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Abstract

Videos have been an important part of people’s daily lives and are continuously growing

in terms of volume, size, and variety of content. Recent advances in Computer Vision (CV)

algorithms have improved accuracy and efficiency, making video annotations possible with

high accuracy. In this work, we follow a general framework to first obtain annotations utiliz-

ing state-of-the-art CV algorithms, and then consider three research problems on evaluating

temporal queries with such annotations.

We first investigate temporal queries involving objects and their co-occurrences in video

feeds. For example, queries that identify video segments during which the same two red cars

and the same two humans appear jointly for five minutes are of interest to many applica-

tions ranging from law enforcement to security and safety. We take the first step and define

such queries in a way that they incorporate certain physical aspects of video capture such

as object occlusion. We present an architecture consisting of three layers, namely object

detection/tracking, intermediate data generation, and query evaluation. We propose two

techniques, Marked Frame Set (MFS) and Sparse State Graph (SSG), to organize all de-

tected objects in the intermediate data generation layer, which effectively, given the queries,

minimizes the number of objects and frames that have to be considered during query eval-

uation. We also introduce an algorithm called SSG-CM that processes incoming frames

against the SSG and efficiently prunes objects and frames unrelated to query evaluation,

while maintaining all states required for succinct query evaluation.

Then, we consider the query with a ranking mechanism that aims to retrieve clips from

large video repositories in which objects co-occur in a query-specified fashion. For example,

ranked window queries allow retrieval of clips of a set duration (e.g., 10 seconds) with the

highest score from a long video, where at least the same 3 cars (with matching conditions
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based on suitably defined metadata) appear jointly. To answer such queries, we propose a

two-phased approach, which builds indexes for all desired objects of the given videos during

an Ingestion Phase and evaluates query answers efficiently in the Query Phase. During

the Ingestion Phase, the proposed Partition-Based Index Construction (PBIC) algorithm

builds indexes on partitions obtained by splitting each given video. Leveraging such indexes,

queries are answered in the Query Phase using the Partition-Based Query Processing (PBQP)

algorithm, which efficiently produces the desired (query-specified) number of results with the

highest scores.

Finally, we further consider both spatial and temporal information with graph repre-

sentations and define the problem of Spatial and Temporal Constrained Ranked Retrieval

(STAR Retrieval) over videos. Based on the graph representation, we propose a two-phase

approach, consisting of the ingestion phase, where we construct and materialize the Graph

Index (GI), and the query phase, where we compute the top-ranked windows (video clips)

according to the window matching score efficiently. We propose two algorithms to perform

Spatial Matching (SMA) and Temporal Matching (TM) separately with an early-stopping

mechanism.

We present the details of the above three research problems and our proposed methods.

Via experiments conducted on various datasets, we show the effectiveness of our proposed

methods.
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1 Introduction

1.1 Background and Motivation

Videos have been widely produced and consumed over recent decades, thanks to the preva-

lence of smartphones, cameras, and mobile networks. Due to the complexity and richness

of video content, video processing and understanding have become a very crucial topic.

However, the way of querying video streams is still primitive and requires lots of human

intervention. In scenarios such as surveillance applications, humans often have to visually

inspect a large amount of video to identify persons or objects of interest. It is crucial to

develop systems that could support the extraction of meaningful information from videos,

utilizing declarative queries, in a way akin to how people are interacting with RDBMS today.

Some early works in the multimedia community focused on indexing and retrieving videos

based on keywords or low-level features [69, 134], due to the limitation of computational re-

sources and image representation. Similarly, early algorithms for computer vision tasks such

as object detection [178] require handcrafted features and usually suffer from accuracy and

efficiency. Recent advances in Deep Learning [50] have addressed such issues and improved

both accuracy and efficiency for many computer vision tasks, including object detection [125],

object tracking [18, 152], etc., enabling the opportunities for deploying such algorithms on

a much larger scale at lower costs.

Based on such Deep Learning models, there are two main streams of works that aim to

address issues regarding video understanding and retrieval. One of them is to develop end-

to-end complex networks for specific video understanding tasks. For example, by considering

a sequence of images as input, end-to-end networks are designed for action detection and

recognition [165, 176, 39]. Recent advances also utilize end-to-end models to retrieve videos

1



using a natural language interface [100, 104, 113, 38]. However, such works rely heavily on

annotated datasets [158] and are tailored to specific query forms, such as natural languages,

making it cumbersome to support new videos or new queries.

To provide efficient query answering on videos, there is another line of work that adopts

CV models and algorithms as building blocks and leverage them to answer complex queries

[67, 82, 87, 106, 10]. The basic ideas are: (1) train cheaper specialized models (proxies) on

the specific video and query domain [82, 67] and use them to reduce model inference cost;

(2) by optimizing query plans consists of simple predicates [87, 106, 10], the efficiency of

query answering can be improved. However, such systems answer queries based on approxi-

mations and mainly focus on queries that can be answered by collecting results from single

frames. Although there are some works that consider aggregation queries and limit queries

[80, 84], the tracking information is usually not involved to guarantee the uniqueness of ob-

jects, thus failing to support queries with strict temporal constraints. Other works focus on

specific queries have also been studied, for example, queries with spatial constraints [155] or

interactions [24], which also demonstrate the potential of video queries.

In this dissertation, we focus on processing videos with structured data representations.

Specifically, we obtain annotations for each frame from videos and treat them as structured

data. Instead of operating on the raw videos directly, we answer queries based on the an-

notations only. This decoupling brings us two main benefits: (1) We treat CV algorithms

as black boxes, such that new algorithms with higher accuracy could be adopted as soon

as they are available. The quality of the annotations can be improved orthogonal to query

evaluation. (2) By describing objects with structured data, we could further support strict

query semantics such as window semantics and consider the uniqueness of objects that ap-

pear across frames. Moreover, new types of queries can also be supported as long as new

annotations are available, which provides the ability to open to other query extensions.

In the dissertation, I am going to focus on the problem of evaluating temporal queries over

videos with the above setting. The research outline is as follows: we first consider simple

temporal queries, where the main focus is to evaluate object co-occurrence relationships

with given query conditions (research problem 1). Then, we wish to further optimize such

queries with archived videos and ranking mechanisms (research problem 2). Next, we further
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consider complex queries involving both spatial and temporal constraints on archived videos

with ranked queries (research problem 3). To summarize, We focus on three main research

problems, listed as follows:

• Research Problem 1: Evaluating temporal queries over video feeds.

• Research Problem 2: Ranked window query retrieval over video repositories.

• Research Problem 3: Spatial and temporal constrained ranked retrieval over videos.

1.2 Research Problems

In this section, we first present the overall framework that we would like to adopt, which

serves as the main foundation of our research. Then, we discuss several interesting topics

that we focused on. Finally, we summarize the research problems and discuss future work

plans along the research direction.

1.2.1 The Overall Framework

We adopt a two-phase framework to perform query evaluation over videos, where in the

first phase, we utilize state-of-the-art CV algorithms to extract structured data from videos,

while in the second phase, efficient algorithms are designed to answer queries based on

structured annotations. In this framework, we consider CV algorithms as black boxes and

only use them to extract structured annotations. This brings us two main benefits: (1)

decoupling CV algorithms and video query evaluation allow us to focus on the annotations

only, the quality of the annotation can be further improved by either utilizing more accurate

algorithms or by humans directly; (2) the type of information included in the annotation

could also be enriched by utilizing specialized CV algorithms. For example, by training a

DNN model which classifies the color of objects, we could obtain the color annotation for

each identified object from the given video.

A video feed V is considered as a bounded sequence of frames, i.e., V = ⟨f0, . . . , fi, . . . , fN−1⟩,

where N is the total length of the video. From each frame fi ∈ V , we can obtain a set of

objects Oi. To begin with, we consider two main types of information that can be extracted
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Figure 1.1: Converting a Video into a Relation

for each object oj ∈ Oi, namely: (1) The type (class) of the object. We use L to denote the

set of all possible classes for all objects, and use label(oj) ∈ L to denote the class of object

oj. Class labels (e.g., person, car) are extracted by applying object detection models on each

frame. (2) The unique identifier of the object. We use ID to denote the set of possible object

identifiers (id) that can appear in the video, and use id(oj) to denote the unique identifier

of the object oj. Such identifiers can be produced by object tracking models [18, 152].

Figure 1.1 presents an example of obtaining a relation from a video feed consisting of five

frames. Utilizing object detection algorithms, we can extract a set of bounding boxes that

may contain objects for a given frame fi. Most object detection algorithms also produce a

confidence score [149] to assess the probability of the object class appearing in the bounding

box. In accordance to prior work, we specify a cut-off threshold, which is applied to the

detection results directly. Each result with a score above the threshold is considered a

positive detection, and only such results are processed further. Based on the detection results,

tracking algorithms [153, 152, 18] then assign unique identifiers to all detected objects.

Object tracking algorithms ensure that an object has the same id for all frames in which

it appears, even under the presence of occlusions [109, 153, 154]. As such, we obtain a

structured relation RV from the video feed V , with schema (fid, id, class), where fid is the

frame id i (i ∈ [0, N)), id ∈ ID is the object id, and class ∈ L is the class label. For example,
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in frame #0, after applying object detection and tracking algorithms, we obtain two unique

objects with ids A and B. We store such information as two rows in the Relation, V R: one

for object A of class “person”, and another for object B of class “car”, both of which are

generated at frame fid = 0.

With the above framework, we could easily obtain the annotations from videos. Moreover,

the quality of the annotation could be further improved by better DNN models or by humans

directly. In the following research problems, we adopt this framework and focus on answering

queries efficiently based on the structured annotation from videos.

1.2.2 Evaluating Temporal Queries Over Video Feeds

In this problem, we initiate a study of temporal queries involving objects and their co-

occurrences in video feeds. For example, queries that identify video segments during which

the same two red cars and the same two humans appear jointly for five minutes are of interest

to many applications ranging from law enforcement to security and safety. We take the first

step and define such queries in a way that they incorporate certain physical aspects of video

capture such as object occlusion. We present an architecture consisting of three layers,

namely object detection/tracking, intermediate data generation, and query evaluation. We

propose two techniques, Marked Frame Set (MFS) and Sparse State Graph (SSG), to organize

all detected objects in the intermediate data generation layer, which effectively, given the

queries, minimizes the number of objects and frames that have to be considered during query

evaluation. We also introduce an algorithm called SSG-CM that processes incoming frames

against the SSG and efficiently prunes objects and frames unrelated to query evaluation,

while maintaining all states required for succinct query evaluation.

We present the results of a thorough experimental evaluation utilizing both real and syn-

thetic data, establishing the trade-offs between MFS and SSG. We stress various parameters

of interest in our evaluation and demonstrate that the proposed query evaluation methodol-

ogy coupled with the proposed algorithms is capable to evaluate temporal queries over video

feeds efficiently, achieving orders of magnitude performance benefits.
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1.2.3 Ranked Window Query Retrieval over Video Repositories

In this problem, we focus the study of ranked window queries that aim to retrieve clips from

large video repositories in which objects co-occur in a query-specified fashion. For example,

ranked window queries allow retrieval of clips of a set duration (e.g., 10 seconds) with the

highest score from a long video, where at least the same 3 cars (with matching conditions

based on suitably defined metadata) appear jointly. To answer such queries, we propose a

two-phased approach, which builds indexes for all desired objects of the given videos dur-

ing an Ingestion Phase and evaluates query answers efficiently in the Query Phase. During

the Ingestion Phase, the proposed Partition-Based Index Construction (PBIC) algorithm

builds indexes on partitions obtained by splitting each given video. Leveraging such in-

dexes, queries are answered in the Query Phase using the Partition-Based Query Processing

(PBQP) algorithm, which efficiently produces the desired (query-specified) number of results

with the highest scores. We present the outcome of a thorough performance study on real

videos that evaluates the performance of the proposed algorithms by varying parameters of

interest. Our results indicate that the proposed set of techniques are capable of processing

queries efficiently at scale, demonstrating multiple orders of magnitude speedups over other

applicable approaches.

1.2.4 Spatial and Temporal Constrained Ranked Retrieval over Videos

In this problem, we utilize the annotated data provided by such algorithms and construct

graph representations to capture both object labels and spatial-temporal relationships of ob-

jects in videos. We define the problem of Spatial and Temporal Constrained Ranked Retrieval

(STAR Retrieval) over videos. Based on the graph representation, we propose a two-phase

approach, consisting of the ingestion phase, where we construct and materialize the Graph

Index (GI), and the query phase, where we compute the top-ranked windows (video clips)

according to the window-matching score efficiently. We propose two algorithms to perform

Spatial Matching (SMA) and Temporal Matching (TM) separately with an early-stopping

mechanism. Our experiments demonstrate the effectiveness of the proposed methods, achiev-

ing orders of magnitude speedups on queries with high selectivity.
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1.3 Summary of Contributions

In this dissertation, we focus on three problems related to temporal query evaluation over

videos. Our contributions are summarized as follows:

1. We present a thorough literature review related to our research topic from different

aspects, including deep learning for computer vision tasks, which severs as the basic

building blocks for obtaining video annotations; the current research status of video

query processing systems, where we discuss and compare different approaches; video

indexing and retrieval, where works form multimedia literature are discussed; and other

works that are related to specific research problems.

2. We study the problem of evaluating temporal queries over video feeds, where we only

consider object co-occurrence relationships between frames. Specifically, we assume

queries are given in the Conjunctive Normal Form (CNF) and propose two algorithms

to efficiently optimizes the input to the query evaluation. In this work, we also adopt

a modified version of the CNF evaluation algorithm for faster query evaluation. We

conduct a detailed experimental evaluation of the proposed algorithms utilizing both

synthetic and real data, demonstrating the trade-offs between the two methods.

3. Based on a variant of the above problem, we further study the efficient evaluation of

ranked queries. We propose to further reduce query evaluation time by constructing

and materializing indexes. Specifically, we adopt a two-phased approach consisting of

both the ingestion phase and the query phase. In the ingestion phase, we develop a

Partition-Based Index Construction (PBIC) algorithm to build and materialize videos

beforehand, while in the query phase, we propose the Partition-Based Query Processing

(PBQP) algorithm to evaluate queries efficiently based on score estimations across

multiple partitions. We evaluate our proposed approach with real-world datasets and

demonstrate the effectiveness of the proposed methods.

4. We further consider both spatial and temporal information in videos, and propose to

use graphs to capture such relationships. To this end, we introduce and formalize the

Spatial and Temporal constrAined Ranked Retrieval (STAR Retrieval) problem. We
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propose to build and materialize Graph Index (GI) and use two algorithms to perform

both spatial and temporal matching efficiently. We conduct our experiments on real-

world datasets and demonstrate the improvements in queries with high selectivities.

5. Besides the problems introduced and presented in this dissertation, we also discuss

some promising directions toward building query processing systems for videos. We

list some of the interesting problems or issues that are important and worth further

exploring, which could also potentially enable a variety of systems and applications in

different areas.

1.4 Published Works

The dissertation is based on the following published works:

1. Spatial and temporal constrained ranked retrieval over videos.

Yueting Chen, Nick Koudas, Xiaohui Yu, and Ziqiang Yu. Proceedings of the VLDB

Endowment, 15(11). 2022.

2. Ranked Window Query Retrieval over Video Repositories

Yueting Chen, Xiaohui Yu, and Nick Koudas. 2022 IEEE 38th International Con-

ference on Data Engineering (ICDE). IEEE, 2022.

3. Evaluating Temporal Queries Over Video Feeds.

Yueting Chen, Xiaohui Yu, Nick Koudas, and Ziqiang Yu. Proceedings of the 2021

International Conference on Management of Data. 2021.

4. TQVS: Temporal Queries over Video Streams in Action.

Yueting Chen, Xiaohui Yu, and Nick Koudas. Proceedings of the 2020 ACM SIG-

MOD International Conference on Management of Data. 2020.

My other works during my Ph.D. study are listed below:

1. Track Merging for Effective Video Query Processing
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Daren Chao, Yueting Chen, Nick Koudas, and Xiaohui Yu. 2023 IEEE 38th Inter-

national Conference on Data Engineering (ICDE). IEEE, 2023.

2. Distributed Processing of k Shortest Path Queries over Dynamic Road Networks

Ziqiang Yu, Xiaohui Yu, Nick Koudas, Yang Liu, Yifan Li, Yueting Chen, Dingyu

Yang. Proceedings of the 2020 ACM SIGMOD International Conference on Manage-

ment of Data. 2020.
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2 Literature Review

2.1 Deep Learning for Computer Vision Tasks

Deep Learning [95, 50] has brought significant improvements to computer vision tasks such

as image classification [92, 59], object detection [125, 60, 102], instance segmentation [60,

52], object tracking [153, 152, 18, 88, 144], etc. Some early works that have been studied

decades ago in this area mainly built upon handcraft features due to the lack of effective

image representation [35, 42, 178]. With Deep Learning techniques, convolutional neural

networks (CNN) are served as the basic blocks to learn high-level features from images,

where the effectiveness is first demonstrated on image classification tasks [92, 59].

Among CV tasks, image classification can be seen as the most fundamental and one of

the early works that enable high accuracy on vision tasks. Inspired by the success of DNNs

on image classification tasks, Object Detection is also being widely studied, which forms the

basis for many other tasks [178] such as instance segmentation, object tracking, etc. In this

section, we mainly discuss three main types of computer vision algorithms that are widely

being applied to answer queries from videos, namely, image classification (Section 2.1.1),

object detection (Section 2.1.2) and object tracking (Section 2.1.3). We then briefly discuss

other tasks in Section 2.1.4.

2.1.1 Image Classification

Image classification, or object recognition, has been studied for decades, where the main

objective is classifying images into different pre-defined classes. LeNet [97] is one of the

earliest works that demonstrate the effectiveness of CNN on document recognition tasks.

With advanced hardware, simple classification tasks on relatively small datasets (i.e., NORB
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[96], CIFAR [91], etc.) can be solved quite well with simple architectures based on CNN,

which can achieve the best error rate comparable to human performance [92, 31]. To further

improve the classification accuracy on large datasets such as ImageNet [37], there are many

works focusing on better architectures that are able to capture more complex information

from images.

AlexNet [92] is one of the early works applying deep CNN networks on the image clas-

sification task, where the network contains eight layers: 5 convolutional layers and 3 fully-

connected layers. AlexNet uses different convolutional kernel sizes, and large kernel sizes

could lead to more parameters. To reduce the number of parameters in the convolutional

layers and further increase the depth of the network, VGGNet [131] proposes to use a small

kernel with fixed sizes (i.e., 3 × 3) as building blocks. By stacking a different number of

convolutional layers (up to 19 weighted layers), one could construct VGG models with dif-

ferent depths, with deeper models tend to have higher classification accuracy. Instead of

simply adding more layers to the network, Inception [138], which is the basic building block

for GoogLeNet (which consists of 22 layers), chooses to also expand the width of each layer,

where each layer consists of multiple kernels of different sizes to capture different levels

of information. As the depth of the network increases, simply stacking more layers could

lead to worse performance due to the vanishing gradient. To address the problem, ResNet

[59] proposes residual blocks, which leverage identity shortcut connections to skip one or

more layers, enabling networks with much deeper architectures (up to 152 layers) and better

performance.

There are also many other network architectures proposed such as ZFNet [170], densenet

[70], fractalnet [93], etc. As the number of parameters varies in networks with different

architectures and depths, the training cost, inference time, and model accuracy also differ,

which provides us the opportunities to select appropriate architecture and models according

to the target task.

2.1.2 Object Detection

Object detection aims to detect all objects of interest from a given image, where the output

result consists of a set of bounding boxes that are able to locate objects within the image.

11



Since the number of objects is unknown, localizing objects with a deep network is still a

challenging task. Before CNNs are applied, Dalal et al. [35] propose to use grids of Histogram

of Oriented Gradients (HOG) features along with SVM to create classifiers efficiently.

To leverage features produced by CNN, R-CNN [49] proposes an approach which consists

of three main steps: region proposal, CNN feature computation, and region classification.

First, selective search [141] is applied to extract around 2000 region proposals on the given

image during region proposal stage. Then the proposed regions are wrapped and feed to

CNN to obtain feature representations. Finally, SVM are utilized to train classification

models based on the features obtained from each region. The final output for the image

with localization result is produced based on the classification result on all region proposals

with greedy non-maximum suppression [141]. To further speed up the training procedure,

Fast R-CNN [48] first feed the input image to the CNN to generate a convolutional feature

map, and then identify region proposals on feature maps directly, enabling sharing between

regions during feature extraction. However, region proposal with selective search is still

time-consuming and becomes the bottleneck. Faster R-CNN [125] uses a separate region

proposal network to replace selective search and further improves the network performance.

The above methods can be seen as two-stage approaches, where algorithms consist of both

region proposal and region classification. YOLO [122, 123] takes a different approach and

predicts both bounding boxes and classification results with a single convolutional network.

Specifically, YOLO divides the image into S × S grid and for each grid cell predicts B

bounding boxes and C class probabilities. Since YOLO imposes strong spatial constraints

on bounding box predictions (the number of bounding boxes and classes per grid cell are

limited), it can struggle with small objects within the image. Similarly, SSD [103] also uses

a single network to discretize the output space of bounding boxes into a set of default boxes,

and then generates scores for each object category in each default box and produces location

adjustments to the box. In general, two-stage approaches are more costly than one-stage

approaches but could produce results with higher accuracy [178].
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2.1.3 Object Tracking

While both image classification and object detection focus on producing results from one

image, object tracking aims to associate objects between images, which is usually applied to

obtain unique identifications for objects. According to how many objects are tracked, the

tracking algorithms can be divided into two categories: Single Object Tracking (SOT) and

Multiple Object Tracking (MOT).

Single Object Tracking (also known as visual tracking), aims to track objects based

on a given target on the first image in the given sequence. Recent development of SOT

algorithms can be grouped into two main categories: correlation filters-based algorithms and

deep learning-based algorithms. Algorithms with correlation filters rely on manual features

and are difficult to cope with changing environments [19, 63, 64, 174]. To further provide

better feature extraction and fully utilize the recent development of Deep Learning, many

different approaches are proposed based on various network architectures [174], including

Autoencoder [146], CNNs [144, 62], recurrent neural networks [34], siamese network [139],

etc.

Multiple Object Tracking relies on object detection algorithms to obtain bounding boxes

and then associate objects across frames [160]. SORT [153] utilizes Faster R-CNN to obtain

object detection results, and then performs estimation with Kalman filter [78] and data

association with Hungarian algorithm, demonstrating that the object detection quality could

have significant impact on tracking performance. To further improve the performance of

SORT, an extension, DeepSORT [152], which utilizes features produced by CNN to track

objects through longer periods of occlusions and aims reduce the number of identity switches

in the tracking result, is also proposed. Tracktor [18] further demonstrates that tracking can

be performed with only an object detection method (i.e., by training the network only with

the detection task). Recently, many other approaches have also been proposed utilizing CNN

with improved performance [160], including FairMOT [173], TransMOT [30], ByteTrack

[172], etc.
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2.1.4 Other CV Tasks

CNN has also been widely applied in many other computer vision tasks such as Image Seg-

mentation [112], Object Re-identification [164], etc. With the same CNN backbones, multiple

CV tasks could be solved within one neural network. For example, He [60] proposed a unified

network to produce both object detection and instance segmentation results in one forward

pass. Such works provides us the ability to extract various types of information from images

directly, which could be further used to serve as the basis of video understanding. There

are also other end-to-end networks addressing video tasks directly by taking a sequence of

images as the input, such as action detector [176, 39], which is able to obtain complex anno-

tations such as actions and events considering the spatial dimension. End-to-end networks

have also been used to perform video retrieval directly, which will be discussed in details in

Section 2.3.

2.2 Video Query Processing Systems

Many recent works focus on optimizing query processing over videos. According to their

targeting problem and proposed approaches, we divide existing works into categories and

discuss them in the following sections:

1. Proxy-based Approaches (Section 2.2.1). In this section, works focus on training spe-

cialized models (i.e., proxies) to minimize the evaluation time for given queries. Such

proxies are either trained on-demand (with targeting reference model and queries) or

pre-trained on specific datasets and available before queries, which will be discussed in

Section 2.2.1.

2. Two-phased Approaches (Section 2.2.2). In this section, we discuss works that utilize

two-phase approaches to amortize the ingestion cost among all queries to further speed

up query answering, detailed in Section 2.2.2.

3. System-level optimizations (Section 2.2.3). In this section, we discuss works that tackle

the query efficiency over videos from the systems perspective by applying system-level

frameworks which usually consist of multiple steps or optimizations.
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4. Other Video Systems (Section 2.2.4). Additionally, we discuss a wide range of video

processing systems that do not fall into the above groups, such works focus on different

aspects such as scheduling, operator placement, and storage optimizations.

2.2.1 Proxy-based Approaches

MCDNN. MCDNN [55] targets executing DNN models on resource-constrained devices that

are intermittently connected to the cloud. Several model optimizations are introduced includ-

ing specialization and model sharing. With model catalogs registered, the online scheduler

uses a heuristic approach to maximize the average accuracy over all requests with constraints

on resources used.

NoScope. NoScope [82] is one of the first systems that optimize for accelerating neural

network analysis over videos via inference-optimized model search. The system accepts three

inputs: the given video, the given object type to detect, and a reference neural network. The

system constructs and trains a cascade of binary classification models to replace the reference

neural network while preserving accuracy, which is referred to as model specialization. The

key intuition is that specialized models can mimic the behavior of a reference model on a

particular task while reducing the invocation cost. To leverage the facts that adjacent frames

may share similar objects, NoScope also utilizes a difference detection module to efficiently

determine whether the content of videos has already changed. Finally, with specialized

models and difference detectors, NoScope adopts a cost-based model search strategy to

construct, train and utilize models to achieve a target accuracy goal.

TAHOMA. TAHOMA [10] shares a similar idea with NoScope, where hierarchical mod-

els are utilized to reduce the runtime cost of queries of visual content, but with a wider design

space. Specifically, TAHOMA considers different input shapes of specialized models for the

same task, for example, images with different numbers of channels (i.e., RGB images vs

grayscale images), with different resolutions, etc. During query plan generation, such trans-

formations on input image representation have also be considered to generate better plans,

thus could lead to higher speedups. The specialized models in TAHOMA are still restricted

to binary classification models.

BlazeIt. BlazeIt [80, 81] further extends specialization and presents optimizations for
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aggregation and limit queries. The system accepts queries in FrameQL format, which is

a declarative extension of SQL with semantic support for video-specific queries. BlazeIt

utilizes object detection as the reference model and performs object detection over a small

sample of frames from videos to obtain annotations as metadata. For a given query, BlazeIt

can infer proxy models and filters from query predicates and train them with trained data

constructed based on the metadata. To optimize for aggregation queries, BlazeIt tries to

train a specialized NN to estimate the statistics, if the training data is insufficient to do

so, specialized NNs will be used to reduce the variance of approximate query processing via

control variates. For limit queries, BlazeIt trains specialized NNs to predict counts instead

of performing binary classifications to alleviate the class imbalance issue.

PP. Lu et al. propose to use Probabilistic Predicates [106], which are essentially cheaper

binary classifiers, to accelerate machine learning inference queries with expensive User-

Defined Functions (UDFs). PPs are trained beforehand based on binary labeled input data

and are annotated with sufficient metadata including the predicate clause it corresponds to,

the cost of execution and the predicted data reduction vs. accuracy curve, etc. A query

optimizer is then responsible for generating a query plan based on the ordering of simple

PPs with the query-level accuracy threshold being satisfied. PPs can be trained without any

knowledge of the inference module and thus could be adapted to a broader class of queries

and datasets compared with systems that are designed specifically for video queries (e.g.,

NoScope).

ABAE. ABAE [85] focuses on linear aggregation queries (SUM, COUNT, and AVG)

utilizing stratified and pilot sampling with proxies. It assumes proxy models are available to

obtain per-record proxy scores and leverages such proxy scores to split records into disjoint

groups (strata). ABAE then aims to minimize the mean squared error between the approx-

imate result and the actual result when the query is exhaustively executed by leveraging

a two-stage sample-based approach by sampling between strata. Group by and complex

predicates are also supported by extending the ABAE approach.

