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The proliferation of 3D scanning technology, particularly within autonomous driving, has led to an exponential
increase in the volume of Point Cloud (PC) data. Given the rich semantic information contained in PC data, deep
learning models are commonly employed for tasks such as object queries. However, current query systems that
support PC data types do not process queries on semantic information. Consequently, there is a notable gap
in research regarding the efficiency of invoking deep models for each PC data query, especially when dealing
with large-scale models and datasets. To address this issue, this work aims to design an efficient approximate
approach for supporting PC analysis queries, including PC retrieval and aggregate queries. In particular, we
propose a novel framework that delivers approximate query results efficiently by sampling core PC frames
within a constrained budget, thereby minimizing the reliance on deep learning models. This framework is
underpinned by rigorous theoretical analysis, providing error-bound guarantees for the approximate results if
the sampling policy is preferred. To achieve this, we incorporate a multi-agent reinforcement learning-based
approach to optimize the sampling procedure, along with an innovative reward design leveraging spatio-
temporal PC analysis. Furthermore, we exploit the spatio-temporal characteristics inherent in PC data to
construct an index that accelerates the query process. Extensive experimental evaluations demonstrate that
our proposed method, MAST, not only achieves accurate approximate query results but also maintains low
query latency, ensuring high efficiency.

CCS Concepts: « Information systems — Database query processing.
Additional Key Words and Phrases: Point cloud data query processing, DB4AI
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1 Introduction

With advancements in 3D scanning technology and its widespread application in fields such as
autonomous driving and robotics, Point Cloud (PC) data [38] has increased significantly. For ease of
understanding, PC data is defined as a set of 3-dimensional points P = {(x, y, z) € R} that capture
environmental contexts. The inherent spatial features in PC data enable the extraction of detailed
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Fig. 1. A visualization of querying on PC data with objects detected, where the bounding boxes indicate
objects, and the red circle indicates a spatial query filter.

3D semantic information, such as the precise localization of objects. For instance, PC data provides
a more robust source of spatial information than 2D images in the autonomous driving scenario.

Given the rich semantic content of PC data, there are numerous requirements for analyzing and
querying semantic information from these datasets. Current research has primarily focused on
enhancing the accuracy of deep models in tasks such as 3D classification [35, 41], object detection [39,
40, 48], and semantic segmentation [16, 36], which often leverage deep learning techniques like deep
neural networks. As shown in Fig. 1, querying PC data involves not only retrieving semantic objects
identified through detection methods but also evaluating spatial predicates. However, to the best of
our knowledge, no system supports such PC queries containing predicates on semantic information,
which are extracted using deep learning models. Current database systems that support the PC data
type, such as PostgreSQL pgPointcloud [34] and Ganos [46], treat the PC data as typical spatial
objects to support queries with spatial predicates (e.g., retrieving PC data within a query region),
but not queries with semantic predicates.

We proceed to introduce two kinds of such PC queries (i.e., the PC retrieval query and the PC
aggregate query) in the following example.

Example 1.1. Given the vast volume of PC data generated by autonomous driving systems,
automotive companies want to query the data to detect specific events. For example, a query might
seek to identify high-risk collision scenarios, defined by the presence of three or more cars within
a specified radius around the vehicle capturing the data. This scenario can be formalized as finding
instances where the count of detected cars is three or more (i.e., Count(Car) > 3) and each car
is within a certain distance (i.e., Distance(Car, center) < r) from the LiDAR-equipped vehicle.
This retrieval query can be represented in an SQL as follows, where each frame PC_frames.frame
denotes a 3D point set (formally defined in Section 2), and fy denotes the function that processes
PC frames with the deep model M designed for the object detection task, which outputs the set of
bounding boxes of objects:

——————————— PC Retrieval Query - - - - - - - - - -~
SELECT % FROM PC_frames.frame WHERE
SELECT COUNT (%)
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FROM fy(PC_frames.frame) AS cars
WHERE Distance(cars.loc, frame.center) < r
>=3

As another example, the company may want to determine whether a driver tends to drive close to
neighboring cars or maintain a safe distance. To evaluate the driving habit, the query would calculate
the average number of neighboring cars during the vehicle’s operation (i.e., Avg(Count(Cars))).
This aggregate query is formulated as follows.

——————————— PC Aggregate Query - - - — - - — - — — —
SELECT Avg(count_car.num) FROM
SELECT COUNT (%)
FROM fy(PC_frames.frame) AS cars
WHERE Distance(cars.loc, frame.center) < r
AS count_car.num

To bridge the gap between analysis requirements and current PC database management systems,
this paper aims to develop a processing framework for supporting analytical queries with deep
learning models on PC data. Processing PC data with deep models incurs high computational
costs, For instance, analyzing a single PC frame with an NVIDIA GeForce RTX 2080 Ti GPU
takes approximately 0.1 seconds for object prediction. Therefore, due to the large volume of PC
data and the computational intensity of deep model inference, it is impractical to answer the
aforementioned queries by preprocessing all PC frames using deep models [26], and then analyzing
the processed structured information through a data warehouse disregarding the raw PC data ,
even when amortized across multiple queries. Worse still, the efficiency of executing queries within
PC database systems remains relatively unexplored, while advancements in the analysis of PC
data have focused primarily on accuracy metrics. This raises a critical, yet underexplored aspect:
Considering the high computational cost of processing PC data with deep models, how do we optimize
the efficiency of queries on PC data?

One idea to address this challenge is to design lightweight models (referred to as proxy models) as
replacements for the original costly model (referred to as the oracle model). However, proxy models
are often specialized for particular tasks, such as detecting vehicles or pedestrians, and require
expertise in techniques like model distillation to design. Consequently, creating a lightweight
model that performs well across diverse queries is challenging. Inspired by the work [3], which
proposes addressing video analytical queries with approximate results by sampling video frames and
processing the sampled frames using deep learning models, we tackle the challenge by generating
approximate query results, aiming to answer analytical queries on PC data both efficiently and
effectively while reducing the deep model usage needed.

We focus on analytical queries involving both semantic predicates and spatial predicates for PC
data. We introduce a query processing framework that reduces the need for deep model usage by
processing only a subset of the PC data. By leveraging the inherent spatio-temporal features in
PC data, our framework generates approximate query results for multiple queries based on the
sampled and processed PC data. Unlike previous work on video data [3, 4], which are query-driven
methods (optimizing the query performance with a query workload as the input), we propose a
method that enables PC frame sampling for multiple queries without relying on the query workload
as the input during the sampling process. Our framework has the advantage of the generality of
model selection and the stable efficiency improvement proportional to the sampling budget (as to
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be explained in Section 7.2). We develop a query processing framework that includes a sampling

procedure to sample a fraction of PC data and construct an index storing the information provided

by deep models, and a querying procedure that generates query results based on the index.

A key challenge in this context is optimizing the querying performance with spatio-temporal
information utilized, as different data points may vary in their significance and contribution to
the overall query efficiency [3, 21]. To tackle this, we model the sampling process as a decision-
making problem. We introduce a hierarchical multi-agent framework that hierarchically selects
PC frames. Further, we propose to utilize the spatio-temporal continuity to guide the sampling
procedure. In particular, considering that PC data sequences inherently exhibit spatial and temporal
characteristics, we design a reward based on the variance between the newly sampled PC and
the predicted object mobility situation (i.e., location and velocity of objects) derived through
spatio-temporal analysis. This approach aims to ensure that the sampled PC frames are of maximal
importance. The experimental study (detailed in Section 7) shows the superiority of our framework.

We summarize our contribution as follows:

e We develop an efficient query processing framework for retrieval and aggregate queries with
semantic and spatial filters on PC data, which relies on deep learning models to extract semantic
information. Notably, our work is the first to focus on efficiently processing such queries on PC
data.

e We design a novel query processing method named Multi-Agent framework with Spatio-Temporal
Analysis (MAST). This method leverages the spatio-temporal feature of PC data to improve the
query performance on sampled PC frames. We theoretically analyze the approximate performance
bound of our framework.

e We conduct extensive experiments on real and synthetic datasets. The experimental results show
the superiority of our framework and the proposed method MAST compared with the baselines.

The rest of this paper is organized as follows: In Section 2, we define the problem of PC query
processing. In Section 3, we summarize the related work. In Section 4, we introduce the framework of
efficient PC query processing. We then introduce our proposed processing method MAST (Section 5)
and conduct theoretical analysis (Section 6). Finally, we present and analyze the experimental
results in Section 7.

