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Abstract

Most 3D instance segmentation methods exploit a
bottom-up strategy, typically including resource-exhaustive
post-processing. For point grouping, bottom-up methods
rely on prior assumptions about the objects in the form of
hyperparameters, which are domain-specific and need to
be carefully tuned. On the contrary, we address 3D in-
stance segmentation with a TD3D: the pioneering cluster-
free, fully-convolutional and entirely data-driven approach
trained in an end-to-end manner. This is the first top-down
method outperforming bottom-up approaches in 3D do-
main. With its straightforward pipeline, it demonstrates out-
standing accuracy and generalization ability on the stan-
dard indoor benchmarks: ScanNet v2, its extension Scan-
Net200, and S3DIS, as well as on the aerial STPLS3D
dataset. Besides, our method is much faster on infer-
ence than the current state-of-the-art grouping-based ap-
proaches: our flagship modification is 1.9x faster than the
most accurate bottom-up method, while being more accu-
rate, and our faster modification shows state-of-the-art ac-
curacy running at 2.6x speed. Code is available at https:
//github.com/SamsungLabs/td3d.

1. Introduction
With the emergence of AR/VR, 3D indoor scanning, and

household robotics, 3D instance segmentation becomes a
key technology facilitating scene understanding. It is a
holistic and challenging task of finding objects in 3D point
clouds, predicting their semantic labels, and assigning an
instance ID for each object.

Two major 3D instance segmentation paradigms have
been introduced so far [18]. Bottom-up methods learn per-
point embeddings and use them to cluster points so that they
form a set of proposals. Top-down directly predict instance
proposals as object proxies, which are then filtered via non-
maximum suppression, and refined via mask segmentation
individually.

In 2D instance segmentation, most state-of-the-art meth-
ods follow the top-down paradigm. Unfortunately, 2D
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Figure 1. Prediction accuracy on ScanNet against latency. TD3D
modifications (marked red) have a different number of proposals.
Our top-performing default TD3D model surpasses existing meth-
ods in both detection accuracy and latency, while the faster mod-
ifications demonstrate an impressive inference speed with a com-
parable quality.

methods that work well on a pixel grid cannot be directly
adapted to process unstructured and sparse 3D points, and
bottom-up methods dominate the field of 3D point cloud
processing. Accordingly, the recent progress in 3D instance
segmentation has been associated with improving compo-
nents of bottom-up approaches: different ways of select-
ing points to be grouped have been studied [11], advanced
feature aggregation strategies have been proposed [3, 15],
with estimates being refined via elaborate post-processing
schemes [14,19]. In the meantime, top-down methods have
been out of the spotlight.

Nevertheless, bottom-up 3D instance segmentation
methods have crucial drawbacks, limiting their perfor-
mance. Besides being computationally-expensive, bottom-
up approaches are sensitive to the values of numerous hy-
perparameters. Particularly, they might fail to find a proper
balance between over-fragmented and accidentally merged
masks and have limited generalization ability to complex
scenes with objects of varying scales.

Our goal is to prove the top-down paradigm has great
potential, which is yet unleashed in the 3D domain. In this
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paper, we tackle the challenging 3D instance segmentation
task with TD3D, a top-down, fully-convolutional, simple
approach trained end-to-end in a fully data-driven way. We
conduct extensive experiments on the ScanNet v2, Scan-
Net200, S3DIS and STPLS3D datasets, and report compet-
itive results for all these benchmarks.

Overall, our contributions are three-fold:

• We develop the world’s first fully sparse convolu-
tional cluster-free 3D instance segmentation approach,
dubbed TD3D;

• We introduce the first top-down method that super-
sedes bottom-up competitors, hence questioning the
dominating paradigm in 3D instance segmentation;

• We establish a state-of-the-art in both accuracy and
speed: our flagship model is 1.9x faster than the best
bottom-up approach, and we also show that state-of-
the-art accuracy can be achieved with a 2.6x speed-up;

