The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

UniDet3D: Multi-dataset Indoor 3D Object Detection

Maksim Kolodiazhnyi!, Anna Vorontsova?, Matvey Skripkin!,
Danila Rukhovich?, Anton Konushin'
! Artificial Intelligence Research Institute, Moscow, Russia
2 NEURA Robotics GmbH, Metzingen, Germany

3 University of Luxembourg, Luxembourg
kolodiazhnyi @airi.net, anna.vorontsova@neura-robotics.com, skripkin@airi.net, danila.rukhovich@uni.lu, konushin @airi.net

Abstract

Growing customer demand for smart solutions in robotics
and augmented reality has attracted considerable attention to
3D object detection from point clouds. Yet, existing indoor
datasets taken individually are too small and insufficiently
diverse to train a powerful and general 3D object detection
model. In the meantime, more general approaches utilizing
foundation models are still inferior in quality to those based
on supervised training for a specific task. In this work, we
propose UniDet3D, a simple yet effective 3D object detec-
tion model, which is trained on a mixture of indoor datasets
and is capable of working in various indoor environments.
By unifying different label spaces, UniDet3D enables learn-
ing a strong representation across multiple datasets through a
supervised joint training scheme. The proposed network ar-
chitecture is built upon a vanilla transformer encoder, making
it easy to run, customize and extend the prediction pipeline
for practical use. Extensive experiments demonstrate that
UniDet3D obtains significant gains over existing 3D object
detection methods in 6 indoor benchmarks: ScanNet (+1.1
mAPsp), S3DIS (+9.1 mAPso), ARKitScenes (+19.4 mAP»s),
MultiScan (+9.3 mAPsj), 3RScan (+3.2 mAPs), and Scan-
Net++ (+2.7 mAPs).

1 Introduction

3D object detection from point clouds aims at simultaneous
localization and recognition of 3D objects given a 3D point
set. As a core technique for 3D scene understanding, it is
widely applied in robotics, AR, and 3D scanning.

Due to major variations in scale and visual appearance of
indoor scenes, complemented with different selections and
placement of objects, indoor 3D data tends to be complex
and diverse. Besides, captured by various sensors ranging
from Kinect to generic smartphone cameras, indoor data is
inconsistent regarding point cloud density and scene cover-
age. This leads to a domain gap between different datasets.

Indoor benchmarks contain at most thousands of scenes,
e.g., the popular ScanNet (Dai et al. 2017) has 1513
scenes, a more recent ARKitScenes (Baruch et al. 2021)
has 5042 scenes, while S3DIS (Armeni et al. 2016), Scan-
Net++ (Yeshwanth et al. 2023) are the order of magnitude
smaller. None of the datasets contains data of sufficient di-
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Figure 1: Existing 3D object detection methods use different
architectures and weights to achieve state-of-the-art metrics
on different datasets. We propose UniDet3D trained single
time on a mixture of datasets and achieving even better re-
sults.
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versity and volume to train a general model which can be
transferred between datasets without severe loss of quality.

Applying a 3D scene understanding model outside the
single training domain is possible to a certain extent with
visual-language models, that encapsulate the fundamental
knowledge about the world via establishing relations be-
tween imagery and textual data.

However, visual-language models imply open-vocabulary
problem formulation rather than limiting label spaces to
predefined categories. In 3D scene understanding, visual-
language models are used to precompute 2D image fea-
tures, which are lifted to 3D space. Still, these 2D-to-3D ap-
proaches in 3D instance segmentation (Nguyen et al. 2024;
Takmaz et al. 2024) and 3D object detection (Lu et al.
2023; Zhang et al. 2024) are inferior to supervised base-
lines (Schult et al. 2023; Misra, Girdhar, and Joulin 2021). In
the meantime, the size of existing real-world indoor datasets
is currently insufficient for training visual-language models
that can provide high-quality 3D features directly (Jia et al.
2024).

State-of-the-art 3D object detection accuracy in indoor
benchmarks is achieved via classic supervised training on
categorical labels. Not only do they struggle to generalize to
new visually distinct scenes and unseen objects — but han-
dling novel categories remains an unresolved issue.