2 Preliminaries

We introduce the type of queries that we focus on in this paper, and introduce the formalized
research problem that we study.

2.1 Query Definition

We first introduce two types of queries, namely PC retrieval query and PC aggregate query.
PC Retrieval Query: We define the PC retrieval query as the query that returns ids of PC frames
satisfying all query predicates.
PC Aggregate Query: The PC aggregate query returns the aggregate numerical result n aggregated
by the extracted information from D. In this work, we evaluate different aggregate operators. Avg
returns the average number of filtered objects in each PC frame, Count returns the total number of
satisfied PC frames, Med returns the median number of filtered objects of the PC frames, and Min
and Max return the global minimum and maximum numbers of filtered objects, respectively. Other
aggregate predicates can be supported with minimal effort by adding new operators.

For the query predicates, we focus on two types of filters that are of high importance during PC
query processing, namely semantic predicate and spatial predicate. Our proposed framework is
also applicable to other predicates by adding corresponding functions.
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Semantic Predicate: We define the semantic filter as the numerical filter of objects: |0bj| [<, =] num.
It filters on the number of satisfied objects in a PC frame, in which the PC frame can be regarded as
a table with the object as the column. In the example given in Section 1, the semantic predicate
filters on the result of the subquery in green brackets.

Spatial Predicate: The spatial filter specifies the spatial requirement of the considered objects. In
this work, we consider the distance from the sensor (vehicle generating the PC) to the objects:
Distance(Obj, center) [<,>] r. Other spatial filters can be also supported by adding spatial
operators.

2.2 Problem Definition

In this paper, we focus on optimizing the query processing on PC data which are captured periodi-
cally in batches within a database, i.e., a database of PC frames 9. Each PC frame P contains spatial
and temporal features: P = (P, t) € D, in which P is a set of 3-dimensional spatial points and ¢ is
the timestamp indicating the generation time of P. The PC frames P in O from the same LiDAR
sensor can be constructed as a sequence of frames w.r.t. the timestamp ¢. A deep model M is included
which takes P as the input and outputs the semantic information. In this paper, M is the object
detection model which predicts the objects in the PC frame and their corresponding locations,
represented as the bounding boxes of objects: M(P) : B, b = (min, max, angle) € B, where min and
max are the minimum and maximum points of the bounding box, and angle is the rotation angle
of the object. The objective of the research is to efficiently process queries and generate query
results with maximized accuracy (e.g., F1 score measuring retrieval query, and aggregate accuracy
measuring aggregate query) under a limited budget of M usage. We define the problem as follows.

PrOBLEM 1. Given a database D, where PC data periodically arrive at the server, we aim to design
a framework for processing PC data such that the query accuracy of queries is maximized, while the
average query latency with a limited budget of resource usage, i.e., the usage budget of deep modelM,
is minimized.
Remark. (1) We develop the framework to sample the PC data for all types of queries we consider,
instead of optimizing a specific query. (2) Our PC query processing framework is dedicated to the
situation where deep model computation is costly (since preprocessing all PC frames is not practical
compared with the size of the requested queries), or limited GPU resources are available [21]. (3)
Our framework is designed to meet the demands of analyzing periodically collected data on the
server side, rather than the real-time decision making support on the vehicle side. (4) We design a
general framework that would be suitable for any database system for PC data on the server side.

3 Related Work

Point cloud data management & analytics. There are industry practices [34, 46] supporting PC
data, which treat the 3D points as basic spatial objects. Currently, there is no system supporting
processing specialized queries on PC data. As for PC data analytics, three main tasks are exclusively
studied [12], namely 3D classification [35, 41], object detection [39, 40, 48], and semantic segmen-
tation [16, 36]. Among them, object detection is important in the autonomous driving scenario to
analyze auto cars’ driving actions. In particular, object detection takes point cloud frames as input
and detects objects appearing in the PC frame, returning their corresponding labels (the category
of the object) and the locations (normally a bounding box that contains the object).

The SOTA detection methods [39, 40, 48], e.g., PV-RCNN [39], have achieved above 86% accuracy
of vehicle location prediction (the correctness of predicted bounding boxes). However, these studies
focus on improving the model accuracy, and therefore have a low inference efficiency (which
takes around 0.1 seconds to process one PC frame using the current GPU). Therefore, conducting
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analytical queries on PC data can be inefficient. Different from current point cloud analysis studies,
in this paper, we aim to provide a framework that can efficiently process point cloud data analysis
with a budget of GPU resource usage.

Video data query processing. Our work is inspired by work on video data analysis [3, 7-10, 13, 17-
19, 21, 25, 26, 42, 47, 50]. This line of research can be summarized into two categories [9]: (1)
accelerating the query by providing approximate results through deep model inference efficiency
optimization [3, 19, 20], and (2) treating the deep model as a preprocessing method, and analyzing
the information extracted by deep models [26, 50], without the need to refer to the original data.
In addition, there is some work [7, 8] that aims to enhance the video analytics by optimizing the
query planner. In this paper, our focus on PC data analysis is most relevant to the first category of
research, where the data is of significant volume and new data may come, making it impractical to
preprocess all data prior to analysis.

The work in the first category can be further classified into two subcategories. The first category
aims to generate lightweight models that provide faster analysis but coarser predictive perfor-
mance [1, 19-21, 37]. For example, Kang et al. [19, 20, 21] propose a series of approaches that apply
proxy models as efficient approximations to the oracle model to provide efficient query processing
on batch and streaming video data. ABae [22] is designed to handle queries with expensive predi-
cates. Anderson et al. [1] develop proxy models by optimizing data representation (e.g., resolution)
to increase query efficiency. Russo et al. [37] accelerate the aggregate query on streaming data. The
second category is to provide approximate results by reducing the deep model usage [3, 15, 23, 24].
For example, TASTI [23, 24] develops an index producing approximate results based on the fact
that data with similar embeddings produce similar query results. Bang et al. [3] propose to sample
a portion of the video database and efficiently provide approximate query results. He et al. [15]
proposes to leverage commonsense knowledge models that estimate objects’ conditional existence
probability and choose a fraction of frames to be processed. Moll et al. [33] develop methods to
adapt sampling budget regarding data and query.

There is also work on video analytics that analyzes spatio-temporal features of objects with
video data [4, 9, 44]. Chen et al. [9] propose to conduct a defined query named STAR retrieval
which retrieves objects’ co-occurrence duration with spatio-temporal constraint. Different from
our setting, STAR retrieval treats applying deep models as a preprocessing step. MIRIS [4] supports
processing object tracking queries with constraints such as the velocity of objects on video data.
Unlike our method, which supports optimizing query performance for multiple query types instead
of a specific given query, MIRIS focuses on the retrieval query and is a query-driven method
with query workload as the input. SketchQL [44] provides a framework where users can compose
visual queries by drawing the trajectories of objects through the interface. Similar to [9], SketchQL
focuses on a specific query with spatio-temporal features instead of supporting general retrieval
and aggregate queries.

PC data contains exact 3D spatial information. In this paper, we present the first study to offer
efficient query processing for Point Cloud data. We design a novel sampling mechanism and
querying method that produces efficient and accurate query results.

There is some work [3, 4, 10, 33] that samples to improve query efficiency for video data. Zeus [10]
assigns a higher sampling rate to the video segments containing actions while assigning a lower
sampling rate to those without, to accelerate action retrieval queries. Zeus decides a sampling
rate for each video segment, while our method provides frame-level sampling for the whole PC
sequence. Seiden [3] optimizes queries on video data by selecting sampled video frames with
temporal continuity leveraged. ExSample [33] applies sampling to help detect video segments
likely to contain objects of interest. MIRIS [4] applies a filter and refined procedure to control
the processed frame rate among video segments w.r.t. the given query. [3, 4, 33] are query-driven
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methods, that optimize query performance given a specific query or a workload of queries, while
our sampling method focuses on features of the input data and optimizes all types of queries
considered without requiring a specific query workload as the input, which is similar to [10]. It
allows the sampling procedure to be executed before the query workload is known, and enables
different queries to be conducted with the same sampling results.