SUPG. SUPG [86] focuses on answering approximate selection queries with statistical

accuracy guarantees. Queries can be answered approximately with proxies by specifying

a precision target or a recall target. The key idea is to leverage importance sampling to
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efficiently sample records from the dataset and label them using the oracle model, and

estimate proxy threshold with probabilistic guarantees via confidence intervals.

SVQ. Video monitoring queries [87, 155] targets general queries and considers two types

of filters: OD, which is based on object detection techniques, and IC, which utilizes classi-

fication models, to assess whether a frame should be processed by expensive DNN models.

Moreover, it also provides optimizations for two special cases: aggregation queries involving

objects with spatial constraints with statistical techniques, and detecting unexpected objects

based on extreme value theory.

SVQ++. Similarly, querying for interactions [156, 24] focuses on identifying interactions

from video streams efficiently by limiting the number of frames on which interaction DNN

models are applied while maintaining high accuracy. This is realized through a filtering

mechanism, where a sequence of filters is available to filter only objects that are promising

to contain interactions based on the locations of objects. The optimal order of such filters

can be updated dynamically when the selectivity of filters changes, which is realized by a

dynamic Kolmogorov-Smirnov (KS) test.

Summary. The main idea of these works is to use cheap models (i.e., specialized mod-

els, proxies, filters) to accelerate query answering by replacing the reference model (e.g.,

NoScope) or by filtering unpromising frames early (e.g., SVQ, PP). Under this setting, one

can introduce more knobs (e.g., including image transforms, etc.) to enlarge the design space

of searching for the optimal query plan with a cost-based query optimizer. Based on the

idea, aggregation queries can be further answered efficiently via statistical-based techniques

such as stratified sampling (e.g., ABAE), and control variates (e.g., BlazeIt, SVQ). Such

proxy-based approaches usually require extra training time to obtain specialized models and

require training data labeled by reference models.

2.2.2 Two-phased Approaches

Focus. Focus aims to enable low-latency and low-cost querying over large historical video

datasets by separating the ingestion time and query time. During ingestion time, Focus

detects and indexes objects utilizing an approximate indexing scheme with cheap models.

During query time, Focus reduces the query latency by clustering objects that are similar
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(e.g., consecutive frames) and only applying the reference model on the cluster centroids. To

provide trade-offs between ingestion cost and query latency, Focus adjusts parameters used

during ingestion and query time according to the given recall and precision.

TASTI. TASTI [84] proposes a more general approach, where indexes are constructed

leveraging semantic similarity across records via embedding. Instead of training per-query

proxies, TASTI only requires a heuristic for ”close” and ”far” between a pair of records and

trains the embedding with triplet loss. By clustering over the embeddings, TASTI stores

the distances of all embeddings to each cluster representative, and uses the k nearest cluster

representatives for query processing. Downstream queries could also be answered based on

clusters with query-specific proxy scores propagated from the cluster representatives to the

unannotated records, which allows for more general and accurate proxy scores across different

queries.

Summary. Two-phased approaches are feasible only if: (a) the video is available before

queries (i.e., historical videos), and (b) the scope of queries is known (i.e., models or proxies

used to answer queries are given beforehand). The main idea of the above works is to build

indexes via clustering based on the output or embeddings produced by DNN models, and

leverage such indexes to answer queries efficiently.

2.2.3 System-level Optimizations

EVA. EVA [161] based on the idea of materializing and reusing existing results automatically

to facilitate faster video analysis via a symbolic approach to analyze reuse opportunities

between queries. The system consists of three steps: First, identify overlapping between

two UDF invocations via the symbolic approach, which considers three derived predicates:

intersection, difference, and union. Then, compute the cost of UDF invocation given the

availability of materialized results. Finally, by rewriting the original queries, materialized

results could be used or produced by queries. The paper shows via experiments that simple

use of materialized data could achieve significant speedups over video queries.

VIVA. VIVA [126] proposes the use of relational hints to consider two main relationships

between models: when a model can replace another, and when a model can be used to filter

frames for another. VIVA automatically rewrites queries and selects and validates the hints
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applicable to the query to find the best performance plan that meets the desired accuracy,

which is done via three steps: enumerating all valid plans, estimating plan accuracies using

canary inputs and ground truths, and finally selecting plans that satisfy users’ requirements.

FiGO. FiGO [22] aims to provide fine-grained query optimization by splitting the video

into a sequence of chunks and picking an appropriate model for each chunk. The optimizer

starts by treating the video as one chunk, and then iteratively splits it into smaller chunks

based on accuracy constraints to achieve the trade-off between query optimization time and

query execution time. Models are selected online based on a variant of Thompson sampling.

MIRIS. MIRIS [17] focuses on multi-object tracking queries, where the main idea is to

adjust the framerate according to video characteristics. The system starts with tracking

objects at a minimum sampling framerate utilizing a graph neural network, followed by

the filtering phase to reduce the number of video frames for later processing. The remaining

tracks are then determined by uncertainty resolution and refinement, additional video frames

will be processed as needed. Recurrent neural networks are trained and applied in the filtering

and refinement phases.

OTIF. OTIF [16] focuses on the video pre-processing step, where the objective is to

extract all object tracks efficiently from videos. To apply OTIF on a new video dataset, the

training set is required for training proxy models, while the validation set is used by the

OTIF parameter tuner to produce a speed-accuracy curve, from which a point representing

one parameter configuration on the curve will be selected as the parameter for processing the

entire video dataset. Besides joint parameter tunning, two main optimizations are introduced

in the paper: segmentation proxy model, which identifies regions of frames with no objects

and skips costly model inference on those regions, and recurrent reduced-rate tracking, which

aims to reduce the cost of identifying all tracks.

Summary. Targeting different aspects in the video analytical systems, the above works

either focus on plan optimization based on ideas such as materialized results [161] and

relational hints provided by users [126], or focus on fine-grained optimization utilizing chunks

[22], or target queries with track results [17, 16]. As more videos and queries are being

studied, such works together could lead to more complex and complete video analytical

systems that could be applied and deployed to a wide range of application areas.
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2.2.4 Other Video Systems

Besides proxy-based and two-phased query evaluations, there are also other works focusing

on optimizing the efficiency of query evaluation from other aspects (such as scheduling,

operator placement, etc.), which will be discussed in this section.

Smol. Unlike other proxy-based approaches, where the main focus is to reduce DNN

invocation cost, Smol [83] targets the cost introduced by preprocessing steps (decoding, trans-

forming, and transferring image data to target devices). Two optimizations are introduced:

using natively available low-resolution visual data, and placing preprocessing operators on

different devices (i.e., CPU or accelerator) to balance the throughput of preprocessing and

DNN execution. Smol also adopts a cost model with preprocessing costs being accounted.

Panorama. Panorama [175] is a data system for unbounded vocabulary querying over

videos, where a cascaded model is applied in object recognition. The system generates differ-

ent feature embeddings for the same input with varying qualities. The performance-accuracy

tradeoff is realized via the short-circuiting mechanism based on the accuracy requirement

from users and the model accuracy on a validation set.

Optasia. Optasia [105] focuses on executing user-defined queries over surveillance videos.

It provides several vision modules as basic building blocks for vision tasks, where each module

produces a relational table, which is materialized on demand. Users then issue queries from

these tables and the query optimizer optimizes for a collection of queries to find a logical

plan with the lowest cost. Optasia also parallelizes the query plans automatically based on

factors such as input video size, number of cameras, etc.

VideoStorm. VideoStorm [171] automatically adjusts parameters such as resolution,

frame rate, and internal algorithmic parameters to maximize performance on quality and

latency for video processing pipelines. The system consists of a centralized manager, which

accepts queries, and a set of workers, which execute queries. Queries are described with DAGs

of transforms, where each transform processes a sequence of frames and passes its output

downstream. The system utilizes transforms as standard components and the core aspect

of VideoStorm is the scheduler it provides, which considers the resource-quality profiles of

queries and tolerance to latency in processing.
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VideoEdge. VideoEdge [72] considers the setting of hierarchical clusters, where the

main objective is to select the query plan and place it across the cluster, with more factors

considered (such as network, compute, etc.) compared with VideoStorm. VideoEdge also

considers merging common components across queries and different implementations of vision

components. By treating each cluster as an aggregate bin of resources, the problem of

placing query components across the clusters can be mapped to the multiple-choice multi-

dimensional knapsack problem, and a heuristic approach with polynomial complexity is

proposed.

Chamelon. Chamelon [75] focuses on the configuration selection problem to minimize

resource usage while achieving the desired accuracy. The main challenge in this setting is

to efficiently perform profiling for the online adaptation of configurations. The key idea in

Chamelon is to leverage the underlying characteristics that could persist for each camera

over time (temporal correlations) and the similarities across multiple cameras (spatial cor-

relations). With the fact that individual knobs in the configurations have an independent

impact on accuracy, the profiling procedure can be done incrementally with grouping opti-

mizations, which can significantly reduce the cost of profiling and searching for the optimal

solution.

Scanner. Scanner [119] addresses two main efficient issues in video analysis: efficient

pixel data access and parallel processing of pixel-level operations. Scanner organizes video

collections as tables in a data store, with optimizations for compressed videos to address the

first issue, while the second issue is addressed by treating pixel-analysis tasks as dataflow

graphs and optimizing graph scheduling and parallelization on parallel processing resources.

VStore. VStore [159] provides a data store for supporting efficient analytics over large

archival videos. For given video streams, VStore saves multiple video versions in different

storage formats, which will then be retrieved and converted to consumption formats that

are suitable for the executed operators. With a given set of consumers, VStore derives

the optimal configuration backward starting from the consumption formats to the storage

formats to trade off between consumption speed and storage cost.

Video-zilla. Video-zilla [68] is an indexing layer between video stores and analytical

systems, which uses the data unit abstraction called semantic video stream (SVS) to reduce
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the redundancy of videos. A hierarchical index is built considering the semantic similarity

within and across camera feeds to quickly cluster video feeds.

Smokescreen. Smockscreen [61] based on the video degradation-accuracy profiling

model to achieve the tradeoff between aggregation query accuracy and the mounts of degra-

dation. The paper addresses four aggregation functions with reduced frame sampling and

proposes a profile repair policy for further improvement.

Summary. As can be noted from the above works, video query evaluation can be further

optimized in different settings and from different aspects. For example, Smol considers pre-

processing operators in the query plan; with complex network structures, one can further

optimize based on a set of queries (i.e., MCDNN), or optimize operator placement in the

cluster (i.e., VideoStorm and VideoEdge); as videos captured by a cluster of cameras change

over time, one can optimize the configuration selected for the video processing pipelines

(i.e., Chamelon); moreover, the cost of storing and retrieving videos for analysis can also be

optimized (i.e., Scanner, VStore). As video queries are being studied and applied in more

complex scenarios with rich semantics, there are still many promising topics worth further

investigation, as pointed out by Hayes et al. [58].

2.3 Video Indexing and Retrieval

Video indexing and retrieval have also been well studied in the multimedia literature [69, 5,

134]. Hu et al. [69] outline a general framework consisting of six stages, among which two,

namely feature extraction, and query and retrieval are most relevant to our research.

For feature extraction, most of the early work focuses on low-level features [21, 163,

56], such as color-based, texture-based, and shape-based features. Although there are some

works considering high-level object features, the object types are usually limited to very

specific types, such as faces [132, 94]. Spatial-temporal information is considered either via

trajectory-based methods [15, 162] or symbolic representation schemes [36]. In query and

retrieval, existing work has considered queries issued using keywords, natural languages, or

by examples (e.g., images, sketches). Early works in this area mainly focus on indexing

videos using tags (keywords) based on captions [7] or features extracted from videos directly
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[69]. For queries using keywords and natural languages, the query results are based on the

summarization or classification of videos [13], while for queries using examples, low-level

features are usually considered in finding relevant videos [69]. Such works utilize similarity

measures (e.g., feature matching, text matching, etc. [69]) to retrieve results based on the

given query and do not support exact pattern matching (i.e., exact matching between object

types, etc.).

Recent advances also utilize Deep Learning models to train joint networks [38, 168] aiming

to support video retrieval using natural language queries. Moment retrieval problems (i.e.,

retrieving video clips according to a given query within a video repository) have also been

studied (e.g., [113, 101]). The main approach is to map both videos and queries into a

common latent space [100, 71] via multimodal machine learning techniques [14]. These

methods require models to be trained end-to-end for specific tasks with annotated training

data [90, 158] limiting the expressibility of the query types that can be answered to those

present on training data. Moreover, they return subsets of all possible answers, typically

evaluated via precision and recall (as opposed to exact answers). Sufficiently large and

error-free training data are still not available for effective learning of models for complex

and variable video data [104], making it cumbersome to support new videos or new queries,

especially to support queries with more precise constraints.

2.4 Other Related Works

We further discuss some existing works related to specific research problems. Specifically,

we first discuss related works to the first research problem in data mining in Section 2.4.1,

and then discuss top-k query processing related to research problems 2 and 3 in Section

2.4.2, finally, graph-related problems that are relevant to research problem 3 are discussed

in Section 2.4.3.

2.4.1 Data Mining

If we treat objects as items and consider the video as a sequence of itemsets, the problem

is also related to data mining problems. In the data mining community, frequent pattern
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mining is a well-studied topic [26, 53], where the goal is to mine the hidden patterns of

the frequent itemsets. Many classic algorithms and their variants are proposed and widely

applied to many applications, including Apriori [8], FP-Growth [54], Tree-Projection [6], etc.

In a similar context, sequence pattern mining [9, 43] is another related topic that has been

widely explored, where the sequential order of data is further being considered. Numerous

methods, including Generalized Sequential Patterns (GSP) [135], SPADE [169], PrefixSpan

[118], SPAM [12], BIDE [143], etc., have been proposed to discover interesting subsequences

from a set of sequences. Most of the early works are based on the entire database and thus

cannot be applied to temporal data directly.

Recently, there are also works focused on frequent itemset mining [47], association rule

mining [98, 145], temporal pattern mining [27], frequent arrangements discovery [117] in

the context of temporal data. Some work also has been conducted in the context of mining

frequent itemsets [29, 76, 116] and sequential patterns [120, 65, 23] over sliding windows. The

main focus of these works is to produce itemsets given a support/confidence threshold and

do not support query constraints. Moreover, such works mainly consider the general cases

where no assumption can be made on the temporal data. In the context of video processing,

objects produced by adjacent frames are likely to be stable (i.e., objects identified from

adjacent frames are likely to overlap), which could be taken into consideration.

2.4.2 Top-k Query Processing

Both problems 2 and 3 target ranked queries. In relational databases, top-k Query Processing

is a well-studied problem [73], where many classic algorithms are proposed.

Many works focus on producing exact top-k items from the ranked results. Such works

assume multiple lists that rank the same set of objects based on different scoring predicates,

and a score aggregation function is used to aggregate partial scores to obtain final top-k

results [73]. In [73], according to the assumption on access methods supported by data

sources, top-k processing techniques can be divided into three groups: (1) require both

sorted and random access, e.g., TA algorithm [41]; (2) require no random access, e.g., NRA

algorithm [40], Stream-Combine algorithm [51]; (3) require sorted access with controlled

random probes, e.g., Upper and Pick algorithms [20, 108]. Among them, the threshold
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algorithm [41], also known as TA, is one of the best known algorithms that targets for

general purposes, which assumes that the costs of different access methods are the same and

there is no restrictions on the number of random access performed. Many variants are also

being proposed based on TA [115, 25]. However, such approaches assumes objects and their

scores are already computed and can be easily retrieved, which is not the case for queries

on video annotations since results for complex queries need to be computed dynamically. In

our work, we take similar ideas from existing works and mainly focus on how to produce

score estimation efficiently based on the data available.

Instead of answering exact queries, approximate top-k query processing has also been

studied. For example, the approximation version of J* algorithm [115] further improves the

performance by producing an ϵ-approximation to the top-k answers with correctness being

sacrificed. Theobald et al. [140] further provide accuracy guarantees based on approximate

variants of the TA algorithm. On another related thread, top-k query processing over un-

certain data has also been investigated. In probabilistic databases, an additional ranking

dimension, probabilities, along with scores need to be factored in the interpretation of top-k

queries [73, 133, 46, 77, 121] Recent works also focus on top-k queries in specific settings,

including queries over spatial data [147], efficient parallel processing [129], queries on en-

crypted databases [110], etc. In our work, we focus on specific top-k scenarios in videos and

existing approaches cannot be applied directly.

2.4.3 Graph-related Works

In problem 3, we utilize graphs to model the spatial relationship between objects. Subse-

quently, videos can be modeled as either a time-evolving graph or a sequence of graphs.

Time-evolving graphs have been widely studied in application scenarios such as social

networks [137, 99], where the main focus is either to identify sub-graphs that match the given

pattern [44, 127, 128, 136], or perform data mining tasks such as interesting pattern mining

[114, 137]. However, existing graph algorithms proposed in the context of social networks are

not directly applicable here; the typical assumption in the social network setting is that the

patterns are to be evaluated directly on the entire graph, which is infeasible in our setting.

If we consider videos as sequences of graphs, executing queries on graphs can be modeled
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as subgraph isomorphism problems. On another related thread, the subgraph isomorphism

problem has been well-studied, where the main objective is to find graphs containing a given

query graph from a large set of graphs. Such works mainly target large graphs [130, 33],

where the number of nodes is relatively large and the degree of each node varies, which

can be used as the filter condition or part of the query constraints [130], or complex graphs

that can be further decomposed into basic structures [74] or subgraphs [151]. In problem

3, we leverage the characteristics of spatial relationships between video objects and simplify

the query graph to reduce the complexity of graph matching, such that graph isomorphism

testing can be avoided.
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3 Evaluating Temporal Queries Over Video Feeds

3.1 Introduction

3.1.1 Background and Motivation

In this work, we are concerned with applications that involve video collected from static

cameras as it is prevalent in surveillance and security applications. Our focus however is

on the efficient execution of temporal queries over video feeds. A video feed is an ordered

sequence of frames, presented at a specific frame rate, typically 30 frames per second (fps)

to align with human visual perception. Different types of objects appear in frames and

can be easily detected by state-of-the-art object detection algorithms. Similarly, DL models

are highly effective in tracking the same object (e.g., car) from one frame to the next, as

objects persist across frames. Given this basic ability to detect and track objects across the

temporal evolution of a video feed, several queries of interest arise. For example, we may

be interested to discover video segments during which only the exact same two cars (and

no other object) appear continuously within a 10-second interval; similarly, we may wish

to detect video segments during which the same three trucks and the same human object

appear for a duration of one minute jointly (possibly along with many other cars/trucks and

humans among them). These queries become highly sophisticated when the query objects

can be associated with arbitrary Conjunctive Normal Form (CNF) expressions. Moreover,

when query-specified objects can be connected to external identities (e.g., license plates)

such queries become highly powerful.

Such queries have obvious applications in video surveillance analysis. As an additional

application domain, consider the large repositories of driving footage utilized in training

autonomous vehicles [142]. Our techniques assist in “debugging” training data, namely
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identifying whether sufficient clips in the training data exist for specific query conditions.

During a recent accident with autonomous vehicles [142] it was determined that training data

did not contain sufficient footage of multiple white trucks jointly in the screen. Techniques

such as those proposed herein assist to effectively “debug” training data and pinpoint whether

the issues are with the training data or the supporting algorithms. Efficient execution of

such queries can automate many of these tasks.

3.1.2 Our Proposal

Evaluating queries on video feeds involving multiple objects and temporal constraints presents

numerous challenges, however. First, finding video frames where a query (e.g., two white

trucks appear jointly for a period of time) is satisfied can be very expensive since both

the actual objects and frames that satisfy the query are uncertain, which means that a

brute-force approach to consider all possible object combinations and frames, thus leading

to a large search space. Sets of objects that are not promising to be part of any query

answer should be pruned immediately from further evaluation. Second, occlusions occur

naturally among objects in videos, where some objects disappear from the visible screen in

some frames (because of being blocked by other objects) and then reappear. For example, in

traffic camera video footage, smaller cars may disappear behind a tractor-trailer or bus for

a few seconds or longer and reappear. Occlusions can be captured by state-of-the-art object

tracking algorithms [89, 153], and thus they need to be considered in the query semantics.

Similarly, although state-of-the-art object tracking algorithms perform well when tracking

an object across frames, they are still error-prone. As a result, some objects may disappear

or be assigned new identifiers in some frames. Temporal query semantics has to account for

pragmatic challenges such as occlusion, and subsequent query evaluation needs to take such

semantics into account.

In this chapter, we place the problem of evaluating temporal queries over video feeds into

perspective, and in particular, make the following contributions:

• We define semantics for temporal queries on video feeds accounting for aspects intrinsic

to video objects such as object occlusion.
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• We decouple object detection/classification from query evaluation, introducing an in-

termediate layer (MCOS Generation) that optimizes the input to the query evaluation

module.

• We fully develop the MCOS Generation module, detailing a way to organize objects

detected through state maintenance.

• We propose Marked Frame Set (MFS) to prune unnecessary states early. Addition-

ally, to provide even better pruning efficiency in certain scenarios, we also propose to

maintain states in a graph structure called Sparse State Graph (SSG).

• We propose an algorithm called SSG-CM that processes incoming frames against the

SSG, dynamically adjusting its structure and incrementally and efficiently maintaining

all primitives necessary for succinct query evaluation.

• We propose several modifications to a CNF query execution algorithm, and demon-

strate how to efficiently couple CNF query execution with algorithm SSG-CM, yielding

improved performance in our application scenario.

• We present a detailed experimental evaluation of the proposed algorithms utilizing

both synthetic and real data, demonstrating the trade-offs between MFS and SSG.

Both approaches for state maintenance yield significant performance improvements

over baselines on real datasets, with benefits increasing as query parameters vary. We

also demonstrate that adapting our state maintenance during query evaluation yields

an optimized approach that exhibits significant speedup on query evaluation, up to

more than 100 times in our experiments.

3.2 Problem Definition

We consider a video feed V as a bounded sequence of frames, i.e., V = ⟨f0, . . . , fi, . . . , fN−1⟩,

where N is the total length of the video. We use ID to denote the set of possible object

identifiers (id) that can appear in the video feed (unique identifiers that are persistent for

each detected object across video frames). Typically such identifiers are extracted by the
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application of object tracking models [89]. We use L to denote the set of class labels for all

objects. Class labels (e.g., person, car) are extracted by the application of object classifica-

tion/detection models on each frame. Object detection algorithms produce each detection

result with an associated score. In our approach, in accordance to prior work [177], we specify

a cut-off threshold, which is applied to the detection results directly. Each result with a score

above the threshold is considered a positive detection, and only such results are processed

further. Such an approach has clear semantics and yields results that are easy to interpret.

We wish to highlight, however, that such an approach has inherent limitations. Ultimately

the results we present and their accuracy depend on the accuracy of the underlying object

detection models. By imposing a cutoff threshold and treating results above the threshold

as positive, we may miss detected results that are positive but have a lower score. Moreover,

false positives may be introduced in the query processing pipeline. Although state-of-the-art

detection algorithms showcase impressive accuracy [125] this is still a possible concern. An

alternative approach would be to associate with each detection a confidence level and embed

the detections into a probabilistic framework; such confidence levels can be computed in

various ways (e.g., they can be derived from the detection scores, or calculated based on an

ensemble of detection models). This is an orthogonal approach that is of interest to explore

further as part of future work.

Figure 3.1 presents an example of a relation obtained from some video feed consisting of

five frames. Specifically, utilizing object detection and tracking algorithms, we can extract

a set of objects Oi from each frame fi, and for each oi ∈ Oi, its id id(oi) and its class label

label(oi). Thus, we obtain a structured relation V R from the video feed V , with schema

(fid, id, class), where fid is the frame id i (i ∈ [0, N)), id ∈ ID is the object id, and class ∈ L

is the class label. For example, in frame #0, after applying object detection and tracking

algorithms, we obtain two unique objects with ids A and B. We store such information as

two rows in the Relation, V R: one for object A of class “person”, and another for object B

of class “car”, both of which are generated at frame fid = 0. Object tracking algorithms

ensure that an object has the same id for all frames in which it appears, even under the

presence of occlusions [109, 153, 154].

Processing relation V R one can specify numerous queries to reveal certain important
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Relation, VR Strctured Datafid id class
0 A person
0 B car

1 A person
1 B car
1 C person
1 D car

2 A person
2 B car
2 C person
2 E car
2 F person

3 A person
3 B car
3 C person
3 D car
3 F person

4 A person
4 B car
4 C person
4 E car

Figure 3.1: A Relation Representing a Video Feed

properties regarding the objects in the underlying video stream. One important class of

queries concerns conducting query processing on sets of objects that are co-occurring in a

collection of frames (co-occurrence object sets). Without occlusions, such queries can be

evaluated by comparing the object sets from each frame with its previous frame. However,

it is typical that objects would be occluded from the visible scene (e.g. a pedestrian may be

hidden behind a vehicle for a while).

We wish to support arbitrary Conjunctive Normal Form (CNF) queries over video feeds.

To express queries involving co-occurrence object sets involving occlusions, we specify a user-

defined function (UDF) named COEVAL based on standard SQL, shown in Figure 3.2. VR

represents the relation extracted from the given video feed. Each query is expressed along

with a temporal window context, which is defined through WINDOW SPEC. Rows falling

into the same window are evaluated by COEVAL, which accepts two parameters: CNF EXP,

which expresses the query condition in CNF (being fully aware of the schema of VR), and

the occlusion parameter, d, which sets a minimum threshold for the number of frames that

objects co-occur within a window. Each condition c in the CNF expression is of the form

obj(x, threshold) θ n, where obj is a user-defined function, which determines the number of

objects that are detected as label x with score ≥ threshold for a given object set, n is an

integer value, and θ ∈ {≤,=,≥}. Different from any other aggregation functions, the CNF

expression is evaluated on co-occurring objects, where the exact same objects have to appear

in at least d frames from the same window. Based on the syntax, occlusions can be easily

considered by setting d to some value that is smaller than the window size.

For example, a query requesting that at least one person and one car appear jointly can

be expressed as Figure 3.3. In this example, we assume the query is evaluated based on a

sliding window consisting of 4 frames (specified by “RANGE BETWEEN . . . ROW”), and
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AS eval
WINDOW_SPEC

FROM
VR

WHERE eval = TRUE

CNF_EXP,
d

SELECT *, 

COEVAL(

) OVER

Figure 3.2: SQL Reference

) AS eval
FROM

VR
WHERE eval = TRUE

obj(person,0.5) ≥ 1 /\ obj(car,0.5) ≥1,
3

SELECT DISTINCT FID, 

COEVAL(

) OVER (
ORDER BY FID
RANGE BETWEEN INTERVAL '4' FRAMES 
PRECEDING AND CURRENT ROW

Figure 3.3: Example Query

we require the number of frames the objects appear jointly to be at least 3 frames (that

is, we allow any of the objects to be occluded for at most 1 frame). The associated CNF

expression is obj(person, 0.5) ≥ 1 ∧ obj(car, 0.5) ≥ 1, which means we consider object sets

containing at least 1 person and 1 car with detection score ≥ 0.5. In this example, we the

last frame id from V R that satisfy the query in each window. In some cases, users may

only focus on the result frames or the objects only, for which the select clause can be altered

accordingly. Such queries can also be used as building blocks to support higher-level queries,

such as querying the maximal video segment consisting of a series of sliding windows on

which the query evaluates to TRUE.

To answer such queries, we have to enumerate all possible co-occurrence object sets in

each window during evaluation. The user-defined function obj(x, threshold) is treated as a

filtering operation based on the score of each object during object detection on each frame.

Thus, all objects and tracked results are produced after applying such parameters. For this

reason, the CNF expression can be simplified to person ≥ 1∧ car ≥ 1. Suppose we evaluate

the above query on the relation extracted in Figure 3.1.

In the window of frames #1 to #4, we can compute one of the co-occurrence object sets

as {A,B,C}, consisting of objects appearing jointly in the frame set {1,2,3,4}. This object set

consists of 2 persons and 1 car; thus it satisfies the query conditions and should be produced

as a result. By the same token object sets {A,B} as well as {B,C} evaluate to TRUE on the

same query (both consist of 1 person and 1 car), but arguably are subsumed by the object

set {A,B,C} since they all appear in the same frame set.