2. Related Work
Bottom-up methods. Up until very recently, grouping-
based bottom-up methods have dominated the field. In
SGPN [20], a similarity matrix for all 3D point pairs is
learned, and the most similar points are assembled into in-
stances. 3D-SIS [12] utilizes RGB images as an additional
source of data and merges 3D features from a point cloud
with backprojected 2D features extracted from RGB im-
ages. ASIS [21] uses spatial discriminative loss to learn
point-level embeddings and generates instance masks via a
mean-shift algorithm. 3D-MPA [7] predicts instance cen-
ters and refines initial instance proposals with a graph con-
volutional network. Additional estimates are used to guide
clustering, e.g., OccuSeg [8] predicts occupancy, while
PointGroup [14] assigns 3D points with semantic labels and
center votes. In HAIS [3], clustering is performed in a hier-
archic manner. SSTNet [15] aggregates point-wise seman-
tic and instance-level features, using a semantic superpoint
tree (SST) with superpoints as leaves. SoftGroup [19] lever-
ages a 3D sparse network to group 3D points according to
the predicted soft semantic scores and refines the obtained
proposals with a 3D U-Net-like network. DyCo3D [11]
also employs refinement, yet incorporates dynamic convo-
lutions.
Top-down methods. Top-down 3D instance segmentation
methods directly generate object proposals and then pre-
dict or refine masks for each proposal. 3D-BoNet [22] ap-
plies Hungarian matching and outputs a fixed set of pro-
posals in the form of non-oriented 3D bounding boxes. In-
stead of regressing 3D bounding boxes, GSPN [23] employs
an analysis-by-synthesis strategy to predict instance shapes.
NeuralBF [18] generates the affinity of points in the point

cloud to a query point and uses coordinate networks repre-
senting convex domains to model the spatial affinity in the
neural bilateral filter.
3D object detection. Modern 3D object detection methods
can be categorized into voting-based, transformer-based,
and 3D convolutional. Voting-based methods extract per-
point features, merge them into an object proposal, and
accumulate features of points within each group; overall,
they use point grouping similar to bottom-up 3D instance
segmentation methods. Instead of domain-specific heuris-
tics and hyperparameters, transformer-based methods use
end-to-end learning and forward pass on inference. Both
voting- and transformer-based methods have scalability is-
sues, making them impractical. Differently, top-down 3D
convolutional methods represent point clouds as voxels,
which makes them more memory-efficient and allows scal-
ing to large scenes without sacrificing point density. Up
until very recently, such methods lacked accuracy, yet the
last advances in the field allowed developing fast, scalable,
and accurate methods [17].

3. Proposed Method

The proposed method runs in two stages. First, it detects
objects in a point cloud and extracts corresponding bound-
ing boxes. These bounding boxes are interpreted as initial
object proposals and then refined with a lightweight net-
work to obtain final instance masks (Fig. 3). All operations
within the pipeline are implemented through 3D sparse con-
volutions.

3.1. Proposal Generation

3D Bounding Boxes. We employ a 3D object detec-
tion method that outputs 3D object bounding boxes along-
side object categories and confidence scores. A 3D object
bounding box is parameterized as (x, y, z, w, l, h), where
x, y, z denote the coordinates of the center of a bounding
box, while w, l, h are its width, length, and height, respec-
tively.

Any conventional 3D object detection method can be
employed for this purpose. We aim to avoid point
grouping and follow a top-down paradigm at each stage
of our pipeline, so we narrowed our search to the 3D
convolutional-based methods. As the result, we opted for
fast and efficient, fully-convolutional FCAF3D [17].