Reinforcement Learning for Database Management. Reinforcement learning (RL) methods are
widely utilized in optimizing data management and analysis [6]. Marcus et al. [32] utilize the RL
method to tune the knobs of a database system. Li et al. [28] and Gu et al. [11] apply the RL method
to help construct the index structure. Bang et al. [3] apply the UCB [2] method to handle data
sampling. Liang et al. [30] utilize RL for data partitioning. He et al. [14] apply a hierarchical bandit
structure [49] to detect data clusters with most frames satisfying the UDF filter. [14] provides a
static hierarchical MAB framework with all agents initialized before training, while our method
generates new MAB agents during the sampling procedure. In this paper, we develop a multi-agent
framework to help conduct the PC data sampling procedure. We carefully design the reward that
captures the spatio-temporal difference between the system’s predicted result and the sample
result.

4 Framework Overview

We briefly introduce the key challenges of efficiently querying PC data and how our proposed
solution, namely Multi-Agent framework with Spatio-Temporal analysis (MAST), addresses the
challenges. The architecture of MAST is shown in Fig. 2.

Importance sampling: To conduct efficient queries, MAST selects a fraction of data points out of D
to produce approximate query results. This raises a vital problem for MAST to detect important
PC frames, i.e., which PC frames mostly affect the query performance. Addressing this problem
requires that the sampling method analyze the relation between the features of PC frames and
the query performance. To resolve this, we design the Sampling Module which provides the first
sampling method that analyzes the spatio-temporal features of PC frames to help select PC frames.
We develop a multi-agent sampling policy, and carefully design a reward. This reward reflects the
difference between the real mobility information extracted from the sampled PC frame by the deep
model and the estimated mobility information predicted by the mobility estimating module, named
ST-PC Analysis Module. Therefore, MAST selects PC frames whose mobility situations differ the
most from the estimated situations predicted by the currently sampled PC frames. This approach
results in more accurate query results.

Accurate and efficient query processing: With sampled PC frames and the information extracted by

the deep model, generating accurate query results becomes a vital issue. Current methods, such as
linear prediction, do not consider the mobility situation of PC frames, and thus result in sub-optimal
query performance on queries such as retrieval queries (as analyzed in Section 7). To address this
issue, we propose predicting query results utilizing the spatio-temporal (ST) continuity of PC
frames. Our method simulates the real object movement, and achieves outstanding performance on
multiple query types. Furthermore, processing queries with ST-analysis will take more computation.
To accelerate the query processing, we precompute and store the mobility prediction in the Indexing
module, thus preventing repetitive computation and achieving computation cost reduction.

Pipeline. When a query arrives, (1) the sampling module selects the sampled PC frames from the
database, and the sampled frames are input to the deep model to get the predicted results. The
feedback (reward in the reinforcement learning scenario) is then provided by the deep model to
the sampling module for policy fine-tuning; (2) The sampled frames together with the deep model
results are stored in an index for query processing. The ST-PC analysis module provides mobility
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Fig. 2. The architecture of our PC query processing framework, including sampling module, deep model,
indexing module, ST-PC analysis module, and query processing module. The framework is general for all PC
database systems.

prediction for sampling as well as the indexing module; (3) After the sampling procedure is done,
the query is then input to the query processing module. The processing module will generate the
approximate query result.

5 MAST: Efficient PC Query Processing

We proceed to introduce the detailed design of the modules of our framework Multi-Agent frame-
work with Spatio-Temporal analysis (MAST). In particular, we design an effective multi-agent
sampling method in the Sampling Module, and propose a spatio-temporal analysis-based method in
the query processing module.

5.1 Multi-Agent Sampling

Motivation. In the sampling procedure, a simple way of sampling PC frames is to sample the
PC frames randomly from 9. However, as described in recent research [3, 21], the importance
of different data points varies in terms of contribution to sampling performance. Therefore, to
achieve good query performance, an optimal sampling method that can sample frames with higher
importance is necessary. Suppose the metric measuring the importance of PC frames is defined
as their contributions to query accuracy, a sampling policy that can automatically explore the
PC frames with potential high importance w.r.t. the metric is preferred. Therefore, we propose
to utilize RL techniques to develop the sampling policy, which can detect important PC frames,
without heavy heuristic designs, and balance the exploitation and exploration. Furthermore, the
policy should be lightweight (without a deep model) to achieve high efficiency during sampling.

We proceed to introduce the sampling procedure. First, we explain how we develop the RL
environment by modeling the problem as a decision-making process. Then, we describe reward
computation based on analyzing the spatio-temporal features of PC frames. Finally, we introduce
the overall sampling algorithm.
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(a) The corresponding segment tree.
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(b) The partitioned PC frame sequence.

Fig. 3. The segment tree for PC frame sampling.

Hierarchical Multi-Arm Bandit Problem Modeling. To utilize RL methods, we should first
initialize the environment for the RL policy. We model the decision-making process as a multi-arm
bandit problem [3], where the PC sequence is split into multiple segments (as the multiple arms)
and the agent will select one segment from which a PC frame will be sampled.

1. Uniform sampling and coarse segmentation: Fig. 3b denotes the PC sequence. As the sampling
procedure begin, we first uniformly sample the PC frames with a budget of B, = - B with € (0, 1).
Suppose the PC sequence contains |D| frames, S, = {P, P\Bg, ...,P|p|} are sampled with an equal

interval |D|/B,. The PC frame sequence is partitioned w.r.t. S, into B, — 1 segments with equal
length, and we denote these segments with Seg = {s;|i € [1, B, — 1]} (segments colored in blue in
Fig. 3b). The empirical study reveals that a lower frame density requires a higher B,,. In particular,
each segment s; contains two features: s;.start and s;.end, which respectively indicate the id of the
leftmost sampled PC frame and the rightmost sampled PC frame. Then, PC frames in S, are input
to M and processed. It provides the mobility situation of the beginning and end of each segment, as
the initialized information. After Seg is initialized, an agent = is assigned which selects a segment
each time from Seg, where the new sampled PC frame comes from.

2. Hierarchical fine-grained segmentation: After one segment s; from Seg is selected by 7, one simple
way to get the new sampled PC frame is to randomly select one from s; [3]. However, random
sampling fails to explore important PC frames in s;, and it will also provide unstable rewards,
resulting in sub-optimal performance. To solve this issue, we propose further splitting s; into
shorter subsegments and assigning another agent to s; to select PC frames. This forms a branching
decision-making process [30], where the policy recursively selects segments from a coarse to a
fine-grained degree.

Specifically, if a segment s; is selected and it has never been selected by 7 before, then the middle
PC frame of s; with the ID of id = |(sy.start + s;.end)/2] will be selected and returned as the
sampled PC. Then, s; is split into two subsegments by P;;: s} = (s.start, id) and s? = (id, s;.end)
(segments colored in green in Fig. 3b). We select the middle PC frame since currently there is no
information about which PC frame within s; is the most important, and the lengths of the new split
segments s} and sf are balanced. We then assign a new agent 7; to s;. When s; is re-selected by 7 in
a future sampling step, ; is responsible for selecting between s! and s? (forming a 2-armed bandit
problem), from which the new sampled PC frame is sampled. Therefore, we develop a multi-agent
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sampling mechanism that hierarchically selects segments from coarse to fine-grained degree with
multiple agents.

Note that each subsegment is divided into two in each branching step. The binary splitting allows

for flexible depth control, where more frequently chosen subtrees will have a deeper level and more
fine-grained segmentation, while less frequently chosen (i.e., less important) subtrees will have a
shallower level. We empirically evaluate the effect of varying branching factors in Section 7.
3. Segment tree modeling: To model the hierarchical sampling procedure described above, we intro-
duce a tree structure named segment tree. As illustrated in Fig. 3a, the segment tree is initialized with
B, — 1 segments (Seg) as the child nodes (representing the segments) of a root node (representing
the whole sequence). Each child node stores (s;, r;) where s; denotes the corresponding segment
and r; denotes the expected reward when selecting segment s;. Consequently, each new sampling
operation can be modeled as recursively selecting from the root node to a leaf node of the segment
tree. Following this, the selected leaf node is then split into two new initialized child nodes.