From this simple example, it is evident that the query answer semantics merit careful
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consideration, as we do not wish to overwhelm users with multiple query results from each

window. As the CNF expressions vary along with queries, each window can generate a

very large number of possible query answers. To address this issue, we introduce stricter

semantics, necessitating that queries are evaluated over maximal co-occurring object sets

within a window. That way, each query will be evaluated on a single object set within each

window. We refer to such object sets as Maximum Co-occurrence Object Sets, defined as

follows:

Definition 1 (Maximum Co-occurrence Object Set (MCOS)). Given a set of frames F′,

ID′ is the maximum co-occurrence object set iff:

• ∀f ∈ F′, all objects in ID′ appear in f .

• ∀id ∈ ID, ∃f ∈ F′, where id does not appear in f .

For a given frame set F′, an object set ID′ is a maximum co-occurrence object set if and

only if none of its supersets is a co-occurrence object set of F′. In this case, we say ID′

is the MCOS of F′, or simply, ID′ is an MCOS. Each unique frame set can produce only

one MCOS. In the example above, for the frame set {1,2,3,4}, the only MCOS is {A,B,C},

which contains two persons and one car. Notice that if the query requests the co-occurrence

of exactly one car and one person in that window, the query will evaluate to false in the

window {1,2,3,4}, as it will be executed on the MCOS of the frame set only1. That way we

can regulate the query results per window, as we are operating on the MCOS of each window

only and adjusting the window size and occlusion parameter d per query. Nevertheless, our

framework can easily support alternate desired semantics within a window once these are

specified. Trivially, we can support the execution of the query over all co-occurrence object

sets within a window if that is required.

In this problem, we focus on sliding window query semantics2; each query is expressed

with a temporal window context w. The window advances every time a new frame is en-

countered and the query is evaluated over the most recently encountered w frames.

1It will, however, evaluate to TRUE and report on {A,B} in the previous window {0,1,2,3}.
2Other options are possible, such as tumbling window, and our solution will work equally well with such

semantics.

33



3.3 Overview

State
Maintenance

Query 
Evaluation

VR (fid, id, class)

States

Result

Boolean ResultsQueries

...A B
{0,1,2}

A B C
{1,2}

A B C
{2}

D

...{0,1,2}

Figure 3.4: Architecture Overview

The overall architecture of our solution is shown in Figure 3.4. Our solution consists

of two modules, namely State Maintenance, and Query Evaluation. Object detection and

tracking algorithms are applied to obtain the structured relation V R, as described in Section

3.2. This design allows any state-of-the-art algorithm from the computer vision community

to be adopted as it becomes available.

Instead of evaluating queries based on the relation directly, we compute all possible object

sets and their frame sets via the State Maintenance module. This module is responsible for

generating and materializing all possible candidates for query evaluation. We use State as

the base unit to store candidates. States in this module can be maintained incrementally

by reusing intermediate states from the previous window. Each state consists of two types

of information: an object set and the frames in which the objects appeared3. Note that the

object set may not be an MCOS in some states. A state s is a valid state iff IDs is an MCOS

of frame set Fs. Otherwise, it is an invalid state. State Maintenance should only produce

valid states to Query Evaluation since, in our treatment, queries are evaluated on MCOS’s

only.

We use S to represent the set of all maintained states in the current window. For each

valid state, s ∈ S, processing on the MCOS can be divided into three steps:

1. Check against the occlusion parameter d. The query could be evaluated to TRUE only

if |Fs| ≥ d.

3This definition of states can easily support any semantics for query evaluation, not just MCOS.
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2. For each condition in CNF expressions evaluate its result.

3. Once all conditions of the expression have been processed, we can move on to evaluate

CNF expressions. We adapt CNF evaluation algorithms [150] for this step.

In the State Maintenance module, simple optimizations can reduce the number of states

evaluated on CNF. For example, testing the occlusion parameter d can be conducted when

the MCOS’s are generated (a form of push-down optimization). Namely, a state s con-

taining an MCOS can be pruned (not relayed to the Query Evaluation module) if |Fs| < d

(unsatisfied states). States with |Fs| ≥ d will not be pruned (satisfied states). Subsequently,

states containing an MCOS (i.e., valid states) will be relayed to the Query Evaluation mod-

ule. Since we are evaluating queries over a window, some states that are not satisfied at

frame i may be satisfied in the future as the window slides. We may still have to main-

tain them. Consequently, state maintenance requires succinct book-keeping to ensure both

efficient execution and correctness.

In summary, queries are analyzed first, and objects that are not required for the given

query are discarded immediately. The State Maintenance module maintains states for each

window and updates them incrementally. States can be generated, satisfied, and invalid

as new frames arrive. Only satisfied and valid states (Fs ≥ d, containing an MCOS) are

relayed to the Query Evaluation module, where the final result is produced based on CNF

expressions.

We propose the Marked Frame Set approach in the next section to reduce the number

of states maintained. We further explore the relationships between states and propose an

improved approach, Sparse State Graph, to reduce the number of states processed with

minimum overhead (in Section 3.5). Finally, we discuss the Query Evaluation module in

Section 3.6.
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3.4 Marked Frame Set

3.4.1 A First Attempt

According to its definition, an MCOS can be simply generated by intersecting object sets

from all of the frames in a given window. However, there might exist numerous possible

combinations of frames inside a given window, which could lead to large computational

costs.

A simple way to optimize this is to maintain only one state per unique object set, and

reuse states from the previous window to derive new states. When the window slides, frames

that are removed from the window are denoted as expired. For each existing state, we remove

the expired frame ids from its frame set. A state can be removed immediately once its frame

set is empty. New states can then be generated based on object set intersections between

existing states and the new arriving frames.

The procedure can be described formally as follows. Let the set of all states in the current

window be S, and assume that the last frame id in the current window is i. When a new

frame with id i′ = i + 1 arrives with associated object set IDoi′
, the following steps are

conducted: (1) Append the new frame id: ∀s ∈ S, if ∃s′ ∈ S, IDs ∩ IDoi′
= IDs′ , the new

frame id can be simply appended to the existing state s′. (2) Create new states: (a) For

each state s ∈ S, let ID′ = IDs ∩ IDoi′
. If ∀s′ ∈ S, ID′ ̸= IDs′ , then a new state ns is created

with object set ID′. In this case, Fs ⊂ Fns. (b) If ∀s ∈ S, IDs ∩ IDoi′
̸= IDoi′

. This is the

case where no state has the same object set as the arriving frame. A new state ns is created

with the new frame id as the only element in Fns.

Example 1. Consider the state maintenance of the example query (Figure 3.3) on the rela-

tion shown in Figure 3.1. To better illustrate the procedure, we first show all possible object

sets that can be generated at different frames in Figure 3.5. In Figure 3.6, we highlight all

valid states (states having MCOS) with shade areas and use a bold font to denote a satis-

fied state (number of frames ≥ 3). We ignore the asterisk(*) marked in each state in this

example. As can be observed, all states are generated with an MCOS. However, as window

slides, although the state with O1 ({A,B}) is still satisfied, it may become invalid at frame

#4, where the only MCOS for frame set {1,2,3,4} is object set O4.
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Figure 3.6: States Generated from Each Frame for the Example Query

In the above example, the state with object set O1 at frame #4 is invalid and should not

be processed further and/or evaluated. Maintaining invalid states could impose unnecessary

overhead as they will be processed against new arriving frames. A new mechanism has to

be introduced to address this issue.

3.4.2 Principal States

From the example shown in Section 3.4.1, we can observe that certain states have the same

object sets with some frames in the video, while for other states their object sets are generated

from more than one frame. To distinguish these two types of states, we introduce the notion

of Principal State to denote states that have the same object sets with some frames in the

current window, defined as follows.

Definition 2 (Principal State). For a window size w, let Vi,w =< fmax(0,i−w), ..., fi > be the

corresponding video frames. A state s in the current window is a principal state iff ∃fj ∈ Vi,w,

such that IDfj = IDs.

A state may become a principal state when a new frame, k, arrives: a) if ∃s ∈ S, such

that s has the same object set as the new frame k, namely IDfk = IDs, then s will become

a principal state; 2) if none of the states in S has the same object set as the new frame, a
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new state s will be created with object set of frame k and become a principal state. We say

that a principal state s is created from frame k, and that frame k created principal state

s. A principal state will cease being one and become invalid, once all the frames that have

created it expire from the current window.

Principal states carry an important property. Consider a window on the relation; starting

with one frame, the only existing state (that was created from the frame) is a principal state.

If we add one more frame to the window, a new state may be created based on the existing

principal state and the new principal state. By keeping adding more frames, new states can

always be created based on existing states and the new principal state. Thus, every state in

the current window is generated by principal states either directly or indirectly.

3.4.3 The MFS Approach

We propose to mark, under certain conditions, frames in the frame set, and denote the

marked set as Marked Frame Set. Suppose a new frame i arrives, with the principal state

ns. For each state s ∈ S, frames are marked according to the Frame Marking Rules, as

follows:

1. For the state ns that is created by frame i (Step 2.b in Section 3.4.1), frame i will

always be marked in Fns.

2. If ∃s′ ∈ S, IDs′ ∩ IDns = IDs, ∀f ̸= i ∈ Fs′ , if f is marked in Fs′ , then f will also be

marked in Fs.

When these rules are applied, we have the following theorem.

Theorem 1. With the Frame Marking Rules, a state is valid iff at least one frame in its

frame set is marked.

Proof 1. Recall that all states are generated based on object set intersections between some

existing state and the new principal state. Let s be a state generated from two other states si

and sj, where sj is the new principal state. (1) If si is a principal state created from frames

i, where i < j, then only frame i is marked in s. Assume that the object set of s cannot

be generated from other states. After frame i expires, s will become invalid as it shares the
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same frame set as sj. (2) If si is not a principal state, then we can find two other states s′i

and s′j to generate si, one of which is also a principal state. By keeping doing this, we can

find a set of principal states S ′ that generate state s indirectly. Let s′ be the earliest principal

state that is created at some frame i′. Then only frame i′ is marked in state s. After frame

i′ expires, s will also become invalid, while no frame is marked in the frame set.

According to Theorem 1, a state can be pruned safely once none of the frames in its

frame set is marked. Following the Frame Marking Rules, we propose the MFS approach,

which utilizes a set of states to maintain all possible object sets along with their Marked

Frame Set. In particular, in MFS, we maintain a set of existing states from the previous

window; when a new frame arrives, we compute the object set intersection between each

existing state and the new frame and mark frames according to the Frame Marking Rules.

We show in the following example that the Marked Frame Set can reduce the maintenance

cost significantly while ensuring the correct result is produced.

Example 2. Consider the example query (Figure 3.3) over the video feed (Figure 3.1) again.

We add an asterisk (*) before a frame id to denote a marked frame (Figure 3.6). The state

with object set O1 is generated at frame #0 with frame 0 marked. From frame #1 to #3,

the new frame id is appended to the existing state. When frame #4 arrives, frame #0 is

removed from the set along with the mark. As all marked frames have been removed from the

state, the state becomes invalid and gets removed. Thus, at frame #4, only the state with

O4 will be selected as the satisfied state.

3.5 Sparse State Graph

3.5.1 State Graph

We have established that by marking certain frames, the number of states maintained can

be minimized to provide efficiency. To further reduce the number of states to be explored

in each window, investigating the relationship between states is a natural extension. To

capture the relationship of how the states are generated, we use State Graph to connect

those states, defined as follows:
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Definition 3 (State Graph (SG)). A state graph is a directed graph represented as G =

(S,E), where S is the set of all states (nodes) and E is the set of all edges. Each state s ∈ S

contains a unique object set along with its Marked Frame Set. Each edge (si, sj) ∈ E (where

si, sj ∈ S) represents that state sj could be generated from state si.

As discussed in Section 3.4.2, each state is generated by an existing state, and the prin-

cipal state is created from the new arriving frame. An SG can be constructed by simply

connecting states naturally in the way they are generated. In the case of a new state s

being generated by some existing state s′ and a new principal state ns, we can simply add

two edges (s′, s) and (ns, s), since the new state s could be generated from both states. To

update the states in SG, we can use the set of principal states as starting points, as all other

states are generated by principal states either directly or indirectly (as introduced in Section

3.4.2) and are thus reachable from principal states by a Depth-First Search (DFS) on SG.

Note that we do not have to traverse the whole graph for state maintenance (e.g., to

process the arrival of a new frame), as the structure of SG allows us to stop early when certain

conditions are met. More specifically, for an edge (si, sj) in SG, according to Definition 3 the

following must hold: IDsj ⊂ IDsi . Therefore, during the insertion of a new principal state

s′, if we find that the object set intersection between si and s′ is empty, then there is no

need to visit the adjacent states of si anymore, as the object set intersection between any of

those states and s′ is guaranteed to be empty. However, even with this optimization, there

will still be duplicate visits to the states, as shown by the example below.

Example 3. Suppose we are building a state graph starting from frame #1 for the video

sequence shown in Figure 3.5. To ease the illustration, we omit the frame set and use the

object set to annotate each state. The state graph generated at frame #2 is shown in Figure

3.7a, where principal states are shaded. When frame #3 ({A,B,C,D,F}) arrives, we visit the

graph starting with principal state s1 using depth-first search. The object set intersections

computed based on states s1 and s3 remain the same as the existing states, and no new state

is generated. A new state s5 is generated by computing the object set intersection between

the principal state s2 and the new frame as well as connecting the states based on how they

are generated, as shown in Figure 3.7b.

To understand the problem with this way of constructing the graph, consider the scenario
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where another new frame with object set {E,G} arrives afterward. Its intersections with

states s1 and s4 (which are empty) render visiting state s3 unnecessary according to Property

1. Unfortunately, due to the existence of edge (s2, s3), state s3 will still be visited nonetheless,

since the object set intersection between s2 and the new frame is non-empty.

{ABCD}
s1

{ABCEF}
s2

{ABC}
s3

(a) Before Processing
Frame #3

{ABCD}
s1

{ABCEF}
s2

{ABC}
s3

{ABCF}
s5

{ABCDF}
s4

(b) After Processing
Frame #3

Figure 3.7: The State Graph for the Example Shown in Figure 3.5

The above example illustrates that simply connecting states in the way they are generated

does not help to prune due to redundant edges. The graph structure should be restructured

to provide better pruning power.

3.5.2 Sparse State Graph

The main challenges are therefore (1) how to restructure SG to obtain better pruning power,

and (2) how to achieve that while minimizing the maintenance cost.

We first focus on the pruning issue. In the above example, edge (s2, s3) is considered

redundant as it prevents us from pruning state s3, and removing it will improve the pruning

power of the graph. However, this edge was not redundant at creation; it only becomes

redundant after frame #3 arrives. Evidently, dynamic modifications on the SG are required

after a new frame arrives.

One straightforward solution is to check each existing edge and restructure the graph if

necessary every time a new frame arrives. However, if many edges have to change as new

frames arrive, the benefit of removing redundant edges may be outweighed by the extra

maintenance cost.

To reduce the maintenance cost, we seek to further reduce the number of edges in the

graph. Since we are visiting SG starting from all principal states, all edges between principal

states can be removed. Moreover, if a state s is relevant to the new frame (i.e., the object
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Figure 3.8: Reducing the Number of Edges in Figure 3.7b

set intersection between s and the new frame is non-empty), s is guaranteed to be visited

as long as there is a path from some principal state to s. This allows us to limit each state

to have at most one incoming edge and still obtain the correct result. Thus, in what follows

we will focus on a specialized type of state graph called Sparse State Graphs (SSG).

Definition 4 (Sparse State Graph (SSG)). A Sparse State Graph is a state graph G =

(S,E) that satisfies the following properties:

• ∄si, sj s.t. ∃e = (si, sj) ∈ E, where si and sj are principal states.

• ∀e1, e2 ∈ E, where e1 = (si, sj), e2 = (sk, sl), we always have sj ̸= sl; in another word,

there does not exist a state with more than one incoming edge.

An example of SSG based on the SG in Figure 3.7b is shown in Figure 3.8. Note that

compared with Figure 3.7b, edge (s4, s1) is removed as both s1 and s4 are principal states,

as per property (1). Edges (s2, s3), (s4, s3), and (s4, s5) are removed due to property (2). In

the remainder of this section, we present our method to build and maintain such SSGs.

3.5.3 Edge Maintenance

As per Definition 4, we can only keep at most one incoming edge for each state. To determine

the strategy of edge maintenance on SSG, two questions have to be answered: When should

we perform edge maintenance, and how to perform it?

Before answering the above questions, we first consider the life cycle of a state. A state

can be created or removed when the window slides. Since each state in SSG contains a unique

object set, a state must also be updated when it is possible to generate its object set by

computing object set intersections between some existing states and the new arriving frame.
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Figure 3.9: Life Cycle of a State

Thus, the complete life cycle of a state consists of three actions, create, update (optional),

and remove. In the meantime, a non-principal state can also later become a principal state

(called promote, if the state shares the same object set as the new frame), and vice versa

(called demote, caused by frame expiry). The complete life cycle is illustrated in Figure 3.9.

When to Perform State Maintenance: As discussed in the previous section, mini-

mizing maintenance cost is crucial to performance improvement; frequent edge creation and

removal should be avoided. Therefore, we apply edge modification only when necessary,

namely,

1. When a state is created or removed: edge maintenance is essential to guarantee that

each state is reachable from principal states;

2. When a state s is promoted: the incoming edge of s should be removed; or

3. When a state s is demoted: a new edge should be added to guarantee that s is still

reachable from a principal state.

In short, edge maintenance is required if any action, except for an update, is taken in a life

cycle of a state.

How to Perform State Maintenance: When a state s is promoted, edge maintenance

can be done by simply removing the existing incoming edge (if any) of s, since we can now

reach s directly as a principal state.

When a state s is demoted, a new edge is required to guarantee the demoted state is still

reachable from some principal state. To avoid extra computation, we simply retrieve the

first marked frame, i′, of the demoted state s and add a new edge (ps, s), where ps is the

principal state created by frame i′.
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Recall that a state s is created only if the object set intersection between some existing

state s′ and the new frame is non-empty. We use ns to denote the principal state that shares

the same object set as the new frame. To provide better pruning power, edge (s′, s) should

be created instead of (ns, s). The intuition behind this is that adding the edge (ns, s) would

result in a ”shallower” graph, where all states can be directly reached from principal states;

but preference should be given to ”deeper” graphs as they would afford us more opportunities

to prune away unnecessary states thanks to the hierarchical structure.

When a state s is removed, its incoming edge (if any) should also be removed. Conse-

quently, the adjacent states of s are no longer reachable. This can be fixed by reconnecting

the adjacent states of s to some existing states. Assume that s′, s′′ are two other states with

edges (s′′, s), (s, s′). Before removing both edges, we check if state s′′ is still valid. If so, we

simply create a new edge (s′′, s′). In this case, state s′ is still reachable from some existing

state s′′ on the graph. Otherwise, we can try to apply this rule recursively, until we find such

a state to connect to or end up with no such state found. In the latter case, we still need to

add state s′ to the graph, which is the same as the demotion case as above.

In summary, we apply the following rules to each state s triggered by actions in the life

cycle:

1. If state s is created by object set intersections between some existing state s′ and a

new frame, we add a new edge(s′, s).

2. If state s is updated, we only update its Marked Frame Set, with no edge modification

performed.

3. If s is removed, we remove its associated edges, and add new edges between some

existing states and s’s adjacent states.

4. If s is promoted, we simply remove its incoming edge.

5. If s is demoted, we find an existing principal state and add an edge between that

principal state and s.
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3.5.4 SSG-CM Algorithm

3.5.4.1 Algorithm Overview

Based on the above rules, we present our algorithm, called the SSG-CM Algorithm (for

SSG Construction and Maintenance), to build and maintain SSG as shown in Algorithm 1.

Similar to the MFS Approach (Section 3.4.3), to guarantee that each state contains a unique

object set, we use a hash table OSSHash to store the mapping between each unique object

set and the state that contains it. Once a new object set has arrived or been created, we first

perform a lookup in OSSHash to determine whether there is already a state with the same

object set (Line 6). Since all states are generated based on principal states, we maintain a

list of principal states in the SSG in the order of the smallest frame number in its Marked

Frame Set and use them as the starting points of the graph visit. For each state s we keep

its adjacent states in a list (denoted as s.next), and the previous state in the graph (denoted

as s.prev).

Algorithm 1: SSG-CM Algorithm

Input: a new frame i, with object set objSet
1 if PSList.size() = w then
2 os← PSList.remove(0);
3 updateEdges(os, null);

4 end
5 // look up the state in the hash table and create one if not exists.;
6 ns← lookupOrCreate(objSet);
7 add and mark frame i in ns;
8 for ps : PSList do
9 visitStates(ps, i, ns, true);

10 end
11 if ns.prev ̸= null then
12 ns.prev.next.remove(ns);
13 ns.prev ← null ;

14 end
15 PSList.add(ns);

When a new frame arrives, we first check if there is any expired frame, and remove all

invalid states (Lines 1-4). Then, starting from each principal state in order, we visit states

in the graph and update or generate states accordingly (Lines 8-10). If a state is promoted
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to a principal state, the existing incoming edge is removed (Lines 11-14).

To provide all satisfied states to the Query Evaluation module, we test whether a state

is satisfied once a state is created or updated. Since it is trivial to add the pseudo-code of

such testing, it is not presented in Algorithm 1 for simplicity. In the algorithm, we utilize

two procedures, visitStates and updateEdges, which are presented in detail in Sections 3.5.4.2

and 3.5.4.3.

3.5.4.2 Visiting States

The visitStates procedure visits all states in the graph, but only computes object set in-

tersections for states that are relevant to the new arriving frame. States could be created,

updated, or removed during this process.

Algorithm 2: visitStates

Input: state s being visited, current frame i, new principal state ps, whether to
compute object set intersections toCompute

1 if s.flag = i then return;
2 s.flag ← i;
3 pruneState(s);
4 if s is invalid then
5 remove s and modify related edges ;
6 else
7 inter ← IDs ∩ IDps;
8 if |inter| > 0 then
9 if |inter| = |IDs| then

10 appendFrameToAllNodes(s, i); return;
11 else
12 s′ ← lookupOrCreate(inter);
13 mergeFrames(s′, s); add frame i in s′;
14 toCompute← true;
15 if s′ is newly created then s.next.add(s′) ;

16 end

17 else
18 compute← false;
19 end

20 end
21 for next : s.next do visitStates(next, i, ps, toCompute) ;

Starting from each principal state, we perform a Depth-First Search on all states in the
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graph by applying Algorithm 2 recursively. We use a Boolean value toCompute to indicate

whether we need to compute the object set intersection for the current state. Note that

since multiple frames may share the same principal state, we use a flag to avoid visiting the

same state more than once (Lines 1-2). For each state s to visit, we first remove expired

frames from its Marked Frame Set, utilizing the pruneState function. If the current state s

is invalid, we remove it and reconnect related edges (Line 5). Otherwise, if the object set

intersection result is non-empty, we look up the state with this intersection in OSSHash,

or create a new state if needed (Line 12). We use s′ to denote the retrieved or new state.

The Marked Frame Set of s′ is updated according to state s (Line 13) (same as Step 2 in

Frame Marking Rules, Section 3.4.3). We create an edge between s and s′ only if state s′ is

newly created (Line 15). The adjacent states of s will be further visited until all states are

processed (Line 18).

We also provide a minor optimization of this procedure. If the object set of the current

state s (IDs) is the same as the intersection result (inter), for any state s′ that is adjacent

to s, the result of object set intersection will always be the same as the object set in s′

(IDs′ ∩ IDps = IDs′). As such, we can simply append the new frame to the MFS of all

adjacent states of s without computing the object set intersections (Line 10). This applies

recursively.

3.5.4.3 Updating Edges

Before updating existing edges, we have to check whether there is an expiring frame. If so, its

associated principal state should be demoted or removed. This is done through Algorithm 3,

which also adopts the DFS algorithm.

The key task of this algorithm is to handle edge modification after some states expire,

starting with the given principal state. If the current state s is invalid, we clean up related

edges and visit its adjacent states recursively (Line 7). Otherwise, we find a principal state

according to the first marked frame in s (Lines 9-10) and update related edges. The removal

of other invalid states is handled by the visitStates procedure.
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Algorithm 3: updateEdges

Input: current state s
1 pruneState(s);
2 if no frame is marked in s then
3 remove s from hash table;
4 if s.prev ̸= null then
5 s.prev.next.remove(s); s.prev ← null;
6 end
7 for next : s.next do updateEdges(next) ;

8 else
9 mark ← the next marked frame in as;

10 as← the principal state created at frame mark;
11 if as ̸= s then
12 remove incoming edges on state s if there is any ;
13 if s is not a principal state then
14 as.next.add(s); s.prev ← as;
15 end

16 end

17 end

3.5.4.4 Complexity Analysis

Suppose the number of frames that share the same object set is λ on average. So for a

given window size w, approximately w
λ
unique object sets are obtained by processing the raw

frames, which result in w
λ
unique principal states, denoted as x = w

λ
. In the worst case, new

states are generated by each existing state and the object set of a newly arriving frame. We

use ax to denote the total number of states corresponding to the x principal states. We have

ax = 2∗ax−1+1, starting with a1 = 1. Thus, the total number of states is ax = 2x−1. Since

each state has at most one incoming edge, the maximum number of edges in an SSG would

be the same as the number of states. Moreover, principal states do not have incoming edges.

Therefore, the total number of edges is 2x − 1− x. The time complexity of the algorithm is

thus O(V + E)=O(2x − 1 + 2x − 1− x) = O(2x), where x = w
λ
.
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3.6 Query Evaluation

3.6.1 The CNFEval Algorithm

For our query evaluation module, any CNF evaluation algorithm can be employed. We

choose to utilize the evaluation algorithm proposed in [150], which will be referred to as

CNFEval.

The CNFEval algorithm evaluates a set of CNF queries that include ∈, /∈ (set member-

ship) predicates. The algorithm first builds an inverted index for the starting set of queries.

The inverted index is dynamically maintained as queries are inserted and/or deleted.

For example, query q1 = age ∈ {2, 3} ∧ (state ∈ {CA} ∨ gender ∈ {F}) specifies a CNF

on name-value pairs. Specifically, this query can be interpreted as follows: the value for

”age” is 2 or 3; the value for ”state” is ”CA”; and the value for ”gender” is ”F”.

An inverted index for q1 containing posting lists is generated. A posting list is a list

of triples that are generated according to query conditions. A triplet is represented as

(qid, p, disjId), where qid is the query id, p is the predicate (∈ or /∈), and disjId is the

disjunction id (starting from 0) of the condition. For example, condition gender ∈ {F} is in

the second disjunction, and thus a triplet (1, ∈, 1) is generated.

For a given set of name-value pairs, the algorithm retrieves posting lists from the inverted

index first. Queries can be answered by ordering and scanning all retrieved posting lists. For

example, given an input {(age, 3), (gender, F )}, two posting lists (1,∈, 0) and (1,∈, 1) are

retrieved. From the two triplets in the lists, we determine that both disjunctions 0 and 1 are

satisfied. Thus, query q1 is evaluated as TRUE. The details of the algorithm are available

elsewhere [150].

3.6.2 CNF Evaluation with Inequality Predicates

The CNFEval algorithm only handles queries containing set predicates. As a result inequality

conditions are not supported naturally. Thus, we propose to build three separate inverted

indexes for the query conditions of the form label θ n (label is used as the key, while n is used

as the value), with an extra column, value, associated to each of the three cases, ≤,≥,=.
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Table 3.1: ≥ Index

Key Value Posting List

Car
2 (2, 0)
3 (2, 1)

Person 2 (2, 1)

Table 3.2: ≤ Index

Key Value Posting
List

Car 5 (2, 2)

Person 3 (2, 0)

Consider a query q2 = (car ≥ 2 ∨ person ≤ 3) ∧ (car ≥ 3 ∨ person ≥ 2) ∧ (car ≤ 5) in our

framework. Tables 3.1 and 3.2 depict the inverted indexes for this query. Since this query

contains both ≥ and ≤ conditions, two inverted indexes are built. Each key in the inverted

list is associated with an ordered list; the ordering takes place by value in descending (if θ

is ≤) or ascending (if θ is ≥) order. Given an input with a set of name-value pairs, posting

lists are retrieved as follows. For each name-value pair, (k, v):

1. Retrieve the ordered list from both tables where key=k.

2. Retrieve posting lists in order where value ≤ v (if θ is ≥) or value ≥ v (if θ is ≤).

We refer to this version of the algorithm, which encompasses our enhancements, as CN-

FEvalE. It is utilized to evaluate queries on the states produced by the State Maintenance

module. The procedure to evaluate queries on video feeds is described as follows:

1. For the given queries, we first build inverted lists.

2. For each state, s, generated by the State Maintenance module:

(a) A set of aggregate values, As, is computed based on the MCOS of state s. Each

aggregate value is represented as (l, v), where l ∈ L is the class label, while v is

the number of objects of class l.

