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ABSTRACT

The ubiquitous deployment of cameras has led to explosive growth
of video data, creating an urgent need to explore valuable content.
Single-level queries are insufficient to extract comprehensive infor-
mation, raising the demand for multi-level queries (existence, dy-
namic, similarity) within a single unified system. However, limited
by the high complexity and redundancy of video, existing systems
usually support single-level queries, while Vision-Language Models
that support multi-level queries incur prohibitive computational
overhead, making them infeasible for large-scale video datasets.

To address these issues, we propose Craw, a framework for effi-
cient multi-level queries on large-scale video datasets. Specifically,
Craw (1) designs the Video Semantic Unit to encapsulate video
semantics, (2) develops a semantic-preserving video segmentation
algorithm, and (3) constructs a hybrid index framework integrat-
ing an inverted index with a cluster index layer for efficient query
execution. Experimental results show that Craw outperforms the
state-of-the-art (SOTA) by reducing query latency up to two orders
of magnitude, while effectively supporting multi-level queries.
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1 INTRODUCTION

The pervasive deployment of various cameras has expanded dra-
matically [50], driven by growing demands such as smart city de-
velopment [44], transcending traditional monitoring purposes. Ac-
cording to the latest report, the global video surveillance market
is projected to grow from $56.11 billion in 2025 to $88.06 billion
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by 2030 [32]. These cameras are widely used in diverse scenarios
like traffic accident analysis [51], where practical requirements go
beyond single-level query capabilities, thus increasingly demand-
ing support for multi-level queries (existence, dynamic, similarity)
[4, 22, 48]. For instance, traffic analysts may need to query specific
objects (existence query), track dynamic events (e.g., two vehicles
approaching each other), or optimize signal timing by analyzing
traffic flow via similar video segments [47] (similarity query).

Existing techniques struggle to fully address this practical de-
mand for multi-level queries. Vision-Language Models (VLMs) can
support multi-level queries [46] but rely on prohibitive frame-level
processing, making them infeasible for large-scale video datasets
[24]. Additionally, unlike practical scenarios that require structured
queries [4], VLMs take natural language as input, which may lead
to hallucinations and fail to provide accurate, real-time responses.
Meanwhile, most specialized systems only support a single query
level, requiring multiple separate systems to meet practical demands
like traffic analysis, thus limiting flexibility and efficiency. These
limitations highlight the necessity of a unified querying framework
that supports multi-level queries while maintaining low overhead.

Achieving efficient multi-level queries in large-scale datasets is
non-trivial, posing several critical challenges: (1) Designing appro-
priate semantic representation. To support multi-level queries,
the framework requires a proper representation method to encap-
sulate fine-grained semantics and organizes them in a structured
manner [20, 31]. (2) Maintaining semantic integrity. Practical
scenarios often require structured and accurate query results, and
the preservation of video semantic integrity is the key to ensuring
query accuracy. However, traditional methods such as fixed interval
[49] and temporal difference [18, 38] often rely on frame-pixel dif-
ferences and ignore high-level semantics (e.g., “two pedestrians side
by side”), leading to fragmented segments that undermine semantic
integrity and query accuracy. (3) Enabling low overhead. Efficient
query performance is critical for large-scale video datasets. VLMs
may incur heavy computational costs due to frame-level feature
extraction and cross-modal alignment, while the multi-system de-
ployment of specialized systems introduces cumulative operational
overhead and results in low execution efficiency.

Selecting an appropriate video semantic representation is foun-
dational to addressing the three critical challenges outlined above,
and ultimately determines the feasibility of multi-level queries. Ex-
isting methods can be mainly classified into three categories: key
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frame (KF), full video (FV) and video segment (VS). These categories
have inherent limitations and fail to support multi-level queries
efficiently. KF [9, 17, 23] selects key frames from videos and extracts
semantics from these frames as the “video semantic abbreviation”.
However, KF only captures static semantics at discrete moments,
failing to capture dynamic semantics [21], making KF incapable of
supporting dynamic queries. In contrast, FV [10, 16, 26] extracts
holistic semantic information. Yet FV faces dual limitations: heavy
reliance on manual processing and overly coarse granularity. Lack-
ing the spatio-temporal information required for dynamic queries,
FV only supports coarse-grained existence and similarity queries.
VS [18, 49] serves as an intermediate granularity between KF and
FV, balancing the efficiency of KF with the semantic coverage of FV.
Nevertheless, current VS still falls short in maintaining semantic
integrity, leading to fragmented semantics and low query accuracy.
Therefore, we need an advanced video semantic representation.