The backbone in FCAF3D is a sparse ResNet [10] with
sparse 3D convolutions. In the neck, the features on each
level are processed with one sparse transposed 3D convo-
lution and one sparse 3D convolution. To prevent sparsity
growth, at most Nvox voxels with the highest classification
probabilities are selected at each level, where Nvox equals
the number of input points Npts. The anchor-free FCAF3D
head consists of two parallel sparse convolutional layers
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Figure 2. Scheme of TD3D in comparison with state-of-the-art grouping-based methods (e.g., PointGroup [14], SoftGroup [19]). Our
proposal refinement is the same as in SoftGroup [19], while proposal generation significantly differs. Specifically, bottom-up proposal
generation returns point groups, while we leverage 3D object detection that outputs instance proposals defined by 3D object bounding
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Figure 3. Our proposal generation scheme. 3D bounding boxes
are estimated from the downsized 3D feature maps at higher net-
work levels. Then, the predicted bounding boxes are used to select
features from the 3D feature map of the original resolution.

with weights shared across feature levels. For each loca-
tion (x̂, ŷ, ẑ), these layers output classification probabilities

p̂ and bounding box regression parameters δ [17].

Object Proposals. Given 3D bounding boxes, we extract
the features from the corresponding regions of the 3D fea-
ture maps, which consists of voxels, where each voxel is
defined by its own coordinate (x, y, z) and feature vector
f⃗ . We have five 3D feature maps of decreasing resolution:
one map per feature level in the neck. At the first level, the
3D feature map has the same resolution as the input vox-
elized point cloud. The 3D feature maps at the second, third,
fourth, and fifth level are 4x, 8x, 16x, and 32x smaller; they
are used to estimate 3D bounding boxes. Then, these 3D
bounding boxes and the first-level 3D feature map are pro-
cessed with a RoI extractor, which selects voxels, whose
centers are inside the given bounding box (Fig. 3).

Eventually, these voxels with corresponding 3D features
serve as initial object proposals. The pseudocode for RoI
extraction is provided below (Algorithm 1).

3.2. Proposal Refinement

Our proposal refinement module takes voxels with fea-
tures from RoI extractor as inputs and predicts final in-
stance masks. For this purpose, we consider a 3D tiny U-
Net network (a U-Net style network with few layers) solv-
ing a binary segmentation task, that classifies voxels into
foreground and background. For each voxel, all points in-
side this voxel are assigned with the same foreground or
background label predicted by U-Net, which gives final per-
point instance masks.
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Algorithm 1: RoI Extractor
Input:
Feature Map:
F = {vi : (xvi , yvi , zvi , f⃗i) | i = 1 . . . n}
Bounding Boxes:
B = {(xbj , ybj , zbj , wj , lj , hj) | j = 1 . . . k}
Output:
Proposals:
P = {Pt = {v0, v1, . . . vst} | t = 1 . . .m, m ≤ k}
for j=1 . . . k do

Pj := ∅
for i=1 . . . n do

for j=1 . . . k do
δx1 = xvi − xbj + wj/2
δx2 = xbj − xvi + wj/2
δy1 = yvi − ybj + lj/2
δy2 = ybj − yvi + lj/2
δz1 = zvi

− zbj + hj/2
δz2 = zbj − zvi + hj/2

if min(δx1, δx2, δy1, δy2, δz1, δz2) > 0
then

Pj := Pj

⋃
{vi}

for j=1 . . . k do
if |Pj | < threshold then

P := P\Pj

3.3. Training Procedure

We train our method end-to-end, updating both proposal
generation and proposal refinement models simultaneously.
The total loss is a sum of two proposal generation losses
Lcls, Lreg and a proposal refinement loss Lseg:

L = Lcls + Lreg + Lseg

Proposal generation. Our proposal generation model is
inherited from FCAF3D [17], accordingly, we follow the
original training procedure and use focal loss Lcls and IoU
loss Lreg to penalize classification and regression errors,
respectively. During training, this model outputs 3D object
bounding boxes parameterized with their centers and sizes
(length, width, height), which we consider as initial object
proposals.
Proposal refinement. To train the proposal refinement
model, it is essential to establish a correspondence between
the proposals and the ground truth instances. This process
has two stages. First, the centers of the 3D bounding boxes
of the ground truth instances are calculated, and the ground
truth instances are matched with the predicted 3D bounding
boxes using the FCAF3D assigner [17]. For each ground
truth bounding box, we select the last feature level where a

3D bounding box covers at least Nloc voxels (if there is no
such a feature level, the first feature level is chosen). Each
voxel covered with a ground truth 3D bounding box is as-
signed with a semantic label and an index of this 3D bound-
ing box. Respectively, the predicted 3D bounding box en-
coded with this voxel gets the same label and index.