(b) The aggregate value set, As, is utilized as input to CNFEvalE to produce the

results.

(c) If some query q evaluates to TRUE, the frame set of the state, Fs, is produced as

the result.
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3.6.3 Pruning States by Evaluation Results

Query evaluation proceeds on the MCOS of a satisfied and valid state produced by the State

Maintenance module. We make the following observation: if queries evaluate to FALSE on

the MCOS generated by some state s, they will always evaluate to FALSE on every possible

MCOS generated by any state s′ generated from s. This observation is captured by the

following proposition.

Proposition 1. Let s be some state in an SSG, and IDs be the MCOS generated by s. For

each condition c in query q, if c evaluates to FALSE on IDs, then for any state s′ with IDs′,

where IDs′ ⊂ IDs, the condition c will always evaluate to FALSE on IDs′.

If Proposition 1 holds, such states can be safely removed from the graph while guaran-

teeing correctness. Proposition 1 can be satisfied only if θ is ≥. To adopt such a pruning

strategy, for a given set of queries, we test whether they contain ≥ predicates only. If so,

when a new state is created (Figure 3.9), we evaluate the MCOS of that state using the

Query Evaluation module. In this case, we do not wait for the entire Result State Set to

be generated. If all queries evaluate as FALSE, the state will be marked as “terminated”.

Terminated states will no longer be processed, and thus we can reduce the number of states

maintained in the State Maintenance module. This provides additional pruning flexibility

to the State Maintenance module in certain cases.

3.7 Experiments

In this section, we present a thorough experimental evaluation of the two proposed ap-

proaches (Marked Frame Set and Sparse State Graph) on both synthetic and real datasets

and study the tradeoffs between them. We have also evaluated an algorithm based on the

original State Graph presented in Section 3.5.1, but it performs significantly (at least 50%)

worse than MFS and SSG in all cases, and thus is omitted in this section. We first evaluate

the State Maintenance methods proposed in this chapter in Section 3.7.2, and then study

the performance of Query Evaluation in Section 3.7.3.
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Figure 3.10: Varying the Total Number of Frames

Table 3.3: Dataset Statistics

Dataset V1 V2 D1 D2 M1 M2

Frames 1800 1700 1145 1150 1194 750

Objects 84 131 155 117 175 181

Obj/F 4.62 7.54 7.36 9.92 11.83 13.81

Occ/Obj 1.07 1.16 0.60 0.89 2.6 1.07

F/Obj 99.08 97.87 72.43 73.35 80.8 57.47
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Figure 3.11: Varying Duration d
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3.7.1 Settings

Environment. Our experiments are conducted on a machine with one Intel i5-9600K CPU,

one GeForce GTX 1070 GPU and 16 GB RAM. All algorithms are implemented in Java 4

except the object detection and tracking algorithms for which we utilize standard implemen-

tations.

Object Detection and Tracking. We adopt YOLO [122] as the object detection algo-

rithm to identify all objects in videos and Deep SORT [153] as the object tracking algorithm.

For both algorithms, we utilize standard implementation from open-source projects [1, 2].

Note that the object detection and tracking algorithms can be replaced with any other avail-

able algorithms. The main difference between different algorithms is the number of objects

produced in the annotation result. For simplicity, in our experiment, we use the same object

detection algorithm, while the effect of variable objects in each frame is mainly studied by

varying different videos. As a comparison, we also adopt another implementation [3] which

uses MobileNet [66] as the object detection algorithm.

Synthetic Datasets. We use synthetic videos generated by the VisualRoad benchmark

[57], which is proposed to evaluate the performance of video database management systems

(VDBMSs). We select two representative videos provided on the project homepage[4]: rain

with light traffic (V1), and postpluvial with heavy traffic (V2). We also generate videos with

different configurations to study the relationship between the performance and the number

of objects per frame.

Real Datasets. We also evaluate our approach based on four videos from Detrac [107]

and MOT16 datasets [111]. From Detrac, we use MVI 40171 (D1) and MVI 40751 (D2).

From MOT16, we use MOT16-06 (M1) and MOT16-13 (M2). We also evaluated our ap-

proach utilizing large publicly available data sets from Youtube as outlined in Section 3.7.3.

Dataset Statistics. In the rest of this section, we use V1 and V2 to denote two synthetic

videos, while using D1, D2, and M1, M2 to denote four real videos. D1 and D2 are captured

by static cameras, while M1 and M2 are captured by moving cameras. In our experiments,

we only identify objects belonging to one of the following classes: person, car, truck, and

4Code available at https://github.com/yestinchen/cnf_eval
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bus. The statistical information on these videos after applying object detection and tracking

algorithms is summarized in Table 3.3 with default settings. In the table, Frames and Objects

represent the total number of frames and unique objects, respectively; Obj/F represents the

average number of objects per frame; Occ/Obj represents the average number of occlusions

per object; while F/Obj denotes the number of frames that each object appears on average.

3.7.2 State Maintenance

We implement a baseline approach that simply stores the set of frames that each object set

that appears. We first collect all the object sets that satisfy the given occlusion threshold

and then check whether they share the same frame set. If that is the case, according to the

definition of MCOS, we only keep the object set with the maximum size. We refer to this

approach as NAIVE. We also implemented the MFS approach as described in Section 3.4.3,

as well as SSG as presented in Section 3.5.4. All three methods are memory-based, where

a hash table is used to map the object sets to frame sets (NAIVE), or Marked Frame Sets

(MFS), or internal states (SSG). To study the performance of the three methods, we design

experiments to measure only the State Maintenance time.

We vary the window size, w (default value is set to 300 frames), and the occlusion

parameter, d (default value is set to 240 frames). At 30 fps, the default setting aims to

identify objects that appear for at least 8 seconds in a window of 10 seconds. The number of

occlusions per object also varied during experiments. By default we do not vary occlusion;

each video has a number of occlusions per object occurring naturally in each dataset (Table

3.3).

We then vary the number of total frames evaluated on datasets, shown as Figure 3.10.

The performance of all methods demonstrates a similar general trend: when the number

of frames increases, the total time also increases. In all three methods, MCOS’s are gener-

ated based on the object sets; thus the number of distinct object sets can have a profound

impact on the overall performance. As such, even under the same window size and occlu-

sion threshold, their performance on different videos can vary significantly. For example, in

Figure 3.10f, processing the first 450 frames is very expensive, but the total cost does not

increase significantly as the number of frames increases. In contrast, processing the last 194
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Figure 3.12: Varying Window Size w
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Figure 3.14: Varying # Objects with pr

frames is much more costly on video M1 (Figure 3.10e). This is because these frames include

more objects per frame than the average objects per frame in the clip. As a result, these

frames contribute significantly to the number of states created overall and subsequently to

the overall cost.

Both MFS and SSG perform similarly on all videos generated by the VisualRoad bench-

mark. These videos have a smaller number of objects per frame, while the duration for each

object in the visible screen (F/Obj in Table 3.3) is relatively longer than other videos. In

such scenarios, the number of unique states is relatively small, while most states can be

generated directly from principal states. Thus, SSG does not provide significantly better

pruning power than MFS since its graph structure in such cases does not provide a clear

advantage. In contrast, on other datasets (D1 to M2), the performance of SSG is better

than MFS due to the pruning effectiveness attributed to the graph structure. For example,

in Figure 3.10f SSG is around 18% faster than MFS and 12% faster in Figure 3.10d. In

these datasets, the number of objects per frame is much larger (Obj/F in Table 3.3) or the

duration of objects in the visible screen is lower, and thus more states are maintained.

With a window size w = 300 frames, we vary the duration parameter d from 180 to 270

frames, and the results are shown in Figure 3.11. The performance of all methods is relatively

stable since the duration parameter does not affect the number of states maintained. The
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performance gap between MFS and SSG is very narrow on datasets V1 and V2, with a

speedup of 3.1 and 3.3 times respectively over NAIVE. It is a different story on M2 however:

MFS has only a 2.1 times speedup over NAIVE, but SSG can still achieve a speedup of more

than 2.5 times thanks to its pruning power. This is consistent with the trends shown in

previous figures.

We next vary the window size w and fix the duration parameter d = 240 showing the

results as Figure 3.12. All methods require more time to compute as the window size increases

since more states have to be maintained and computed. The NAIVE and MFS methods are

penalized more, since they both have to compute object set intersection between each existing

state and the new arriving frame. As we increase the window size, the trends remain overall

the same. It is interesting to observe how data set characteristics affect performance. For

example, Dataset M1, M2 are captured by moving cameras; this means the duration of each

object in the visible screen (Obj/F in Table 3.3) is smaller and new objects are introduced

frequently to the visible screen, leading to more unique states. By increasing the window size,

SSG benefits most due to its pruning power, which can be observed from Figure 3.12f, where

SSG is almost 50% faster than MFS. Such trends can also be observed on other datasets

(Figures 3.12c, 3.12d, 3.12e).

So far for both real and synthetic datasets we have utilized the intrinsic number of object

occlusions present in them. To introduce more occlusions (and be able to vary them) we

reuse the same object id after an object disappears from the video. Thus, to simulate more

occlusions, we introduce an occlusion parameter, po. Each object id will be reused at most po

times. Figure 3.13 depicts the results, where po varies from 0 to 3. In general, more occlusions

increase the chances that the intersection of object sets between states is non-empty. This

penalizes the overall performance as a larger number of states have to be maintained. Such

trends can be observed for both synthetic and real data sets. Increasing po leads to higher

speedups for both MFS and SSG on all datasets. For example, the speedup of MFS increases

from 2.1 to 2.2 times compare to NAIVE, while the speedup of SSG increases from 2.6 to

2.7 times as po increases from 0 to 3 in Figure 3.13f.

Similarly, we introduce another parameter pr to artificially control and vary the total

number of unique objects in each video. For example, with pr = 0.1, we randomly remove
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(by excluding the associated object id from further processing) 10% objects from the original

video to understand the performance of our methods. The result is shown in Figure 3.14. As

we decrease the number of unique objects on each video, the performance of MFS and SSG

becomes close. On videos where MFS and SSG perform similarly with pr = 0, SSG does not

perform much worse than MFS as pr increases, implying that the edge maintenance cost of

SSG is negligible.

We then vary the score threshold and the object detection model, shown as Figure 3.15.

MobileNet has lower accuracy but a higher speed compared to YOLO. As a result, objects

have a higher chance of being misclassified, thus leading to less detected objects after applying

the object tracking algorithm. Similarly, increasing the score threshold for object detection

algorithm also decreases the number of detected objects in total. Consequently, the overall

performance of state maintenance improves. In all cases, both MFS and SSG still perform

better than NAIVE. Other videos show a similar trend.

In summary, it is evident that both MFS and SSG offer large performance improvements

compared to the NAIVE method. On videos with simple scenes (e.g. less objects, less

occlusions) the performance of MFS is very similar to that of SSG. When the number of

objects per frame is relatively larger and/or the duration of objects in the visible screen is

relatively smaller, SSG has the best performance, up to more than 3 times faster than the

NAIVE method and can be up to 50% faster than MFS. In general, SSG provides better

pruning power than MFS while minimizing maintenance cost. On datasets with more objects

per frame and/or data sets captured by moving cameras (yielding shorter duration of objects
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in the visible screen and increased number of new objects entering the visible screen, thus

more unique states), SSG achieves higher speedups, as is observed from experimental results.

3.7.3 Query Evaluation

Based on State Maintenance methods, we benchmark our Query Evaluation module (Section

3.6.2). We vary the number of queries from 10 to 50, as shown in Figure 3.16. The y-

axis depicts the overall time including both state maintenance and query evaluation. The

performance of each method remains almost the same even when the number of queries

increases. Both MFS and SSG are more than 3.1 times faster than NAIVE in Figure 3.16a,

while MFS performs worse than SSG in Figure 3.16b, with an overall speedup of 2.1. Thus,

it is evident that the overhead of query evaluation on MCOS is negligible compared to that

of state maintenance.

To evaluate the pruning strategy introduced in Section 3.6.3, we implemented five dif-

ferent methods: MFS O and SSG O, which implement the pruning strategy based on MFS

and SSG methods; NAIVE E, MFS E and SSG E, which only follow the CNFEvalE method

proposed in Section 3.6.2. We generate 100 queries containing ≥ conditions only. Let C be

the set containing all conditions from the given queries; we use nmin = min∀c∈C nc to denote

the minimum value in all conditions, where nc is the threshold value in condition c (condi-

tions are of the form x ≥ nc, where x is the object class). We vary nmin from 1 to 9, and

the evaluation result on real datasets is shown in Figure 3.17. As nmin increases, methods

adopting SSG perform better than those adopting MFS in general. For example, in Figure
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Figure 3.17: Varying nmin in ≥ Queries

3.17c, when nmin = 3, SSG O is 6 times faster than NAIVE, while MFS O is only 3 times

faster. Similarly, in Figure 3.17d, when nmin = 5, SSG O is also around 6 times faster than

MFS O compared to NAIVE, where the speedup is more than 9 times. When nmin is large

enough, we observe a significant performance improvement on all methods that adopt the

pruning strategy (MFS O and SSG O). Among them, the SSG O has the best performance

in general. When nmin = 1, methods adopting the pruning strategy are slightly more expen-

sive on some datasets (Figure 3.17a, 3.17b) since more states in the graph are evaluated on

the given queries. We observe that methods based on SSG are always the best compared to

other approaches, while the pruning strategy offers significant improvements on both MFS

and SSG methods. When the pruning strategy is enabled, the optimized approach provides

more than 100 times speedup on real datasets, as is evident in Figure 3.17, when nmin is set

to 9.

We have also evaluated our approach by utilizing numerous videos consisting of a large

number of frames. For example, on a longer video clip consisting of more than 50k frames
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5, the speedup is presented in Figure 3.18. Considering the overhead of state maintenance

only, SSG provides a speedup of 3.2 times compared to the baseline. For the entire query

evaluation, we generate 100 queries containing ≥ conditions only (same as methodology

above), and the optimization offered by SSG provides the highest speedup of over 380 times,

with nmin = 15. Note that the query optimization method based on SSG (SSG O) performs

much faster than that based on MFS (MFS O) thanks to the pruning power of SSG. The

speedup of both methods increases as we increase the value of nmin. These speedups are

consistent with our observations on other large publicly available video feeds 6.

We finally present the performance of the three methods in an end-to-end manner, as

shown in Figure 3.19. We measure the average processing time per query (over 50 queries)

for each dataset (the lower the better), including the object detection and tracking time

(denoted as D&T in the figure). As can be observed, both MFS and SSG have superior

performance, and SSG performs the best overall.

To study the impact of upstream models on the result accuracy, we manually annotate

videos and use that as the ground truth. For comparison, we evaluate the same queries

on both models (YOLO and MobileNet) and compute the precision and recall according

to the windows produced in the result. In general, the implementation with MobileNet is

more than twice faster compared with that with YOLO. However, when both models have

a similar recall, YOLO offers 3 times better precision than MobileNet. We stress that any

5https://www.youtube.com/watch?v=wqctLW0Hb_0

6https://www.youtube.com/watch?v=e_WBuBqS9h8

https://www.youtube.com/watch?v=Inbd-YOdPUE
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model can be adapted to our framework, while more accurate models produce results with

higher accuracy in general.

3.8 Summary

In this chapter, we have considered the problem of evaluating CNF temporal queries over

video feeds. Utilizing DL approaches, it is possible to extract valuable context from frames

and enable advanced query processing. We have introduced the Marked Frame Set and

Sparse State Graph approaches to maintain context that aims to reduce the overhead of

processing new frames and facilitate CNF query evaluation. We demonstrate via exper-

iments that our approaches yield vast performance improvements during query execution

over alternate approaches. In this chapter, we handle uncertainty by applying a cut-off in

the object detection result score. Future work may explore using object detection score as

an uncertainty measure and utilize that during State Maintenance.
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4 Ranked Window Query Retrieval over Video

Repositories

4.1 Introduction

4.1.1 Background and Motivation

In this chapter, we focus on structured query processing involving quantitative constraints

over video repositories. For example, consider a query that aims to identify clips of a set

duration (e.g., 10 seconds) in which at least the same say three cars (possibly each with

query-specified labels such as colors, brand logos, and commercial advertisements) appear

jointly. The query result consists of video clips from the repository, each of which contains at

least one group of objects that satisfy the given query. Since there could be many such video

clips in the result, they have to be ranked according to some scoring function that reflects

how well a video clip matches the query, to reduce the number of video clips returned in the

result.

For example, in news broadcasting, the editorial team is interested to identify historical

footage showing a car with a Coca-Cola sign and a car with a Red-Bull sign appearing jointly

for at least five seconds on a clip. Such queries can be especially useful for retrieving specified

video clips from large video repositories that are commonplace in numerous settings such

as broadcast TV but also surveillance and law enforcement as well as autonomous driving,

where the retrieved clips can be used for content creation and DL model training.

To answer such queries, we assume that a detected object (e.g., a car) can be tracked

across frames, establishing a unique identity (a key in a relational sense) utilizing well-studied

object tracking algorithms [88], which are robust and capable of tracking the same object
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even in the presence of occlusions from other objects [153, 152]. Utilizing such algorithms, we

can pre-process large collections of video data and make them amenable to the interactive

processing of such structured queries. As the query parameters are provided at run-time

(e.g., window size, type, and the number of objects), such queries are challenging to answer

with known indexing methodologies.

4.1.2 Our Proposal

In this chapter, we develop special indexing techniques to efficiently answer such queries over

large video repositories. It is evident that such queries may return a large number of query

results. As such, we develop algorithms to rank query results and efficiently return only a

number of desired results with the highest ranking (scores) as specified by the query. Our

framework supports any monotonic ranking scheme.

We propose a two-phased approach consisting of an ingestion (or pre-processing) phase

during which videos are processed and suitably indexed, and a query phase during which

ranked window queries are executed. Our main contributions are summarized as follows:

• We propose an overall methodology that partitions a video repository and accelerates

query processing for given queries with a two-phase approach.

• We develop a Partition-Based Index Construction (PBIC) algorithm, which partitions

a given video repository into fixed-size clips and builds indexes called Score Ordered

Prefix Forests (SOPF), which provides efficient object set (for objects identified in the

query) computation.

• We design the Partition-Based Query Processing (PBQP) algorithm to evaluate queries

efficiently with an early-stopping mechanism, prioritizing windows based on score es-

timation.

• We perform thorough experiments using real-world datasets, which demonstrate that

for real videos, our method can achieve speedups up to more than three orders of

magnitude compared to baseline methods.
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) as score FROM V
ORDER BY score

FETCH FIRST 1 ROWS ONLY

SELECT

OVER(
SCORE_EVAL(fid, 'car'>=2)

ORDER BY fid
RANGE BETWEEN INTERVAL 10 SECONDS
PRECEDING AND CURRENT ROW

window specification

top-k ranking

score evaluation

fields selection

filter condition

(k)

(w)

(num)(l)

DISTINCT fid as window_end ,

Figure 4.1: A Query Example

4.2 Problem Definition

We consider the video repository, R, as a set of videos. Each video in the repository, V ∈ R,

is a bounded frame sequence, V = ⟨f0, . . . , fi, . . . , fN−1⟩, where N is the number of frames

in video V . With object detection and tracking algorithms, we can obtain a set of objects

from each frame. We use Ofi to denote the set of objects that appear in frame fi, and use

O to denote the set of all objects that appear in the video, V , i.e. O =
⋃

fi∈V Ofi .

Each object o ∈ O is associated with a set of attributes, which are derived utilizing object

detection algorithms and other applicable DL models (texture, color detection, etc.). We

use labels to denote such attributes and assume each object is associated with one or more

labels, and these labels do not change throughout the whole video. Moreover, an object

is assigned a tracking identifier when it is first detected and this identifier is persistent for

the duration of the appearance of the object in consecutive frames (possibly accounting for

object occlusions as well if supported by the object detection/tracking algorithms [152, 153]).

Using such an identifier, an object can be tracked across different frames of the video.

Figure 4.1 illustrates the general query form. V is the video source, while fid is a frame

identifier in the video. The SQL statement consists of three main clauses: (1) the select

clause, which selects both the start frame of the window (the window end field) and the

score computed on each window (the score field); (2) the window clause, which specifies a

window type (e.g., sliding, tumbling) and size, w (In this example, a sliding window of length

10 seconds is specified, which can be easily transformed to the number of frames according to

the video’s frame rate, e.g., 30 frames/second); (3) the rank clause, which sorts all windows
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according to their scores in descending order, and selects a query-specified number (k) of

results (k is 1 in this case) with the highest scores only.

In the select clause, SCORE EVAL is a user-defined scoring function, which computes

a score value for each window identified by a frame id and the size of the window. The

function accepts two parameters: the starting frame of the current window, f , and a filter

condition, which is written in Conjunctive Normal Form (e.g., count({‘car’, ‘red’}) ≥ 2∧

count({‘person’}) ≥ 1 in Figure 4.1, which specifies at least two red cars and one person

appear jointly). In this chapter, we present our algorithms and techniques for the evalua-

tion of conditions with greater than or equal to (≥) operator to simplify the presentation;

other operators (such as = and ≤) can be supported similarly. Since we target long video

sequences with our techniques, without loss of generality and to ease exposition we develop

our framework for executing queries on a single long video sequence. Notice that multiple

videos in a repository can be processed in the same way7.

At query time, three parameters need to be specified, namely k, the number of results to

produce; w, the size of each window; and cond, the filter condition in Conjunctive Normal

Form (highlighted in Figure 4.1). We use OW to denote the set of unique objects in the

current window W (i.e. OW = {o|∃fi ∈ W, o ∈ Ofi}). Note that an object can appear across

multiple frames and it is assigned the same tracking identifier. Thus, the set of unique

objects in the window is computed utilizing the tracking identifiers of the objects present

in the window. The object set O is going to be considered for evaluating the score of the

window W , only if the object set O satisfies the filter condition (i.e. eval(O, cond) is TRUE,

where eval is the evaluation function). In our example, the filter condition evaluates to

TRUE for all object sets that contain at least two objects with both labels red and car

and one object with label person. Only those windows with at least two red cars and one

person appearing will be considered during ranking. The score of a window W is computed

as the maximum score that could be produced by any object set that satisfies the given filter

condition, specifically, the score of window W is subsequently computed as:

7E.g., by encoding all videos in a repository as a long sequence and annotating each frame with the video
it belongs to, or by processing each video separately utilizing our techniques.
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S(W ) = max
{O|O⊆OW∧eval(O,cond)}

S(O,W ) (4.1)

In the equation above, S(O,W ) is the score of object set, O, in the current window, W ,

defined as:

S(O,W ) =
∑
fi∈W

s(O,Ofi), (4.2)

where s(O,Ofi) is a base scoring function that produces the score of object set O in a given

frame fi. Any monotonic function that satisfies the following condition can be used:

∀O′ ⊂ O, s(O′, Ofi) ≥ s(O,Ofi) (4.3)

In general, the scoring function should reflect how important the object is in the window

(e.g., the duration of the object in the current window). In this paper, we adopt a simple

scoring function that computes the score of an object set, O, based on whether all objects

in O are present in the given frame fi, defined as:

s(O,Ofi) =

1 O ⊆ Ofi

0 O ̸⊆ Ofi

(4.4)

A ranked window query is formally defined as follows.

Definition 5 (Ranked Window Query). Given a video V , and a query with parameters k,

w, cond, we use W to represent all the possible windows with size w generated on video V .

The result of the query is a ranked list of k windows, Result = (W1, . . . ,Wi, . . . ,Wk), where

∀Wi ∈ Result, S(Wi) ≥ S(Wi+1) and ∀Wj ∈ W \ Result, S(Wj) ≤ S(Wk), with S(Wi)

defined as per Equation (4.1).

In this paper, we focus on sliding window semantics where a new window is generated

for each frame. Other window semantics can be supported trivially. In the highest-ranked

results, ties are broken arbitrarily. For queries that are issued on multiple videos R′ ⊆ R

in the video repository, we can treat multiple videos as a long video, V ′ = ∪V ∈R′V , and

evaluate the query over the long video V ′ only.
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4.3 Overview of the Approach

We propose a two-phased approach, consisting of an Ingestion Phase and a Query Phase,

shown in Figure 4.2. The general idea is to materialize intermediate data representations

(including indexes and associated metadata) during the ingestion phase and utilize such data

representations subsequently for fast query answering.

Video

partition

Partition-Based 
Index

construct

Query

Partition-Based
Query Processing

Result

Ingestion Phase (offline) Query Phase (online)

Clip0

Clipi

Clipn

...

...

P0

...

Pi

...

Pn

PG0

PGj

PGm

...

...

Figure 4.2: Overview of Top-k Window Query Processing

The ingestion phase takes place offline, during which videos are pre-processed into non-

overlapping partitions (frame sequences or clips) of a given size. For each partition, we

build a Partition-Based Index (PBI), which is then materialized along with the associated

metadata. The main idea is to pre-compute the occurrence of all possible object sets in each

partition and use them to accelerate query answering. Since the PBI index is a localized

structure built for each partition, its incremental updates can be performed easily. For

example, new videos can be added in two steps: (1) generating partitions based on the new

video, and (2) building a PBI index for each generated partition.

Query processing takes place during the query phase, which is handled by the Partition-

Based Query Processing (PBQP) algorithm. In a nutshell, the PBQP algorithm first retrieves

relevant object sets from each PBI that satisfy the given query condition and then constructs

candidate windows by merging partitions on the fly via a mechanism called Partition Groups

(PG), which are then processed to produce the final result. Such processing is prioritized by

the estimated scores of the object sets, and we introduce an early-stopping mechanism to

terminate the algorithm once the top-k windows with the highest scores are guaranteed to
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be found.

In the next section, we present our index structure (PBI) in detail. Based on such indexes,

in Section 4.5 we present the PBQP algorithm to answer queries efficiently.

4.4 Partition-Based Index

The main objective of the ingestion phase is to pre-compute and materialize sufficient data

for query answering. This is challenging since: (1) both the window size w and the filter

conditions are only available at query time; such information cannot be utilized during

ingestion phase. It is infeasible to enumerate all possible window sizes and filter conditions;

(2) the index structure should support incremental updates to the video repository such as

adding or removing videos, or restricted query scope of videos (i.e., querying on a subset

of videos in the repository). We propose to split videos into smaller partitions, where each

partition has a fixed size of p frames. The index structure is built for each partition, and

the final results for a given query can be computed based on the materialized index across

multiple partitions during query processing.

During ingestion, once a partition is created, all objects and their labels are obtained

utilizing object detection/tracking algorithms. To capture the co-occurrence relationships of

objects, we use object sets to store objects together and use a set of frames in the partition

to denote the frames where all objects in the set appear jointly. We use OP to denote the set

of unique objects obtained from the frames in the partition P . The general idea is to pre-

compute object sets O ⊆ OP along with their scores in each partition, and materialize them

for query processing. By materializing sufficient information for each object set, answers to

given queries can be constructed based on object sets from one or more partitions.

A straightforward approach to compute all possible object sets and their scores is to

intersect all object sets across frames. For example, Figure 4.3a presents a video clip with

three frames, where each set corresponds to a frame, and each letter represents a unique

object, recognized using the same identifier provided by the object tracking algorithm. By

intersecting the first and second frames, an object set {C} is produced, and its score can

be computed based on Equation 4.2. All unique object sets with different scores are shown
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Figure 4.3: Score Ordered Prefix Tree (SOPT): an Example

in Figure 4.3b. However, this could be very expensive, especially when the partition size is

large.

