4.35 6.19 19.33
LoFTR-TR [25], [36] 34.61 35.30 43.55 25.52 27.79 37.32 5.91 8.22 20.62

SparsePlanes [7] w/o Con. 33.20 34.12 40.74 22.89 25.62 33.67 3.03 4.52 17.17
SparsePlanes [7] 33.08 34.12 40.51 21.69 25.59 32.20 2.52 4.50 14.85
PlaneFormers [8] 34.64 35.47 41.37 24.48 27.19 34.69 3.93 5.52 18.58

SparsePlanes-TR [7], [25] w/o Con. 35.56 36.51 42.14 26.01 29.61 35.12 3.96 6.10 18.59
SparsePlanes-TR [7], [25] 35.32 36.50 41.92 24.71 29.55 33.50 3.21 6.07 15.32
PlaneFormers-TR [8], [25] 36.82 37.87 43.01 27.41 30.72 36.31 4.83 7.02 19.94

NOPE-SAC-Cls Init. (ours) 35.41 36.68 42.44 25.21 28.78 34.96 3.84 5.74 18.66
NOPE-SAC-Cls Ref. (ours) 38.23 39.36 43.27 30.25 34.15 36.93 6.23 9.57 20.56

NOPE-SAC-Reg Init. (ours) 36.39 37.35 43.15 25.59 28.54 36.06 4.59 6.41 19.92
NOPE-SAC-Reg Ref. (ours) 39.39 40.30 43.88 31.21 34.89 37.88 6.74 10.10 21.41

5.5.2 Comparison of Camera Pose Estimation

Quantitative Results. We first compare the performance of
rotation estimation. As shown in Tab. 2, both our NOPE-
SAC-Reg and NOPE-SAC-Cls significantly outperform all
baselines on both datasets, particularly when the rotation
threshold is small, e.g., 84.0% (NOPE-SAC-Reg) v.s. 63.3%
(SparsePlanes-TR) with the threshold of 10◦ on the Mat-
terport3D [13] dataset. Then, we evaluate the translation
results. When compared to SparsePlanes-TR [7], [25] and
PlaneFormers-TR [8], [25], which use the a-priori classifica-
tion poses, our NOPE-SAC-Cls performs slightly worse on
the Matterport3D [13] dataset but outperforms them on the
more challenging ScanNet [14] dataset.

In a further comparison with SparsePlanes-TR [7], [25]
as shown in Tab. 4, we find that the translation improve-
ment of SparsePlanes-TR largely depends on its keypoint-
based continuous optimization. While SparsePlanes-TR per-
forms well on the MatterPort3D [13] dataset, its continuous
optimization performance significantly deteriorates on the
ScanNet [14] dataset. This is mainly due to the difficulty
of achieving accurate keypoint matches on the ScanNet
dataset, as illustrated in Fig. 1(a). In contrast, our NOPE-
SAC-Cls consistently improves the initial poses using only
the plane correspondences on both datasets.

Qualitative Results. Fig. 6 shows the pose estimation results
of our NOPE-SAC-Reg from two different viewpoints on

the Matterport3D [13] and the ScanNet [14] datasets. As
described in Sec. 4, we compute one-plane pose hypothe-
ses (Gray frustums) from estimated plane correspondences
(the third column). Despite the outlier poses caused by
incorrect correspondences and inaccurate plane parameters,
our NOPE-SAC effectively achieved the final refined pose
(Blue frustum) from all one-plane pose hypotheses (Gray
frustums) and the initial pose (Pink frustum).

5.5.3 Comparison of 3D Planar Reconstruction

Quantitative Results. We evaluate our method with initial
(Init.) and refined (Ref.) poses, and compare with baselines
under various plane offset and normal error thresholds
from loose to strict. As shown in Tab. 5, Our NOPE-SAC-
Reg achieves state-of-the-art performance especially under
the strictest settings with ‘Offset≤0.2m’ and ‘Normal≤ 5◦’
on both Matterport3D [13] and ScanNet [14] datasets.
When compared with SparsePlanes-TR [7], [25] which also
uses classification poses, our NOPE-SAC-Cls effectively im-
proves the reconstruction performance (e.g., from 25.21 to
30.25 with offset≤0.5m and normal≤ 10◦ on the ScanNet
dataset). Those performance gains confirmed the superiority
of our proposed NOPE-SAC.