As shown in Fig. 3a, during the sampling step, when a child node s; is selected, two conditions
are considered: (1) If the node s; has never been selected before and is thus a leaf node, it returns
the middle PC frame ID as the sampling result. The node then splits the corresponding segment
into two sub-segments as described earlier, generating two child leaf nodes (s, r}) and (s?,r?) with
an initial reward of 0. An agent 7; is assigned to s; to help select between (s},r}) and (s, r?) in
future sampling steps. (2) If the node has been selected before (e.g., node s;) and is a non-leaf node,
it already has child nodes. Our algorithm then recursively applies its corresponding agent (e.g., 1),
selecting one of the two child nodes. The sampling step concludes when a leaf node of the tree
is reached, and the frame in the middle of the corresponding subsequence will be selected as the
sampled PC frame. The generated reward will then recursively update the agents on the path from
the leaf node to the root node. We provide an example of one sampling step:

Example 5.1. The policy first selects a leaf node (s%,r?) (by following the orange path in Fig. 3a),
and then a new reward r, is computed. The expected rewards (rf and r;) of nodes s% and s; are then
recursively updated (following the red path in Fig. 3a) based on r, w.r.t. Eq. 2. Two child nodes (in
gray and dashed) are then initialized.

After B — B, sampling iterations, the segment tree keeps splitting and will have in total (B, —
1) + (B — B,) = B— 1 leaf nodes, each corresponding to a fine-grained segment. Each sampling step
will traverse from the root node of the segment tree to a leaf node. To maintain efficiency, the tree
is assigned a maximum depth, beyond which nodes will cease to produce deeper child nodes and
will instead perform random sampling from the corresponding PC sequence segment. The default
maximum depth is set to 10 (which is sufficient to produce enough subsegments).
4. RL agent design: The selection of a leaf node corresponds to a sequence of branch selections
in the segment tree which requires an agent for each non-leaf node. To balance exploration and
exploitation, we apply the Upper Confidence Bound (UCB) algorithm [2] as the algorithm of the
agent to each non-leaf node. The UCB algorithm is a lightweight method that ensures high sampling
efficiency without requiring a deep model. At each step, UCB selects an arm k with the maximum

value vy, computed as: v = rr +c - 4/ ZankN , where ry is the expected reward for selecting arm

k. The parameter ¢ balances the weight between exploration (selecting the less chosen arm) and
exploitation (selecting the arm with the highest expected reward), and is set to 2 by default. A
larger value of ¢ increases the probability of selecting a less chosen arm. Ny and N represent the
sampling frequency of arm k and the total sampling frequency, respectively.

Reward Design. To optimize the policy, the reward r, generated w.r.t. the newly sampled PC frame
P should reflect the importance of P in terms of contribution to query performance. Therefore, we
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design a reward by estimating the mobility difference between actual mobility (extracted by M) and
the estimated mobility (predicted by MAST). The rationale of the idea is that PC frames can be
estimated accurately by MAST based on the currently sampled PC frames contribute less than the
PC frames that have a very different mobility compared with the estimated ones. Therefore, we
first describe the spatio-temporal point cloud (ST-PC) analysis method, which analyzes the mobility
of objects in the PC frames, and then we present how to use mobility to design the reward.

1. Spatio-Temporal PC-Analysis: Suppose two frames P;,, P;, are sampled with a time interval ¢t =
t, — 1y, and the objects in P;, and P;, are predicted by the deep model, represented by the bounding
boxes B, and B;,. W.lo.g., we assume the objects are moving in a constant velocity from P
to P,,, and we would like to analyze how the objects are acting, i.e., the speed and direction of
the corresponding object. Therefore, we design an algorithm that tracks the objects between two
frames and generates the simulated velocities that allow objects to move from the situation of P,
to P;,, namely spatio-temporal point cloud (ST-PC) analysis. To be specific, we first leverage the
Hungarian algorithm [27] to do the pairwise matching between $B;, and B,,. Then, we treat the
matched bounding boxes as the bounding boxes of identical objects and compute the velocity by
dividing the time interval ¢ by the distance between the two matched bounding boxes. Then, for the
unmatched boxes, we develop a mechanism to control their appearance by adjusting the confidence
of the boxes. We provide the pseudo-code of the spatio-temporal PC analysis algorithm in Alg. 1.

Algorithm 1: Spatio-temporal PC Object Analysis

input :box predictions B;,, B;, of frame 1 P4, and frame 2 Py, (two continued sampled frames with
timestamp t1, ty, respectively)

output :Velocity V of P,

Initialize M;

V[velocity], V[additional box] « 0;

[

N

3 for b; € By, do
4 for b € By, do

/* compute the distance between two boxes */
5 L M; j « ||bi.center — bj.center]||s;

/* Hungarian matching generate matching pairs */
6 Match = Hungarian_Match(M);
7 for i, j € Match do
8 UiZMi’j/(tz—tl);
9 V [velocity].append(v;);
10 if |By| > |By,| then
1 for b; € unmatch(B;,) do

12 v; « 0;

13 V [velocity].append(v;);

1 else if |B; | < |B,| then

15 for b; € unmatch(8Bs,) do

16 vj — 0;

17 V[additional box].append(b;);
18 | Vl[velocity].append(v;);

19 return V
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In Alg. 1, we first initialize the list to store the velocity of objects in P;, (line 2). Then, we compute
and store the pairwise distance between objects in P;, and P;, (lines 3-5). We match objects between
two frames with the Hungarian Match algorithm (line 6), and regard the matched bounding boxes
as the boxes of identical objects (we only match objects with the same category). We then compute
the velocity of the object (lines 7-9). In the case that the number of objects is not equal between
two PC frames, there are two conditions: if (1) |B;,| > |B,| (lines 10 — 13), we set the velocity of
the unmatched b; € |B;,| as 0, and decrease the confidence score with time passes (i.e., it will not
be considered when the confidence bellows the confidence threshold, during the bounding box
prediction of unsampled PC frames); else if (2) |B;,| < |By,| (lines 14-18), we also set the velocity
of unmatched boxes (termed additional boxes) as 0 and increase the confidence score with time
passes.
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(1) PC frame in t; (2) PC frame in t, (3) Predicted PC frame in t, t € (ty,ty)

Fig. 4. An example of how spatio-temporal PC analysis is processed. The black cars are the actual objects
in the corresponding PC frame. In (3), the green and gray cars are the cars that appeared in P;, and Py,
respectively. We compute the estimated locations of objects based on P;, and Py,.

Example 5.2. This example illustrates how to generate the estimated mobility of unsampled PC
frames based on ST-PC analysis, as shown in Fig. 4. In Fig. 4(1), three cars are detected in the PC
frame P, generated in t;, namely cary, car,, and cars. In Fig. 4(2), four cars are detected in the PC
frame P;, generated in t,. After the Hungarian algorithm is conducted, cary, car,, and cars in P, are
paired to a car in Py,. The algorithm will regard the paired cars as the same car. The velocity is then
computed, noted as vy, vz, and vs of cary, cary, and cars. One object cary is not matched in P, . Given
the PC frameint, t € (1, t;), we generate the predicted object spatial situation: For the matched cars,
we update the location by plus the velocity times the time gap: Loc(car;, t) = Loc(car;, t1)+v;- (t—t7).
Then for the unmatched cary, we decide whether the confidence that cary is in P; is high enough
(above 0.5 by default). Note that the confidence increases if ¢ is close to t,. If the unmatched car is
from P, , the confidence increases if ¢ is close to t;.

2. Generating Reward w.r.t. ST-PC analysis: With Alg. 1, we proceed to describe how the reward r,
is generated. When a PC frame P; is selected as the sampled PC by the policy, the deep model will
predict the bounding boxes of objects in P;, and the output is represented as B;. Note r, describes
the difference between the object detection result by the deep model and the objects predicted by
the ST-PC analysis. Suppose that P; is between two sampled frames P;, and P;,. By applying the
ST-PC analysis, we predict the objects and their bounding boxes by inputting P, and P, into Alg. 1,
and get the velocity V of objects in P;,. We then apply V to P,, and move the objects in P;, with
time ¢ — t; and get the object boxes set 87 as the estimated bounding boxes (as Example 5.2 shows).
We generate r, by evaluating the difference between B/ and B;.

Proc. ACM Manag. Data, Vol. 3, No. 1 (SIGMOD), Article 52. Publication date: February 2025.