To address these challenges, we propose Craw, a unified frame-
work for efficient multi-level queries on large-scale video datasets.
Craw adopts a lightweight design with one-time preprocessing to
generate fine-grained, structured video semantic representation
(i.e., VSU), employs a semantic-preserving video segmentation algo-
rithm and a trajectory simplification algorithm to guarantee query
accuracy and lower index construction overhead, and constructs a
hybrid index framework, which integrates a cluster index layer and
an inverted index and incorporates a Top-k strategy to accelerate
query execution. Experimental results show that Craw achieves
14-34x query speedup over Video-zilla and outperforms the SOTA
in both latency and accuracy.

Our contributions in this paper are as follows:

o We summarize the inherent limitations and key challenges of
existing systems, clarify the research motivation for multi-level
query demands, and introduce Craw, a novel unified framework
for efficient multi-level queries on large-scale video datasets.

« We design the VSU to represent video semantics, and propose
an innovative video segmentation algorithm that divides videos
into semantically integral segments, preserving semantic integrity.
We further design a trajectory simplification algorithm to reduce
computational overhead while preserving query accuracy.

o We establish a hybrid index framework based on VSUs. This
framework effectively reduces query execution overhead, maintains
high query accuracy, and adapts to multi-level queries.

« We conduct comprehensive experiments on large-scale video
datasets, comparing Craw with SOTA from multiple perspectives.
Experimental results demonstrate that Craw achieves superior
query performance and validates the effectiveness of all our pro-
posed algorithms and the overall framework.

2 RELATED WORK

This section reviews related work and further elaborates on their
limitations. Table 1 summarizes the comparison between Craw and
some representative research.

Existence Query. Existence queries verify the presence of target
objects and their relations. Recent works focus on two objectives.
The first aims to reduce overhead: NoScope [23] skips redundant
frames, Gecko [43] selects lightweight models via content-aware
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Table 1: Comparison of existing research and Craw. W indi-
cates indirect support for the corresponding query level.

Research Existence Query Dynamic Query Similarity Query

X X

v

FIGO [9]
Video-zilla [18]
MIRIS [6]
EQUI-VOCAL [49]
VLMs [45]

Craw

AR xS
SNENENENE

SNEN

analysis, and Seiden [4] adopts temporally-guided sampling. How-
ever, these methods fail to capture inter-object relations. The second
targets fine-grained queries (e.g., “a car adjacent to another car”)
using cross-modal techniques such as FIGO [9] and LOVO [28],
but suffers from high preprocessing overhead. Craw bridges both
objectives: VSUs capture fine-grained semantics and drastically
reduce search space.

Dynamic Query. Dynamic queries rely on spatio-temporal
information and thus require both semantic integrity and low-
overhead execution. Current systems primarily adopt two approaches
and select VS as representation, each with limitations. Trajectory-
based approaches maintain semantic integrity, and aim to reduce
query overhead. While methods like MIRIS [6] optimizes the sam-
pling frame rate, whereas OTIF 7] generates reusable trajectories
for subsequent queries, they still incur heavy preprocessing due to
video high redundancy. Predefined event-based approaches enable
structured queries but are constrained by fixed segmentation. For
example, EQUI-VOCAL [49] enables declarative query synthesis,
eliminating the need to manually specify events (e.g., “a car is to the
right of another car”) to improve efficiency. In contrast, Craw uses a
semantic-preserving algorithm to maintain semantic integrity, and
reduces redundant trajectory points to improve query efficiency.

Similarity Query. Similarity queries retrieve semantically simi-
lar video fragments and often select VS to capture semantics. Cur-
rent methods like Video-zilla [18] group frames with similar object
distributions into semantic units and leverage cluster indexes to
accelerate retrieval. However, Video-zilla only performs video seg-
mentation from a pixel-level perspective, without exploiting the
high-level semantics of video content. Meanwhile, its high computa-
tional cost in video segmentation and reliance on high-dimensional
feature representations severely limit its overall efficiency. Craw
reduces the segmentation costs and feature dimensionality, preserv-
ing semantic integrity while improving the query efficiency.