We propose to build a Score Ordered Prefix Forest (SOPF) in each partition. Specifically,

we build tree indexes, where each node in the tree represents one object set appearing in

the partition. To provide sufficient data for fast window score computation across multiple

partitions, each node also includes an interval list (containing all frames in the partition),

and a bitmap representation. We also build hash indexes based on labels to allow fast node

retrieval based on given filter conditions. In Section 4.4.1, we discuss first the main structure

of the index. We then present the PBIC (Partition-Based Index Construction) algorithm to

construct the index in Section 4.4.2, while introducing the bitmap and hash index in Section

4.4.3.

4.4.1 Score Ordered Prefix Forest

The main objective of Score Ordered Prefix Forest is to capture all possible object set

combinations along with their scores inside each partition. We propose the use of prefix

trees (tries) [45] to reduce both computational and memory costs during index construction.

Tries have been successful in encoding correlations across strings or lists with tree paths.

Since we require nodes in the prefix trees to be sorted, namely object sets with higher scores

should be placed closer to the top of the prefix trees, we construct a Score Ordered Prefix

Tree (SOPT) as shown in Figure 4.3c (see Section 4.4.2 for the precise algorithm).

Definition 6 (Score Ordered Prefix Tree (SOPT)). A Score Ordered Prefix Tree, T =

(E,V), is a prefix tree, where E is the set of edges, while V is the set of nodes. We use

vr ∈ V to denote the root of the tree. For any node vi ∈ V, we use Pvr,vi to denote the path

from node vr to vi, and use Ovr,vi to denote the object set represented by Pvr,vi. We refer to
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the object set Ovr,vi as the object set of node vi. Each vi contains at least two fields: keyvi,

which represents the object in the current node, and scorevi, which represents the score of

the object set Ovr,vi. The following properties hold:

1. For any edge (vi, vj) ∈ E, we have Ovr,vj = Ovr,vi ∪ {keyvj}, and scorevi ≥ scorevj .

2. For any two nodes vi, vj ∈ V, Ovr,vi ̸= Ovr,vj .

In Definition 6, property (1) guarantees that all nodes in the tree are sorted according

to scores, while property (2) aims to eliminate redundant nodes such that the total number

of nodes can be minimized. In Figure 4.3 and the rest of the chapter, we use the object

tracking identifier associated with the object of the node as the key for each node.

For a specific partition, the object with the maximum score should be selected for the

root node. In many cases, it is infeasible to cover all object sets in a partition using one

tree. For example, If we add another frame, f3 : {D,E}, to the frames in Figure 4.3a, it is

not possible to build a single tree that includes all objects. As such, we propose to build a

Score Ordered Prefix Forest for each partition, defined as follows.

Definition 7 (Score Ordered Prefix Forest (SOPF)). A Score Ordered Prefix Forest G is

a set of independent trees, where each tree Ti ∈ G is a Score Ordered Prefix Tree.

4.4.2 The PBIC Algorithm

Let OP be the object set constructed from the current partition, P . For any two object

sets Oi, Oj ⊆ OP , where Oj ⊂ Oi, according to Equations(4.2) and (4.3) in Section 4.2, we

have S(Oi, P ) ≥ S(Oj, P ), where the partition P is treated as a window of size p. As a

result, if we add new objects to an object set Oi, the new object set Oj will have the same

or lower score. Based on this observation, we can always start with one object which has

the maximum score in the partition as the root of a SOPT and build the tree recursively by

adding another object that has the maximum score among all the remaining objects. We

propose Algorithm 4 to construct SOPF.

We first select the root. We use objSet to store the object set of the current node

being built, which is initialized as empty (Line 1). fList is the current frame list, which is
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Algorithm 4: PBIC

1 objSet← ∅;
2 fList← the raw frame list in this partition;
3 countMap← compute the map containing all (object, frame count) entries based on

fList;
4 allCountMaps← {countMap} // a set of maps ;
5 rootList← [];
6 while countMap.size() > 0 do
7 e← remove the entry with the max count in countMap;
8 objSet← objSet ∪ {e.obj};
9 score← compute the score for objSet;

10 node← (e.obj, score);
11 fList′ ← filter fList according to e.obj;
12 buildNext(node, allCountMaps, fList′,countMap, objSet);
13 objSet← objSet \ {e.obj};
14 rootList.add(node);

15 end

initialized as the list of all frames in this partition (Line 2). For each unique object appearing

in the partition, we compute the number of times it appears in fList. We use countMap to

store the association between the objects and their numbers of occurrences in fList (Line

3). The main idea of the algorithm is to iteratively remove the most frequent object from

countMap and use it to initialize the root (Lines 7-10). Then we compute the list of all

frames in which the object at the root appears (fList′, Line 11) and call function buildNext

(detailed in Algorithm 5) to build the remainder of the tree utilizing fList′ (Line 12).

Function buildNext works in a similar fashion (shown in Algorithm 5). It utilizes fList′

and recursively identifies the most frequent object associated with the node being built when

buildNext is invoked (Lines 4-9), while refining fList′ (Line 10). It utilizes the frequent

objects at each iteration to build children of the root, operating recursively (Line 12).

With these algorithms, we can prove the following theorem.

Theorem 2. For each tree in the SOPF constructed by Algorithms 4 and 5, both properties

of SOPT hold.

Proof 2. Property (1) follows immediately from Equations (4.2) and (4.3). We now prove that

property (2) holds by contradiction. Assume that the procedure violates property (2), for some two

nodes vi, vj ∈ T, we have Ovr,vi = Ovr,vj . Then both nodes are in the same level of the tree, and
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Algorithm 5: buildNext(pNode, allCountMaps, fList, countMap, objSet)

Input: parent node, pNode; a list containing all count maps from previous levels,
allCountMaps; the object-count map from the previous level, countMap;
the filtered frame list, fList; current object set, objSet;

1 newCountMap← all objects in countMap and their frame count based on fList;
2 allCountMaps← allCountMaps ∪ {newCountMap};
3 while newCountMap.size() > 0 do
4 e← remove the entry with the max count in newCountMap;
5 for map in allCountMaps do
6 if map.get(e.obj) = e.count then map.remove(e.obj) ;
7 end
8 objSet← objSet ∪ {e.obj};
9 score← compute score for objSet;

10 node← (e.obj, score);
11 fList′ ← filter fList according to e.obj;
12 pNode.addNext(node);
13 buildNext(node, allCountMaps, fList′, newCountMap,objSet);
14 objSet← objSet \ {e.obj};
15 end
16 allCountMaps← allCountMaps \ {newCountMap};

scorevi = scorevj . We use X and Y to denote two objects that are generated in different order

in Ovr,vi and Ovr,vj respectively. We use nodevxi and nodevyi to denote two nodes on path, Pvr,vi,

where keyvxi = X, keyvyi = Y . Similarly, we use nodevxj and nodevyj to denote two nodes on path,

Pvr,vj , where keyvxj = X and keyvyj = Y . Then we have nodexxi ≺ nodevyi, and nodevyj ≺ nodevxj .

Assume that nodevxi is generated first, then scorevxi ≥ scorevyi. Once nodevxi is generated,

according to the algorithm, object X will be removed from count maps; thus it’s impossible to

generate nodevxj which is a contradiction.

We demonstrate the procedure via the following example.

Example 4. Let us build the SOPF for a partition containing three frames: {A,B,C},

{B,C}, and {A,C}. Figure 4.4 depicts this process. We highlight selected objects and newly

created nodes in shade. We first compute the object-count map for level 1, shown in Figure a.

The object with the max count is C; thus we choose C as the key for the root node and remove

(C,3) from the level 1 count map.

Based on (C,3), we compute the level 2 count map, shown in Figure b. Since all frames

contain object C, the level 2 count map is the same as level 1. Both objects A and B have
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Figure 4.4: An Example of Building SOPF

the same count value; so we use lexicographic order to break the tie, and object A with count

2 is chosen as the next node. The corresponding object-count pair is then removed from both

level 1 and level 2 count maps.

Similarly, we select the node (B,1) in Figure c. Since the level 3 count map is empty, we

move back to the previous node and select (B,2) as the next node after (C,3) in Figure (d).

The algorithm stops when all count maps are empty.

In the above example, one SOPT is sufficient to represent all object sets in the partition.

In other cases where one SOPT cannot cover all objects, the level 1 count map will not be

empty; thus such building procedures can be applied recursively until all remaining object-

count pairs are processed.

4.4.3 Bitmap Encoding and Hash Index

Although SOPF stores all object sets and scores in a compact manner, random access to any

object set is still inefficient; we have to start the search process from the root node every

time. Instead of using the SOPF directly, we augment the data representation with bitmap

and hash indexes in SOPF to support random access.

We utilize bitmaps to encode the object set corresponding to each node. We first identify

all unique objects (based on the tracking identifiers) with the label l (where l is the label of

the object the current index of the partition is built for) within the partition and impose a
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Figure 4.5: An Example Using Hash Index and Bitmap

total ordering by sorting them based on their tracking identifier. The bitmap for each node

is initialized by representing the object at the node with a bit in the total object ordering

(Figure 4.5a). Starting from the root node, we set the bit associated with the object (tracking

identifier) in that node. All the bitmaps of the remaining nodes are computed by bit-wise

“or” between the bitmap of the previous node (the parent in the tree) and the bitmap

generated by the object (tracking identifier) in the current node (e.g., Figure 4.5c, which is

generated from Figure 4.5b).

We adopt a hash index to facilitate efficient node lookups given an object. We use an

individual object tracking identifier for each node in SOPF as the hash key. Based on this

idea, we build the hash index between each object and all nodes containing the object,

shown as Figure 4.5d. Both the bitmap representation and the hash index can be built

based on a single pass of the SOPF. The SOPF is discarded once the bitmap and hash index

is constructed.

After generating all bitmaps and the hash index, all nodes are sorted according to the

bitmap cardinality (i.e., number of bits set to 1) in each node in descending order, breaking

ties using the score. For each partition Pi, we materialize the nodes in sorted order and we

refer to the materialized node list of the partition as its node list, VPi
. We also materialize

the hash index for each partition, HPi
. To provide sufficient information while enumerating

windows during query processing (see Section 4.5.3), we store for each node an interval list,
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which contains the identifiers of all the frames in which the object set appears when building

the index.

We also materialize additional information (Figure 4.6), for each partition Pi, including

(a) the sorted (by tracking identifier) object list, LO
Pi
, which will be used to reconstruct the

object set from bitmaps (see Section 4.5.3); and (b) the hash index built on labels, which

will be used to early-prune unrelated partitions (see Section 4.5.2). In the label index, we

store a bitmap mask for each label (where each bit is set to 1 if the corresponding object

has that label , and the object list, with the hash index built in Figure 4.5d.

4.4.4 Complexity Analysis

To understand the time required to construct the SOPF we provide an analysis of the number

of nodes that can be generated in the forest. Let the maximum number of objects per frame

be m, and the number of unique frames (frames with unique object sets) be p′. Assume that

we already have a SOPF for p′ − 1 frames, which consists of ap′−1 nodes. Two cases arise

when the p′th frame is added to the SOPF (assume that we obtain the new SOPF based on

the existing SOPF consisting of p′ − 1 frames):

1. The p′th frame shares no object with the existing SOPF. In this case, the new SOPF

is simply the old one plus the new nodes, one for each object in the p′th frame; we

have ap′ = ap′−1 +m.

2. The p′th frame shares some objects with the existing SOPF. In this case, two types

of nodes are generated: (a) Nodes representing the current frame, which generates at

most m new nodes; (b) For each object that appears in both the p′th frame and any

of the previous p′ − 1 frames, at most one new node will be created. This is because
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Figure 4.7: Different Windows with Fixed Size w

we generate nodes based on the object set scores, and with a new frame added, in the

worst case we cannot update any node on the previous forest directly (i.e., the object

sets of nodes from the previous forest are not subsets of the object set from the p′th

frame); as a result, a new node with a new score will be created. In this case, m new

nodes will be generated. Thus, we have ap′ = ap′−1 + 2m.

To summarize, the number of nodes in the SOPF that is built from p′ frames is 2mp′ in

the worst case. In practice, we expect the number of unique frames to be much less than

the number of frames in each partition, i.e. p′ ≪ p. In practice, we expect the number of

unique frames to be much less than the number of frames in each partition, i.e. p′ ≪ p.

4.5 Query Processing

4.5.1 Overview

A brute-force approach is to first compute and then rank the score of each window that

satisfies the filter condition. For a given query defined over a window size w, the score of

each window can be computed based on the PBI indexes of the partitions the query encloses.

We use λ to denote the number of partitions involved in each window; then the lower bound

λl and upper bound λu of λ can be computed as follows:

λl = ⌈
w

p
⌉, λu = ⌈w − 1

p
⌉+ 1 (4.5)

where p is the size of each partition. Thus, the score computation for an arbitrary window

requires at most λu partitions. For example, in Figure 4.7, W1,W2 are two windows with

λ = λl, while Wi depicts the case where λ = λu.

For long videos, computing scores for each window can be extremely costly since the
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same partitions could be involved in multiple windows. We, therefore, seek to develop

an algorithm capable of computing the result without actually computing the scores of

all windows involved. We introduce the notion of Partition Groups based on equal-sized

grouping of the partitions to facilitate query processing. Each Partition Group contains pg

number of partitions, where pg ≥ λu, to guarantee that all windows of interest to a query are

covered by at least one Partition Group. Since a partition is the smallest unit of indexing

for PBI (i.e., no further details are available beyond the partition-level information) and

windows sharing the same Partition Group (i.e., enclosing the same partitions) share the

same estimated score, we provide score estimation for Partition Groups instead of individual

windows. We further divide the query processing into two main steps: (1) we produce

an estimated score for each Partition Group, and prioritize Partition Groups utilizing the

estimated score; (2) for a given Partition Group, we compute all the window scores enclosed

in it and introduce an early-stopping mechanism by prioritizing nodes with the highest score

retrieved from the PBI indexes.

In the next section, we first discuss how to estimate the score for each Partition Group,

and then introduce the window score computation in each Partition Group, along with an

example in Section 4.5.3.

4.5.2 The PBQP Algorithm

We present the Partition-Based Query Processing (PBQP) algorithm to estimate scores for

all Partition Groups and iteratively process the one with the next highest score. We discuss

score estimation in Section 4.5.2.1, and present the algorithm in Section 4.5.2.2.

4.5.2.1 Score Estimation

We useGi to denote a Partition Group starting from partition Pi, (i.e., Gi = {Pi, . . . , Pi+pg−1}),

and use CPi
to denote the underlying video clip (sequence of frame identifiers) that consti-

tutes partition Pi. Since each window only involves at most λu partitions, we use CP
i to

denote the set of adjacent λu partitions starting from Pi (i.e., CP
i = {Pi, . . . , Pi+λu−1}).

Roughly speaking, a Partition Group consists of a larger or equal number of partitions than
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a window. That is, in each Gi, there are at most pg−λu+1 different subsequences (adjacent

partitions) with size λu. When pg = λu, we have CP
i = Gi.

We useWCP
i
to denote the set of windows that enclose the partitions CP

i (i.e., ∀W ∈ WCP
i
,

all frame ids in W are in ∪P∈CP
i
P ). It is easy to show that the maximum score of any

window in WCP
i
is upper-bounded by the sum of the maximum score we could derive from

each partition this window encloses, i.e.,

max
W∈W

CP
i

S(W ) ≤
∑

0≤j<λu

maxScore(Pi+j, cond) (4.6)

where maxScore(P , cond) represents the maximum node score that could be produced from

partition P . It is computed as the highest score among all nodes in VP with object sets

satisfying cond in partition P , formally (where Ov and scorev denote the object set and the

score of node v respectively, as per Definition 6):

maxScore(P, num) = max
{v|v∈VP∧eval(Ov ,cond)}

scorev (4.7)

Based on Equation (4.6), we choose to use the sum of all maximum scores produced

by Equation (4.7) from each partition as a proxy to estimate the score upper bound of

windows in WCP
i
. That is, S̃(CP

i ), the estimated score upper bound for windows WCP
i
, can

be computed by

S̃(CP
i ) =

∑
0≤j<λu

maxScore(Pi+j, cond) (4.8)

The score upper bound S̃(Gi) of all windows enclosed in Partition Group Gi (which we call

the estimated score of Gi for simplicity) can be estimated as follows:

S̃(Gi) = max
0≤j<pg−λu+1

S̃(CP
i+j) (4.9)

4.5.2.2 The Algorithm

The PBQP algorithm is shown in Algorithm 6. For the given list of partitions, the first step

is to tag those partitions that are guaranteed not to be included in the final query result as
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inactive, so that they will be simply ignored when we process each Partition Group, leading

to cost savings. This can be achieved utilizing the label index (Figure 4.6 (b)) in each

partition. Specifically, we retrieve the bitmap masks for labels in the filter condition and use

them to evaluate the condition result (by counting whether the number of bits set satisfies

the given value in the filter condition). As such, partitions for which the label masks do not

satisfy the filter conditions are tagged inactive; all other partitions are tagged active (Line

1). Partition Groups are then created on all partitions in partitions using a preset pg value

(Line 2) in a sliding-window fashion (e.g., every partition serves as the starting point of one

Partition Group when pg = λu).

Algorithm 6: PBQP

Input: list of partitions partitions; partition size p; window size w; number of
results k; filter condition cond; number of partitions in each Partition
Groups pg;

Output: the list of windows with the highest score;
1 tag partitions (active/inactive) using metadata and num;
2 G ← create Partition Groups based on partitions and pg;
3 res← [] // the list of windows with the highest scores ;

4 estimate the score S̃(G) for each G ∈ G;
5 priorityQG← build a priority queue for G ;
6 while maxScore(priorityQG) ≤ res.min ∧ maxScore(priorityQG) > 0 ∧ res.min

< w do
7 G← dequeue the Partition Group with the highest score from priorityQG;
8 pauseScore← the current highest score in priorityQG;

9 processPG(PG, pauseScore, res) // S̃(G) and res will be updated ;
10 enqueue G to priorityQG;

11 end
12 return res;

Next, we build a priority queue of Partition Groups with scores estimated as per Equa-

tion (4.9) for subsequent iterative processing (Lines 4-5). The score estimation of each

partition is initialized as follows: (1) we retrieve nodes indexed by at least one label in the

filter condition, and denote them as candidate nodes; (2) sort the candidate nodes according

to their score and use the max score as the estimated score.

Utilizing the priority queue, we iteratively process the Partition Groups. At each step,

we dequeue the Partition Group with the highest estimated score at the head of the priority
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queue for processing. This process terminates when the upper bound on the score of the

remaining Partition Groups in the queue are less than or equal to the minimum score in the

current result (Line 6). Result candidates are computed and updated when processing each

Partition Group, which is conducted by processPG (detailed in Section 4.5.3).

The estimated score forG is updated after it is processed (Line 9). Whenever there is such

an update, we will check if this new score is still greater than or equal to that for the Partition

Group currently at the head of the queue. If this is not true (i.e, S̃(G) < pauseScore, Lines

8-9), we pause the processing of G, store any intermediate results, and enqueue G back to

the priority queue and continue with the current head of the queue. The processing of G

may resume from where it left off if it becomes the head of the queue again. Thus, we always

work on the most promising Partition Group, shifting to another whenever necessary.

4.5.3 The processPG Algorithm

4.5.3.1 The Main Idea

The processPG algorithm computes the actual score of each window enclosed in the given

Partition Group and updates the result set along the way. The general idea is to always

work on the node with the highest score in the partition.

When processing node v from partition P , we compute the score of its object set along

with that for all its possible subsets, which requires both node retrieval and object set

intersections between v and nodes from other partitions. For each object o ∈ Ov, we use

o as the key to retrieve nodes containing this object from other partitions in G utilizing

their hash indexes HP ′ , where P ′ ∈ G,P ′ ̸= P . For each retrieved node, v′, by computing

the intersection between Ov and Ov′ , we can obtain all possible object sets along with their

associated interval lists (maintained in each node), based on which the window scores can

be computed. Leveraging the bitmap in each node, object set intersections can be computed

efficiently. We also introduce an early-stopping mechanism to terminate the algorithm early

once the rank results are finalized.
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4.5.3.2 The Algorithm

We now present the complete algorithm for computing all the window scores in a given

Partition Group, shown in Algorithm 7. To always work on the most promising Partition

Group, the processPG algorithm could stop on a Partition Group once its estimated score

is lower than that of some other Partition Group. We introduce a parameter pauseScore to

stop processing once the estimated score of the current Partition Group is lower than the

pauseScore. The algorithm accepts three parameters: the current Partition Group, referred

to as G; the threshold score to pause the processing of this Partition Group, pauseScore;

and the list of windows with highest scores, res.

We use a priority queue to drive the processing of partitions in each Partition Group

(Line 1). During processing, we use es to record the estimated score (based on Equation

(4.9)) for the current Partition Group, and update its value if necessary after a node is

processed. When es becomes less than the threshold pauseScore or less than the smallest

score in the current result res, this algorithm processPG stops (Line 2). Otherwise, we choose

the partition with the highest score to process (Line 3) and start with the next unprocessed

node with the highest score in that partition, denoted as node (Line 4). We retrieve nodes

utilizing the label index (Figure 4.6b) to reduce the number of nodes processed and visit

them according to their scores in descending order to enable early stopping.

We first test whether the bitmap produced by the retrieved node satisfies the given filter

condition (by computing bitwise ‘and’ with corresponding label masks within its partition),

and skip the node if the condition is not met (Line 5). Nodes from other partitions are

retrieved utilizing hash indexes (Lines 7-10). Bitmap intersections are carried out between

different nodes to identify the intersection of their object sets (Line 16). Since the bitmap

for a node encodes only the objects at that node, we transform such local bitmaps to a global

bitmap with each bit representing a distinct object in the Partition Group, before computing

the intersections (Lines 11 and 15).

We use GOSI to denote the generated object sets from the above steps plus the interval

list produced by each node (Line 18) (the list of frames in which the object set appears).

For each unique object set O in GOSI, the complete list containing all frames in which O
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Algorithm 7: processPG(PG, pauseScore, res)

Input: the Partition Group to be processed, G; the score threshold, pauseScore;
the current list of windows with highest scores, res; the processed set of
bitmaps, pBitMaps;

1 PQ← the priority queue containing all partitions in G;
2 while es ≥ pauseScore ∧ es ≥ res.min do
3 partition← dequeue the partition from PQ;
4 node← the next node with the max score in partition;
5 if eval(node.bitmap, cond) then
6 objSet← retrieve the object set of node;
7 retrievedNodes← ∅;
8 for obj : objSet do
9 retrieve nodes indexed by obj from other partitions;

10 add to retrievedNodes;

11 end
12 bitmap← compute the global bitmap from node;
13 GOSI ← []; // Generated Object Sets and Intervals
14 GOSI.add(bitmap, node.intervals);
15 for rNode : retrievedNodes do
16 bitmap′ ← compute the global bitmap from rNode;
17 bitmapR← bitmap′&bitmap;
18 if bitmapR /∈ pBitMaps ∧eval(bitmapR, cond) then
19 GOSI.add(bitmapR, rNode.intervals);

20 end
21 cResults← compute the complete interval list for each unique object set in

GOSI;
22 update res according to cResults;

23 end
24 update the score of partition to the next max score among unprocessed nodes;
25 update processedBitmaps, es; enqueue partition to PQ;

26 end
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Figure 4.8: An Example of Window Score Computation in a Partition Group

appears in the current Partition Group can be obtained by scanning the GOSI list (Line

19). Window scores are computed trivially and res is updated (Line 20). Both the score of

the current partition (Line 21) and the estimated score of this Partition Group are updated

(Line 22).

4.5.3.3 An Example

We illustrate how processPG works using an example. To make our discussion more focused,

we assume that we finish processing the Partition Group in one shot without pausing caused

by conditions in Line 2 in Algorithm 7.

Example 5. Figure 4.8a shows a Partition Group consisting of 3 partitions. To provide

better readability, we show the SOPF structure for each partition and omit the hash index.

Each node contains four fields: the object (key), the score, the bitmap, and an interval list of

frame identifiers. The frames are depicted on the left side of each partition. For simplicity,
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we assume the index is built on a single label l, with the filter condition queries the same

label: count({l}) ≥ num, where l is the label and num = 2, and we set k = 1 and w = 6. We

maintain for this Partition Group a Global Object List (GOL) with each object corresponding

to a bit in the global bitmap. In the example, the GOL is ⟨A,B,C,D⟩.

As the filter condition num = 2, all nodes with bitmap cardinality < 2 are skipped since

they do not meet the filter condition (shaded nodes in Figure 4.8a). We select the max

score over all unprocessed nodes in each partition as the estimated score for that partition.

Initially, all partitions (P0, P1, and P2) happen to have the same score, 2. Ties are broken

arbitrarily; assume that we start with P1 and choose to process node (A,2) (as (D,2) has the

same score). The following actions are performed (Figure 4.8b, Step 1):

1. Retrieve the object set represented by node (A,2): {A,B}. Use each object as the key to

retrieve all nodes containing this object using the hash index from other partitions in

this Partition Group. The retrieved nodes are shown in the “Retrieved Nodes” column.

2. Transform local bitmaps to the global bitmap for each node (highlighted in each node in

the figure).

3. Compute the bit-wise “and” between the bitmap of node (A,2) (from P1) and that for

each of the other retrieved nodes.

4. Based on bit-wise computation results with cardinality (i.e., the number of bits with

value 1) ≥ num, generate object sets and their interval lists correspondingly (shown in

the “Generated Object Sets & Interval List” column).

5. Based on the generated object sets, compute scores for all windows with window size

w = 6 according to Equation 4.1 (the “Window Scores” column).

6. Update the estimated score for partition P1 if necessary. In this case, the estimated

score remains 2 (provided by node (D,2), shown in the “Estimated Score” column).

At the end of Step 1, the estimated score for this Partition Group is 6, according to the

estimation method introduced in Section 4.5.2. This is greater than the current highest score
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of all windows (the “Window Scores” column), which is 4. We continue with the next node

(D,2).

After Step 2 in Figure 4.8b, the max score of unprocessed nodes in P1 is 1, which reduces

the estimated score of this Partition Group to 5, as per Equation (4.9). Since the current

highest score is 4, more nodes have to be further processed.

Without loss of generality, we choose node (D,2) from P2 next. After processing, the

max unprocessed node score for P2 reduces to 1, which leads to the overall score estimation

of 4. This means that the score of any unprocessed object sets will not exceed 4. Since we

already have windows with a score of 4, the query processing for this Partition Group stops

and produces the window with a score of 4 as the final query result.

Our discussion above assumes that we can finish processing G in one shot. When there

are multiple partitions, this may not always be the case. We may have to pause its pro-

cessing when its estimated score falls below that of the current head of the priority queue

(pauseScore) and switch processing to that (more promising) Partition Group instead (see

Algorithm 6). Filter conditions with multiple labels (e.g., at least two red cars) can also be

processed similarly, with two minor modifications: (1) only a subset of nodes are retrieved

utilizing the label index in each partition. (2) all conjuncts in the filter condition have to be

satisfied at evaluation.

4.5.4 Complexity Analysis

We now analyze the query processing cost. Table 4.1 summarizes the notations used in this

section.

4.5.4.1 Overall Query Cost

The overall cost costtotal = costspg + costsp + costpn + costand, where costspg is the cost of

sorting all possible Partition Groups, costsp is the cost of sorting partitions inside Partition

Groups, costpn is the cost of sorting candidate nodes inside each partition, while costand is

the cost of computing bitmap “and” between nodes.

Assume the total length of the video is N , and the partition size is p. In the worst
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Table 4.1: Table of Notations

N the total length of a video
w window size
p partition size
pg the number of partitions per Partition Group
Npg the total number of Partition Groups
Npn the maximum number of candidate nodes in a partition
sc(O) the score of object set O
ts(O) the time span of object set O
λ the number of partitions involved for any window
λ′ the number of partitions involved for any object set

case, the total number of Partition Groups is Npg = N
pg/2
− 1 = 2N

pg
− 1. During processing,

we maintain all Partition Groups in a priority queue and select the one with the highest

estimation score, and repeat the process until top-k results are finalized. Let Cpg be the

total number of Partition Groups picked up in this procedure. The time complexity of

costspg = O(Npg + Cpg ∗ logNpg).

In each Partition Group, we also maintain a priority queue of partitions and choose

which to process next. Similarly, let Cp be the total number of partitions picked up in this

procedure, we have costsp = O(Npg ∗ pg + Cp ∗ logpg).