MAST: Towards Efficient Analytical Query Processing on Point Cloud Data 52:13

To compute r,, we first input B/ and B; into the Hungarian matching algorithm to pair the
boxes, resulting in the matched set My,,,. We then compute the distance between the paired boxes.
The reward r, is computed as follows:

2 diSt(bi, bj)
bi,bjGMHun

dmax : |MHun|

+ Coar - |Bf| + |Bt| -2 |MHun| > (1)

Iy = (1 - coar) :

where b; and b; are the matched box pairs from B} and B;, dist(b;, b;) is the Euclidean distance
between b; and b;, | My, is the number of matched pairs, and dp,qy is the maximum distance that
a LiDAR sensor could capture. Additionally, for the unmatched bounding boxes, we incorporate
another component of the reward based on the number of mismatched pairs. A weight ¢y, is
applied to re-weight the two components of the reward.

Algorithm 2: Hierarchical Multi-Agent Sampling

input :A database of PC frames D, an oracle deep model M, sampleing budget B, the ratios « and f
output :The set of sampled PC frames D

1 Dg «— 0

2 By « - B;

3 Ds.append(UniformSample(D, By));

4 Sort(Ds);

5 for i from0 to (len(Ds) — 1) do

6 si — (Dsli], Dsli+1]);

L Seg.append(s;);

8 Initialize T with Seg;

9 B — (1-p)-B;

10 while B, > 0 do

11 s « sampling a leaf node of T with its current policy ;

12 P «— D|(s.start +s.end)/2];

13 Ds.append(P);

14 ry = Reward(P, T) using Eq.1;

15 split the leaf node s in T into two nodes s!, s? with P;

16 T.recursive_update(a, ry, s);

17 B < B, - 1;

18 return Dy;

Hierarchical Multi-Agent Sampling. The whole sampling procedure is summarized in Alg. 2.
The sampling set D is initialized as @ (line 1). Uniform sampling is then conducted with a budget
of B, (lines 2-3). Then the segment set Seg is set up, and the segment tree T is initialized (lines
4-9). We then process the sampling procedure by recursively sampling PC frames w.r.t. the policy
modeled by T (lines 10-17), including the sampling (lines 11-13), the reward computing (line 14),
and the segment tree update (lines 15-16). Specifically, to account for incremental changes, we
update the expected reward at each non-leaf node of the sampling path provided in Example 5.1 at
time ¢ as follows:

re=(1—ay) ri—1+a-ry, (2)
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Algorithm 3: Indexing construction
input :Sampled PC list S
output :Constructed Index

1 Initialize Index with S;

2 for i from 0 to Len(S) — 1 do

3 ti, tiy1 = S[il.t, S[i+1].t;

4 for t fromt; +1 totiy; —1do

5 B « Pred(S[i], S[i].V,t - t;);

L Index.add(8By);

6

7 return Index;

where r; is computed by re-balancing the historical reward r;_; and the newly generated reward r,
with the ratio «,.

5.2 Indexing

To reduce repeated computation, after the sampling procedure, the predicted results of the deep
model are stored in the index module. Further, the ST-PC analysis module is applied and predicts
the estimated object mobility situation for all unsampled PC frames. The estimated results are also
stored in the index module for the predicting module computation.

As shown in Alg. 3, the indexing procedure predicts the bounding boxes of the un-sampled PC
frames (lines 1-6). The bounding box prediction function Pred() in line 5 takes the i-th sampled
PC frame S[i] and its corresponding velocity V, and the time gap between the predicted PC frame
P; and S[i]. As described in Example 5.2, the function will apply the velocity and update the
location of the matched bounding boxes in S[i]. For the unmatched objects, the confidence score
of unmatched boxes in S[i] will drop with ¢ increases, while the confidence score of unmatched
boxes in S[i + 1] will increase with t increases. The predicted bounding box 87 is then stored in
Index (line 6).

5.3 Query Processing

In the query processing module, the framework leverages the sampling results stored in Index, and
produces approximated query results for queries. Similar to the sampling procedure, we apply the
proxy results of ST-PC analysis to help conduct the PC queries, including the retrieval and aggregate
queries. With the sampled PC and their corresponding bounding boxes prediction, we provide
multiple methods to conduct approximate queries, namely linear prediction [3], and ST-based
prediction.

For the linear prediction, if the numerical result computed by the filters of a query q of two
sampled PCs P;, and P, are n;, and n;,, the linear prediction will predict the numerical result of P,

. t—t
with t € [ty,t2] as ny = ng, + (g, — nyy) tz_tll.

Example 5.3. If a retrieval query requests to return all frames with more than 3 cars within 10
meters of the sensor. Suppose P; at time 1 has 1 satisfied car, while P, at time 4 has 5 cars satisfying
the predicates. The linear prediction will predict that P, with number |1+ (5 — I)EJ = 2, which
does not meet the query predicate, therefore P, will not be put in the result PC set.

Linear prediction only computes the numerical shifting and does not consider the real mobility
situation of objects in the PC data. Therefore, we leverage the predicted bounding boxes by ST-
analysis in Index to help produce query results. To be specific, with the query q given, as described
in Example 5.3, the framework computes a numerical number n which indicates the satisfied
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number of objects, based on the predicates of g and the bounding box set 8 of a PC frame. Our
framework processes the approximate retrieval query and aggregate query results as follows: For
the retrieval query, the framework determines whether the numerical number satisfies the frame
of the predicate (in this case, it determines whether n satisfies the constraint).

True | False < Qgr(B), (3)

where Qg is the retrieval process function.

For the aggregate query, the framework summarizes the numerical results and produces the
query result. E.g., if the operator is average operator Avg, the framework will compute all numerical
numbers of all frames and do the average computation: %, P, e D.

N «— Qa(8), ©

where Q4 is the aggregate process function. Different from the linear prediction which linearly
predicts the numerical result for the unsampled PC, the ST prediction will apply the predicted
bounding boxes B/ of PC frame by ST-PC analysis at time ¢, and compute the numerical number
like the sampled PC frames by inputting $B; to Eq. 3 and 4. The index structure stores 8y in advance
so there will be no repetitive computation.

6 Theoretical Analysis

In this section, we analyze the time complexity of our algorithm and bound the query result errors
in query processing.

6.1 Complexity Analysis

We evaluate the time complexity of the sampling procedure, the indexing procedure, and the query
procedure.

For the sampling procedure, the framework will select B PC frames with a budget of B. The
deep model processes the sampled frames with a complexity of O(B - Ty) where Ty indicates the
time used to process one PC frame with deep model M. The policy sampling time can be bounded
by the depth of the segment tree Depr = log(B), so we have the overall sampling complexity
O(B - Depr) = O(B - log(B)). Since Ty is much larger than log(B), we have that the total time
complexity is O((B - Ty) + B - log(B)) = O(B - Ty). In other words, the time complexity of the
sampling procedure is proportional to the sampling budget.

The indexing procedure utilizes the deep model’s output to predict approximate results for
unsampled PC frames. Initially, the number of predictions is |D| since each frame in the database
is analyzed to conduct approximate query processing. Assuming each prediction has a complexity
of P, the overall complexity is O(P - |D]).

In the query procedure, the complexity is proportional to the size of the given workload. Assuming
the workload size is |@Q| and each query’s latency from the indexing is C, the overall complexity
would be O(C - |@|). Linear prediction is faster as it only requires computing and storing linear
numerical changes, whereas spatio-temporal (ST) prediction involves analyzing bounding boxes
and obtaining results. In our empirical study (Section 7.2), linear prediction takes 0.03s to process
one query, while ST prediction takes 0.07s per query, under default settings.

6.2 Aggregate Error Analysis

We proceed to analyze the error bound of our query processing framework. First, we assume that
the sampling policy returns the preferred sampling result (as described in Section 7.2 (RQ7)). The
preferred sampling result is the PC frame subset that best reflects the object mobility situation,
simulating the ground truth with the sample budget.
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Next, we study the aggregate operators Avg, Count, and Med operators. Specifically, we define
the functions fivg(S), fent (S, 8), fied(S) as the functions that take sampled PC frames S as input
and output the average query result, count query result, and median query result, respectively,
computed based on the query filters and S. Then our objective in this section to bound the errors
fine(S) = fing (D), [fent (S.0) = font (D, )], and | frea(S) = frea( D).

In what follows, we let y(t) denote the function that gives the number of objects satisfying
the query’s predicates at time ¢. To aid our analysis, we further assume that this function y(#) is
Lipschitz-continuous (see the technical report [29] for a formal definition). Under this assumption,
we provide the following error estimates of our sampling procedure for our operators of interest.