VLMs. While current VLMs have demonstrated the multi-level
retrieval capabilities, they incur substantial overhead [42]. This
stems from the reliance on frame-level feature extraction and fine-
grained cross-modal alignment, making VLMs infeasible for large-
scale video datasets. Thus, VLMs are usually limited to short videos
[34]. Additionally, VLMs take natural language as input, which may
lead to hallucinations and erroneous outputs. Compared to VLMs,
Craw adopts lightweight preprocessing and leverages structured
VSUs to support multi-level queries. Further, Craw uses structured
queries via VSUs to avoid hallucinations effectively.
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Figure 1: System overview of Craw, consisting of two core modules: VSU Generation and Index Framework, with the corre-

sponding multi-level query execution pipeline.

3 OVERVIEW OF CRAW

In this section, we provide a system overview of Craw. As illus-
trated in Figure 1, Craw mainly comprises two key modules: VSU
Generation (Sections 4-5) and Index Framework (Sections 6.1-6.2).
We further elaborate on the Query Execution pipeline (Section 6.3).

In this paper, Craw is designed for comprehensive application
scenarios like urban traffic monitoring and smart city management,
where integrated multi-level query capabilities are in critical de-
mand and which generate large-scale long videos captured by fixed
cameras. Compared to non-static scenarios like on-board cameras,
the latter have far less prominent need for multi-level queries and
usually prioritize real-time object tracking or specific event detec-
tion like lane departure warning.

VSU Generation. This module is designed to process unstruc-
tured raw videos into structured VSUs for multi-level queries. The
module first uses a multi-object tracker to capture continuous
spatio-temporal trajectories across frames. Based on this trajectory
information, this module leverages an adaptive video segmenta-
tion algorithm, converting raw videos into video segments with
semantic integrity. To further improve efficiency, the module adopts
a trajectory simplification algorithm that extracts key trajectory
points. Each segment is converted into a VSU, containing trajectory,
interaction and temporal matrices. The module encapsulates each
segment as a query-friendly VSU, eliminating repetitive processing
and decreasing computational costs.

Index Framework. To enable efficient multi-level query execu-
tion, this module constructs a hybrid index framework containing a
cluster index layer and an inverted index layer. The inverted index
layer acts as an effective locator and filter to drastically narrow
the search space, while the cluster index layer improves efficiency
for similarity queries using proposed metrics. This combination
adapts to the diverse requirements of multi-level queries. Notably,
while modern storage systems like LanceDB [25] and Deep Lake
[13] support co-storage of metadata and vectors, they lack support
for custom similarity measures during index construction, and thus
cannot satisfy the demands of multi-level queries.

Query Execution. We further illustrate how Craw performs
multi-level queries using the hybrid index and VSUs: Query A1. For
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trajectory-based dynamic queries, Craw first uses the inverted index
to filter irrelevant VSUs, drastically narrowing the search space,
then performs matching on the remaining candidates and returns
eligible video segments. Query B2. For existence and predefined
event-based dynamic queries, Craw directly invokes the inverted
index for retrieval and returns results. Query C3. For similarity
queries, Craw extracts semantics from the input segment to form a
single VSU without extra segmentation, performs fast matching via
the cluster index layer, ranks candidates by similarity, and returns
the most relevant video segments. For instance, when a traffic
analyst issues the query “A bus stops in the station and two people
are present” in a traffic junction, Craw first uses the inverted index
to locate VSUs containing buses and people, then matches the
spatio-temporal information in the remaining VSUs, and finally
returns the eligible video segments.

4 VIDEO SEMANTIC UNIT

In this section, we first define a VSU and introduce its generation
workflow (Section 4.1), which relies on the video segmentation algo-
rithm in Section 5. We then propose a novel trajectory simplification
algorithm (Section 4.2).