Qualitative Results. Fig. 7 visualizes the 3D plane recon-
struction results of different approaches on the Matter-
port3D [13] and the ScanNet [14] datasets. As it is shown,
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(a) Image 1 (b) Image 2 (c) SparsePlanes-TR (d) PlaneFormers-TR (e) Ours (f) Ground Truth

Fig. 7. Comparison of 3D plane reconstruction results on the Matterport3D [13] dataset (first four rows) and the ScanNet [14] dataset (last three
rows). Blue and Black frustums show cameras of the first and the second images respectively.

our method successfully reconstructs the scenes from sparse
views even when the image overlap is very small (e.g., the
third row in Fig. 7) and the viewpoint change is very large
(e.g., the fourth row in Fig. 7).

5.5.4 Comparison of Model Size and Inference Time

In Tab. 6, we compare the number of model parameters and
inference time of our NOPE-SAC with SparsePlanes [7] and
PlaneFormers [8]. Our NOPE-SAC shows its superiority in
both model size and inference time.

5.6 Ablation for Plane Matching

In this section, we verify the core compositions of our plane
matching module including the usage of AGNN and score
matrix in Eqn. 5. As shown in Tab. 7, each component
contributes to the improvement of matching, and the best
matching results are achieved with the full setting.

5.7 Ablation for NOPE-SAC Pose Estimation

This section presents a series of ablation studies for our
NOPE-SAC pose estimation as it plays the most important

TABLE 6
Comparsion of model size and inference time.

Methods #Parameters (M)
Inference Time (s/image)

Detection Matching + Pose Total

SparsePlanes [7] 161.2 0.11 6.30 6.41
PlaneFormers [8] 230.2 0.11 0.33 0.44
NOPE-SAC (Ours) 75.3 0.13 0.08 0.21

TABLE 7
Ablation studies of the plane matching module.

Settings Matterport3D [13] ScanNet [14]
AGNN Se Sg P ↑ R ↑ F ↑ P ↑ R ↑ F ↑

✓ 28.6 22.2 25.0 25.6 23.5 24.5
✓ ✓ 37.1 50.0 42.6 30.4 43.7 35.8

✓ ✓ 47.4 50.3 48.8 41.9 45.6 43.7
✓ ✓ ✓ 49.9 51.5 50.7 44.3 48.0 46.0

role in the end task. By default, we use the initial pose
achieved by our pose regression module.

NOPE-SAC VS. Other Pose Refinement Methods. Here,
we first compare our NOPE-SAC with three traditional
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TABLE 8
Ablation studies for NOPE-SAC camera pose refinement.

Method
Translation Rotation

Med. ↓ Mean ↓ (≤1m) ↑ (≤0.5m) ↑ (≤0.2m) ↑ Med. ↓ Mean ↓ (≤ 30◦) ↑ (≤ 15◦) ↑ (≤ 10◦) ↑

Matterport3D [13] dataset

Initial Pose 0.69 1.08 65.0% 37.0% 10.1% 11.16 21.49 81.3% 60.5% 46.5%

Nume-Ref-I 0.52 1.06 69.2% 48.5% 19.1% 7.17 21.96 79.8% 67.4% 58.3%
Nume-Ref-II 0.68 1.07 65.5% 38.2% 10.7% 8.38 19.97 82.2% 65.7% 54.9%
Homo-Ref 0.61 1.05 68.5% 42.9% 14.9% 5.03 17.47 85.1% 74.5% 66.3%
PlaneFormers-TR [8], [25] 0.66 1.06 66.8% 37.5% 9.8% 8.96 20.01 83.0% 65.9% 53.5%
NOPE-SAC (ours) 0.52 0.94 73.2% 48.3% 16.2% 2.77 14.37 89.0% 86.9% 84.0%