At the second stage, the IoU assigner is employed. For
each predicted 3D bounding box, we calculate IoU with
all ground truth bounding boxes, and select the ground
truth bounding box with the maximum IoU score. If
FCAF3D and IoU assigners assigned the same ground truth
3D bounding box for the predicted 3D bounding box, then
this assignment is considered trusted, and the predicted
bounding box gets the label and index of the correspond-
ing ground truth 3D bounding box.

In [9], the predicted 3D bounding boxes that do not have
a corresponding ground truth 3D bounding box with an IoU
score exceeding the given threshold, are filtered out. How-
ever, our ablation study reveals this strategy to be subopti-
mal (Tab. 11).

Finally, based on the predicted 3D bounding box, a pro-
posal is extracted, and each voxel of the proposal is assigned
with a semantic label and the index of the predicted 3D
bounding box.

Our binary segmentation model is trained via minimiz-
ing Lseg , which is calculated as a BCE loss between pre-
dicted and ground truth instance masks.

4. Experiments

4.1. Experimental Settings

Datasets. The experiments are conducted on ScanNet
v2 [6], ScanNet200 [16], S3DIS [1], and recently intro-
duced STPLS3D [2]. ScanNet v2 [6] contains 1613 scans
divided into training, validation, and testing splits of 1201,
312, and 100 scans, respectively. 3D instance segmenta-
tion is typically evaluated using 18 object classes. We re-
port results on both validation and hidden test splits. Scan-
Net200 [16] extends the original ScanNet semantic annota-
tion with fine-grained categories with the long-tail distribu-
tion. The training, validation, and testing splits are similar
to the original ScanNet v2 dataset. The S3DIS dataset [1]
features 272 scenes within 6 large areas. Following the stan-
dard evaluation protocol, we assess the segmentation qual-
ity on scans from Area 5, and via 6 cross-fold validation, us-
ing 13 semantic categories in both settings. STPLS3D [2] is
a synthetic outdoor dataset emulating aerial photogramme-
try. It covers 25 urban scenes of 6 km2, densely annotated
with 14 categories. We use the splits proposed in the origi-
nal work [2].
Metrics. We use the average precision as a major metric.
AP50 and AP25 are the scores obtained with IoU thresholds
of 50% and 25%, respectively. AP is an average score with
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Paradigm Method Conference Validation Test Runtime

AP AP50 AP25 AP AP50 AP25 (in sec)

Bottom-up

PointGroup [14] CVPR’20 34.8 56.7 71.3 40.7 63.6 77.8 0.372
SSTNet [15] ICCV’21 49.4 64.3 74.0 50.6 69.8 78.9 0.419
HAIS [3] ICCV’21 43.5 64.4 75.6 45.7 69.9 80.3 0.256
DyCo3D [11] CVPR’21 35.4 57.6 72.9 39.5 64.1 76.1 0.267
SoftGroup [19] CVPR’22 45.8 67.6 78.9 50.4 76.1 86.5 0.266

Top-down

3D-SIS [12] CVPR’19 - 18.7 35.7 16.1 38.2 55.8 >10
GSPN [23] CVPR’19 19.3 37.8 53.4 - 30.6 - >10
3D-BoNet [22] NeurIPS’19 - - - 25.3 48.8 68.7 9.174
NeuralBF [18] WACV’23 36.0 55.5 71.1 35.3 55.5 71.8 -
TD3D (ours) 47.3 71.2 81.9 48.9 75.1 87.5 0.140

Table 1: Results on ScanNet v2. The best results are bold, the second best are underlined.
The runtime is measured using a single NVidia 3090 GPU. Our approach outperforms the
previous state-of-art SoftGroup [19] on the validation subset, while being 1.9 times faster.