4.1 Defining Video Semantic Unit

Video is defined as a continuous time sequence of still frames [39],
and its semantics describe the content of temporal dynamics and
visual content of these frames [19]. To systematically characterize
video semantics, we decompose it into a collection of multi-object
events and define a VSU as the triple:

VSU = {F,T,T}

where F, Z and T denote the trajectory matrix (F), interaction
matrix (Z), and temporal matrix (7") respectively. Each matrix is a
two-dimensional structure.

o F: F describes the motion features of each object in the video
segment, where each object’s trajectory is represented by key tra-
jectory points. These points are selected from the original trajectory
matrix F' via the trajectory simplification algorithm (Section 4.2)
to form the final F matrix.



o T: T characterizes interaction relationships among objects in
a VSU. We adopt an encoding scheme based on spatio-temporal
relationships between object pairs (computed from F’), such as the
centroid distance and its temporal change. For example, code “0”
denotes no specific relationship, and code “1” indicates that object A
is moving away from B (i.e., the distance increases consistently over
consecutive frames). Besides, these interaction relationships can be
flexibly extended to support additional user-defined relations.

o T: T captures the relative times of appearance and disap-
pearance for each object within the video segment, with values
normalized to the range [0, 1] based on the total duration of the
video segment.

Given a video segment (Figure 2 “VSU Example”). We assume
that two people appear in the first half, and a bicycle and a truck
appear in the second half. Their temporal matrices 7 are thus
normalized to [0,0.5] for people and [0.5, 1] for the bicycle and
truck, respectively. Since the people and the two vehicles do not
overlap in time, their corresponding entries in Z are encoded as
“0”; the bicycle is moving away from the truck, determined from
the trajectory information (i.e., '), so this pair is encoded as “1”.

VSU Generation Workflow. Craw first uses a multi-object
tracking mechanism to extract object trajectories, like combining
the YOLO series [35] for object detection with the BOT-SORT algo-
rithm [1] for tracking. Each object is represented by the midpoint of
the four-point 2-D bounding box coordinates in the original frame,
and the class is determined by the highest-confidence classification
output from the detector. Based on the tracking results, Craw then
utilizes the video segmentation algorithm (Section 5) to partition
the full video into semantic-preserving segments. For each segment,
we assume there are m objects, each with at most n trajectory points
indicating the object’s presence throughout the segment, and derive
an m x (2n + 1) matrix F', where each row corresponds to one
object and contains the object class along with n pairs of (x,y)
trajectory coordinates. This structure preserves spatio-temporal
information consistency and serves as the foundation for construct-
ing the m x m matrix Z and the m x 2 matrix 7. However, when
some object is not shown at all times, F’ may contain missing en-
tries. To resolve this, Craw can fill missing trajectory entries with
placeholder values outside the valid coordinate range, preserving
row structure integrity and ensuring dimensional consistency for
subsequent VSU matrix computation.

4.2 Trajectory Simplification Algorithm

The trajectory simplification algorithm selects critical keypoints
to represent the entire trajectory, eliminating redundancy from
dense sequences while preserving the overall motion pattern of
objects. These points are identified as salient based on their geomet-
ric attributes (e.g., curvature, angular change, distance proportion),
which effectively characterize the object’s motion trend. This se-
lective retention represents the entire trajectory path within an
admissible error bound [29], thereby accelerating index construc-
tion and reducing query execution latency.

Given the matrix F' = [F'(01),F'(0z),...,F'(Om)]", the algo-
rithm first extracts the object class from each row and cleanses place-
holder values, yielding the cleaned matrix F " For each F "(O,-),
we first assign unique sequential indices to its coordinate points,
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Algorithm 1 Trajectory Simplification Algorithm

Require: F’,Q,0,D, N
Ensure: Simplified trajectory matrix F
1 Lpax < 0; F « @&
: for each F/(0;) € ' do
: (cls, F"(0;)) < Preprocess(F’(0;))
K < AnavyzeTrianGLes(F"(0;),Q,6,D,N)
K « UN1FORMPAD (K, Linax )
Liax < maX(Lmax’ ‘KD
F <« Fu([cls] + FarTen(K))
: end for
: return F
10: function PRePROCESS(F'(O;))
11 cls < ExtractClass(F'(O;))

2
3
4
5:
6:
7
8
9

12: F"'(0;) « CleanPlaceholder(F’(O;))