In 2D object detection, training using data from other



sources rather than the target domain is a fruitful direc-
tion being actively investigated. The most common and ba-
sic way is pretraining with diverse and voluminous out-of-
domain data, followed by fine-tuning using in-domain data.
Another paradigm implies training jointly on a mixture of
in-domain and out-of-domain data. Similarly, we address the
generalization of 3D object detection across domains repre-
sented in indoor 3D datasets.

Creating a multi-dataset 3D object detection method can
be decomposed into four sub-tasks.

First, the network architecture should be carefully de-
signed so that handling data from different sources should
not impose a major computational overhead. We claim a
novel detection architecture as one of our major contri-
butions. Currently, the best scores on each indoor bench-
mark are achieved by dataset-specific methods: sparse con-
volutional TR3D (on S3DIS) (Rukhovich, Vorontsova, and
Konushin 2023), transformer-based V-DETR (on Scan-
Net) (Shen et al. 2023). On the contrary, we design a unified
approach based on a pure self-attention encoder architecture
without positional encoding and cross-attention.

Second, training datasets representing different do-
mains should be properly chosen and mixed. We mix up
long-lasting and well-known ScanNet (Dai et al. 2017),
S3DIS (Armeni et al. 2016) and ARKitScenes (Baruch
et al. 2021), and enrich them with smaller-scale Multi-
Scan (Mao et al. 2022), 3RScan (Wald et al. 2019), and
ScanNet++ (Yeshwanth et al. 2023).

Third, output data should be transformed into a label
space shared across multiple datasets. To this end, we ex-
plore different ways of merging category labels across
datasets with inconsistent annotations.

Finally, the multi-dataset training procedure should be
set up for robust performance in all domains — rather than
compromising the quality in most cases in favor of cer-
tain specific scenarios. To identify the best design choices,
we experiment with several training strategies and show
that joint training ensures higher scores on test splits of all
datasets in the mixture.

2 Related Work
2.1 3D Detection Architectures

Existing 3D object detection methods can be categorized
into voting-based, expansion-based, and transformer-based.
The proposed UniDet3D falls into the latter group, still
we briefly overview both voting-based and expansion-based
methods, since we include them in our quantitative compar-
ison.

Voting-based methods (Qi et al. 2019; Chen et al. 2020;
Engelmann et al. 2020; Xie et al. 2020; Cheng et al. 2021;
Zhang et al. 2020; Xie et al. 2021; Wang et al. 2022b;
Zheng et al. 2022; Zhu et al. 2024) pioneered the field,
with VoteNet (Qi et al. 2019) being the first method that in-
troduced point voting for 3D object detection. Subsequent
methods mainly follow the line of extending VoteNet with
additional modules and tricks to improve detection quality.
The latest work in this row, SPGroup3D (Zhu et al. 2024),
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exploits superpoint clustering, which has already proved it-
self to be beneficial for 3D instance segmentation (Kolodi-
azhnyi et al. 2024). Yet, using superpoints is not limited to
voting-based approaches, and we also cluster an input point
cloud into superpoints in our transformer-based UniDet3D.

Expansion-based methods (Gwak, Choy, and Savarese
2020; Rukhovich, Vorontsova, and Konushin 2022, 2023;
Wang et al. 2022a) generate virtual center features from sur-
face features using a generative sparse decoder, and predict
high-quality 3D region proposals. GSDN (Gwak, Choy, and
Savarese 2020) adapts fully convolutional architecture for
3D object detection. FCAF3D (Rukhovich, Vorontsova, and
Konushin 2022) proposes anchor-free proposal generation,
while TR3D (Rukhovich, Vorontsova, and Konushin 2023)
achieves real-time inference with a lightweight generative
decoder. CAGroup3D (Wang et al. 2022a) improves the re-
sults of FCAF3D by running the second refinement stage.