ScanNet [14] dataset

Initial Pose 0.48 0.72 77.7% 51.9% 16.5% 14.68 26.75 73.7% 51.0% 34.4%

Nume-Ref-I 0.54 0.80 73.2% 47.2% 13.7% 16.57 29.47 68.7% 47.0% 32.3%
Nume-Ref-II 0.48 0.72 77.7% 51.8% 16.5% 14.64 26.72 73.7% 51.1% 34.6%
Homo-Ref 0.49 0.73 77.5% 51.3% 16.5% 14.03 26.27 74.2% 52.7% 36.8%
PlaneFormers-TR [8], [25] 0.48 0.72 78.3% 52.2% 14.2% 14.30 26.51 74.5% 52.2% 33.7%
NOPE-SAC (ours) 0.41 0.65 82.0% 59.1% 21.2% 8.27 22.12 82.6% 73.2% 59.5%

methods and one learning-based method for pose refine-
ment, including:

(1) Nume-Ref-I: We use the numerical optimization like
SparsePlanes [7] but only optimizes the initial camera
poses R0, t0 as follows:

min
R,t

∑

P∈P

L(dpar(P, R, t)) + dpix(P, R, t)

+ dcam(R,R0),

(21)

where P is a pair of matched planes in the predicted
plane correspondence set P, L(·) is the Huber loss, dpar

calculates Euclidean distance between plane parame-
ters, dpix is the reprojection error of matched SIFT [26]
points on plane regions, and dcam is a regularization
term which restricts the geodesic distance of rotations.

(2) Nume-Ref-II: A variant of Nume-Ref-I which excludes
dpix in Eq. 21.

(3) Homo-Ref: We use homographies to estimate refined
poses from predicted plane correspondences P. Specif-
ically, to each predicted plane correspondence P ∈ P,
matched SIFT points are found from plane regions and
used to calculate the homography matrix H . Then, a
refined pose hypothesis can be decomposed from H .
We use the scale of the initial translation and select
the refined pose from all hypotheses, which minimizes∑

P∈P
dpar(P, R, t).

(4) PlaneFormers-TR [8], [25]: We estimate the refined pose
by giving planes detected by PlaneTR [25] and our
regressive initial pose as inputs to the PlaneFormers [8].

As shown in Tab. 8, compared to the learning-based
PlaneFormers-TR [8], [25], which directly estimates a resid-
ual from plane correspondences for pose refinement, our
method performs more effectively on both two datasets with
our one-plane pose hypotheses. Thanks to the well-matched
keypoints, the traditional Nume-Ref-I achieves the closest
results to our NOPE-SAC on the Matterport3D [13] dataset.
However, Nume-Ref-I performs even worse than the initial
pose on the ScanNet [14] dataset due to the difficulty of find-
ing sufficient good keypoint matches. Similarly, Homo-Ref
also suffers from unsatisfied keypoint matches on the Scan-
Net dataset. In contrast, benefiting from directly learning
pose refinement with plane parameters in embedding space,

TABLE 9
Ablation studies of the Arbitrary Initialization Module (AIM) and plane

warping in NOPE-SAC pose estimation.

Settings Trans. Rot.
AIM Warp Plane Med. ↓ Mean ↓ (≤0.5m) ↑ Med. ↓ Mean ↓ (≤ 15◦) ↑

Matterport3D [13] dataset

✓ 0.61 1.00 42.3% 3.19 14.10 85.7%
✓ 0.51 0.92 49.3% 2.97 14.34 86.8%

✓ ✓ 0.52 0.94 48.3% 2.77 14.37 86.9%

ScanNet [14] dataset

✓ 0.42 0.66 57.4% 8.17 22.05 73.2%
✓ 0.40 0.64 59.9% 8.21 21.95 73.0%

✓ ✓ 0.41 0.65 59.1% 8.27 22.12 73.2%

TABLE 10
Ablation studies of the Arbitrary Initialization Module (AIM) in

NOPE-SAC pose estimation. * means that we use the translation scale
from our regressive initial pose for these methods.

Methods
Trans. Rot.

Med. ↓ Mean ↓ (≤0.5m) ↑ Med. ↓ Mean ↓ (≤ 15◦) ↑

Matterport3D [13] dataset

SuperGlue* [9] 0.60 1.15 44.0% 3.88 24.17 71.0%
NOPE-SAC + SuperGlue* 0.51 1.07 49.3% 2.95 19.76 82.2%

LoFTR* [36] 0.71 1.43 40.3% 5.85 33.13 61.0%
NOPE-SAC + LoFTR* 0.61 1.31 44.2% 3.42 27.03 75.1%

ScanNet [14] dataset

SuperGlue* [9] 0.44 0.69 55.1% 10.90 31.00 56.0%
NOPE-SAC + SuperGlue* 0.43 0.68 57.2% 8.61 26.95 67.2%

LoFTR* [36] 0.38 0.66 59.5% 5.49 27.13 63.3%
NOPE-SAC + LoFTR* 0.39 0.66 59.1% 7.62 25.37 70.0%

our NOPE-SAC avoids the problem of keypoints detection
and matching and achieves state-of-the-art performance.