Let Npn be the maximum number of candidate nodes retrieved from one partition. Then

the cost of sorting Npn nodes is O(Npn ∗ logNpn). Since there are at most ⌈N
p
⌉ partitions, we

have costpn = O(⌈N
p
⌉ ∗Npn ∗ logNpn).

In each partition, multiple nodes could be retrieved and processed. Let Cnode be the total

number of nodes processed in the procedure. For each node, assume at most x number of

nodes from its adjacent partitions are retrieved and bitmap “and” is computed. We have

costand = O(x ∗ Cnode).

Normally, we have Cnode ≫ Cp > Cpw. Thus costand dominates the overall performance.

We further analyze the value of Cnode and x in the next section.

4.5.4.2 Analysis of Bitmap Processing Cost

For any object, o, we use Fo to represent the frameset in which o appears in the given video.

We use fof = min(Fo) and fol = max(Fo) denote the first and last frame the object o
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appears, separately.

We use ts(o) = fol − fof + 1 to denote the time span of the object o, which computes

the span between the first frame and the last frame o appears. We use sc(o) = count(fo) to

represent the score of the object o, which computes the total number of frames the object o

appears. For object o, its frame count does not exceed its time span, i.e. ts(o) ≥ sc(o).

Similarly, for an object set O with frame set FO, we have FO =
⋂

o∈O Fo, the time span

of object set O, ts(O) = FOl − FOf + 1, and the score of object set O, sc(O) = count(FO).

For all object o ∈ O, we have ts(o) ≥ ts(O) and sc(o) ≥ sc(O).

The value of Cnode. According to Equation 4.5 (in Section 4.5), we estimate the possible

remaining max score based on every adjacent λu partitions, where λu = ⌈w−1
p
⌉+1. Similarly,

for any object set O, we have the number of partitions involved λ′ ∈ [⌈ ts(O)
p
⌉, ⌈ ts(O)−1

p
⌉+ 1].

Assume the minimum score of the top-k result is sck, according to the algorithm, for

every λ′ partition, the algorithm stops when
∑

0≤i<λ′ sci ≤ sck.

For simplicity, we assume scores are equally distributed in all partitions and consider one

partition only. In this case, for each partition, the stop condition is scstop = sck
λu

= sck
⌈w−1

p
⌉+1

.

All nodes with sc(O′, i) ∈ [scstop, p] will be processed. To provide better performance, the

value of scstop should be maximized to reduce the number of nodes visited. Thus, w−1
p

should

be minimized, which means p > w.

The value of x. For object set O with time span ts(O), the maximum number of

partitions O involved is λ′
u = ⌈ ts(O)−1

p
⌉+1. For any ts(O) > 1, we have λ′

u ∈ [2,+∞). From

Equation 4.5, we have the number of partitions involved in each window, w, λu ∈ [2,+∞).

For an object set O from partition i, the number of nodes retrieved and computed from

other partitions, x =
∑

0≤j<λ,j ̸=i countnode(O, j), where countnode(O, j) represents the num-

ber of nodes that are relevant to (i.e., can be retrieved using the hash index) object set, O,

in partition j.

Since multiple partitions may share nodes with the same object set, reducing the number

of partitions involved can also reduce the value of x.

Trend analysis. Based on the above discussions, the performance trend regarding

different w and p is as follows:

If w is fixed: (1) If p ≥ w, as p increases, the performance overhead of enumerating
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window scores based on the interval list also increases, which leads to higher cost. (2) If

p ≤ w, as p increases, w
p
decreases, thus scstop increases, which lead to better performance.

If p is fixed, two cases arise: (1) w increases and sck increases, this happens when w ≤

tsmax. The performance depends on which increases faster. (2) w increases and sck remains,

in this case, w−1
p

also increases, leading to scstop decrease, thus the overall performance

decreases.

To summarize, the major overhead of this method is the cost of computing bitmap “and”.

If the size of w is given, the partition size should be greater than the window size, p > w.

When this is not feasible, we could set partition size p ≥ tsmax, where tsmax is the maximum

value of the object time span in the video to provide better performance.

4.6 Experimental Results

4.6.1 Settings

Environment. Our experiments are conducted on a machine with an Intel i5-9600K CPU,

a GeForce GTX 1070 GPU, and 16GB RAM. All algorithms are implemented in Python 8

except the object detection/tracking algorithms for which we use open-source implementa-

tions [1].Similar to the experiments in Chapter 3, object detection and tracking algorithms

can be replaced with any other available algorithms. In our experiment, we only focus on the

efficiency aspect of the query evaluation, which is orthogonal to the accuracy of upstream

algorithms. Moreover, different object detection and tracking algorithms may produce dif-

ferent numbers of objects in the annotation result, which is equivalent to varying the number

of objects in the video annotations. For simplicity, we use the same object detection algo-

rithm in the experiment, while the number of objects is considered as the characteristic of

the videos and can be studied by using different videos. Data are pre-loaded to memory

before evaluation.

Dataset. Experiments are conducted on real-world videos. We select three surveillance

videos (S1-3, up to half an hour in length each), three news videos (N1-3, up to 45 minutes

8Code available at https://github.com/yestinchen/ranked_wr
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Table 4.2: Video Statistics

Video S1 S2 S3 N1 N2 N3
# frames 51k 53k 36k 82k 38k 38k
# objects 7.95k 3.83k 1.14k 2.52k 1.11k 1.44k
# objs/f 13.66 7.97 4.75 2.61 2.17 2.54
max # objs/f 31 16 12 43 21 33
Video M1 M2 M3 D1 D2 D3
# frames 195k 195k 202k 79k 79k 79k
# objects 6.34k 7.58k 4.30k 22.23k 22.44k 25.99k
# objs/f 2.04 2.51 1.64 7.20 7.35 9.13
max # objs/f 28 41 23 27 29 35
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Figure 4.9: The Number of Objects with Different Time Spans

each), three movies (M1-3, up to two hours each), and three videos from an autonomous driv-

ing dataset (D1-3, up to one hour each). The surveillance and news videos are obtained from

Youtube 9. We arbitrarily choose three movies in their entirety: Fast and Furious, Midway,

and Inception. We utilize YOLO as the object detection algorithm [122] and DeepSORT as

the object tracking algorithm [153, 152] on S1-3, N1-3, and M1-3 (with similar trends ob-

served when using other detection/tracking algorithms). We also use the MOT-labeled data

from the DeepDrive dataset [167]. The labeled data from the DeepDrive dataset are split

into small video clips and tracked independently; each clip consists of around 200 frames. We

concatenate 400 clips together to form a long video and generate three independent videos

(D1-3). Each video contains one primary object type (the type of objects that appear most

in the video). For the experiments with single labels, we evaluate our method utilizing type

person as query label (l) for videos N1-3, M1-3, and type car as query label for videos S1-3

9Videos are from the following URLs: https://www.youtube.com/watch?v=wqctLW0Hb_0; https:

//www.youtube.com/watch?v=e_WBuBqS9h8; https://www.youtube.com/watch?v=Inbd-YOdPUE; https:

//www.youtube.com/watch?v=mLm0iZMIxWA; https://www.youtube.com/watch?v=GsQ4BPHiFRM; https:

//www.youtube.com/watch?v=ORlCakn1-hw
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Figure 4.10: Query Processing Time without Index (Log-Scale)

and D1-3. Figure 4.9 presents the number of detected and tracked objects that have a given

time span (number of contiguous frames in which those objects appear) in N1 and D1. As

can be observed, most objects have a time span of less than 200 frames. Other videos share

a similar distribution.

Baseline. We maintain a hash map between each unique object set (computed by objects

intersection between frames) and the list of frames in which it appears. The hash map is

shared across windows and is updated once the window slides. We also discard object sets

that do not satisfy the filter condition immediately as an optimization. Even accounting for

these optimizations, query execution is still very slow (e.g., up to more than 100 seconds for

S1), as shown in Figure 4.10, where results are presented in two plots for better readability.

4.6.2 Index Construction

We vary the partition size, p, and evaluate both the index construction time and index size.

Figure 4.11 shows the index construction time. As we increase p: (1) the number of nodes

(unique object sets) increases in each partition; (2) for each object set, the frames in which

it appears may also increase, leading to a higher cost of score computation. Thus, the overall

cost of index construction increases, which is consistent across all videos. Similar trends can

be observed in Figure 4.12: the index size increases as p increases. Note that the index size

could vary significantly for different videos. For videos with more objects per frame (e.g.,

D1-D3, S1), the index size is much larger than others.
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Figure 4.11: Index Construction Time
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Figure 4.13: Query Processing Time with Varying w

4.6.3 Query Processing

Default Settings. We start with queries with single labels. Similar to the example demon-

strated in Section 4.5.3.3, the condition is set to count({l}) ≥ num, where l is the query

label and num is the filter value. By default, we set both w and p at 600 frames (20 seconds

with 30fps), num = 6, k = 1, and pg = λu. We vary each parameter and study its impact

on query processing time.

Varying w. We set p = 600, and vary w, and the result is shown in Figure 4.13. In

general, more objects in videos lead to higher query processing time (e.g., S1 and D3). As

we increase w, the overall cost increases due to the following reasons. (1) With partition

size p fixed, larger w leads to more partitions in each Partition Group, resulting in increased

cost of computing score for windows in each Partition Group; (2) One partition is involved

in multiple Partition Groups, and therefore the same node could be processed multiple

times within different Partition Groups; (3) According to Equation (4.8), the value of the

estimated score for each Partition Group also increases due to larger λu. If the minimum
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score in the result does not increase as w increases, then more nodes have to be processed in

each partition, thus leading to a higher cost. For videos with more objects (e.g., S1, D3), this

trend is even more pronounced since different object sets in each partition are more likely

to share similar scores, and these high-scored nodes in each partition may not contribute to

the final results.

Varying p. We next set w = 600 and vary p from 100 to 1500, as shown in Figure 4.14.

When p < w, we observe decreasing query time as p increases. When p = 100, each Partition

Group consists of 7 partitions (i.e. large λu), with the worst performance among all settings.

This is because there are still many objects with a time span > 100 (shown in Figure 4.9),

and smaller p means smaller scores for nodes in each partition. In each partition, nodes

with a higher score may not contain the final results; thus more nodes should be processed.

When p > w, we have λu = 2. Two factors could impact the query time: (1) object sets that

split in two partitions with smaller p could now fall into the same partition, thus leading to

a lower cost during computation (less computation between different partitions); (2) if the

same object set still splits into more than one partition, the cost of processing each partition

increases due to larger p (more nodes in each partition to process), thus the overall cost could

increase. Moreover, since more windows are enclosed in each Partition Group, more window

scores are computed for each generated object set, leading to a higher overall cost. These

indicate that on different videos, we can observe either an increasing (S1) trend, decreasing

(N1) trend, or even a peak point at a certain p value (M3, p = 1200).

Varying num. As shown in Figure 4.15, as num increases from 2 to 10, the query time

shows an increasing trend in general. This is because as we increase num, the number of

object sets that satisfy the query in each video decreases, leading to a lower score value in

the final results. Meanwhile, all nodes are sorted with scores and we always select nodes

with the highest score first. Although a lower number of results may be returned when the

threshold num increases, we have to explore more nodes in the index (as more objects are

involved in satisfying the given condition), leading to a higher cost. This also demonstrates

that even when num is small, the early-stopping mechanism is able to reduce the overall

query time.

Varying k. We then vary k from 1 to 2000, controlling how many results are selected.
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Figure 4.14: Query Processing Time with Varying p
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Figure 4.15: Query Processing Time with Varying num
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Figure 4.16: Query Processing Time with Varying k

As expected, larger k leads to higher costs, since more nodes are retrieved and processed

in each partition. Evaluating videos with more objects has an even higher cost when k is

large. However, most queries terminate within 1 second, which is still much faster than the

baseline. When k = 1, for example, our method is more than 100 times faster than the

baseline on videos M2 and S1. Large savings persist even as k increases. For example, on

M2 our method is more than 20 times faster, while on S1 it is still more than 100 times faster

when k = 2000. These results point to the significant advantages of our approach thanks to

the early-stopping mechanism from a performance perspective, making our technique highly

attractive for the specific class of queries we focus on.

Varying pg. Finally, we set p = 300, w = 900, and vary pg from 4 (= λu) to 16. As

pg increases, each Partition Group consists of more partitions. This leads to two possible

scenarios: (1) each Partition Group could generate more windows; (2) each partition partic-

ipates in fewer Partition Groups, and thus the amortized processing time for each partition

is reduced. We can observe from Figure 4.17 that the query time decreases when pg varies

from 4 to 8, indicating that the cost is reduced due to scenario (2). We can also observe a

96



4 8 12 16
pg

0.5

1.0

1.5

2.0
tim

e(
s)

S1
S2
S3

(a) S1-3

4 8 12 16
pg

0.05

0.10

0.15

tim
e(

s)

N1
N2
N3

(b) N1-3

4 8 12 16
pg

0.3

0.6

0.9

tim
e(

s)

M1
M2
M3

(c) M1-3

4 8 12 16
pg

2

4

6

tim
e(

s)

D1
D2
D3

(d) D1-3

Figure 4.17: Query Processing Time with Varying pg

slightly increasing trend when pg varies from 8 to 16 due to scenario (1). In general, setting

pg = 2λu seems to be an appropriate value in most cases, where each partition only appears

in at most 2 Partition Groups. For pg > 2λu, although some partitions may appear in one

Partition Group only, the cost of computing window scores inside each Partition Group may

increase, thus leading to the non-decreasing overall cost.

Summary. From the above experiments, we observe that query time can be minimized

if p = w. However, it is not always feasible to assume exact knowledge of w prior to

queries. Both Figures 4.13 and 4.14 show that larger values of w have more impact on query

performance compared to larger p. From Figure 4.14, we can also observe that the query

performance is the worst when p is too small to cover the time span (time that objects

appear in the video) of most objects. Thus, from a query evaluation perspective, we should

prefer a larger p (with a value that at least covers the time span of most objects in the

video). Meanwhile, a larger p could lead to higher index construction costs. Object time

spans and precise statistics can be obtained with a single pass of the video and be utilized

during ingestion time to construct partitions. These statistics can guide the choice of p in the
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Figure 4.18: Queries with multiple labels in the Filter Condition

absence of query workload information. If such a workload is available, further optimization

on the choice of p is possible.

Finally, we experiment with the execution of two conjunctive queries: Q0 and Q1. Q0

inquires for at least 2 red objects (count({l, red}) ≥ 2, where l is car or person, depending

on the type of objects present in each video), while Q1 focuses on at least 2 different types

of objects with count ≥ 2 (either car ≥ 2∧ person ≥ 2 or car ≥ 2∧ truck ≥ 2, depending on

the video type). Since the color label is not included in the detection results, we generate 5

different colors and assign them randomly to each object in the video. We build partitions

on both labels and evaluate the query. The results are consistent with those presented for

the case of single conditions, shown in Figure 4.18. Our proposed technique exhibits vast

performance benefits of up to 100 times speedup on certain videos (e.g., S1 and S2). We can

also observe that the speedups on Q0 are generally lower than those on Q1. This is because

the filter condition in Q0 has a lower selectivity: objects have to satisfy both conditions

red and car, while only approximately 20% objects are associated with red label; and in

Q1, the filter condition is much looser. Lower selectivity leads to lower scores in the final

results, meaning more nodes have to be explored to guarantee that the estimated score for

each Partition Group is less than the score obtained in the top-ranked results. These results

attest to the benefits of our overall approach. It would be also interesting to study the

potential optimizations on multiple-label queries (e.g., building a joint index on multiple

labels to further speed up the query evaluation); precise exploration of such optimizations

is a promising area of future work.
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4.7 Summary and Future Work

The advances in Deep Learning have enabled the accurate identification of objects along

with other useful information such as object attributes, opening new avenues for processing

expressive queries on videos. We have presented a study of ranked window queries over video

repositories. We take a partition-based approach that builds and materializes indexes along

with metadata for each partition (the PBI indexes). We have presented two algorithms that

construct indexes and evaluate queries efficiently. Via experiments, we have demonstrated

that our proposal achieves orders of magnitude improvement over baseline methods. As

future works, we could further explore index optimizations for more complex queries.
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5 Spatial and Temporal Constrained Ranked

Retrieval over Videos

5.1 Introduction

5.1.1 Background and Motivation

In this chapter, we focus on a new type of video retrieval (called STAR Retrieval) that seeks

to identify video segments of a set duration, while satisfying user-provided constraints on the

spatial relationships among objects of interest, as well as other conditions on the object labels

(such as object type, object color, etc.). Such queries are helpful in scenarios where one is

interested in identifying video clips from a large video repository that contains user-specified

objects with user-specified spatial and temporal constraints among them. Such operations

are prevalent in video editing, video content creation, news production, marketing, and

advertising of social media content. For example identify historical footage in which Barack

Obama is on the right of a fighter Jet and left of Michelle Obama during the preparation

of a news story, using archive videos, identify archive clips of a coastguard vessel next to

a burning tanker to easily assemble footage from related past events, or creating popular

social media compilations based on social media challenges. Such queries usually only focus

on particular moving patterns of selected objects, based on the relative spatial relationships

between objects being considered.

Different from works discussed in the previous chapters, where only temporal relationships

are supported, we consider both the spatial relationships between objects in the same frame

and the temporal moving pattern across frames. We use graphs as the data model to encode

both object attributes and the spatial-temporal relationships between objects. Specifically,
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Figure 5.1: An Example

1. Each vertex on the graph represents an object, with object labels as vertex attributes,

which can be obtained via CV algorithms.

2. Each edge represents the spatial relationship between two objects. We consider relative

positions between any two objects, since in most cases objects are moving, and the ab-

solute position of objects in the frame is less important. Moreover, queries that require

conditions on the absolute position of objects can be easily supported by incorporating

the position as an attribute on the vertex.

3. Based on the above, a sequence of graphs is used to capture the temporal relationships

of objects between frames. We employ the track ID, produced by object tracking

algorithms, as the unique identifier for each vertex, where the same track ID is used

across the graph sequence for vertices that refer to the same object.

Figure 5.1a-c depicts an example scenario where a car (annotated by B) is passing the

pedestrian (annotated by A) from the left. For each frame, we can construct a corresponding

graph, shown in Figure 5.1d-f. Utilizing the unique track ID on vertices, the temporal

information between frames is easily captured by the sequence of graphs. For each graph, the

object labels are represented with different shapes (circle and square) in the vertices, while

the spatial information is represented in two groups of values: (1) the distance between two

objects (e.g., d1 in Figure 5.1d), and (2) the angle values between two objects (e.g., θ11, θ12

in Figure 5.1d).
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In the above example, we only consider object type for brevity. Other attributes of inter-

est such as object colors, vehicle brand, etc., can be easily added and supported. Moreover,

since both the angle and the distance between two objects can be continuous values, retriev-

ing videos while requiring exact matches in these values would be too strict to apply in any

practical scenario. Thus, we introduce edge discretization to restrict edge attributes to a

pre-defined number of buckets. As such we reduce the value range for edge attributes while

guaranteeing that attribute values in close proximity share the same discretized values.

Graph representations capture both the object labels on nodes and relationships between

objects on edges explicitly, making it easier to support arbitrary query conditions on both

objects and relationships between objects. Utilizing graph modeling, any video of arbitrary

length can be represented with a sequence of graphs, where the spatial information of objects

is captured implicitly by track IDs throughout the sequence. Queries are provided as a short

sequence of graphs (one graph per frame of the query), representing a certain movement

pattern amongst objects, with the spatial relationships between objects in each frame being

considered. We use query graph sequences to denote such queries. The query graph sequence

can be obtained either by examples or by sketches. Specifically, with a query-by-example

approach, users can provide a short video clip as the initial step. With object detection and

tracking algorithms applied, users then specify the set of objects that are of interest. Based

on the annotation results, a graph sequence can be generated. Similarly, with a query-by-

sketch approach, users construct a sequence of graphs directly with specified attributes on

nodes (objects) and edges (spatial relationships between objects, i.e., d and θ values from the

above example). Such approaches can be easily realized and are useful to retrieve specific

moving patterns from videos in scenarios such as scene retrieval and pattern search. As

such, we can composite only selected objects of interest into the query graph, making the

query more specific and precise, which cannot be done utilizing Machine Learning-based

approaches.

5.1.2 Our Proposal

The main objective is to retrieve ranked video clips from a video repository such that: (1)

the duration of video clips (number of frames) is the same as the number of frames in the
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given query, and (2) each video clip is associated with a matching score, where video clips

with higher matching scores are ranked higher in the query results. The candidates of such

video clips can be obtained by imposing a sliding window over whole videos to obtain clips,

where the window size is equal to the length of the given query.10 In a similar manner, we

also construct graph representations for each video clip. By aligning two graph sequences

obtained from the query and the video clip, we derive a one-to-one mapping between graphs

in the video clip and graphs in the given query. We propose a matching framework to produce

the matching score of each video clip, where the score reflects the closeness of the video clip

and the given query, which will be formally defined in Section 5.2.

We refer to this problem as Spatial and Temporal constrAined Ranked Retrieval (STAR

Retrieval) over videos. For ease of presentation, we use the term windows to refer to the

video clips extracted from videos in the repository and use the term query graph sequence to

denote the graph representation of the given query, which will be formally defined in Section

5.2.

Answering such queries by enumerating all possible windows and computing their match-

ing scores as described above could be very inefficient and costly. To accelerate query an-

swering, We simplify the query graph and propose a two-phase framework, consisting of both

an ingestion phase, where a Graph Index (GI) is constructed and materialized, and a query

phase, where queries are evaluated efficiently utilizing the proposed algorithms. The GI index

provides efficient edge retrieval according to the given vertex attributes and edge attributes

while minimizing the storage overhead. During the query phase, a matching procedure is

performed utilizing spatial and temporal information stored in the GI index to prune unre-

lated edges or data graphs early. By adopting an early-stopping mechanism based on score

estimation, the matching procedure can terminate as soon as the ranked result is finalized.

Our contributions are summarized as follows:

• We introduce and formalize the STAR Retrieval problem using graphs to represent

spatial and temporal relationships of interest in both videos and queries.

• We propose to use Graph Index (GI) to precompute and materialize the graphs con-

10We use sliding window semantics as an example; other window semantics can also be easily supported.
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structed from annotations with edge discretization, which is then used to accelerate

query answering.

• We propose two algorithms, namely, Spatial Matching to perform efficient graph match-

ing for each query graph, and Temporal Matching to perform temporal matching across

query graphs with an early-stopping mechanism.

• We evaluate our approach via real-world videos, demonstrating orders of magnitude

performance improvement over the baseline on queries with high selectivity.

5.2 Problem Definition

A video, V , is a sequence of frames, V =< f1, . . . , fn >. For each frame, we can obtain a

set of objects, where each object is represented by a unique identifier (i.e., object ID), along

with other labels such as object type, object color, etc. Let L be the set of all labels, and ID

be the set of all object identifiers. We use a function from ID to L to describe the labels of

each object represented by its object identifier. We utilize a graph abstraction to represent

the information extracted from each frame. In this representation, each vertex is an object

identifier (i.e., object ID), and each edge represents the spatial relationships between two

vertices. We use Object Graphs to denote such graphs, defined as follows:

Definition 8 (Object Graph). We represent a given frame f by a graph Gf = (VGf
, EGf

, LGf
),

where VGf
⊆ ID is the set of object IDs, EGf

is the set of edges, and LGf
: VGf

→ L∗ is

a labeling function that maps an object ID to a set of labels. Each edge ei ∈ EGf
takes the

form of ei = (u, v, θi, di) that denotes the spatial relation between two objects with IDs, u and

v, where θi represents the angle from the object with ID u to the object with ID v, while di

represents the distance between the two objects.

For each frame, fi ∈ V , the object graph can be extracted with the following information

captured on the graph:

1. Vertices (Object IDs). The unique identifier (i.e., object ID) of each object in the

frame, can be obtained utilizing object tracking algorithms.

104



2. Vertex Attributes (Object Labels). The labels (metadata) regarding any object in the

frame, including attributes, such as color, object type, etc., can be obtained directly

from object detection results. We assume that such object labels are static attributes

and do not change for each unique object recognized by the same object identifier.

3. Edge Attributes (Spatial Relationship between Vertices). θ and d values are associ-

ated with edges, representing the spatial relationships between objects in the frame,

which can be derived from the relative positions of bounding boxes produced by object

detection algorithms.

The edge attributes can be obtained as follows: we represent each frame in a two-

dimensional space with the origin at the top-left corner of the frame, as shown in Figure 5.1a.

For each object with identifier, o, we can obtain its position (xo, yo, ho, wo) in pixels from

the object detection results, where xo and yo denote the horizontal and vertical positions of

the object center, ho is the height of the object, and wo is the width of the object, assuming

that each object is recognized as a rectangle. For any given pair of objects with ID u and

v in the frame, the edge attributes can be computed based on the center points as follows:

d =
√
(∆x)2 + (∆y)2, θ = arctan ∆y

∆x
, where ∆x = xv − xu and ∆y = yv − yu.

We use Query Graph to denote the Object Graph corresponding to a single frame of the

given query and Data Graph to denote the Object Graph constructed based on a frame from

the video repository. Then the matching between Query Graphs and Data Graphs is defined

as follows.

Definition 9 (Query Graph Matching). Given a query graph P = (VP , EP ) and a data

graph G = (VG, EG), the Query Graph Matching returns all subgraphs M = (VM , EM) of G

if there exists a bijective function h : VP → VM such that for each v ∈ VP , LP (v) ∈ LM(h(v)),

and for each edge (u, v, θ, d) ∈ EP , (h(u), h(v), θ, d) ∈ EM . We use P ∼
h
M to denote that

graph M is a match of P with function h, and P ∼
h
G to denote that there is at least one

subgraph of G that matches P with h.

We reuse the same vertices (Object IDs) across frames utilizing the unique tracking

identifiers provided by object tracking algorithms. The object graph sequence is defined as

follows.
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Definition 10 (Object Graph Sequence). An object graph sequence, GF = ⟨Gf1 , . . . , Gfl⟩ is

a sequence of graphs constructed based on a sequence of frames F = ⟨f1, . . . , fl⟩. The length

of an object graph sequence is the total number of frames in F , i.e., |GF | = |F |.

We use VGF
to denote the set of unique vertices in the graph sequence. We obtain a

Query Graph Sequence from the given query and a Data Graph Sequence based on any video

clip from the video repository. We can now introduce the notion of matching between a

query graph sequence and a data graph sequence of the same length based on the pairwise

matching of individual query graphs and data graphs.

Definition 11 (Query Graph Sequence Matching). Given a query graph sequence P (which

we consider a pattern) and a data graph sequence G, with |P| = |G| = l, if there exists an

injective function h : VP → VG and ∃i ∈ [1, l], such that Pi ∼
h
Gi, where Pi ∈ P and Gi ∈ G,

then we say that graph sequence G matches pattern P with h. The matching score is defined

as:

score(P ∼
h
G) =

∑
Pi∈P,Gi∈G

score(Pi ∼
h
Gi)

where

score(Pi ∼
h
Gi) =

 1, Pi ∼
h
Gi

0, otherwise

For any arbitrary function h, we have 0 ≤ score(P ∼
h
G) ≤ l. When score(P ∼

h
G) = l,

then G fullymatches P with h (i.e., G is a complete match of P with h). When 0 < score(P ∼
h

G) < l, then G partially matches P with h (i.e., G is a partial match of P with h). Otherwise,

G is not a match of pattern P with h.

Definition 12 (Query Graph Sequence Matching Score). We use H to represent the set

of all possible functions between domain VP and range VG. The matching score of the data

graph sequence G with respect to the query graph sequence P is defined as the maximum score

produced by function h ∈ H: (|G| = |P| = l)

score(P ∼ G) = max
∀h∈H

score(P ∼
h
G)
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Given the query graph sequence P , and a (long) video V , we wish to determine the video

clips (i.e., windows of frames) with the highest matching scores, defined as follows.

Definition 13 (Spatial and Temporal Constrained Ranked Retrieval (STAR Retrieval)).