Method AP

head common tail

CSC [13] 22.3 8.2 4.6
Mink34D [4] 24.6 8.3 4.3
LGround [16] 27.5 10.8 6.0
TD3D (ours) 33.2 17.7 10.3

Table 2: Results on the ScanNet200
test split. AP scores for the most fre-
quent (head of distribution), common,
and rare (tail) object categories are
provided. The best results are bold.
TD3D achieves 1.7x improvement of
the previous state-of-the-art AP scores
for common and tail categories.

IoU threshold varying from 50% to 95% with a step of 5%.
Implementation details. Our models are implemented us-
ing mmdetection3d framework [5] based on Pytorch. We
use MinkUNet14B as a binary segmentation model at the
refinement stage. We train for 330 epochs on a single
NVidia 3090 GPU with the Adam optimizer. The batch
size is 4, and the initial learning rate is set to 0.001 and
is reduced by 10 times after 280 and 320 epochs. Other
implementation details are similar to FCAF3D [17].

4.2. Comparison to Prior Work

ScanNet v2. Results for validation and test splits of Scan-
Net v2 are presented in Tab. 1. Overall, TD3D is on par with
previous state-of-the-art SoftGroup [19] on the test split and
shows superior results on validation. Another advantage of
TD3D is its inference speed: according to the reported run-
time, it is more than 1.8x faster than any method that per-
forms grouping.
ScanNet200. We evaluate TD3D on the test split of Scan-
Net200 and report metrics in Tab. 2. For either frequent,
common, or rare categories, our method demonstrates a
solid superiority over the existing approaches. The gain
is especially tangible for less frequent categories, where
TD3D improves previous state-of-the-art metrics by ap-
proximately 1.7x times (+6.9 and +4.3 AP for common and
tail, respectively).
S3DIS. According to the Tab. 3, TD3D surpasses other
methods by at least +5.9 AP and +8.9 Prec50 for Area 5
and +2.1 AP and +2.8 Prec50 on 6-fold cross-validation.
Meanwhile, if being pre-trained on ScanNet and fine-tuned
on S3DIS, as proposed in [3,19], it consistently outperforms
the previous state-of-the-art SoftGroup [19] in both testing
scenarios and in terms of all metrics (Tab. 4).
STPLS3D. We evaluate TD3D behind the indoor domain,
scoring unexpectedly high on STPLS3D. In Tab. 6, we

Method Area 5 6-fold CV

AP AP50 Prec50 Rec50 AP AP50 Prec50 Rec50

SGPN [20] - - 36.0 28.7 - - 38.2 31.2
ASIS [21] - - 55.3 42.4 - - 63.6 47.5
3D-BoNet [22] - - 57.5 40.2 - - 65.6 47.6
OccuSeg [8] - - - - - - 72.8 60.3
3D-MPA [7] - - 63.1 58.0 - - 66.7 64.1
PointGroup [14] - 57.8 61.9 62.1 - 64.0 69.6 69.2
DyCo3D [11] - - 64.3 64.2 - - - -
MaskGroup [24] - 65.0 62.9 64.7 - 69.9 66.6 69.2
SSTNet [15] 42.7 59.3 65.5 64.2 54.1 67.8 73.5 73.4
TD3D (ours) 48.6 65.1 74.4 64.8 56.2 68.2 76.3 74.0

Table 3. Results on S3DIS. The best results are bold, the second
best are underlined. Being superior in all metrics in both testing
scenarios, our approach sets a new state-of-art in 3D instance seg-
mentation.

Method
Area 5 6-fold CV

AP Prec50 Rec50 AP Prec50 Rec50

HAIS [3] - 71.1 65.0 - 73.2 69.4
SoftGroup [19] 51.6 73.6 66.6 54.4 75.3 69.8
TD3D (ours) 52.1 75.2 68.7 58.1 82.8 71.6

Table 4. Results on S3DIS with the ScanNet v2 pre-training. The
best results are bold. TD3D shows a solid improvement over Soft-
Group [19] in terms of all metrics.

compare our approach against strong baselines: evidently,
TD3D sets a new state-of-art, superseding SoftGroup by im-
pressive +8.1 AP and +8.0 AP50.
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Figure 4. Results of 3D instance segmentation of point clouds from ScanNet, S3DIS, and STPLS3D.The first row is the original point
cloud, the second row is the ground truth, the third row is the model predictions.