Transformer-based methods (Misra, Girdhar, and Joulin
2021; Liu et al. 2021; Wang et al. 2024; Shen et al. 2023)
dominate 3D object detection. Following the seminal Group-
Free (Liu et al. 2021) work, they first extract point cloud
features with a sparse-convolutional backbone and then
predict objects from input queries with a transformer de-
coder through cross-attending to the backbone features. V-
DETR (Shen et al. 2023) upgrades Group-Free with a vertex
relative positional encoding. Uni3DETR (Wang et al. 2024)
extends over indoor and outdoor datasets. 3DETR (Misra,
Girdhar, and Joulin 2021) replaces the backbone with a
transformer encoder, making the entire network transformer-
based. Overall, a decent part of progress in transformer-
based 3D object detection is attributed to sophisticated ar-
chitectures, elaborated positional encoding, and non-trivial
interaction between modules. Besides, existing methods use
computationally extensive Hungarian matching to assign
predicted bounding boxes to ground truth ones during the
training.

On the contrary, we use a simple self-attention encoder
architecture without positional encoding and cross-attention
that are typically needed in the decoder part. We also replace
Hungarian matching with a lightweight effective alternative.
By designing UniDet3D model, we follow a plug-and-play
paradigm, so that each component can be easily replaced and
tailored to user limitations and requirements.

2.2 Multi-dataset Object Detection

Most existing object detection methods are trained on a sin-
gle dataset, so that both the volume of data and seman-
tics diversity are limited. Recently, training object detec-
tion on multiple datasets (Cai et al. 2022; Shi et al. 2021;
Zhao et al. 2020; Zhou, Koltun, and Krihenbiihl 2022) has
proved to boost the model quality, generalization ability,
and robustness in the 2D domain. Different strategies of
joining input sources and heterogeneous label spaces have
been proposed so far, e.g., recent works (Meng et al. 2023;
Wang et al. 2023) leverage large language models to han-
dle an open set of categories via representing them using
natural language. Several attempts have been made to ad-
dress multi-dataset training of 3D object detection in out-



door scenarios (Zhang et al. 2023; Soum-Fontez, Deschaud,
and Goulette 2023), either in LIDAR point clouds or monoc-
ular images (Brazil et al. 2023; Li et al. 2024). We argue
that outdoor-targeted approaches taking benefits from large-
scale annotated datasets cannot be straightforwardly adapted
to handle orders of magnitude smaller collections of indoor
data. In this paper, we investigate multi-dataset training of
3D object detection in the indoor domain.

3 Multi-dataset 3D Detection Training
3D object detection aims to predict a location b; € R” and
a class-wise detection score p; € R!Z! for each object i in a
point cloud P. The detection score denotes confidence for a
bounding box to belong to an object with label ¢ € L, where
L is the set of all classes (label space) of a dataset D.

Many 3D object detection methods are trained and tested
using the ScanNet dataset (Dai et al. 2017), which contains
balanced annotations for 18 common object classes; making
training relatively simple. Training on ScanNet usually im-
plies straightforwardly minimizing a loss ¢, e.g. a bounding
box-level log-likelihood, over a sampled point cloud P and
annotated 3D bounding boxes B from the dataset D:

HgnE(P,B)ND K(M(P, @), B):| .

ey

Here, B contains class-specific box annotations. The loss ¢ is
defined on two sets of bounding boxes, predicted and ground
truth ones, being matched based on the overlap criterion.
Let us now consider training a 3D object detection model
on K datasets Dy, Do, ..., having label spaces L1, Lo, ...,
respectively. The naive solution is to train a separate model
Mj, on a dataset Dy, using a dataset-specific loss x:
minEp gy p, |k(Mr(P;0),B)]. )
However, training a single common model instead of several
dataset-specific models can boost the performance for all
datasets. In 2D object detection, this is achieved using a par-
titioned label space (Zhou, Koltun, and Krihenbiihl 2022),

L Chair Chair
Table
Door
L Bed
2 L Desk
Chair Bed
Bed I Desk
L Desk
3
Separate b Partitioned Unified
a) label spaces ) label space <) label space

