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ABSTRACT

During interactive segmentation, a model and a user work together to delineate
objects of interest in a 3D point cloud. In an iterative process, the model assigns
each data point to an object (or the background), while the user corrects errors in
the resulting segmentation and feeds them back into the model. The current best
practice formulates the problem as binary classification and segments objects one
at a time. The model expects the user to provide positive clicks to indicate regions
wrongly assigned to the background and negative clicks on regions wrongly as-
signed to the object. Sequentially visiting objects is wasteful since it disregards
synergies between objects: a positive click for a given object can, by definition,
serve as a negative click for nearby objects. Moreover, a direct competition be-
tween adjacent objects can speed up the identification of their common bound-
ary. We introduce AGILE3D, an efficient, attention-based model that (1) supports
simultaneous segmentation of multiple 3D objects, (2) yields more accurate seg-
mentation masks with fewer user clicks, and (3) offers faster inference. Our core
idea is to encode user clicks as spatial-temporal queries and enable explicit inter-
actions between click queries as well as between them and the 3D scene through
a click attention module. Every time new clicks are added, we only need to run
a lightweight decoder that produces updated segmentation masks. In experiments
with four different 3D point cloud datasets, AGILE3D sets a new state-of-the-art.
Moreover, we also verify its practicality in real-world setups with real user studies.
Project page: https://ywyue.github.io/AGILE3D.

1 INTRODUCTION

Accurate 3D instance segmentation is a crucial task for a variety of applications in computer vision
and robotics. Manually annotating ground-truth segmentation masks on 3D scenes is expensive and
fully-automated 3D instance segmentation approaches (Hou et al., 2019; Engelmann et al., 2020;
Chen et al., 2021; Vu et al., 2022) do not generalize well to unseen object categories of an open-
world setting. Interactive segmentation techniques have been commonly adopted for large-scale 2D
image segmentation (Benenson et al., 2019), where a user interacts with a segmentation model by
providing assistive clicks or scribbles iteratively. While interactive image segmentation has been
the subject of extensive research (Xu et al., 2016; Li et al., 2018; Mahadevan et al., 2018; Jang
& Kim, 2019; Kontogianni et al., 2020; Sofiiuk et al., 2022; Chen et al., 2022), there are only a
few works that explore interactive 3D segmentation (Valentin et al., 2015; Shen et al., 2020; Zhi
et al., 2022). Those methods either only work for semantic segmentation or require images with
associated camera poses w.r.t. the 3D scene. The latter constraint makes them not suitable for
non-camera sensors (e.g., LIDAR), or for dynamically changing viewpoints like in AR/VR settings.
Even with available images, providing feedback for the same object from multiple viewpoints can
be tedious. Here, we focus on interactive segmentation directly in 3D point clouds.

Recently Kontogianni et al. (2023) introduced an approach for interactive 3D segmentation that
operates directly on point clouds, achieving state-of-the-art performance. The task is formulated as
a binary segmentation for one object at a time (Fig. 1, lef), and follows the mainstream approach of
interactive 2D image segmentation (Xu et al., 2016; Mahadevan et al., 2018; Li et al., 2018; Jang
& Kim, 2019; Kontogianni et al., 2020; Sofiiuk et al., 2022; Chen et al., 2022): User input comes
in the form of binary clicks that identify locations with incorrect labels. Positive clicks specify
missed parts of the target object and negative clicks specify background areas falsely labeled as
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Figure 1: Architecture comparison. Left: InterObject3D (Kontogianni et al., 2023). Right: our
AGILE3D. Given the same set of 10 user clicks, AGILE3D can effectively segment three objects
while InteObject3D can only segment one. InterObject3D takes 0.5s for one object while we need
only 0.25s for all three, thanks to running a lightweight decoder per iteration and not a full forward
pass through the entire network'. Unlike InterObject3D, our backbone learns features for all objects.

foreground. The two sets of click coordinates are encoded as binary masks and concatenated with the
3D point coordinates to form the input to a deep learning model. A subtle, but important limitation
of that approach is that objects are processed sequentially, one at a time: obviously, object outlines
within a scene are boundaries between different objects (rather than between an isolated object and
a monolithic background): Positive clicks for one object can, by definition, serve as negative clicks
for other, nearby objects. In most cases also the opposite is true, as negative clicks will often also lie
on other objects of interest. Handling multiple objects jointly rather than sequentially also brings a
computational advantage, because every round of user input requires a forward pass.

In this work, we propose AGILE3D, an attention-guided interactive 3D segmentation approach that
can simultaneously segment multiple objects in context. Given a 3D scene, we first employ a stan-
dard 3D sparse convolutional backbone to extract per-point features without click input. Instead
of encoding clicks as click maps, we propose to encode them as high-dimensional feature queries
through our click-as-query module. To exploit not only the spatial locations of user clicks but also
their temporal order in the iterative annotation process, they are supplemented by a spatial-temporal
positional encoding. To enable the information exchange between different clicks, and between
clicks and the 3D scene, we propose a click attention module, where clicks explicitly interact with
the 3D scene through click-to-scene and scene-to-click attention and with each other through click-
to-click attention. Finally, we aggregate the roles of all click queries to obtain a single, holistic
segmentation mask in our query fusion module, and train the network in a way that regions compete
for space. In this manner, AGILE3D imposes no constraint on the number of objects and seamlessly
models clicks on multiple objects, including their contextual relations allowing for more accurate
segmentation masks of multiple objects together. Disentangling the encoding of the 3D scene from
the processing of the clicks makes it possible to pre-compute the backbone features, such that dur-
ing iterative user feedback one must only run the lightweight decoder (i.e. click attention and query
fusion), thus significantly reducing the computation time (Fig. 1). Moreover, our backbone learns
the representation of all scene objects while InterObject3D only learns the representation of a single
object depending on the input clicks (c.f. learned features converted to RGB with PCA in Fig. 1).

Our proposed method aims to be trainable with limited data, and able to compute valid segmentation
masks for zero-shot and few-shot setups on unseen datasets (e.g., dataset annotation). We train on
a single dataset, ScanNetV2-Train (Dai et al., 2017), and then evaluate on ScanNetV2-Val (Inc.
ScanNet20 and ScanNet40) (Dai et al., 2017), S3DIS (Armeni et al., 2016), KITTI-360 (Liao et al.,
2022). For all of them, AGILE3D outperforms the state of the art. Our main contributions are:

1. We introduce the interactive multi-object 3D segmentation task to segment multiple objects
concurrently with a limited number of user clicks in a 3D scene.

2. We propose AGILE3D, which is the first interactive approach that can segment multiple
objects in a 3D scene, achieving state-of-the-art in both interactive multi- and single-object
segmentation benchmarks.

3. We propose the setup, evaluation, and iterative training strategy for interactive multi-object
segmentation on 3D scenes and conduct extensive experiments to validate the benefits of our
task formulation.

4. We develop a user interface and perform real user studies to verify the effectiveness of our
model and the proposed training strategy in real annotation tasks.

'Time is measured on a single TITAN RTX GPU.
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