Method Component Device Component time (ms) Total (ms)

PointGroup [14]
Backbone GPU 48

372Grouping GPU+CPU 218
ScoreNet GPU 106

HAIS [3]
Backbone GPU 50

256Hierarchical aggregation GPU+CPU 116
Intra-instance refinement GPU 90

SoftGroup [19]
Backbone GPU 48

266Soft grouping GPU+CPU 121
Top-down refinement GPU 97

SSTNet [15]

Superpoint extraction CPU 179

419Backbone GPU 34
Tree Network GPU+CPU 148
ScoreNet GPU 58

TD3D, ours

Backbone GPU 39

140Proposal generation GPU 8
RoI extraction GPU 16
Proposal refinement GPU 77

Table 5. The inference time of TD3D and existing 3D instance segmentation methods, measured component-wise. All intermediate
operations are performed on GPU, which allows achieving x1.8 speed-up in comparison with the fastest competitor, HAIS [3] and x1.9
speed-up with the most accurate competitor, SoftGroup [19].
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Method AP AP50

PointGroup 23.3 38.5
HAIS 35.1 46.7
SoftGroup 46.2 61.8
TD3D, ours 54.3 69.8

Table 6. Results on STPLS3D. The proposed approach outper-
forms the competitors by a large margin.

4.3. Qualitative Results

The original and segmented point clouds from ScanNet,
S3DIS and STPLS3D datasets are depicted in Fig. 4.

4.4. Performance

To provide an in-depth performance evaluation, we run
a profiler to measure the time required to complete each
component of our method: extracting 3D features with a
3D CNN, proposal generation, RoI extraction, and proposal
refinement. We decompose several competing approaches
into components similarly, and report the inference time
component-wise in Tab. 5. Contrary to other listed methods,
TD3D follows a top-down paradigm, which allows running
all operations on GPU in an end-to-end pipeline. As the re-
sult, our approach is notably faster than the previous fastest
method, HAIS [3].

4.5. Ablation Studies

In this section, we analyze different components of our
approach and measure the contribution to the final quality
of each component. We do not introduce any changes into
the 3D object detection part, but focus on the components
that constitute the novelty of our approach: proposal gener-
ation and refinement. Namely, we investigate such aspects
of proposal generation as the number of initial proposals
and the RoI extraction threshold, and study the impact of
the number of feature levels and the assigners used in the
proposal refinement network. The ablation experiments are
conducted on the ScanNet v2 validation set, following the
same evaluation protocol as for the qualitative comparison.
Number of feature levels in the proposal refinement net-
work. We study how the size of the proposal refinement
network affects the segmentation accuracy. Starting from 0
levels (all points in an initial proposal are included in the
instance mask), and using no more than 4 levels (as in the
backbone), we select the best option in terms of AP. As can
be seen from Tab. 7, AP grows with the number of levels;
yet, we do not want our refinement model to be large, so we
opt for four levels in the default version.
Number of initial proposals. Furthermore, we investigate
the dependency between the number of initial proposals, ac-
curacy, and runtime. Note that the number of proposals are

U-Net size AP

0 25.8
1 37.9
2 45.4
3 46.3
4 47.3

Table 7. Results of a study of the tiny U-Net size on the ScanNet
v2 validation set. We use four feature levels by default.

approximate, since they cannot be set explicitly but manip-
ulated through the NMS hyperparameters. Expectedly, the
more proposals, the higher is AP (Tab. 8). However, with
as many as 60 proposals, our method reaches the plateau in
terms of segmentation accuracy. In the meantime, the in-
ference time tends to increase with the growing number of
proposals. Overall, we assume that with ≈ 60 initial pro-
posals, our method demonstrates a decent trade-off between
accuracy and speed, so we use this value by default in our
experiments.