Figure 2: Three common ways of handling heterogeneous
label spaces for training. The partitioned scheme implies us-
ing a separate classification head for each dataset. UniDet3D
follows the unified scheme, using the same de-duplicated set
of labels during both the training and inference.
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which is equivalent to training K models M;,..., Mg
with the same architecture M but the last dataset-specific
classification layer. The common model is trained by mini-
mizing the K dataset-specific losses:

min Ep, [E(p’ By [ﬁk(/\/lk(ﬁ; @),B)” )

Still, when using the partitioned label space, probabili-
ties of classes from different datasets are estimated regard-
less of the similarity of these classes, e.g. probabilities for a
chair category in the ScanNet and ARKitScenes datasets are
predicted separately and independently (see Fig). While this
may allow for better per-dataset scores, it complicates the
interpretation of results for the end user, since per-dataset
predictions should be somehow aggregated. This observa-
tion naturally leads to the unified scheme, which is combin-
ing all labels of all datasets into a dataset D = D1 UD»U.. .,
and uniting the label spaces L = L;ULsU. . .. Similar labels
get merged, making the common label space unambiguous.
The optimization procedure remains the same as for default
training on a single dataset:

m@i)n E . 8)y~piupsu... [(M(P;0),B)| . 4)
In an empirical study below, we show that the unified
scheme supersedes the partitioned one not only regarding
simplicity, interpretability, and fewer training parameters but
also delivers higher accuracy.

4 3D Detection Network

The overall scheme of UniDet3D is depicted in Fig. Given
a point cloud, a sparse 3D U-Net network extracts point-
wise features. In parallel, superpoints are obtained through
unsupervised clustering. Then, point features are aggregated
within each superpoint by simple averaging (or superpoint
pooling), giving superpoint features. Superpoint features are
passed as queries to a vanilla transformer encoder. The en-
coder outputs are processed with two separate MLPs, one es-
timating regression parameters of objects’ bounding boxes,
and another predicting class probabilities in multi-dataset
shared label space.

4.1 Backbone and Pooling

3D U-Net. Assuming that an input point cloud contains [N
points, the input can be formulated as P € RY*6_ Each 3D
point is parameterized with three colors r, g, b, and three
coordinates x, y, z. Following (Choy, Gwak, and Savarese
2019), we voxelize the point cloud and use a U-Net-like
backbone composed of sparse 3D convolutions to extract
point-wise features P’ € RV*¢,

Superpoint pooling. To build an end-to-end framework,
we directly feed point-wise features P’ € RN*C into
superpoint pooling layer based on pre-computed super-
points (Landrieu and Simonovsky 2018). The superpoint
pooling layer obtains superpoint features S € RM*C via
average pooling over those point-wise ones inside each su-
perpoint. Without loss of generality, we suppose that there
are M superpoints computed from the input point cloud. No-
tably, the superpoint pooling layer downsamples the input
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Figure 3: Overview of the proposed method. UniDet3D takes the point cloud as an input, and extracts point features using a
sparse 3D U-Net network. Point features are averaged across superpoints in the superpoint pooling. Aggregated features serve
as input queries to a vanilla transformer encoder. Finally, 3D bounding boxes are derived from encoder outputs with a box MLP
and class MLP, where box MLP estimates the location of a 3D bounding box w.r.t. the mass center of the superpoint, and class
MLP outputs probabilities of object classes in the unified label space.
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Figure 4: Comparison with existing transformed-based 3D
object detection methods. We introduce encoder-only trans-
former architecture w/o positional encoding for queries or
attention layers. This allows us to change unstable Hungar-
ian matching for a simpler disentangled scheme.

point cloud to hundreds of superpoints, which significantly
reduces the computational overhead of subsequent process-
ing and optimizes the representation capability of the entire
network.

4.2 Transformer Encoder

Backbone features after superpoint pooling are processed
with a transformer encoder network. This network takes M
queries as an input and outputs M object proposal features.

Existing transformer-based 3D object detection meth-
ods (Misra, Girdhar, and Joulin 2021; Liu et al. 2021; Wang
et al. 2024; Shen et al. 2023) exploit different techniques to
establish connections between queries and points in an input
point cloud. In particular, queries are initialized via the far-
thest point sampling. Then, positional encoding is added to
preserve spatial information, and queries are cross-attended
to points with positional guidance in a decoder part of the
network. On the contrary, we use a vanilla transformer en-
coder without bells and whistles (Fig. 4).