THEOREM 6.1. Suppose that y(t) is Lipschitz-continuous with constant L,. We have the following
upper bounds on the errors.

fave(S) = fng (D) < LyAs, (5)
Ly—Bsy
|fént(83 9) - ant(Ds 9)' < L—s (6)
y
|fMed(S) - fMed(D)l < Lyc& (7)

Here, As = ﬁ Zlfo‘_z(tm —1;)% Bs,y £ ming<i<|s|-2 [|y(ti+l) = y(tis1)/(tisn — t;)||, and Cs =

i maxo<;<|S|-2(tiv1 — ti).

The detailed proof of the theorem uses the Lipschitz continuity of y(t). The proof is technical
and hence is deferred to the technical report [29]. Here, we remark on the quantities of As and
Cs. Observe that Ag and Cg are dependent on the sample set § and query-independent. From our
empirical studies Ag ~ 0.28|D|/|S| and Cs = 0.25|D|/|S|. In other words, our error estimates (5)
and (7) are proportional to |D|/|S|. This indicates that the accuracy of Avg and Med will increase
when the sampling budget % increases. The error bounds are possible to be applied to provide a
specific confidence interval if the empirical value of L, is provided. Then, the numerical bound

could be computed based on the sample result and L.

7 Evaluation

The experimental study intends to answer the following questions:

e RQ1. How effective is our method MAST for both retrieval queries and aggregate queries
compared to other methods?

e RQ2. How efficient is MAST compared to other methods in the sampling (deep model processing),
indexing, and querying?

¢ RQ3. How does MAST perform with varying query selectivity?

e RQ4. How scalable is MAST with varying dataset sizes?

e RQ5. How does MAST perform with varying sampling budgets?

e RQ6. How does the choice of oracle models affect the performance of MAST?

e RQ7. How do the design choices of MAST affect the query performance?

e RQ8. What sampled PCs are preferred by MAST?

7.1 Experimental Setup

We proceed to introduce the experimental setups. The experimental parameters are given in Tbl. 1,
where the sampling budget denotes the percentage of the dataset to be processed by the deep model.
We next introduce the datasets, the query generation, the comparison methods, the oracle model
variants, and the measuring metrics.
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Table 1. Experimental parameters.

Parameters \ Value
Dataset SemanticKITTI, ONCE, SynLiDAR
Oracle Models PV-RCNN, PointRCNN, SECOND
Sampling Budget 5%, 10%, 15%, 20%, 25%

Table 2. Query Template Parameters

Query Parameters \ Value
Object Comparison Operator <, 2
Object Num Threshold (#) 1,3,5,7,9
Spatial Comparison Operator <, 2
Spatial Distance Threshold (m) 2,5, 10, 15, 20
Aggregate Operator Avg, Med, Count, Min, Max

Dataset. Two real and one synthetic datasets are included in our evaluation, namely SemanticKITTI,

ONCE, and SynLiDAR:

o SemanticKITTI [5]. The SemanticKITTI dataset contains 22 PC frame sequences that are
scanned by a moving vehicle on different roads. Each PC sequence contains several thousand of
frames with an FPS of 10 (two neighboring PC frames have a time gap of 0.1 seconds). We select
the 5 sequences with the longest PC frame size.

e ONCE [31]. ONCE is the dataset that contains a total of one million PC frames. The dataset
splits the frames into sequences, with an FPS of 2. We select the top-5 longest sequences.

e SynLiDAR [45]. It leverages the Unreal Engine 4 platform to synthesize point cloud data.
SynLiDAR contains a long sequence with 45,076 PC frames, with an FPS of 10.

The size of each sequence is approximately 8GB in SemanticKITTI and ONCE, while 80GB in SynLi-
DAR. The FPS difference makes SemanticKITTI and SynLiDAR have a more intense frame situation
while ONCE has a more sparse situation. The experimental results also show the performance
difference between the datasets.

Query. We follow the query templates described in Tbl. 2 and design the query workload. We vary
the parameters of the query templates and generate different retrieval and aggregate queries. The
values of the parameters are selected so that the selectivity of generated retrieval queries would
generally be uniformly distributed from 0.1% to 100%, which can be applied to evaluate query
performance across different selectivities. During the evaluation, we omit the generated retrieval
queries with a cardinality of 0. For the aggregate query, we consider five operators: Avg, Med, Count,
Min, and Max.

Comparison Methods. We evaluate four methods. Note that no previous method is developed to

address the problem in this work, and we adapt a SOTA method [3] for video processing.

e Oracle. This baseline is implemented which inputs all PC frames to the oracle model and
generates the ground object prediction result, and the query result is generated correspondingly.
We assume the result provided by Oracle is the true result. This method is applied to verify the
efficiency of our system.

e Seiden-PC. We implement the method proposed by Bang et al. [3] and adapt it to fit PC data,
with a limited deep model usage budget. It models the sampling procedure as a multi-arm bandit
problem and solves the problem with an RL policy.
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o Seiden-PCST. We replace the linear prediction method of Seiden-PC with our proposed query
prediction method and generate the query results accordingly.

e MAST. Our proposed method. In the query procedure, it applies ST-based prediction when
conducting retrieval query, Count, and Med aggregate queries, and applies linear prediction when
conducting Avg aggregate queries.

Oracle Model Variants. We select three deep models as the oracle deep models in the experiments.
We apply the pretrained models provided by OpenPCDet, MMLab [43].

e PV-RCNN ([39]. It integrates 3D voxel Convolutional Neural Network (CNN) and PointNet-based
set abstraction to learn discriminative point cloud features. PV-RCNN is one of the SOTA PC
object detection methods.

o PointRCNN [40]. It utilizes a two-stage framework to do the object detection: (1) bottom-up 3D
proposal generation (2) refining proposals in the canonical coordinates.

e SECOND [48]. The model investigates an improved sparse convolution method for Voxel-based
3D convolutional networks.

Metrics. (1) Aggregate Accuracy. We measure the accuracy of the query result compared with

/Resy;. (2) F1 Score. To measure the performance

the ground truth: Acc = )Resgt - |Resgt - Respred|

of the retrieval query, we follow [3] and utilize F1 score as the metric: F1 = 2 - (Precision -
Recall)/(Precision + Recall), where the precision and recall are computed as: Precision = %
and Recall = %. TP is the true positive, FP is the false positive, and FN is the false negative.
The Aggregate Accuracy and F1 Score are computed by regarding the Oracle method as the ground

truth.

Evaluation Platform. The experiments are conducted on an 80-core server with an Intel(R)
Xeon(R) Gold 6248 CPU@2.50GHz 64.0GB RAM. One NVIDIA GeForce RTX 2080 Ti Rev. A with a
memory of 11,264MB is leveraged for deep model inference. The experiments are conducted within
a Docker container. We release our codebase. !.

7.2 Experimental Results

We proceed to present the experimental results for each research question.

Table 3. Retrieval query performance comparison between MAST and baselines in terms of the averaged F1
Score.

Dataset ISeq ] Retriev.al F1 Score

Seiden-PC | Seiden-PCST | MAST

4,541 0.770 0.780 0.845

4,661 0.823 0.844 0.854
SemanticKITTI 4,071 0.789 0.814 0.844
4,981 0.774 0.801 0.852

3,281 0.798 0.811 0.882

2,741 0.735 0.743 0.764

3,862 0.806 0.810 0.828

ONCE 2,983 0.774 0.826 0.841
4,638 0.770 0.781 0.777

5,264 0.736 0.753 0.798

SynLiDAR 45,076 0.828 0.842 0.911

RQ1. Effectiveness Evaluation. In order to evaluate the effectiveness performance of MAST,
we evaluate MAST on two real datasets and one synthetic dataset. The performance of different
methods, including Seiden-PC, Seiden-PCST, and MAST, is shown in Tbl. 3 (reporting the retrieval

https://github.com/gravesprite/MAST
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query performance), Tbl. 4, and Tbl. 5 (reporting the aggregate query performance). F1 Score and
Accuracy are computed w.r.t. the result of the Oracle method, defaulting to the PV-RCNN.