Given a video V, a query graph sequence P and a query parameter k, we use W to represent

all windows of frames with size |P| generated on video V, and use GW to represent the data

graph sequence constructed from video clip W ∈ W. The result of STAR Retrieval is a

ranked list of k video clips, Result = (W1, . . . ,Wk), where ∀Wi ∈ Result, score(P ∼ GWi
) ≥

score(P ∼ GWi+1
) and ∀Wj ∈ W \Result, score(P ∼ GWj

) ≤ score(P ∼ GWk
).

Definition 13 specifies STAR Retrieval on one video. Similarly, for a video repository,

STAR Retrieval is conducted by either processing all videos iteratively or abstracting the

video repository as a long video. By applying windows on a video, the video clip is formed

with only frames enclosed in one window. For simplicity, in the remaining sections, we use

matching score to denote the query graph sequence matching score for each window.

5.3 Framework Overview

Performing STAR Retrieval relies on the graph representation of videos. However, it is

infeasible to build graph sequences using all videos in the repository, from scratch, each time

a query is posed. We adopt a two-phase approach to amortize graph construction cost over

all queries and accelerate query answering on the pre-materialized index, which consists of

a video ingestion phase and a query phase, as shown in Figure 5.2.

The ingestion phase is conducted as a pre-processing step, where each frame is routed

to applicable object detection and object tracking algorithms which provide all suitable

annotations for each frame. Our objective is to compute all spatial relationships between
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vertices in each frame and materialize it as edge attributes to facilitate query processing.

Based on the vertex attributes and edge attributes, we build and materialize the Graph

Index (GI), which is meant to serve all possible incoming queries; thus the cost of video

ingestion is amortized over all queries. Since this phase is independent of any query, it is

conducted as a pre-processing step.

During the query phase, ranked results for a given STAR Retrieval query are produced

utilizing the materialized index, which involves two main steps: window generation and

matching score computation. We deploy pruning strategies in both steps to reduce the

computational cost. Specifically, utilizing edge and vertex attributes in the query graph

sequence, we only retrieve relevant vertices and edges from the materialized index, reducing

both the size of the data graph for each frame and the number of windows generated; during

matching score computation, we introduce score estimation to prioritize windows that are

likely to produce higher matching scores and apply an early-stopping mechanism to avoid

further computation once the ranked result is finalized.

We first discuss how to build the GI index during the ingestion phase in Section 5.4, and

then focus on query processing in Section 5.5.

5.4 Graph Index (GI)

The Graph Index is built on the video repository during the ingestion phase. The main

objective is to pre-compute the data graph per frame in the video repository and materialize

sufficient data such that for any given query, the data graph sequence for each window can

be constructed efficiently. We achieve this based on two main ideas: (1) simplify the query

graph sequence, such that the number of edges retrieved from the index can be minimized

(Section 5.4.1); (2) introduce edge discretization to enable sharing between edges with the

same attributes (Section 5.4.2).

5.4.1 Minimum Object Graph

As per Definition 8, given a frame, for any vertex (i.e. Object ID) in the frame, v ∈ VGp ,

there must be an edge, (v, v′, θ, d) ∈ EGf
, where v′ is any other vertex in VGf

(v′ ̸= v). In
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other words, the graph Gf for frame f is a complete graph. This implies that the number

of edges could increase dramatically when the number of objects increases in each frame.

We, therefore, focus on developing a more compact data structure to store the information

contained in the object graph.

To begin with, instead of keeping and matching two directed edges between any two

vertices, we could use one directed edge without losing any information. Specifically, consider

the spatial relationship between vertices, u and v, in the object graph. There exist two edges

e1, e2 ∈ EG, where e1 = (u, v, θ1, d1) and e2 = (v, u, θ2, d2). Given the values of distance d1

and angle θ1, we can easily derive those of d2 (which is equal to d1) and θ2.

We can further reduce the number of edges maintained by exploiting their geometric

properties. We first show that for any trio of vertices with an edge between each vertex

pair, we can derive the attributes of any edge from those of the other two, as stated in the

following lemma.

Lemma 3. Let X, Y, Z be three distinct vertices in the graph Gf for frame f . The edge

attributes of any two pairs of vertices from X, Y, Z sufficiently determine the edge attribute

of the remaining pair.

It is easy to show that the attributes for the third edge can be derived utilizing trigono-

metric functions based on the triangle formed by X, Y and Z in the 2D space for the frame.

The formal proof is omitted for brevity.

Lemma 3 leads to the following way of reducing the number of edges in the object graphs.

We introduce minimum object graphs.

Definition 14 (Minimum Object Graph). A minimum object graph Mf is a graph derived

from Gf by retaining all the vertices in Gf but only the minimum number of edges in Gf to

ensure that it remains a connected graph, i.e. |EMf
| = |VMf

| − 1.

By applying Lemma 3 iteratively, we can prove the following theorem.

Theorem 4. The edge attributes for any pair of vertices in a minimum object graph can be

derived using edges solely from this graph.

To reduce the complexity of retrieving data graph sequences and computing query graph

matching, we use minimum object graphs instead of object graphs for the query representa-
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tion. As per Definition 14, to construct a minimum object graph, we can select any vertex as

the start vertex (which we call the anchor vertex), and keep only those edges from the start

vertex to all other vertices. In this case, the minimum object graph can be viewed as a tree,

where the height of the tree is 1 and the anchor vertex is the root of the tree. Without loss

of generality, in the following discussion, we select the top-left most vertex, o, as the anchor

vertex (i.e., the object with the lowest (xo,yo) value, where xo, yo denote the horizontal and

vertical positions of the object center in the frame) and only keep edges starting from this

vertex in the minimum object graph. Figure 5.3 depicts an example of converting an object

graph to a minimum object graph. We use circles and squares to denote different types of

objects (i.e., with different labels), and use X, Y, Z to denote three unique vertices.

We use Minimum Query Graph Sequence to denote the sequence of minimum object

graphs generated from a given query. Since we only represent minimum query graphs and

minimum query graph sequences, in the remaining sections, we use query graph and mini-

mum query graph interchangeably and use query graph sequence and minimum query graph

sequence interchangeably.

5.4.2 Edge Discretization

We now discuss how to compute the distances and angles in the edge attributes and how to

compress such information in the graph index.

To ensure consistency between different video resolutions, the distance between vertices

in a frame is normalized. For two vertices u and v, their distance d(u, v) is computed as

d(u, v) = dp(u,v)

dl
, where dp(u, v) is the Euclidean distance between the two vertices, and dl is

the diagonal length of the frame. Both d(u, v) and dp(u, v) have the same units (say, pixels)

and d ∈ [0, 1]. Angles can be computed as per their definition in Section 5.2.
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Figure 5.4: The Graph Index

Typically, for querying purposes, the exact distances and angles between the vertices are

not critical, thus we reduce the distances and angles to a lower resolution via discretization.

This has the benefit of lowering the cost of edge retrieval during query processing (to be

detailed in Section 5.5.2) as well as minimizing the storage overhead of the graph index

(to be discussed in Section 5.4.3). For discretization, we determine the number of buckets

allocated to storing θ and d values, and simply keep their respective bucket index as the

discretized value. We stress however that our approach would work unchanged without any

discretization if that is required.

5.4.3 Index Construction

To guarantee that the relationships between any two vertices are captured and materialized,

during the ingestion phase we generate and materialize complete graphs for each frame in the

videos we pre-process. Since the object graphs generated from adjacent frames in a video are

likely to share the same vertices and same edge attributes, we could reuse such information

and minimize the storage overhead. Based on the above along with edge discretization, we

propose the Graph Index (GI), illustrated in Figure 5.4.

For each video, V =< f1, . . . , fn >, in the repository, we first obtain the data graph

sequence, denoted by GV . We use EGV
to denote the set containing all edges in GV , and use

VGV
to denote the set containing all vertices in GV . To materialize the entire data graph

sequence, three types of information need to be captured: vertex attributes attached to each

vertex v ∈ VGV
, edge attributes stored in edges e ∈ EGV

, and the temporal information (i.e.,

the temporal relationships of vertices between frames), captured by the sequence of frames.

We start with indexing the vertex attributes from each data graph, as shown in Figure 5.4a.
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For each edge, we obtain the attributes for both vertices. For example, the vertex attribute

pair, (bus, car), denotes the edge starting from a vertex with an attribute of bus, to another

vertex with an attribute of car. The unique vertex attribute pairs are used as the first-level

index.

For each vertex attribute pair, we then build a spatial index, which maps a (θ, d) pair to

a set of vertex pairs i.e., the object ID pairs, as illustrated in Figure 5.4b and Figure 5.4c.

For example, the mapping between (θ1, d1) and vertex pair, (A,B), denotes that there is one

edge starting from vertex (i.e., object ID) A to vertex B, with edge attribute values (θ1, d1).

The benefits of this spatial index are two-fold: (1) grouping edges that share the same spatial

relationships eliminates duplicate values and thus reduces the storage overhead; (2) as per

Definition 12, all potential matches must be considered in computing the matching score.

Separating the spatial attributes (d and θ) from the vertices (u and v) allows us to retrieve

all vertex pairs that match a given edge with the specified spatial attributes.

Finally, for each vertex pair, the temporal information (i.e., the temporal relationships

of vertices between frames) is captured by a set of frames. The set of frames can be stored

in intervals to further reduce storage overhead, as illustrated by Figure 5.4d. By grouping

frames that share the same vertex attributes and edge attributes, we can obtain a set of

frames, where the elements in the set are frame identifiers denoting frames in the video V .

Since the same vertices and their spatial relationships often span multiple frames, this index

provides a compact way of storing such information.

To summarize, the Graph Index has two index levels. The first-level index provides

efficient lookup on vertex attributes while reducing duplicate values on edges. The second-

level index allows the retrieval of all vertex pairs that satisfy given edge attributes (i.e., the

spatial relationships between two vertices) , where each vertex pair is associated with a list

of frames, indicating where the corresponding edge was generated from the original video.

Both index levels are implemented as hash indexes to enable fast retrieval.

5.4.4 Complexity Analysis

We use m to denote the maximum number of objects per frame. For each frame, we need to

store one edge for each unique object pair. Thus, the total number of edges in the graph is
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m ∗ (m− 1)/2, with the complexity of O(m2). For a video with p frames, the total number

of edges is O(pm2). With the proposed index, we store all edges in a more compact manner

while the total number of edges remains the same.

5.5 Query Processing

5.5.1 Overview

A straightforward way to commence processing is to proceed in two steps, as shown in Figure

5.5(a): we first generate sliding windows from the video V , and then align each window with

the query graph sequence to compute the window’s matching score (i.e., the query graph

sequence matching score). After all windows are processed, the scores are ranked and the

final results are produced. However, this approach would be very inefficient because: (1)

the number of windows could be very large (query processing is linear to the size of the

repository) and most windows may not contribute to the final top k results; (2) even within

one window, there could be many partial matches for the given query graph sequence. Thus,

identifying efficient pruning techniques to eliminate unrelated results utilizing information

provided in the query graph sequence is very crucial.

We can optimize the query processing from three aspects to further speed up the eval-

uation: (1) reducing the number of windows to be examined, (2) pruning partial matches

that do not contribute to the final matching score early in each window, and (3) stopping

early once the highest matching score in a given window is found. Based on the above

ideas, we divide the pipeline into three steps, shown in Figure 5.5b: window generation,
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spatial matching, and temporal matching. Window generation (Section 5.5.2) retrieves only

matched edges for edges in the given query graph sequence and generates a set of win-

dows based on the retrieved edges for further processing. Spatial matching (Section 5.5.3)

produces matching data graphs from each frame, while temporal matching (Section 5.5.4)

evaluates the matching score in each window iteratively according to the spatial matching

results. Both steps utilize pruning strategies to reduce the evaluation cost.

5.5.2 Window Generation

5.5.2.1 Edge Retrieval

For a given edge e = (u, v, θ, d) from a query graph, P ∈ P , where P is a query graph

sequence. Let LP be its labeling function. We call an edge e′ = (u′, v′, θ′, d′) generated

from a frame in the video a matched edge, if their vertex attributes and edge attributes both

match, i.e., LP(u) = LP(u
′), LP(v) = LP(v

′), θ = θ′ and d = d′. The objective of the edge

retrieval step is to produce the matched edges for all edges in P from the video V .

Utilizing the GI, edge retrieval is conducted for each query graph P in the query graph

sequence P . Specifically, for each edge e = (u, v, θ, d), e ∈ P , we fist obtain the vertex

attributes pair, (LP(u) and LP(v)). Utilizing the vertex attribute pairs and the spatial

index on (θ, d), we obtain a set of tuples from GI, denoted by Re, where each element

r ∈ Re is a tuple, r = (er, Fr), such that er is a matched edge, and Fr is the set of frames

where the matched edge can be found. We further group together the matched edges for

each frame, denoted by Sfe , where f is the frame, and e is the given edge from the query

graph. If a frame f cannot produce any valid data graph, namely there is no matched edge

(i.e., Sfe = ∅) for any edge e ∈ EP , it is pruned from further processing.

Once we have retrieved the edges for all query graphs P ∈ P , we group the matched

edges by frames, which will then be used to generate windows (Section 5.5.2.2) for further

processing.
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5.5.2.2 Window Generation

Let F be the set of all frames where at least one matched edge is retrieved, where F ⊆ V .

Let l be the length of the query graph sequence P , i.e., l = |P|. For any frame fi ∈ F ,

we use Wfi to denote the set of windows of size l it could be enclosed in. Then we have

Wfi = ∪j∈[i−l+1,i]{Wj}, where Wi represents the window starting from frame fi. We use

W to denote the set of all windows that are generated from the retrieved frames, then

W = ∪fi∈FWfi .

5.5.3 Spatial Matching

For any given frame, f , in the window, we can identify the corresponding query graph P it

aligns with, after aligning each window with the query graph sequence (illustrated in Figure

5.5(b)). Spatial matching operates on aligned pairs of P and f . We use Sf to denote the

set of matched edges for all edges in the query graph P , i.e., Sf = ∪∀e∈EP
Sfe , where Sfe is

the set of matched edges for edge e in frame f (retrieved using the procedure described in

Section 5.5.2). The objective of the spatial matching step is to produce a set of data graphs

SG, given Sf , where each G ∈ SG matches P .

5.5.3.1 A First Approach

A possible solution is to perform query graph matching utilizing graph traversal algorithms.

This would involve two main steps. (1) Enumerate all data graphs that could be generated

from Sf , denoted as candidate data graphs. Specifically, we form a data graph G by selecting

one matched edge e′ from the matched edges Sfe for each edge e ∈ P . (2) For each candidate

data graph G, we run Depth-First Search or Breadth-First Search on G and the query

graph P in parallel, starting from the vertex with the same attributes on both graphs. G

is considered as a match of P if we can traverse both graphs with attributes on all vertices

and edges matched. However, this approach could lead to high computational cost, since

the number of data graphs generated in step (1) could be very large, especially when there

are multiple matched edges for each edge in the query graph.
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5.5.3.2 Main Idea of Our Approach

Observe that for each Minimum Query Graph (Section 5.4.1), there is only one anchor vertex.

This indicates that a candidate data graph G is a match of the query graph P , only if (1)

all edges in G share the same anchor vertex, and (2) all the vertices are unique. Thus,

generating the matching data graphs can be done in two steps: (1) grouping : group the

matched edges according to the anchor vertex; (2) enumeration: enumerate all possible data

graphs in each group. However, when the number of matched edges is large, the enumeration

step could be costly. We therefore defer the enumeration of precise data graphs and only

generate Intermediate Data Graphs to group matched edges with the same anchor vertex

together.

An Intermediate Data Graph, I, has the following characteristics: (1) Each vertex Sv ∈ VI

in I is a set, where each element, v ∈ Sv, in the set is a vertex in a data graph. (2) A data

graph can be constructed by taking one element from every vertex of the intermediate data

graph.

We could operate on such intermediate data graphs directly to facilitate temporal match-

ing (Section 5.5.4) without generating all possible data graphs. The spatial matching step

focuses only on producing intermediate data graphs by merging matched edges with the

same anchor vertex (Section 5.5.3.3).

5.5.3.3 The SMA Algorithm

We propose the Spatial Matching Algorithm (SMA), depicted as Algorithm 8, to generate

Intermediate Data Graphs. We use lists to represent intermediate data graphs by imposing

a particular order of the graphs to further reduce the memory footprint. Specifically, we

store only the set of vertices as an element in the list; the edge attributes (θ and d values)

are omitted since they are identical to the edge attributes in the query graph. The vertex

mapping between the query graph and the intermediate data graphs is captured implicitly

by visiting edges from the query graph in order. To better illustrate the whole procedure,

we explain the algorithm with the following example.

Example 6. Figure 5.6 demonstrates the spatial matching between a query graph (Figure
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Algorithm 8: Spatial Matching Algorithm (SMA)

Input: the query graph P , the current frame f ;
Output: a set of Intermediate Data Graphs

1 QE ← the ordered edge list constructed from P ;
2 res← dict();
3 foreach idx, e in QE do
4 // idx is the current position of the ordered edge list, and e is the edge;
5 Sfe ← the set of matched edges retrieved for the edge e;
6 foreach s in Sfe do
7 let vs, ve be the vertices in s, and vs is the anchor vertex;
8 I ← res.get(vs);
9 if I == null then

10 I ← new IntermediateDataGraph(vs);
11 res.put(vs, I);

12 end
13 I[idx+ 1]← I[idx+ 1] ∪ {ve};
14 end

15 end
16 r ← res.values();
17 foreach I ∈ r do
18 remove I if any element in I is empty;
19 end
20 return r;
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Figure 5.6: An Example for Spatial Matching
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8a) and a frame (Figure 8b). We use X, Y, Z to denote vertices in the query graph and

A-H to denote vertices in the frame from videos. Different shapes (circles and squares) are

used to represent different object types (e.g., cars and buses). For simplicity, we show only

matched edges in Figure 5.6b, and use different edge IDs to refer to edges with different

attributes. We demonstrate the procedure in three steps: Initialization, Edge Matching, and

Intermediate Data Graph Update, with line numbers referring to those in Algorithm 8.

(1) Initialization (Lines 1-2). The first step is to extract an edge list for each query graph

(Line 1). Edge matching is then performed for each edge from the edge list in order. Assume

that we store the two edges #1 and #2 in that order. We also create a hash map, which

maps an anchor vertex to an intermediate data graph (represented by a list of vertex sets),

to store the result (Line 2).

(2) Edge matching (Lines 3-6). For each edge in QE (Line 3), we retrieve the matched

edges, as per Section 5.5.2 (Line 5), shown in Figure 5.6b. For simplicity, we use a vertex

pair (vs, ve) to represent each edge, where vs is the anchor vertex and ve is the other vertex.

We start with edge #1(X, Y). There are two matched edges, (A,D) and (B,E), that can be

retrieved from the GI index (Figure 5.6b).

(3) Intermediate data graph update (Lines 7-13). Assume we start with the matched edge

(A,D). We first extract the two vertices (Line 7): vs=A and ve=D, where vs is the anchor

vertex. Since there are no intermediate data graphs yet, we initialize a new one. The new

intermediate data graph is stored in a list, where the first element is a set, containing the

anchor vertex A (Lines 9-11). We place vertex D as an element in the set at position 1 in

the list (Line 13).

Similarly, we also create another list representing the intermediate data graph with anchor

vertex, B. Subsequently, we continue with matching edges for edge #2(X,Z). In this case,

there are two matched edges, (B,F) and (B,H), that share the same anchor vertex. We place

both vertices, F and H, in one set, and store them in the 2nd position of the list, as shown in

Figure 8c.ii.2. The corresponding intermediate data graph is visualized in Figure 5.6c.ii.1.

Note that the intermediate data graph with anchor vertex, A (Figure 5.6c.i.1), does not

contain any valid data graph due to missing matched edges for edge #2(X,Z) in the query

graph. Thus it can be pruned immediately (Lines 14-15).
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5.5.4 Temporal Matching

The main objective of temporal matching is to produce the matching score for a given window

W based on the set of intermediate data graphs obtained for each frame f (Section 5.5.2).

For a query graph sequence P , the same vertex could appear in multiple query graphs. As

per Definition 11, to identify a data graph sequence that is a complete match of P , one must

ensure that the same vertex v across different data graphs is matched to the same vertex

v′ across the corresponding query graphs. A data graph sequence GV that matches the

query graph sequence P is identified when we can establish a one-to-one mapping between

the vertex sets of GV and P , i.e., (1) a matching vertex v′ is determined for each vertex

v ∈ VP ; (2) all matching vertices are unique (i.e., for any u, v ∈ VP , u
′ ̸= v′, where u′,

v′ are the matching vertex for u and v, respectively). As such, temporal matching can be

implemented as an iterative procedure, and each iteration focuses on matching one particular

vertex v ∈ VP . We use step to denote such an iteration and present the algorithm to perform

such temporal matching steps iteratively for each window. We first introduce the algorithm

for the temporal matching step based on the above idea in Section 5.5.4.1, and then discuss

how windows can be prioritized in Section 5.5.4.3.

5.5.4.1 Temporal Matching Steps

For a given window, initially, no matching vertices are identified for any vertex in VP . We

start by finding matching vertices for a vertex v ∈ VP utilizing all intermediate data graphs

(such a vertex can be chosen randomly or by imposing a topological order of the vertices

in VP). Recall that each intermediate data graph contains a list of vertex sets. The set

of all matching vertices for v, denoted by V ′, can thus be easily identified from such lists.

For a matching vertex v′ ∈ V ′, we mark the intermediate data graphs in which v′ has been

identified as active. After the first step, we have identified a set of all matching vertices, V ′,

for v, and for each v′ ∈ V ′, a set of active intermediate data graphs are determined, which

can be used in subsequent processing.

Without loss of generality, in each following step, we assume that a set of matching

vertices have been identified, denoted by MV . We use MI to denote the set of active inter-
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mediate data graphs resulting from the previous steps. To store the contextual information

between steps, we introduce a structure called Match Candidate, M , consisting of MI and

MV . As an initial step, we create one Match Candidate per window, W , where MV = ∅, and

MI contains all intermediate data graphs, as discussed above.

Algorithm 9: A Step in Temporal Matching (TM)

Input: the vertex to match v, Match Candidate Set SM , the current window
matching score score

1 LP ← the ordered list of unique vertices in VP ;
2 M ← getOneMatchCandidate(SM);
3 let MV be the set of matched vertices from previous steps in M ; let MI be the set of

intermediate data graphs in M ;
4 v ← nextVertexToMatch(MV , LP);
5 V ′ ← getMatchingVerticesFor(MI , v);
6 foreach v′ in V ′ do
7 if not MV .contains(v

′) then
8 M ′

V ← add(MV , v
′);

9 M ′
I ← getMatchingIntermediateDataGraphs(MI ,v

′);
10 if |M ′

V | == |VP ] then
11 // means we have found one matched data graph sequence;
12 M ′

F ← getRelevantFrames(M ′
I);

13 score← max(|M ′
F |, score);

14 end
15 else
16 M ′ ← MatchCandidate(M ′

V ,M
′
I);

17 SM ← SM ∪ {M ′};
18 end

19 end

20 end

Algorithm 9 depicts one step in the iteration. We use SM to denote the set of Match Can-

didates in the current window. Initially, SM contains only one Match Candidate initialized

from the current window W , as discussed in the initial step. Let LP be the list of vertices

constructed by imposing a total order on VP (Line 1). The order of LP can be obtained

by sorting the vertices in VP according to the number of occurrences in the query graph

sequence. At each step, we pick an arbitrary Match Candidate (Line 2) (an optimized way

of choosing the next Match Candidate will be discussed in Section 5.5.4.3). We use two sets

to store sufficient information, where MV consists of vertices, and MI contains the references
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to the active intermediate data graphs from the last step (Line 3). We first derive the next

vertex v ∈ VP to match based on the size of MV and LP by selecting the next vertex in

the LP based on the current number of matched vertices in MV (Line 4). Then we retrieve

matching vertices from the intermediate data graphs, MI (Line 5); each matching vertices,

v′, is processed only if it is not matched to some vertex in VP already (Lines 6-7). A data

graph sequence that matches to the query graph sequence is identified if a matching vertex

for each vertex v ∈ VP is found (Line 10-14). In this case, we first obtain the set of relevant

frames, M ′
F , where at least one active intermediate data graph is generated from each frame

in M ′
F (Line 12), and then update the matching score for the current window based on the

size of M ′
F (Line 13). Otherwise, new Match Candidates are produced for further processing

(Lines 16-17). If no matching vertex for v can be found (i.e., V ′ = ∅, in Line 5), then the

processing of the current Matching Candidate terminates directly. We explain this algorithm

in detail with an example.

Example 7. Figure 5.7 presents an example on a window of three frames. The query graph

sequence is shown in Figure 5.7a, and the frames are shown in Figure 5.7b. There are two

intermediate data graphs generated in f1 (I1, I2), and one in f2 (I3) and two in f3 (I4,

I5). Take the intermediate data graph, I3, as an example, each vertex in I3 is a set of

matching vertices for a vertex in P2. E.g., the vertex set {B} in I3 stores all matching

vertices of vertex X in P2, while the vertex set {F,H} stores all matching vertices of vertex

Z.

Initially, the matching score of the current window is set to 0. We initialize one Match

Candidate for the window, shown in Figure 5.7(c.i.1) (Line 1). The set of matched vertices

is empty, denoted by ∅. All intermediate data graphs are considered as active, i.e., MI =

{I1, I2, I3, I4, I5}. For better readability, we also provide the relevant set of frames in the

figure, i.e., MF = {f1, f2, f3}.

At Step 1 (the arrow annotated with S1 in Figure 5.7c), we try to identify matching

vertices for the vertex X in the query graph sequence. All matching vertices from the in-

termediate data graphs are highlighted in red. In Algorithm 9 , we retrieve the matching

vertices from the intermediate data graphs (Line 5). Since we use lists to store the inter-

mediate data graphs, this can be easily done by selecting the vertex set at the corresponding
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position in the list. There are two matching vertices, A and B, in this case. We take vertex

A as an example, shown in Figure 5.7c.ii.1. We first add vertex A to the matched vertices,

MV (Lines 7-8). Vertex A appeared in I1 from frame f1, and in I5 from frame f2; we

update M ′
I={I1, I5} (Line 9). Since there is only one matched vertex in M ′

V (Line 11), we

produce a new Match Candidate (Line 15) and add it to the Match Candidate Set for further

processing (Line 16). The matched vertex B is also processed in a similar manner (Line 6);

the result is shown in Figure 5.7c.ii.2. Similarly, we can continue the procedure by selecting

the next vertex to match for Steps 2 and 3, with results shown in Figure 5.7(c.iii, c.iv).

5.5.4.2 Prioritizing Match Candidates

There could be many Match Candidates in each window. At each step, we wish to always

select the most promising Match Candidate to explore. Since we maintain a set of frames for

each Match Candidate, intuitively, we can use such a set to estimate the maximum matching

score that could be produced by each Match Candidate. We introduce the estimated score

of each Match Candidate, M , computed as |MF |, where MF is the set of relevant frames

(i.e., frames for which at least one intermediate data graph is marked as active) of M . At

each step, we pick the Match Candidate with the highest estimated score.

The procedure is outlined in Algorithm 10. We use QM to represent the priority queue of

Match Candidates in the current window (Line 1). We always select the Match Candidate

with the highest estimated score at each step of the iteration (Line 3). Algorithm 9 also

updates the matching score of the current window W , as well as adds new Match Candidates

to the priority queue. The procedure stops if there is no Match Candidate that has an

estimated score higher than the score of the current window (Line 2).

Algorithm 10: Prioritizing Match Candidates

1 QM ← the priority queue containing all Match Candidates in W ;
2 while W .score ¡ QM .peek().estimate score do
3 OneStepTemporalMatching(QM);// this also updates QM if new Match

Candidates are produced
4 end

Example 8. Based on the above example, Example 7, we can obtain the estimated score for
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each Match Candidate. For example, in Figure 5.7c.ii.1, the estimated score for the Match

Candidate with vertex A is 2, while the estimated score for the one with vertex B is 3. If

we prioritize Match Candidates with higher scores, then we select the Match Candidate with

vertex B to explore first. Similarly, after step 2 in Figure 5.7c.iii, the Match Candidate with

vertices (B,E) has the highest score of 3, so we continue the procedure. In step 3 (Figure

5.7c.iv), we have obtained the highest score of 3, which is produced by the Match Candidate

with vertices (B,E,F). Meanwhile, we have another unexplored Match Candidate with vertex

A (produced in step 1 in Figure 5.7c.ii.1), whose estimated score is 2. Since 2 < 3, it is

guaranteed that no other Match Candidates could produce a matching score higher than 3,

and thus the algorithm stops.