Overall, we employ a simple, elegant transformer archi-
tecture based on self-attention between input queries solely.
Our experiments show that positional encoding is redundant,
bringing negligible to no accuracy improvement at the cost
of extra computations and more complex design.
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4.3 Head

The head takes M object proposals as inputs and produces
a single 3D bounding box and a class label for each pro-
posal, estimated via linear layers. The classification layer
(class MLP in the Fig. 3) outputs probabilities of |L| object
classes. The parameters of 3D bounding boxes are regressed
with a box MLP. Each 3D bounding box is represented in
the form of an 8-value vector (Rukhovich, Vorontsova, and
Konushin 2022), where the first six values denote positive
distances from the proposal coordinate to the faces of a pre-
dicted 3D bounding box, and the last two values define a
rotation angle. The distances to the faces are given w.r.t. the
mass center of the superpoint, making it the only positional
information used to predict 3D bounding boxes.

4.4 Training

To train a transformer-based method end-to-end, we need
to define a cost function between queries and ground truth
objects, develop a matching strategy that minimizes this cost
function, and formulate a loss function being applied to the
matched pairs.

Cost function. We use a pairwise matching cost C;i to
measure the similarity of the i-th proposal and the k-th
ground truth. C;;, is derived from a classification probabil-
ity and predicted bounding box:

Cik =

—\ - Die, + DIoU (b, by), (5)

where p; ., indicates the probability of ¢-th proposal belong-

ing to the ¢, semantic category. b; and by, stands for pre-
dicted and ground truth bounding boxes. The distance be-
tween ground truth and predicted boxes is measured with
the DIoU function as in TR3D (Rukhovich, Vorontsova, and
Konushin 2023). In our experiments, we use A = 0.25.

Matching. Previous transformer-based 3D object detec-
tion methods (Misra, Girdhar, and Joulin 2021; Liu et al.
2021; Wang et al. 2024; Shen et al. 2023) use bipartite
matching based on a Hungarian algorithm (Kuhn 1955).
This common approach has a major drawback: an exces-
sive number of meaningful matches between proposals and
ground truth objects makes the training process long-lasting



and unstable. To overcome this issue, we adapt the disen-
tangled matching scheme introduced in recent 3D instance
segmentation work (Kolodiazhnyi et al. 2024).

Since an object query is initialized with superpoint fea-
tures, this object query can be unambiguously matched with
this superpoint. We assume that a superpoint can belong only
to one object, which gives a correspondence between a su-
perpoint, an object query, an object proposal derived from
this object query, and a ground truth object.

We assign each object with three nearest superpoints, so,
to get a bipartite matching, we only need to filter out extra
superpoints matched to the same object. This task reformu-
lation simplifies cost function optimization, as we can set the
most weights in a cost matrix to infinity:

(6)

Cor — Ci  if i-th superpoint € k-th object
k=1 400 otherwise

Loss. After matching proposals with ground truth in-
stances, instance losses can finally be calculated. Classifi-
cation errors are penalized with a cross-entropy loss L.
Besides, for each match between a proposal and a ground
truth object, we compute the regression loss L,..4 as a DIoU
function between predicted and ground truth boxes.

The total loss £ is formulated as:

L= B : ‘Ccls + ‘Creg (7)
where 3 = 0.5.

S Experiments
5.1 Datasets

We evaluate our method on six real-world indoor bench-
marks: ScanNet (Dai et al. 2017), ARKitScenes (Baruch
et al. 2021), S3DIS (Armeni et al. 2016), MultiScan (Mao
et al. 2022), 3RScan (Wald et al. 2019), ScanNet++ (Yesh-
wanth et al. 2023). For methodological purity, we do not add
single-view RGB-D datasets such as SUN RGB-D (Song,
Lichtenberg, and Xiao 2015) to the mixture but only use
datasets containing multi-view 3D reconstructions. In the
absence of ground truth 3D bounding boxes, we calcu-
late axis-aligned bounding boxes from 3D instance labels
through a standard approach (Qi et al. 2019).