The retrieval query performance is reported in Tbl. 3. It shows that MAST outperforms Seiden-PC
and Seiden-PCST in all sequences of SemanticKITTI. MAST gains an average increase of 7.68% in
the F1 Score compared with Seiden-PC. We also notice that Seiden-PCST consistently outperforms
Seiden-PC on the 5 sequences, which means that ST-PC analysis can effectively improve the quality
of detecting PC frames satisfying the query predicate, and thus enhance the query performance. As
for the ONCE dataset, MAST outperforms other methods in the majority of sequences (4 out of 5).
MAST gains an increase of 4.16% in F1 Score compared with Seiden-PC. Apart from the similar
conclusions compared with SemanticKITTIL, in the ONCE dataset, the performance gain of MAST is
relatively subtle compared with SemanticKITTI dataset in some of the sequences (e.g., Seiden-PCST
outperforms MAST in sequence 4). This is mainly because the ONCE dataset collects PC frames
with a sparser density (2 frames/second), compared with SemanticKITTI (10 frames/second). The
spatio-temporal correlation is weak. Under the long sequence with 45,076 frames in SynLiDAR
data, MAST outperforms other methods, increasing F1-Score by 10.0% compared with Seiden-PC,
and 8.19% compared with Seiden-PCST. This result is consistent with results in SemanticKITTI
since SynLiDAR has the same FPS of 10.

In conclusion, ST-PC analysis performs better on retrieval queries under the dataset with a higher
frame density. When PC frames are captured frequently, MAST with ST-PC analysis will gain vital
performance improvement on retrieval queries.

Table 4. Performance comparison of aggregate queries with three aggregate operators, including Count,
Avg, and Med, in terms of average aggregate accuracy. The PC sequences are consistent with retrieval query
performance evaluation.

Dataset ISeq] Aggregate Accuracy (%) Count Aggregate Accuracy (%) Avg Aggregate Accuracy (%) Med
Seiden-PC | Seiden-PCST | MAST | Seiden-PC | Seiden-PCST | MAST | Seiden-PC | Seiden-PCST | MAST
4,541 78.764 89.191 91.661 95.107 95.858 99.086 100.000 88.333 100.000
4,661 83.299 92.010 92.736 94.702 92.714 97.565 85.000 90.000 95.000
SemanticKITTI | 4,071 79.133 90.785 93.475 97.644 96.195 98.092 85.500 98.333 94.667
4,981 78.310 89.320 91.666 96.739 96.323 98.904 95.000 95.083 96.333
3,281 77.643 89.781 95.308 98.298 96.829 99.068 86.571 98.036 99.167
2,741 79.091 83.653 83.899 91.825 90.170 94.451 89.167 79.167 89.167
3,862 80.760 87.585 91.148 93.273 94.295 94.806 85.000 100.000 95.000
ONCE 2,983 83.835 89.181 89.368 97.631 95.285 97.846 70.000 100.000 100.000
4,638 80.173 89.760 89.375 96.765 95.789 97.980 86.667 96.667 93.333
5,264 75.246 81.118 86.052 96.033 96.491 97.363 90.000 100.000 100.000
SynLiDAR 45,076 82.515 89.887 90.849 95.533 89.549 99.480 100.000 98.571 98.571

The aggregate query performance on Count, Avg and Med operators is reported in Tbl. 4. The
performance shows that ST-based prediction can strongly increase the performance of Count and
Med operators. Specifically, MAST outperforms Seiden-PC on the Count query, achieves an increase
of aggregate accuracy up to 22.75% on SemanticKITTI, and achieves an increase up to 14.36%
on the ONCE dataset. MAST outperforms Seiden-PC on Avg and gains accuracy increases up to
4.18% on SemanticKITTI, and up to 2.85% on ONCE. Further, MAST outperforms Seiden-PC on Med
and gains accuracy increases up to 14.54% on SemanticKITTI, and up to 42.85% on ONCE. As for
SynLiDAR, MAST outperforms other methods on Count (10%) and Avg (4%) compared with Seiden-
PC. Seiden-PC performs best on Med, while Seiden-PCST and MAST have similar performance to
Seiden-PC.

The results reported in Tbl. 4 show that the methods with ST-based prediction (Seiden-PCST,
MAST) can gain vital performance improvements compared with linear prediction (Seiden-PC)
on aggregate queries with operators such as Count and Med. This comes from the nature where
such operators require to analyze every PC frame to generate the final aggregate result. On the
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other hand, the linear prediction may attain good performance on the Avg operator (Seiden-PC
outperforms Seiden-PCST in 7 out of 10 sequences). Similar to the retrieval query, Seiden-PCST
achieves the best performance on some of the sequences in the ONCE dataset. This is because of
the sparse PC nature of the ONCE dataset. The empirical results also guide us in assigning suitable
prediction methods for different aggregate operators.

Table 5. Evaluation on Min and Max Aggregate Operators.

Dataset | [Seq| Aggregate Accuracy (%) Min Aggregate Accuracy (%) Max
Seiden-PC | Seiden-PCST | MAST | Seiden-PC | Seiden-PCST | MAST
4,541 80.000 80.000 100.000 93.937 92.548 91.745
. 4,661 100.000 100.000 100.000 94.856 94.856 90.396
SEI'(‘;?r“T‘;c' 4,071 | 70000 100.000 | 100.000 | 93.750 92.083 83.686
4,981 80.000 80.000 90.000 97.500 90.599 93.917
3,281 | 100.000 100.000 100.000 |  96.167 98.667 96.833
2,741 100.000 100.000 100.000 89.802 90.913 91.291
3,862 100.000 100.000 100.000 88.762 100.000 79.214
ONCE 2,983 | 100.000 100.000 100.000 |  79.602 79.602 89.571
4,638 100.000 100.000 100.000 97.143 97.143 97.143
5,264 100.000 100.000 100.000 82.361 98.333 82.361
SynLiDAR | 45,076 | 70.000 70.000 100.000 | 90.000 100.000 100.000

We also evaluate Min and Max aggregate operators, which return the global minimum and
maximum numerical results of the PC sequence, respectively. The results are shown in Tbl. 5. MAST
outperforms Seiden-PC and Seiden-PCST in finding accurate Min results across three datasets,
while Seiden-PC outperforms Seiden-PCST and MAST on Max operators on some of SemanticKITTI
sequences. The results reveal that Seiden-PC can perform well in finding global maximum. This is
because of the design of Seiden-PC’s reward. We observe that the PC sequence typically has a sharp
slope around the global maximum. The reward of Seiden-PC evaluates the variance of sampled
frames, and thus will sample more PC frames from the area with a sharp slope.

RQ2. Evaluation of time cost. We evaluate the time cost during the query processing procedure.
During the query processing, the query workload generated w.r.t. the query template in Tbl. 2

Time (Sec) ‘ ‘
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Seq 1 Seq 2 Seq 3 Seq 4 Seq 5

Fig. 5. Time cost evaluation of the sampling procedure (deep model processing) with the default budget set
as 10%.
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Fig. 6. Time cost evaluation of the query procedure.
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contains 30 aggregate queries and 100 retrieval queries. The results of time cost during query
processing on the SemanticKITTI dataset are shown in Fig. 5 and 6, where the x-axis denotes
different PC sequences of the SemanticKITTI dataset. We evaluate the whole processing procedure
between Oracle, Seiden-PC, Seiden-PCST, and MAST methods. We report the different parts of the
process: the sampling procedure (reported in Fig. 5) and the query time (reported in Fig. 6). As for
the indexing procedure, the Seiden-PC, Seiden-PCST, and MAST have a similar time cost which
takes approximately 0.5 seconds.

In Fig. 5, the Oracle method takes from 506.3 to 790.4 seconds to leverage deep model and produce
exact prediction, while the other methods that we implement in our PC query processing framework
significantly save time cost (saving 90% of time cost by Oracle method, which is proportional to
the sampling budget). Specifically, MAST takes from 54.3 to 80.5 seconds to finish the sampling
procedure, Seiden-PC (resp. Seiden-PCST) takes from 48.8 (resp. 51.2) to 74.7 (resp. 77.1) seconds.
MAST and Seiden-PCST take more time on sampling compared with Seiden-PC since the ST
analysis includes more computation. The fact reveals that our framework could conduct efficient
query analytics with a time reduction asymptotically proportional to the sampling budget.

During the query procedure, in Fig. 6, the Oracle method applies all predicted results to produce
accurate results for each query, which takes from 9.5 to 37.2 seconds to process all queries. Seiden-
PC takes from 2.4 to 4.5 seconds, Seiden-PCST takes from 5.3 to 15.6 seconds, and MAST takes
from 5.0 to 14.2 seconds. On average, the linear prediction takes approximately 0.03 seconds to
process a query while the ST prediction takes approximately 0.07 seconds to process a query. The
indexing procedure has made the ST prediction 2X faster (by preventing repeated computation).
Two prediction methods are in the same order of magnitude on time complexity, consistent with
Section 6.1.