13: F"(0;) ={(P,i) | Pe F"(0;),i=0,....[|[F"(0:i)|/2] - 1}
14: return (cls, 7"/ (0;))

15: end function

16: function ANaLYzETRIANGLES(F"/ (O;), O, 6, D, N)

17: P« {}—”(Oi)lk(\F”(Oi)Fl)/(N*l)J | k=0,...,N— l}

18: K « Uﬁf ANALYZEDELTA( Py, Pry1, Pry2, F'(0:), Q,6,D)
19: return SorT(K)

20: end function

serving as the spatial-temporal identifier for each point, enabling
precise localization of points (Algorithm 1, function PREPRECESS).
We then partition the indices into N segments to select N keypoints
P (Algorithm 1, function ANALYZETRIANGLES). These keypoints
form N — 2 triangles for further analysis using three core param-
eters: Q (distance proportion threshold), § (angular change), and
D (recursion depth, anti-infinite loop). Additionally, the values of
N, 0, and D can be selected based on trajectory complexity and
scene precision requirements. For high-precision scenes (e.g., in-
door surveillance), we use a larger N with smaller 0 and moderate
D; for low-precision scenarios (e.g., highway monitoring), we adopt
a smaller N with larger 0 and smaller D to balance query accuracy
and computational efficiency.

Each triangle defined by vertices P;, Pr41, Pr12 is analyzed to
determine whether its vertices should be retained (Algorithm 1,
function ANALYZETRIANGLES). According to Euclidean distance, the
analysis involves calculating the total distance d;;q; of the whole

trajectory, and then calculating di3 between P; and Py, gaining the

di3
d[ 11

otal

If p<Qora>6orD =0, the vertices P;, Pr11, Pr+2 are all retained.
Otherwise, a midpoint is selected based on the distance between
P; and Py 4. The algorithm recursively analyzes the new triangles,
until meeting the conditions or reaching maximum recursion depth.

After extracting the trajectory keypoints K for each object, we
sort them by their original index values. To ensure trajectory unifor-
mity, we pad each trajectory’s keypoints K to match the maximum
number of keypoints Lnax found among all trajectories (Algorithm
1, function UNIFORMPAD). Concretely, the Euclidean distance be-
tween each pair of consecutive keypoints in K is calculated, and a
new keypoint is inserted into the keypoint segment with the largest
distance, at the index midpoint of that segment. This process is
repeated until the trajectory contains exactly Lmax keypoints. After
supplementation, dimensional consistency is ensured.

The final output of the process is the simplified trajectory matrix
F. The complete algorithm is summarized in Algorithm 1. Notably,

distance proportion p = and the angle & among Py, Py41, Pr42.



instead of directly saving the unsimplified ' into the VSU and
then simplifying it, we first generate Z from F”, and subsequently
simplify F’ into F , yielding the complete VSU.

5 VIDEO SEGMENTATION ALGORITHM

In this section, we first present the problem definition (Section 5.1).
We then describe the process of the video segmentation algorithm
(Section 5.2), a prerequisite for VSU generation.

5.1 Problem Definition

Existing methods often fail to preserve semantic integrity in scenes
with high similarity, leading to fragmented segments. To address
this issue, we first define Events and Semantic Integrity as follows:
DEFINITION 1. Events. A video can be regarded as a collection of
continuous events. We define an event as the temporal dynamic
changes of one or multiple objects in the scene, where the event
duration is quantified by the occurrence duration of the involved
objects (i.e., the time span from an object entering to exiting the
video frame). For example, in a traffic scene, the duration of the
event “a car passing through an intersection” approximately equals
the car’s frame entry-to-exit time span. Notably, each event cor-
responds to a VSU for segmentation here, and we only take the
temporal dimension here.

DEFINITION 2. Semantic Integrity. We define semantic integrity
as the ability of VSUs to fully encapsulate the integral semantic
information of events. This reflects the time concentration degree
of objects’ occurrence durations, which is critical to avoiding event
fragmentation. Since events are defined as the temporal dynamic
changes of objects, the concentration of objects’ occurrence dura-
tions determines the complete representation of events. To evaluate
semantic integrity, we propose the Duration Integrity Percentage
(DIP). Let ¥°; T; denote the total occurrence duration of a single ob-
ject, and max; T; denote its longest continuous occurrence duration
across all segments. The DIP is formally defined as:

max; T;
i

Our goal is to maximize semantic completeness. When the se-
mantic integrity is high, it implies that VSUs preserve and represent
relatively complete video semantics.