# Train.  # Val.

Dataset # Classes
Scenes  Scenes
ScanNet 1201 312 18
ARKitScenes 4493 549 17
S3DIS 204 68 5
MultiScan 174 42 17
3RScan 385 47 18
ScanNet++ 230 50 84
Overall 6687 1068 99

Table 1: Quantitative statistics of indoor datasets in our mix-
ture. ScanNet and ARKitScenes are relatively large-scale,
while S3DIS, MultiScan, 3RScan, and ScanNet++ are times
smaller.

ScanNet (Daietal. 2017) contains 1513 reconstructed 3D
indoor scans with per-point instance and semantic labels of
18 categories. The training subset consists of 1201 scans,
while 312 scans are used for validation.

ARKitScenes (Baruch et al. 2021) consists of 5042 scans
of 1661 venues captured using a tablet with an online ARKit
tracking system. This is the only dataset in the list labeled
with oriented bounding boxes. We use the official training
and validation splits of 4493 and 549 scans, respectively.

Stanford Large-Scale 3D Indoor Spaces (S3DIS) (Ar-
meni et al. 2016) contains scans of 272 rooms, annotated
with instance and semantic labels of five furniture cate-
gories. We use the official Area 5 split, where 68 rooms serve
for validation, and 204 rooms comprise the training subset.

MultiScan  (Mao et al. 2022) is a small yet extensively
labeled RGB-D dataset of 273 scans of 117 indoor scenes
with 11K objects, primarily intended for part mobility es-
timation. It contains per-frame camera poses, textured 3D
surface meshes, and fine object-level semantic labels.

3RScan (Wald et al. 2019) is designed as a benchmark for
temporal visual analysis, e.g., change detection or visual lo-
calization. It features 1482 3D reconstructions of 478 scenes
alongside calibrated RGB-D sequences, textured 3D meshes
and instance and semantic annotations.

ScanNet++ (Yeshwanth et al. 2023) is an instance seg-
mentation and novel-view synthesis benchmark. It contains
450 RGB-D sequences recorded with an iPhone and 3D
scans captured using a laser scanner with sub-millimeter res-
olution and annotated with long-tail semantics.

5.2 Evaluation

For all datasets, we use mean average precision (mAP) under
IoU thresholds of 0.25 and 0.5 as a metric.

We upper-limit the number of points in an input point
cloud by N = 100000 points, as proposed in (Rukhovich,
Vorontsova, and Konushin 2022, 2023). Since these points
are sampled randomly, both training and evaluation proce-
dures are randomized. To obtain statistically significant re-
sults, we run training 5 times and test each trained model 5
times independently. We report the best and average metrics
across 5 x 5 trials: this allows comparing UniDet3D to the
3D object detection methods that report either a single best
or an average value.

5.3 Implementation Details

We implement UniDet3D in the mmdetection3d (Contribu-
tors 2020) framework. All training details are the same as
in OneFormer3D (Kolodiazhnyi et al. 2024), particularly,
we use AdamW optimizer with an initial learning rate of
0.0001, weight decay of 0.05, batch size of 8, and polyno-
mial scheduler with a base of 0.9 for 1024 epochs. We apply
the standard augmentations: horizontal flipping, random ro-
tations around the z-axis, and random scaling. During the
training, we assign a ground truth object to the three near-
est superpoints. Since during the inference we seek for one-
to-one matching, we suppress redundant superpoints using



ScanNet ARKitScenes

S3DIS

MultiScan 3RScan ScanNet++

Method Venue mAP25 mAP50 mAP25 mAP50 mAP25 mAP50 mAP25 mAP50 mAP25 mAP50 mAP25 mAP50
Best result