#Initial AP Runtime
proposals (in sec)

≈140 47.6 0.260
≈100 47.5 0.210
≈60 47.3 0.140
≈20 45.6 0.105

Table 8. Results of a study of the approximate number of initial
proposals on the ScanNet v2 validation set. 60 object proposals are
chosen as a default value, as it serves a good balance of accuracy
and speed.

Point classification threshold. We also vary the point bi-
nary segmentation threshold in 3D tiny U-Net, which is
used to identify points either as foreground or background
on inference. The results are presented in the Tab. 9. As
can be observed from the Tab. 9, as the point binary seg-

Threshold AP AP50

0.10 43.9 69.2
0.15 45.9 70.8
0.20 47.3 71.2
0.25 47.9 70.9
0.30 48.2 70.6
0.40 48.1 70.1

Table 9. Results of TD3D with different point binary segmentation
thresholds, obtained on the ScanNet v2 validation set. The thresh-
old of 0.2 allows for the highest quality.
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FCAF3D assigner IoU assigner AP AP50

✓ 46.3 70.2
✓ 45.5 69.6

✓ ✓ 47.3 71.2

Table 10. Results of the proposal refinement model with different
assigners. The FCAF3D assigner slightly outperforms the IoU as-
signer in a single-assigner mode, but the best scores are obtained
with their combination. Accordingly, we use FCAF3D+IoU as-
signers.

Threshold AP AP50

0.00 47.3 71.2
0.25 46.2 71.1
0.50 46.0 71.0
0.75 45.6 69.3

Table 11. Results of the IoU assigner with different IoU thresh-
olds, obtained on the ScanNet v2 validation set. Thresholding
with 0.0 provides the best results, so we assume that filtering is
not needed.

mentation threshold rises from 0.1 to 0.2, the AP50 value
experiences a noticeable increase, hitting the highest score
of 71.2 at a threshold of 0.2. For the larger values, the AP50
declines gradually, so the optimal value is defined unam-
biguously.
Assigners in the proposal refinement model. Tab. 10
presents the results of models trained using two different
assigners: FCAF3D assigner and IoU assigner, individually
and in combination. Taken individually, the FCAF3D as-
signer outperforms the IoU assigner, and the combination
slightly improves the performance compared to using only
one assigner, so we use the two of them by default. The
Tab. 11 shows the results obtained by varying IoU thresh-
old value in the IoU assigner on the ScanNet v2 validation
set. Evidently, filtering by threshold is redundant, since the
highest AP and AP50 values are obtained with the threshold
of 0.0.
RoI extractor threshold. The RoI extractor algorithm is
parameterized with the minimum number of voxels in the
proposal. If a proposal contains fewer voxels, it is discarded
and not used further at the subsequent stages. The Tab. 12
shows the results of the RoI extractor algorithm with differ-
ent minimum voxel thresholds on the ScanNet v2 validation
set. As can be seen, when the minimum voxel threshold is
between 1 and 200, both the AP and AP50 scores remain
constant at 47.3 and 71.2, respectively. However, when the
threshold surpasses 200, its further increasing causes the
degradation of the performance, so any number between 1
and 200 can be used as a default option.

Threshold AP AP50

1 47.3 71.2
10 47.3 71.2
50 47.3 71.2

100 47.3 71.2
200 47.3 71.2
500 45.6 70.1
700 44.6 68.4
1000 42.6 65.1

Table 12. Results of the RoI extractor algorithm with different
minimum voxel thresholds on the ScanNet v2 validation set. Any
value between 1 and 200 can be used, since all of them ensure the
same final quality.

5. Conclusion
In this work, we introduced TD3D, a novel 3D instance

segmentation method following a top-down paradigm. Be-
ing fully-convolutional and trained end-to-end in a data-
driven way, it does not rely on prior assumptions about the
objects, which eases the burden of manually tuning domain-
specific hyperparameters. We evaluated our method on
the standard benchmarks: indoor ScanNet v2, ScanNet200,
S3DIS, and aerial STPLS3D. Our experiments demon-
strated that TD3D is on par with state-of-the-art grouping-
based 3D instance segmentation methods: but being as ac-
curate, it is more than 1.9x faster on inference.
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