5.5.4.3 Prioritizing Windows

There could be many window candidates for a video; we adopt the same strategy and pri-

oritize windows based on the estimated scores. Let SM be the set of Match Candidates in

a given window W , and the estimated score of window W is computed as maxM∈SM
|MF |.

Similar to Algorithm 10, we maintain a priority queue to store all generated windows. Win-

dows are processed iteratively according to their estimated scores. During the procedure,

we also keep track of the final ranked results and their scores. The procedure stops once

the highest estimated score produced by the windows remaining in the priority queue is less

than or equal to the current minimum matching score in the ranked results. The algorithm

follows the same structure as Algorithm 10 and is omitted here for brevity.

5.5.5 Complexity Analysis

In the worst case, the edge retrieval procedure retrieves all edges from the index, and all

candidate windows are examined during spatial matching and temporal matching. For sim-

plicity, we assume all objects occur in each graph in the query graph sequence. We use

n to denote the number of unique objects in the query and use m to represent the maxi-

mum number of objects in each window. To match the query graph, there are maximum

m ∗ (m − 1) ∗ · · · ∗ (m − n + 1) possible combinations. Let w be the length of the query
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pattern sequence (i.e., the window size), and p be the total number of frames in the video.

In the worst case, the computational complexity is O(mnwp). In practice, the number of

examined windows can be reduced thanks to the early stopping mechanism introduced in

Section 5.5.4.3.

5.6 Experiments

5.6.1 Settings

Environment. Our experiments are conducted on a machine with an Intel i5-9600K CPU,

a GeForce GTX 1070 GPU and 48GB RAM. All algorithms are implemented in Python 11

except the object detection/tracking algorithms, for which we use open-source implemen-

tations [28, 32]. Specifically, we use Faster RCNN [125] as the object detection algorithm

and Tracktor [18] as the tracking algorithm. Similar to the experiments in Chapter 3, ob-

ject detection and tracking algorithms can be replaced with any other available algorithms.

Different object detection and tracking algorithms may produce different numbers of objects

in the annotation result, which is equivalent to varying the number of objects in the video

annotations. For simplicity, we use the same object detection algorithm in the experiment,

while the number of objects is considered as the characteristic of the videos and can be

studied by using different videos. Data are pre-loaded to memory before evaluation.

Datasets. Experiments are conducted on two real-world video datasets: De-trac [148]

and Deep Drive [166]. Both datasets consist of short videos (image sequences). For the

De-trac dataset, we take videos from both the training set and the test set, and concatenate

them into two long videos, drtrain and drtest, respectively. For the Deep Drive dataset,

we take videos from the test set and split them into two groups to form two separate long

videos (bdd100kA and bdd100kB). We apply object detection and tracking algorithms to

obtain structured data on the De-trac dataset (drtest and drtrain), while using annotated

data (ground-truth) for the Deep Drive dataset (bdd100kA and bdd100kB).

Data statistics are provided in Table 5.1, including the total number of frames (# frames),

the average number of objects per frame (# avg obj/f), the total number of objects (#

11Code available at https://github.com/yestinchen/star_retrieval
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Table 5.1: Database Statistics

video drtest drtrain bdd100kA bdd100kB

# frames 56.30k 83.73k 138.25k 138.78k

# avg obj/f 24.64 17.32 9.51 11.33

# objects 37.48k 32.86k 53.21k 59.61k

avg duration 38.41 45.71 25.48 27.85

objects), and the average duration of each object (avg duration). In general, there are more

objects per frame in De-trac, and objects are changing more frequently in Deep Drive (i.e.,

the lower average duration of each object).

Query Processing Methods. We evaluate the query processing performance of three

methods, namely, base, prop and prop s . All three methods are based on the proposed index.

The base method serves as the baseline method, which simply accepts the retrieved edges and

performs graph matching utilizing Depth-First Search, as discussed in Section 5.5.3.1. The

temporal matching step of the base method then simply enumerates all possible mappings

to the vertices in the query graph pattern and subsequently computes the window scores.

The prop s method is a sequential version, where all windows are processed sequentially

without prioritization across windows, while the prop method is the proposed method with

prioritizing windows enabled (Section 5.5.4.3).

Evaluation Methodology. Object detection/tracking algorithms are applied as part

of preprocessing. As such algorithms are not applied during query execution and we do not

account for the time required by such operations in our evaluation. The preprocessing time

could vary depending on the object detection and tracking algorithms used. For example, in

our setting, with high accuracy algorithms, i.e., Faster R-CNN [48] as the object detection

algorithm and Tracktor [18] as the object tracking algorithm, we could achieve a speed of

4 frames per second during the preprocessing step on average. The speed could be further

improved if faster models are applied (e.g., YOLO [124], DeepSORT [152] etc.).

We report the query processing time based on a set of query graph sequences randomly

generated from the raw videos. Each query graph sequence is generated as follows:

1. Determine the length pd of the query graph sequence and the number of objects po in

the query graph sequence.
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Figure 5.8: Index Construction Time on Different Videos

2. Select pn video clips randomly from the original dataset.

3. From each short video clip, we randomly select po number of objects from pd consecutive

frames to generate one query graph sequence.

In our experiments, we set pn to a fixed value, 20, which is sufficient to represent the

distribution of query graph sequences. As can be validated by the experiment figures, query

graph sequences generated in this way contain queries with different selectivities and their

running time is representative of the general trend. Increasing pn would show similar trends

in the experiment results. We vary pd and po in the following experiments and study the

performance of different methods. Increasing either pd or po also increases the complexity of

queries either on the temporal dimension (pd) or on the spatial dimension (po).

Discretization granularity. To study the impact of discretization granularity, we vary

it and present both the index construction time and query time. We use a tuple (sθ, sd)

to represent the number of buckets assigned for θ and d values. In the experiments, we

use 4 different discretization granularities: df1=(4, 10), df2=(8, 10), df3=(8, 15), df4=(12,

15). Unless otherwise specified, df2 is the default discretization granularity used in the

experiments.

5.6.2 Index Construction

Varying datasets. Figure 5.8 presents the time utilized for index construction on different

datasets. The primary y-axis is the time consumed to build the index on the entire video,

which is shown as the bar chart, while the secondary y-axis is the amortized time on each

frame in the video, shown as the line chart. In general, the index construction time is highly
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Figure 5.9: Index Construction Time w.r.t. Number of Frames

related to the number of objects per frame. As more objects appear in each frame, more

edges will be generated and materialized, thus leading to a higher construction time. For

example, even though drtest and drtrain have fewer frames compared with bdd100kA and

bdd100kB, both the total index build time and the amortized time per frame are still higher

than the other two videos. Furthermore, drtrain has the most number of objects per frame

and it also has the highest build time among all videos. As a contrast, bdd100kA has the

least number of objects per frame and the lowest build time. This confirms that more objects

per frame leads to higher index construction cost.

Varying the number of frames. We further report the index construction time for

different numbers of frames in each video, shown in Figure 5.9. We select 4 checkpoints

starting from 25% frames to 100% frames starting from the beginning of each video. The

total build time grows linearly as more frames are processed. As shown in Figure 5.9b, the

amortized time per frame remains stable for both bdd100kA and bdd100kB. The reason

is we process one frame at a time during index construction, and there are no inter-frame

computations. Thus the overall index construction time is the sum of the construction time

consumed by each frame. As a result index construction is highly scalable. We also observe

an increasing or decreasing trend in time (drtest and drtrain) as the number of objects

changes per frame, which also confirms that the number of objects per frame dominates the

index construction cost.

Varying the discretization granularity. We vary the discretization granularity and

the results are depicted in Figure 5.10a. Different discretization granularities are applied
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when materializing edge attributes. From df1 to df4, the attributes on different edges are

more likely to have diverse values. Theoretically, changing the discretization granularity

will not impact the computational cost since neither the number of edges nor the number

of frames changes. The result confirms that varying the discretization granularity does not

have a significant impact on the index construction time. We have also reported the index

size with different discretization granularities, shown in Figure 5.10b. Having more buckets

for edge attributes is likely to increase the number of edges with unique values, thus leading

to higher space consumption. The trend is more obvious on videos with more objects, such

as bdd100kB. The figure also shows that even with more frames, a smaller number of objects

per frame could still have a significant impact on the storage saving, as can be observed from

bdd100kA, where it has the lowest space consumption among all videos.

5.6.3 Query Processing

Query processing time under default settings. As the default setting, we set the

query length (i.e., the length of the query graph sequences), pd = 10, the number of objects
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in each query, pn = 4, and use df2 as the discretization granularity. By default, we only

retrieve k = 100 results with the highest scores. We generate 20 queries from each video,

issue these queries to the corresponding videos, and report the query processing time, as

shown in Figure 5.11. Queries are generated following the rules presented in the Evaluation

Methodology, in Section 5.6.1. The boxplot depicts the processing time distribution of 20

different queries, while the dots on the boxplot represent the actual data points, with each

point representing the processing time obtained on one query instance.

Both prop and prop s are significantly faster than the base method, which can be observed

from the median values of the three methods. The spread of the boxplot for base is also

wider than the other two methods: for the queries in the bottom quarter of the boxplot,

the processing times of these three methods are very close, except for drtrain, where base is

much slower; for queries in the top quarter, prop has the best performance among all these

methods, while base is the worst. The result aligns with our intuition: queries having a

lower processing time with the base method are likely to have fewer data graph sequences

generated, i.e., there are less Match Candidates to prune for both prop and prop s. Moreover,

the benefit of introducing the early-stopping mechanism may not be sufficient to cover the

additional maintenance overhead. For queries with a longer execution time, there are more

Match Candidates to prune, and thus the benefit of the early-stopping mechanism is much

more pronounced. The results indicate that our proposed method is effective, especially on

queries with high selectivities. Even without prioritizing windows (i.e., prop s), there is still

a huge improvement over the base method. For the remainder of this section, we present the

result based on two representative videos due to space limitation, but the trend is similar on

other videos.

Varying the discretization granularity. We first vary the discretization granularity,

as introduced in Section 5.6.1. From df1 to df4, as the number of buckets for either θ or

d increases, the selectivity of a given edge decreases due to the increase in the value ranges

for edge attributes. For example, the θ values of two edges that could fall into the same

bucket with the discretization granularity applied may belong to two different buckets if the

number of buckets increases, leading to a lower selectivity.

To evaluate the effect of discretization granularities, we build indexes with different gran-
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Figure 5.12: Varying df

ularities and measure the query processing time on the same set of queries. The results are

shown in Figure 5.12. As we increase the number of buckets for edge attributes, the selec-

tivity of the same query decreases, thus leading to less processing time thanks to the index

structure. This is because in the first step of all three methods, we retrieve only relevant

edges from the index; therefore, more discretized values mean fewer vertex pairs are retrieved

for each edge, and thus less time is needed. With the retrieved vertex pairs, the prop method

still outperforms the other two methods, while base has the longest processing time overall.

In general, as we increase the number of buckets for either θ or d, the query evaluation time

for all methods decreases; the prop method still outperforms the other two methods, while

base has the longest processing time overall.

Varying the number of unique vertices in the query. We vary the number of

unique vertices in the query from 3 to 5. Specifically, we generate the query graph sequence

based on 5 vertices (i.e., 5 different object IDs), and then reduce the number of vertices

included in each query from 5 to 3. As we increase the number of unique vertices in the

query, more edges could be retrieved in each frame, leading to higher computational cost
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Figure 5.13: Varying # of Unique Vertices

for query processing. Consequently, both methods prop and prop s have much lower query

processing time compared with base. Moreover, for those expensive queries (queries with

long processing time, shown in the top quarter of the boxplot), the query processing time of

base grows exponentially while the time for the other two methods grows at a much lower

rate thanks to the early-pruning mechanism.

Varying the length of query graph sequences. Similarly, we vary the length of query

graph sequences from 5 to 15. We first generate queries based on the longest length (i.e.,

15), and then reduce the query length from 15 to 5. The results are shown in Figure 5.14. As

we increase the query length, the number of query graphs that each frame needs to match

increases; thus more data graphs could be generated for each window, leading to higher

computational cost. Meanwhile, increasing the query length may also reduce the number

of Match Candidates since the query could be less selective due to the information from

the extra frames. Consequently, we could either see an increasing mean query processing

time (Figure 5.14a) or a decreasing query processing time (Figure 5.14d, base method). In

general, we can still see an increasing trend on all methods as we increase the query length.
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Figure 5.14: Varying the Length of Query Graph Sequences

Among all three methods, prop performs the best, which is in agreement with our other

experiments, demonstrating the effectiveness of the proposed methods.

Varying k. We further vary the number of results retrieved for each query, k, from 1 to

1000. The result is shown in Figure 5.15, where base is omitted since its query time remains

stable for all k values. As can be observed, increasing k leads to increasing query time for

the prop method, thanks to the early stopping mechanism brought by prioritizing windows,

while the query time for prop s remains stable. This further demonstrates the effectiveness

of the early stopping mechanism in the proposed method.

Varying the sample rate. Due to the characteristics of videos, sampling is commonly

used to reduce the computation by reducing the number of frames. To study the impact of

different sample rates, we vary the value from 10% to 100%, and generate different queries at

different sample rates with the same query parameters (i.e., same pd and po). For example,

a sample rate of 10% means that we sample only 10% of the frames. The results are shown

in Figure 5.16. As the sample rate decreases (from 100% to 10%), the index is constructed

on fewer frames, and the spatial relationships between objects are likely to change more
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frequently. As a result, adjacent frames are likely to have different values for the same edge.

Consequently, the number of vertex pairs retrieved from the index could be reduced, and

the number of Match Candidates during query processing is also reduced, leading to faster

query processing. Among the three methods, prop is still the fastest, demonstrating the

effectiveness of our proposal when sampling is enabled.

Query with multiple types of labels. Finally, we synthetically generate another type

of label representing the color of objects. We randomly assign one out of three colors to each

unique object, and then build indexes on two labels and evaluate the performance with the

same set of queries as in the previous experiments. The results are shown in Figure 5.17.

Compared with the results based on a single type of label (Figure 5.11), the query processing

time for all methods decreases due to the lower selectivity of queries. Both prop and prop s

are still faster than base in general.

5.6.4 Ablation Study

Different index structures. We perform an ablation study to further understand the

pruning power brought by the GI index. We use GI to denote our proposed method utilizing

the full GI index, based on which we implement two variants: GI E , which builds indexes

based on the edge attributes only, and GI V , which builds indexes based on the vertex

attributes only. We measure the index construction time for all three methods, and the

result is shown in Figure 5.18a. The overall construction time of either GI V or GI E is

slightly less than that of GI , due to the simplified index structure. Building the index for

GI V can be faster than for GI E on some videos (e.g., drtrain and dbb100kA), and vice
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versa on other videos (e.g., drtest and bdd100kB), depending on video characteristics.

For these three methods, we further evaluate the performance of query processing. Specif-

ically, we only include the Edge Retrieval time, where the objective is to produce only related

edges to the given query, and omit the processing time for the remaining steps (i.e., spatial

matching in Section 5.5.3, etc.) as they are identical in all methods. The result is presented

in Figure 5.18b. The GI method has the lowest edge retrieval time, while the other two

methods are slower than the GI method. This demonstrates that having indexes on both

edge and vertex attributes leads to more efficient query processing than using either vertex

or edge attributes alone.

The effect of intermediate data graphs. To further study the impact of having or

not having intermediate data graphs during query processing, we further implement another

method noimd , which enumerates all possible matching graphs directly and uses them during

temporal matching. The matching graphs are processed in a similar manner, where the

matching candidates are prioritized and processed iteratively. The result is depicted in

Figure 5.19. Since intermediate data graphs are mainly optimized for those cases where

multiple vertices match the same vertex in the query graph, the benefit of intermediate data

graphs only becomes significant on queries with high selectivities (e.g., drtrain, bdd100kB).

Summary. Results from the above experiments demonstrate the effectiveness of our

proposed methods. There are two main steps in query execution: edge retrieval and Match

Candidate pruning. The edge retrieval reduces the number of Match Candidates significantly

if the number of vertex pairs retrieved from the index is small (i.e., with fewer objects in the
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query, or fewer frames in the video). Even with many vertex pairs retrieved, our proposed

methods can still answer queries efficiently by pruning Match Candidates early. The main

saving comes from the spatial matching process (prop s), while the algorithm to prioritize

windows further provides a better early-stopping mechanism and achieves faster execution

(prop).

5.7 Summary and Future Work

In this chapter, we define the problem of STAR Retrieval. Utilizing CV algorithms, we

obtain graph representations for videos and propose to build and fully specify the GI index

to accelerate query answering. We process queries based on the GI index, along with two

proposed algorithms, Spatial Matching (SMA) and Temporal Matching (TM). Experiments

based on real-world videos confirm the effectiveness and utility of the proposed algorithms.

In this work, we have mainly considered the spatial relationships between objects, along

with the labels on objects and temporal constraints. Other complex attributes such as events

involving objects may be of interest for more complex pattern queries. Other directions, such

as supporting variable window sizes for different playback speeds, and further improvements

to the index structure with subgraphs, are also worth exploring in future work. In addition

to fixed window size, more complex matching considering variable window sizes or different

playback rates could also be considered.
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6 Conclusion and Future Work

6.1 Summary of the Dissertation

In this dissertation, we studied several problems of evaluating temporal queries over videos,

specifically considering temporal information. We start with a general framework, which

utilizes state-of-the-art algorithms to obtain object detection and tracking results as video

annotations. Queries can solely be evaluated on the annotations, which reflect the underly-

ing video content. With such a framework, we investigated three types of queries. First, we

focus on temporal queries involving objects and their co-occurrences in video feeds, where we

proposed two algorithms to prune states early to accelerate downstream query evaluation.

Then, for the same query, we aim to produce only the results with the highest ranks with a

two-phased approach, which consists of an ingestion phase, to build and materialize indexes

for query acceleration, and a query phase, which evaluates the given queries efficiently with

the materialized index. Specifically, we take a partition-based approach to build indexes

along with metadata for each partition and evaluate queries across multiple partitions. Fi-

nally, we further enrich the queries by taking both the spatial and temporal constraints in

videos. We model the annotations in videos as graphs and propose to simplify the graph for

faster query evaluation. In this problem, both videos and queries are modeled as a sequence

of graphs. With the pre-materialized graph index, our framework consists of window gener-

ation, which is used to generate only windows that are promising; spatial matching, which

is used to perform intra-frame level matching based on spatial information; and temporal

matching, which is used to perform inter-frame level matching based on temporal matching.
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6.2 Discussions and Future Work

Through the works presented in this dissertation, we have already made our first steps to

answering queries over videos. With the general framework we adopted, we can always

obtain unique object identifiers and associated properties of the objects from videos utilizing

CV algorithms. We refer to such an approach as query evaluation on video annotations.

The main benefit of such an approach is that we can only focus on query efficiency based

on the annotations directly with exact evaluation based on query semantics. Such queries

can be useful for retrieving certain patterns from a small set of videos where the cost of

obtaining the annotation is acceptable or the annotations are already present. On a high

level, this property also makes the query problems related to some existing research topics

in data mining (Chapters 3 and 4) or graph matching (Chapter 5). For example, if we

simply ignore object labels and treat each unique object as a unique item, the problem of

finding co-occurrence objects can be treated as a special case for finding item sets from item

sequences. In our proposed methods, we rely on some characteristics of videos such as the

locality of videos (i.e., objects that appeared in the scene are relatively stable in adjacent

frames) to speed up the query execution. In the future, we can further explore whether the

proposed methods can be extended to different domains other than video data.

Such an approach also has some limitations. For example, obtaining annotations for

videos is not always feasible, especially for long videos or large video repositories, due to

the significant amount of computational resources required by the annotation procedure.

Moreover, for some queries, we may also want to consider the accuracy produced by CV

algorithms with some mathematical guarantees. Ultimately, we aim to build query processing

and analytic systems for videos. Along this line, there are still a lot of problems worth further

exploring.

In this section, we discuss some of the promising directions from the following three

aspects: query evaluation on video annotations, query evaluation on raw videos, and query

evaluation on videos with multiple data sources.
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6.2.1 Query Evaluation on Video Annotations

In this direction, we can still use the general framework discussed in this dissertation to

obtain video annotations utilizing state-of-the-art algorithms. The underlying assumptions

are: 1) the video is of high value and with high information density. 2) the query focus on the

pattern of some specific objects included in the video. 3) the annotation results are relatively

accurate, or inaccurate results produced by algorithms could be calibrated manually with

acceptable costs. With such a framework, we could answer more complex queries on videos,

some possible problems are listed as follows.

More complex queries with the graph modeling. In Chapter 5, we focused on

the exact matching of graphs with equal window sizes. However, this matching mechanism

could be too strict for queries in certain scenarios. For example, considering videos with

different frame rates, both the video and the given pattern could share similar movements

with different frame rates. Moreover, we may also wish to find certain cases where graphs

are not exactly matched but are somewhat matched. For example, we may allow at most

one object to be missing in the frame. Such cases require a different approach since the

relaxation of the matching criteria would lead to potentially a high number of candidates

during execution, making such problems even more challenging.

Queries with semantics-based representations. Another problem is modeling the

semantics of objects in the frame. For example, in a video, we may wish to describe queries

such as “the sun is rising from the sea”. Although such queries can be answered with end-

to-end CV models [11, 157], such models require extra training data and time. One way to

answer such queries is to consider the semantics of the objects in the modeling and develop

optimized algorithms. In such cases, the queries would be more focused on the semantics

rather than the exact matching of temporal or spatial information and thus require special

treatment to eliminate unpromising results early for faster execution.

Query optimizations considering the relationships between predicates. For

complex queries with multiple predicates, selecting which one to apply first could also bring

significant savings on the evaluation cost. This could be further explored since on videos with

different characteristics, the pruning power of different predicates could vary. The precise
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optimization in such cases is also worth exploring.

6.2.2 Query Evaluation on Raw Videos

Another line of work executes queries on raw videos directly. There have been many pieces

of works focusing on specific aspects as discussed in Chapter 2, such as the use of cheap

proxy models [24, 80, 79, 82], etc. Such techniques are suitable for scenarios where: 1) it is

infeasible to apply detection or tracking algorithms on all frames in videos. 2) the system

needs to trade off between query execution time and results accuracy. Despite some existing

works, there are still some promising problems, listed as follows.

Efficient annotations for video query processing. One critical issue is the efficient

annotations for video query processing. Previous work mainly focuses on annotating object

detection results [82, 79]. However, the quality of tracking results could also have a significant

impact on the query result. How to annotate videos efficiently, considering various annotation

types such as color, object detection, object tracking, and even semantics segmentation, etc.,

is also an important topic. Moreover, considering the neural network structures that most

CV algorithms utilize, the pipeline of applying such neural network models could be further

optimized by enabling sharing between different models.

Semantics-aware query optimizations on raw videos. Another important piece of

information carried with videos is video semantics. For example, by looking at only several

frames from a video, we could infer whether the video is news broadcasting or surveillance

footage. Depending on different videos, we have different assumptions on the characteristics

of adjacent frames in the video, which could be further utilized for pruning when executing

queries. This problem requires us to model the video semantics and apply such semantics

for query answering, which could potentially improve the efficiency of query answering.

Cost models for video query processing. On a higher level, there are some queries

that only focus on the final results, regardless of what algorithms are applied during exe-

cution. In such cases, queries are expected to return results that satisfy given metrics (i.e.,

accuracy, precision, etc.), while there could be multiple models or algorithms for perform-

ing the same query while satisfying the given criteria. A system could further utilize query

rewriting techniques, which have been successfully applied in relational database systems,
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to optimize the generated query plan. Cost models that are specifically designed for video

processing systems, which consider both the inference time and the metrics of models, could

be utilized here to provide better query rewriting results, leading to faster execution time

or higher throughput. Additionally, providing mathematical guarantees could also be very

useful for query answering with different target metrics.

6.2.3 Query Evaluation on Videos with Multiple Data Sources

In the above two sections, we assume that the queries are executed either on raw videos or

on annotations. However, to design an end-to-end system for video processing and analysis,

we may need to consider executing queries on a mixed format of data, including videos,

annotations, or even external data sources such as text or audio. We further discuss the

potential problems from the following aspects.

Query processing with materialized views. For queries that are executed directly

on raw videos, one way to accelerate queries is to materialize data that have already been

annotated and reuse the result for later queries, as demonstrated in [161], where a simple

materialized strategy is discussed. However, if we consider different models that target the

same task in a system, how to materialize and reuse such annotations across various models

becomes a very challenging task. Precise exploration of such optimizations considering the

trade-off between accuracy and efficiency is also worth studying.

Query processing with external information. In the real world, videos are normally

produced along with other types of information, such as video metadata, audio, or even text.

Such information could be further utilized to provide higher pruning power, in cases where

the relationship between videos and other data sources can be easily established. In this

scenario, developing a systematic approach for query evaluation, possible along with some

cost model, across multiple data sources could also be very useful.

Aside from the problems discussed above, how to develop a systematic approach for video

query processing, as well as benchmarking video systems, are also important. We believe

that videos, as a media format that contains a large volume of unstructured data and stores

explicit or implicit information of various kinds, could bring significant change to people’s

daily lives. Currently, the ways that people understand and retrieve videos are still relatively
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primitive yet continuously involving. We believe that building video processing and analytic

systems could bring significant change to the way people obtain information from a large set

of videos. We will continue to work towards this ultimate goal and we hope that the studies

presented in this dissertation would also be helpful to the community, as well as encourage

more researchers to join us in this promising topic.

143



Bibliography

[1] https://github.com/pythonlessons/TensorFlow-2.x-YOLOv3.

[2] https://github.com/nwojke/deep_sort.

[3] https://github.com/adipandas/multi-object-tracker.

[4] https://db.cs.washington.edu/projects/visualroad/.

[5] Ahmad Sedky Adly et al. “Issues and Challenges for Content-Based Video Search En-

gines A Survey”. In: 2020 21st International Arab Conference on Information Tech-

nology (ACIT). IEEE. 2020, pp. 1–18.

[6] Ramesh C Agarwal, Charu C Aggarwal, and VVV Prasad. “A tree projection algo-

rithm for generation of frequent item sets”. In: Journal of parallel and Distributed

Computing 61.3 (2001), pp. 350–371.

[7] Arnav Agharwal et al. “Tag-based video retrieval by embedding semantic content

in a continuous word space”. In: 2016 IEEE Winter Conference on Applications of

Computer Vision (WACV). IEEE. 2016, pp. 1–8.

[8] Rakesh Agrawal, Ramakrishnan Srikant, et al. “Fast algorithms for mining association

rules”. In: Proc. 20th int. conf. very large data bases, VLDB. Vol. 1215. Citeseer. 1994,

pp. 487–499.

[9] Rakesh Agrawal and Ramakrishnan Srikant. “Mining sequential patterns”. In: Pro-

ceedings of the eleventh international conference on data engineering. IEEE. 1995,

pp. 3–14.

[10] Michael R Anderson et al. “Physical representation-based predicate optimization for

a visual analytics database”. In: 2019 IEEE 35th International Conference on Data

Engineering (ICDE). IEEE. 2019, pp. 1466–1477.

144

https://github.com/pythonlessons/TensorFlow-2.x-YOLOv3
https://github.com/nwojke/deep_sort
https://github.com/adipandas/multi-object-tracker
https://db.cs.washington.edu/projects/visualroad/


[11] Lisa Anne Hendricks et al. “Localizing moments in video with natural language”. In:

Proceedings of the IEEE international conference on computer vision. 2017, pp. 5803–

5812.

[12] Jay Ayres et al. “Sequential pattern mining using a bitmap representation”. In: Pro-

ceedings of the eighth ACM SIGKDD international conference on Knowledge discovery

and data mining. 2002, pp. 429–435.

[13] Yusuf Aytar, Mubarak Shah, and Jiebo Luo. “Utilizing semantic word similarity mea-

sures for video retrieval”. In: 2008 IEEE Conference on Computer Vision and Pattern

Recognition. IEEE. 2008, pp. 1–8.
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