VoteNet ICCV’19 58.6 335 35.8

HGNet CVPR’20 61.3 34.4

GSDN ECCV’20 62.8 348 47.8  25.1

3D-MPA CVPR’20 642 49.2

MLCVNet CVPR’20 645 414 419

3DETR ICCV’21 650 47.0

BRNet CVPR’21 66.1 50.9

H3DNet ECCV’20 672 48.1 383

VENet ICCV’21  67.7

Group-Free ICCV’21 69.1  52.8

RBGNet CVPR’22 70.6 552

HyperDet3D CVPR’22 709 57.2

FCAF3D ECCv’22 715 573 66.7 459 538 407 60.1 426 223 11.4
Uni3DETR NIPS’23  71.7  58.3 70.1 48.0

TR3D ICIP’ 23 729 593 745 517 567 423 62.3 454  26.2 14.5
SPGroup3D AAAI'24 743  59.6 692 472

CAGroup3D NIPS’22  75.1 613

V-DETR ICLR’24 774  65.0

UniDet3D 77.5 661 613 471 752 608 642 51.6 647 486 264 17.2
Average across 25 trials

Group-Free ICCV’21 68.6 51.8

RBGNet CVPR’22 699 547

FCAF3D ECCV’22 70.7 56.0 649 438 52.5 392 59.6 404 214 11.0
TR3D ICIP’23 720 574 72.1 476 550 412 61.5 442 243 13.9
SPGroup3D AAAI'24 735 583 67.7 43.6

CAGroup3D NIPS’22 745  60.3

V-DETR ICLR’24 76.8 645

UniDet3D 771 652 602 460 733 579 624 508 621 456 244 163

Table 2: Comparison of the detection methods on 6 datasets: ScanNet, S3DIS, ARKitScenes, MultiScan, 3RScan, and Scan-
Net++. Our UniDet3D trained jointly on 6 datasets sets the new state-of-the-art in all benchmarks. Results obtained by running

existing methods on the novel datasets are marked gray.

ScanNet ARKitScenes

Label Space

S3DIS
IIlAP25 Il’lAP5() IIlAst mAPS() IIIAP25 mAPS() mAst IIlAP50 IIlAP25 mAPSO I’IlAP25 mAPS()

MultiScan 3RScan ScanNet++

from scratch

separate 770 650 59.6 457 572 397 46.1 331 451 314 216 122
Jjoint training

partitioned  77.0 651 59.8 458 71.2 562 620 505 62.6 454 241 16.0

unified 771 652 60.2 46.0 733 579 624 508 62.1 456 244 163

Table 3: Scores (average across 25 trials) obtained using different label spaces. Expectedly, joint training is especially ben-
eficial for small datasets. Switching from the partitioned (159 classes) to unified (99 classes) label space not only increases
interpretability for an end user but also has a positive effect on overall accuracy, which is a valuable practical outcome.

NMS. No test-time augmentations are applied during the in-
ference time. All experiments are conducted using a single
NVidia V100.

5.4 Comparison to Prior Work

We compare UniDet3D against various 3D object detection
methods. According to the Tab. 2, UniDet3D consistently
outperforms the competitors not only in the best but also
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in the average scores, which indicates the statistical signif-
icance of results. In the well-known ScanNet and S3DIS
benchmarks, UniDet3D sets state-of-art results, superseding
second-best scores by at least +1 mAPsy on ScanNet and im-
pressive +9.1 mAPsy on S3DIS. To obtain reference values
for smaller datasets MultiScan, 3RScan, and ScanNet++, we
train and evaluate FCAF3D (Rukhovich, Vorontsova, and
Konushin 2022) and TR3D (Rukhovich, Vorontsova, and



Scan- ARK:it- S3DIS MultiScan 3RScan
Net Scenes mAP25 mAP50 mAst mAP50 mAP25 mAPS()

Jfrom scratch
572 397 46.1 33.1 451 314

fine-tuning
713 543 602 49.1 60.8 45.6

Jjoint training
v 72.0 553 590 462 598 420
v 65.5 483 465 347 554 405
v v 733 579 624 50.8 621 45.6

Table 4: Scores (average across 25 trials) obtained on the
S3DIS, MultiScan, and 3RScan test splits after either train-
ing from scratch on the train splits on the respective datasets,
using pre-training, or joint training. The joint training on the
mixture of larger ScanNet and ARKitScenes datasets is the
most beneficial.