In the overall procedure, Oracle takes from 515.8 to 827.6 seconds to finish the query processing,
while MAST takes from 59.8 to 95.2 seconds, which achieves approximately 10X improvement. In
conclusion, our framework provides efficient query processing compared with the Oracle method.

F1 Score

1

0.5 §

Selectivity (%)

Fig. 7. The performance of retrieval queries by varying selectivity (from 0.02% to 100%).

RQ3. Performance varying retrieval selectivity. We process the retrieval queries on the se-
quence 0 of SemanticKITTI. And we sort the performance of each query in the workload w.r.t. the
selectivity. The result is shown in Fig.7. In this figure, the selectivities of retrieval query are varying
from 0.02% to 100%. In the left part of the figure when the selectivity is small, both Seiden-PC and
Seiden-PCST have difficulty finding the key frames that could satisfy the filter predicates (e.g., in
the retrieval query with predicates dist < 15 & Count > 9 with the selectivity of 0.132%, MAST
found 2 out of 6 satisfied frames, while Seiden-PC and Seiden-PCST found none of the satisfied
frames). This means that MAST has an advantage in finding sparse satisfied frames because of the
ability to analyze the mobility condition, which reveals the reason for the outstanding performance
compared with Seiden-PC and Seiden-PCST. Another fact is that the F1 Score tends to be higher
with the increase in selectivity. Under the selectivity range of [10%, 65%], where most of the retrieval
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queries fall into, MAST consistently outperforms Seiden-PC and Seiden-PCST and provides F1
Score above 0.8 to most of the queries, while Seiden-PC and Seiden-PCST tend to provide F1 Score
of approximately 0.7. When the selectivity tends to be high (from 80% to 100%), Seiden-PC and
Seiden-PCST perform asymptotically similar to MAST and can accurately find frames (with F1
Score above 0.95).

In conclusion, MAST achieves good performance on queries with small selectivity with the

power of mobility analysis, while in the high selectivity situation, all of the three methods can
achieve satisfactory performance.
RQ4. Scalability evaluation. We evaluate the scalability of our framework on the SynLiDAR
dataset, using subsets ranging from 10% of the dataset (4,507 frames) to 100% (45,076 frames). The
results are shown in Fig. 8. As shown in Fig. 8a, our framework maintains its efficiency across
different scales. Further, MAST also consistently provides stable performance, as shown in Fig. 8b.
Also, the data are batched and fed to our framework in different percentages, which indicates the
ability to maintain performance when handling new data arrival situations.

Time gSec) F1 Score

X10 11
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(a) Time cost. (b) Retrieval performance.

Fig. 8. The scalability evaluation of varying dataset percentage from 10% to 100%.

RQ5. Evaluation with varying sampling budgets. We vary the sampling budget for the deep
model process from 5% to 25%, and the performance changes of retrieval query and aggregate query
are shown in Fig. 9a and Fig. 9b, respectively.

F1 Score Accuracy (%)
) —e-—Seiden-PC —5— Seiden-PCST —— MAST || —e-— Seiden-PC —5— Seiden-PCST —— MAST |
100}~ N
0.8] W | M
951 B
0.6 B
| | | | | | | | | |
5% 10% 15% 20% 25% 5% 10% 15% 20% 25%
(a) Retrieval queries. (b) Avg aggregate queries.

Fig. 9. The performance of retrieval and Avg aggregate queries of varying sampling budgets from 0.5% to 25%.

The figures show that the performance of both retrieval query and aggregate query increases
with the increase in budget. Further, as the budget increases, the F1 Score demonstrates notable
enhancements: Seiden-PC improves from 0.709 to 0.863, Seiden-PCST advances from 0.735 to
0.878, and MAST increases from 0.794 to 0.895. For aggregate accuracy, Seiden-PC increases from
95.639% to 97.922%, Seiden-PCST improves from 95.836% to 98.187%, and MAST increases from
96.027% to 98.549%. Other operators perform similarly with the budget increases. We notice that
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MAST outperforms Seiden-PC and Seiden-PCST when the budget is low (e.g., 5%), while when the
budget increases to above 20%, the performance gain becomes less significant. This means when
the sampling budget becomes higher, a simpler sampling and prediction can also achieve a good
performance.

Another fact is that the performance of the Avg aggregate query is satisfactory even when the
sampling budget is low. It shows the sparse sample tolerance of our framework on the Avg operator.

RQ6. Evaluation using other deep models. The previous experiments are conducted using the
default deep model PV-RCNN. This experiment is to evaluate the performance of MAST using other
deep models. We select two other deep models namely PointRCNN [40], and SECOND [48] as the

F1 Score
1
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Fig. 10. The performance of retrieval queries with varying deep models, where M1, M2, M3 refers to PV-RCNN,
PointRCNN, and SECOND, respectively.

Oracle models. The results on SemanticKITTI are shown in Fig. 10 and the results on other datasets
are qualitatively similar. The bottom x-axis is the sequence id. The top x-axis is different models
(M7 for PV-RCNN, M, for PointRCNN, and M; for SECOND). The result shows MAST consistently
outperforms Seiden-PC and Seiden-PCST with different deep models, which shows the generality
of MAST. Moreover, we notice that MAST can gain the best performance when utilizing the
SECOND model. One reason that MAST works the best on the SECOND model could be that the
SECOND model tends to predict objects that are safe to be predicted (objects with high confidence),
which alleviates the difficulty in capturing the spatio-temporal feature and produces similar results
compared with the Oracle method.
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Fig. 11. Evaluation of design choices of MAST.

RQ?7. Evaluation of design choices. We proceed to evaluate the effect of different design choices
of MAST, including the branching factor selection during the hierarchical fine-grained segmentation
of MAST, and the effect of different components of MAST.

(1) Segment tree construction: We evaluate the performance of retrieval queries when varying the
branching factor (the number of arms during the hierarchical segmentation) of the segment tree
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from 2 to 10. The results are shown in Fig. 11a. The results show that the retrieval performance
decreases when the branching factor increases. This is because when the branching factor increases,
the ability to flexibly explore different subsegments with different granularity degrees decreases,
since the maximum depth of a subtree will decrease when the branching factor increases.

(2) Ablation study: We evaluate the performance of multiple variants of MAST, including MAST-noST
(without ST-based reward and prediction), and MAST-noH (without the hierarchical structure). Note
that MAST-noH applies ST-based reward during sampling, and it is not equivalent to Seiden-PCST.
We evaluate the performance of retrieval queries on the default setting. The results are shown in
Fig. 11b. In this figure, the performance of both MAST-noST and MAST-noH declines compared to
MAST, yet they still outperform Seiden-PC. The results show that the ST-based prediction and the
hierarchical segmentation jointly enhance the query performance.

Vehicle number satisfying dist > 5 in PC frame over time

U o

Vehicle number

PC frame timestamp

Fig. 12. Object number change over time in SemanticKITTI. The sampled PC frames by MAST are plotted in
red dots.

RQ8. Preferred sampling result study. We study the question about what kind of sampling is
preferred. We first select the predicate filter as dist > 5, and the satisfied vehicle number over time,
noted as y(t), is shown in Fig. 12. The sampled PC frames by the MAST method are presented in red
dots. The figure shows that the sampling will include majority of the local minima (suppose denoted
as to, with the slope equals to 0 and there exists [ty -, to+J] that for Vi € [ty—6, to+5], y(to) < y(t))
and local maxima into the sampled set. As a result, the approximated function y®(t) based on the
sampled set will be close to y(t) and accurately indicate the up and down trends. We give a detailed
theoretical analysis of the correctness of the aggregate query results in this situation.

8 Conclusions and Future Work

In this paper, we study efficient Point Cloud query processing. We design a framework that
leverages the spatio-temporal feature of PC data to guide the sampling and querying procedures.
Further, we explore how reinforcement learning techniques can enhance the sampling process,
thereby increasing the accuracy of approximate query results. Experimental results show that our
framework provides accurate and efficient PC query processing. In future work, we aim to extend
our framework to support more complex queries, including join queries, multi-step operations, and
intricate spatial and semantic filters, to facilitate more sophisticated data analysis. Additionally, we
plan to integrate multimodal data sources, such as images, textual descriptions, and sensor data, to
enrich the application scenarios of our system.
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