Arbitrary Initialization Module. This part analyzes the
necessity of our Arbitrary Initialization Module (AIM). As
introduced in Sec. 4.1 and Fig. 3, the initial pose embeddings
can be achieved from either (1) the Regressive Initialization
Module (RIM) or (2) the Arbitrary Initialization Module
(AIM). Thus, we first fix the initial pose as the regressive
prediction and compare the refined poses with initial pose
embeddings from the above two methods. In Tab. 9, using
initial pose embeddings from AIM achieves similar results
to embeddings from the regression module, demonstrat-
ing our AIM’s effectiveness. Furthermore, using AIM, our
NOPE-SAC is flexible to refine initial poses that do not come
from the convolutional Regressive Initialization Module.
One typical example is our NOPE-SAC-Cls that uses the
Top-1 classification pose predicted by SparsePlanes [7] for
pose initialization. Besides, we further select SuperGlue [9]
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TABLE 11
Ablation studies of NOPE-SAC pose estimation with different one-plane

pose fusion strategies

Method
Trans. Rot.

Med. ↓ Mean ↓ (≤0.5m) ↑ Med. ↓ Mean ↓ (≤ 15◦) ↑

Matterport3D [13] dataset

Initial Pose 0.69 1.08 37.0% 11.16 21.49 60.5%

Avg 0.56 0.96 45.3% 5.03 17.21 77.1%
Min-Cost 0.56 1.00 45.4% 2.85 14.47 86.8%

Max-Score 0.59 1.03 43.1% 2.84 14.38 87.0%
Soft 0.52 0.94 48.3% 2.77 14.37 86.9%

ScanNet [14] dataset

Initial Pose 0.48 0.72 51.9% 14.68 26.75 51.0%

Avg 0.42 0.65 57.8% 10.28 23.33 63.2%
Min-Cost 0.46 0.73 53.6% 8.75 22.68 72.1%

Max-Score 0.46 0.72 53.0% 8.77 22.91 72.4%
Soft 0.41 0.65 59.1% 8.27 22.12 73.2%

and LoFTR [36] for pose initialization and refine them with
the pose embeddings achieved from our AIM. Since Super-
Glue [9] and LoFTR [36] lack scale information in transla-
tions, we use the scale from our Regressive Initialization
Module for evaluation. As shown in Tab. 10, our NOPE-
SAC successfully improves the initial poses in most metrics.
We also find that the translation of LoFTR [36] degenerates
slightly after our NOPE-SAC refinement on the ScanNet [14]
dataset which is mainly caused by the inaccurate plane pa-
rameters under a relatively accurate camera pose estimation.

Plane Warping for Correspondence Embedding. Here, we
discuss the influence of warping plane parameters before
calculating correspondence embeddings as described in
Eqn. 12. As shown in Tab. 9, warping plane parameters
effectively improves the translation results, especially on the
Matterport3D [13] dataset (e.g., from 42.3% to 48.3%).

Pose Hypotheses Fusion. We then discuss the fusion strate-
gies of one-plane pose hypotheses for pose refinement in
Sec. 4.2, including (1) Soft, (2) Avg, (3) Min-Cost, and (4) Max-
Score. As shown in Tab. 11, all strategies, even selecting
only one pose hypothesis (Min-Cost and Max-Score), can
improve the initial pose, demonstrating the effectiveness of
our NOPE-SAC. Specifically, when evaluating translations,
Avg performs closely to Soft, while Min-Cost and Max-Score
degenerate significantly on both two datasets. This indicates
that it is necessary to leverage more than one hypothesis to
get better translation refinement results. When evaluating
rotations, both Min-Cost and Max-Score perform closely to or
slightly better than Soft, while Avg degenerates significantly.
It indicates that rotations can be refined more easily than
translations with one rotation hypothesis. However, due
to the influence of matching outliers and errors in plane
parameter estimation, the strategies of Avg, Min-Cost, and
Max-Score are not stable for camera pose estimation. In con-
trast, Soft achieves the best overall performance by fusing
all pose hypotheses with learned pose scores.