DIP = (1)

5.2 Video Segmentation Algorithm

Initial Segmentation. As shown in Algorithm 2, the algorithm
begins by identifying all objects present in the first frame of the
video, denoted as Og = {01, 0, ...,0m}, and proceeds to track each
object 0 € Op until it disappears. It also tracks any new objects that
may appear in subsequent frames (all tracked objects are denoted
as O,j). Considering that some objects may persist across extended
periods, the algorithm introduces an overlap threshold ¢ and a
temporal threshold 7. When the proportion of frames in which a
single object o appears, represented as p(0) = £(0)/|V|, exceeds o,
we calculate the ratio of the current inactive duration t; (frames
elapsed since last seen) to £(0) as 7’ = t2/¢(0). If 7’ exceeds T,
the algorithm retains £(0) as the initial segment interval for that
object; otherwise, t; is selected. To simplify the notation, the initial
segment interval is uniformly denoted as tinit.
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Algorithm 2 Video Segmentation Algorithm

Require: Video V, o, 7, b’
Ensure: Video segments = [(s1, e1), ..., (Sk»€x) |
1: Oy < Detect&Track(V), start < 0, Segments « &

2t tinit < max{f(0) | 0 € O, p(0) = £(0)/|V| < o or t2/t(0) > 7}
3: while start < |V| do

4: O’ « ExtractObjects(Oy, start, start + #iy;)

5 T < {t'(0) |0 € O'}, H(T") « HistogramStats(T")

6: bmax < arg maxp, fi from H(T)

7: thew < max(bmax), tinit < tnew > b/?tinit X 2 ¢ thew

8: end < min(start + Zinit, |V])

9: Segments.append( (start, end)), start < end

10: end while

—_
—_

: return Segments

Dynamic Refinement. The initial guidance interval tinit is used
for subsequent segmentation. We identify all objects within this
interval (denoted as O’ = {0},05,...,05,}) and their durations (T
{t1,t},...,t,}), then perform histogram statistics [37] to obtain the
duration distribution:

H(T') = {(br. fi) Yot @)

where by denotes the k-th time interval, f; denotes the frequency
in that interval, and K is the total number of time intervals. We
select the interval with maximum frequency as:

bmax = arg max f (3)
bre
If bmax exceeds the designated maximum interval b’ we double
the guidance interval and repeat the process until a qualified bmax
is obtained. The new guidance interval is set to the maximum value
of bmax:
©)
This iteration continues until the full video is segmented into sev-
eral video segments. This algorithm maximizes semantic integrity
and avoids the rigidity of fixed-duration segmentation, serving as
the foundation to generate VSUs.

thew = max(bmax)

6 INDEX FRAMEWORK

This section introduces index framework by similarity metrics (Sec-
tion 6.1), the construction of the hybrid index (Section 6.2), and the
query execution (Section 6.3).

6.1 Similarity Metrics

The key to constructing the hybrid index is to cluster semantically
similar VSUs to reduce the search space for queries. To achieve this
objective, it is essential to accurately quantify the similarity among
different VSUs. In our system, we establish distinct mechanisms
for quantifying similarity on F, Z, and 7T, respectively: Pairwise
Matching-Trajectory Set Mover’s Distance (PM-TSMD), Interaction
Distribution Distance (IDD), and Coincidence Timing Mover’s Dis-
tance (CTMD).

PM-TSMD. To quantify the similarity between two individual
trajectories, we first propose the concept of Trajectory Mover’s
Distance (TMD) [8]. Suppose that two trajectories F4 and Fg are
represented as feature vectors f4 and fp respectively, and we employ
cosine similarity [24] as their distance metric. The calculation of
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Figure 2: Illustration of TSMD and PM-TSMD.