Konushin 2023), two strong baselines with publicly avail-
able code. The observed improvement over these methods
is especially tangible for MultiScan, where the gain is +7.5
mAP,5 and +9.3 mAPs.

Method PE HM mAPy; mAPs, \nference
time, ms
3DETR /s /650 470 170
Group-Free v v 69.1 52.8 157
Uni3DETR v < 717 583 283
VDETR v « 714 650 240
v 774 660 233
UniDet3D /752 645 224
775 661 24

Table 5: Comparison of transformed-based methods on the
ScanNet validation split, all trained on the ScanNet train-
ing split solely. PE is positional encoding, HM is Hungarian
matching (applied only during the training). UniDet3D with-
out PE and HM hits the highest scores.

5.5 Ablation Studies

Training schemes. To emulate real usage, we consider
small S3DIS, MultiScan, and 3RScan as target datasets, and
leverage large ScanNet and ARKitScenes as sources of extra
training data. In Tab. 4, we compare three training schemes:

* training from scratch on target dataset;

* fine-tuning after pre-training on a mixture of ScanNet and
ARKitScenes;

e joint training on a mixture of ScanNet and/or ARK-
itScenes and the target dataset.

While transformer-based approaches dominate on large-
scale datasets, they cannot train sufficiently on limited data
— which is the case when using extra data and more elabo-
rate training schemes appears to be the most profitable. Re-
spectively, UniDet3D easily outperforms both transformer
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and non-transformer methods on the large ScanNet, but
is notably inferior to convolutional baselines TR3D and
FCAF3D, when trained from scratch on S3DIS, MultiScan,
or 3RScan.

After simple fine-tuning, our model surpasses baseline ap-
proaches, which evidences our unified architecture to effec-
tively adapt to target domains after learning general con-
cepts from the voluminous mixture of training datasets. This
result is valuable for practitioners seeking a customizable
approach that can be trained quickly under limited com-
putational powers. Joint training adds extra +3.6 and +1.7
mAPso on S3DIS and MultiScan, respectively. Expectedly,
the amount and variety of training data also matter: using
both ScanNet and ARKitScenes ensures higher accuracy
than using them solely.

Merging different label spaces. The benefits of joint
training are fully revealed for small datasets, and so is the
difference between partitioned and unified label spaces. Ac-
cording to Tab 3, unifying label space improves the over-
all quality over the partitioned label space and brings +1.7
mAPs5, on S3DIS. Taking the better interpretability of uni-
fied classes and the smaller size of the classification layer
(99 unified classes against 159 in the partitioned label
space), we can claim the unified label space as a preferred
option. Not only is this an interesting experimental finding,
but a useful feature for real-world applications.

Positional encoding and Hungarian matching. In this
study, we measure the effect of positional encoding and
matching strategy on the model’s performance.

To match randomly initialized queries and point cloud
features, transformer-based methods use positional encod-
ing and cross-attention. Since our superpoint-induced query
initialization strategy preserves spatial information, the need
for adding positional encoding is questionable. Apart from
that, UniDet3D’s query initialization allows employing dis-
entangled matching instead of costly Hungarian matching.

To ensure competitive comparison, we implement ver-
tex relative positional encoding proposed in the previ-
ous state-of-the-art V-DETR (Shen et al. 2023). As seen
in Tab. 5, UniDet3D trained without positional encoding
and Hungarian matching achieves the highest detection
accuracy on ScanNet among transformer-based methods.
In the meantime, eliminating positional encoding reduces
time- and memory- footprint, so overall we can claim both
transformer-specific parts to be redundant.

6 Conclusion

In this work, we proposed UniDet3D, a 3D object detection
model trained on a mixture of indoor datasets. By unifying
label spaces across datasets in the supervised joint training
scheme, UniDet3D generalizes to various indoor environ-
ments. The network architecture of the proposed method is
built upon a vanilla transformer encoder, making the entire
pipeline easy to use and adapt to user requirements. Ex-
tensive experiments prove UniDet3D to deliver state-of-the-
art results in 6 indoor benchmarks: ScanNet, S3DIS, ARK-
itScenes, MultiScan, 3RScan, and ScanNet++.
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