Influence of Plane Parameters. In this part, we study
the influence of plane parameter accuracy on our NOPE-
SAC pose estimation on the Matterport3D [13] and the
ScanNet [14] datasets. The upper bound of our method is
achieved by using ground truth plane correspondences and
ground truth plane parameters in our pose refinement, de-
fined as ‘w/ GT’ in Tab. 12. Then, we add various Gaussian
noises to the offset and the normal of ground truth plane

TABLE 12
Influence of plane parameter accuracy on NOPE-SAC pose estimation.

Setting
Trans. Rot.

Med. ↓ Mean ↓ (≤0.5m) ↑ Med. ↓ Mean ↓ (≤ 15◦) ↑

Matterport3D [13] dataset

Initial Pose 0.69 1.08 37.0% 11.16 21.49 60.5%

w/ GT 0.32 0.70 63.5% 0.34 3.85 96.2%

(0.1m, 5◦) 0.39 0.76 58.6% 3.27 6.85 95.4%
(0.2m, 10◦) 0.48 0.83 51.5% 6.75 10.76 83.6%
(0.3m, 15◦) 0.56 0.89 45.3% 10.40 15.17 66.0%

ScanNet [14] dataset

Initial Pose 0.48 0.72 51.9% 14.68 26.75 51.0%

w/ GT 0.26 0.47 72.1% 3.48 8.42 90.7%

(0.1m, 5◦) 0.29 0.49 70.4% 7.22 11.63 88.2%
(0.2m, 10◦) 0.35 0.55 65.4% 11.95 16.35 65.4%
(0.3m, 15◦) 0.40 0.60 59.9% 16.35 21.11 44.3%

TABLE 13
Influence of the plane matching precision (P) on NOPE-SAC pose

estimation.

Threshold P
Translation Rotation

Med. ↓ Mean ↓ (≤0.5m) ↑ Med. ↓ Mean ↓ (≤ 15◦) ↑

Matterport3D [13] dataset

0.2 49.9 0.52 0.94 48.3% 2.77 14.37 86.9%
0.1 48.8 0.52 0.94 48.4% 2.75 14.40 86.9%

0.01 46.4 0.53 0.94 47.9% 2.76 14.63 86.7%
0.001 44.7 0.53 0.94 47.7% 2.77 14.96 86.3%

ScanNet [14] dataset

0.2 44.3 0.41 0.66 59.1% 8.27 22.12 73.2%
0.1 43.0 0.41 0.65 58.9% 8.26 22.11 73.5%

0.01 40.8 0.41 0.65 58.6% 8.21 22.36 73.2%
0.001 39.8 0.41 0.65 58.5% 8.22 22.56 73.2%

parameters in both two image views. We set the mean of
the Gaussian noises to zero. The standard deviation of the
plane offset increases from 0.1m to 0.3m, and the standard
deviation of the plane normal increases from 5◦ to 15◦.
As shown in Tab. 12, our method effectively improves the
initial pose even in the challenging setting of (0.2m, 10◦),
but fails to improve rotations in the setting of (0.3m, 15◦)
on the ScanNet dataset because of too large noises on plane
parameters. It demonstrates that our method is robust to the
accuracy of plane parameters.

Influence of Matching Precision. We also evaluate the
influence of plane-matching precision on our NOPE-SAC.
We conducted the experiments by gradually reducing the
threshold of plane matching from 0.2 to 0.001. Table 13
illustrates the results of these experiments. As the matching
threshold decreases, the plane matching precision reduces
from 49.9 to 44.7, while the pose metrics only change
slightly on the Matterport3D dataset. Similar results can be
found on the ScanNet dataset. These results demonstrate the
robustness of our NOPE-SAC in handling incorrect plane
correspondences.

Generalization Ability. In the last, we evaluate the gen-
eralization ability of pose estimation, which is the core of
our NOPE-SAC. We randomly sample image pairs from 8
scenes1 in the indoor SUN3D [50] dataset with ground truth
camera poses. We fix the frame interval within a sampled
image pair to be 100 and filter samples with the image
overlap ratio lower than 0.5%, resulting in 758 image pairs

1. mit-76-studyroom-76-1studyroom2, harvard-c5-hv-c5-1, harvard-
c6-hv-c6-1, harvard-c8-hv-c8-3, hotel-umd-maryland-hotel3, mit-32-
d507-d507-2, mit-dorm-next-sj-dorm-next-sj-oct-30-2012-scan1-erika,
mit-lab-hj-lab-hj-tea-nov-2-2012-scan1-erika
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TABLE 14
Comparison of camera poses on the SUN3D [50] dataset.

Method
Overlap Ratio ≤ 1.0 (#758) Overlap Ratio ≤ 0.3 (#613) Overlap Ratio ≤ 0.1 (#190)

Translation Rotation Translation Rotation Translation Rotation
Med. ↓ Mean ↓ (≤0.5m) ↑ Med. ↓ Mean ↓ (≤ 15◦) ↑ Med. ↓ Mean ↓ (≤0.5m) ↑ Med. ↓ Mean ↓ (≤ 15◦) ↑ Med. ↓ Mean ↓ (≤0.5m) ↑ Med. ↓ Mean ↓ (≤ 15◦) ↑

SuperGlue [9] - - - 4.53 15.43 76.7% - - - 5.61 18.49 71.1% - - - 31.63 41.29 32.6%
LoFTR [36] - - - 3.98 17.69 74.4% - - - 5.39 21.32 68.7% - - - 27.37 43.75 34.7%

SparsePlanes [7] 0.74 0.93 27.6% 15.07 26.27 49.7% 0.85 1.03 20.6% 16.52 29.66 43.7% 1.09 1.24 14.7% 26.04 43.61 26.3%
PlaneFormers [8] 0.69 0.89 33.9% 13.85 26.35 54.9% 0.78 0.98 28.4% 14.78 29.69 51.2% 0.94 1.15 22.1% 21.13 43.07 37.4%
SparsePlanes-TR [7], [25] 0.71 0.89 30.1% 14.36 25.03 52.6% 0.81 0.98 23.8% 15.67 28.15 47.3% 0.99 1.14 14.2% 22.99 42.01 33.7%
PlaneFormers-TR [8], [25] 0.66 0.86 33.6% 13.42 25.66 57.9% 0.74 0.95 28.2% 13.88 28.70 55.5% 1.00 1.13 21.6% 20.69 41.19 37.4%

NOPE-SAC-Cls (ours) 0.63 0.85 39.5% 8.46 21.43 76.8% 0.73 0.94 32.5% 9.29 24.84 72.1% 0.99 1.16 20.5% 13.85 39.17 53.7%
NOPE-SAC-Reg (ours) 0.58 0.76 42.1% 7.54 15.70 81.9% 0.67 0.85 35.1% 8.02 17.74 78.8% 0.93 1.11 24.7% 12.47 30.69 57.9%

in the final. We use the official models of SuperGlue [9] and
LoFTR [36]. To SparsePlanes [7], PlaneFormes [8], and our
NOPE-SAC, we use models finetuned on the ScanNet [14]
dataset. We compare our method with these baselines under
various overlap ratio thresholds. As summarized in Tab. 14,
our NOPE-SAC-Reg achieves state-of-the-art performance,
especially under the low overlap ratio threshold, demon-
strating the excellent generalization ability of our method.

6 CONCLUSION

This paper studies the challenging two-view 3D reconstruc-
tion in a rigorous sparse-view configuration. At the core
of estimating the camera poses from one-plane pose hy-
potheses generated from plane correspondences with neural
networks, our proposed NOPE-SAC formulates the problem
in a consensus sampling paradigm while enjoying end-
to-end learning without incurring any offline optimization
schemes. In the experiments, our NOPE-SAC achieves new
state-of-the-art performances for sparse-view camera pose
estimation and planar 3D reconstruction in indoor scenes
on the challenging Matterport3D [13] and ScanNet [14]
datasets. Furthermore, our proposed method can be gener-
alized to unseen SUN3D [50] dataset without any parameter
tuning with state-of-the-art performance obtained.
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