TMD is shown in the formula:
fa-fs
I£all - 1 f51

This leads to Trajectory Set Mover’s Distance (TSMD), designed
to quantify the overall similarity of trajectory distributions in two
segments. TSMD first represents the trajectory set of each segment
as a multidimensional distribution, then computes similarity via the
average TMD value of all possible trajectory pairs. In contrast to
TMD, TSMD captures both the local matching relationships among
individual trajectories and the global distribution characteristics
of the entire trajectory set, enabling a more effective measure of
global similarities between trajectory distributions.

Let A and B represent two video segments, which contain m and
n objects characterized by their trajectory feature vectors Ff and
FJB, respectively. TSMD can be formalized as:

TMD(Fa, F3) =1 - (5)

n

S TMD(F, F})

i=1j=1

1

-m

TSMD(A, B) =

(6)

m
n B

Assume each trajectory feature vector has dimensionality d.
TSMD computes TMD for all m x n trajectory pairs, each with O(d)
complexity. Thus, its overall complexity is O(m - n - d). Nonethe-
less, TSMD computation becomes a significant bottleneck in large-
scale video datasets. When segments have numerous trajectories
(m ~ n > 1), per-pair complexity is approximately O(n® - d).
For datasets with ¢ segments, the total complexity escalates to
O(t* - n? - d), which can reach O(n* - d) for a large t, making com-
putation infeasible.

To address this issue, we introduce an optimized metric called
PM-TSMD. Its core design reduces complexity by leveraging object
class and spatial position information, eliminating unnecessary
computations. PM-TSMD first groups trajectories in F by object
class, splitting them into subsets and removing invalid cross-class
computations. Within each subset, spatial position information is
incorporated by pairing trajectories by their start and end posi-
tions. When defining matching priority, we assign equal weights
(w1 = wy = 0.5) to the start position distance dstart, and end position
distance d.pg. Each trajectory is matched at most once, and un-
matched trajectories are penalized with a constant C. The detailed
calculation formula for PM-TSMD is as follows:

1

ol

(A + [Be])

PM-TSMD(A, B) = Zk:TSMD(AC,BC)+ 3 c) (7)

c=1 TeUM
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where k denotes the number of class subsets, A; and B, are the
trajectory subsets of class ¢ from video segments A and B respec-
tively, and UM stands for the set of unmatched trajectories.

Figure 2 illustrates the computation process of TSMD and PM-
TSMD. We now analyze the time complexity of PM-TSMD. In the
ideal case (balanced trajectory distribution across k class), each class
contains approximately 7 and 7 trajectories from segments A and
B, reducing intra-category trajectory pairs to z’c;l (f F) = 2.
Combined with the O(min(m, n) - d) cost of location pairing, the
total complexity is O (2 + min(m,n) - d). Even in the worst case
(i.e., k = 1, all objects in one class), the complexity simplifies to
O(m-n+min(m,n)-d). For large-scale datasets, PM-TSMD’s ideal

complexity becomes O (%2 +n- d) per segment pair, with the to-

m n

tal complexity across ¢ segments reaching O (tz . %2 +ttn- d); its
worst-case complexity is O (n2 +n-d ) per segment pair, with total
complexity across t segments at O (tz nt+tton. d). In both sce-
narios, PM-TSMD incurs markedly lower computational cost than
TSMD, substantially accelerating trajectory-set similarity computa-
tion and ensuring scalability for large-scale video datasets.

IDD. To effectively measure the similarity of high-level seman-
tics between two VSUs, we propose the IDD, which captures the
resemblance between object interaction patterns in each VSU. The
respective Z are converted into probability distribution vectors,
Vi = [p1,p2,-..,pn] and Vo = [q1,q2, - - ., qn], and their difference is
evaluated using the Manhattan distance [30] as follows:

IDD(Vi, V) = |Vi — Va1 ®

The total time complexity of IDD is O(n), and its linear growth
allows efficient and reliable evaluation of behavioral-pattern sim-
ilarity among video segments, making it particularly suitable for
large-scale applications.

CTMD. To accurately distinguish different events (Section 5.1),
we introduce CTMD inspired by the Earth Mover’s Distance (EMD)
[16]. EMD is calculated by treating trajectories as distributions and
calculating the minimum cost required to “carry” one trajectory
to another. Let P = {p1,pz,...,pm} and Q = {q1,q2, ..., qn} be two
distributions where m and n denote the number of elements in
distributions P and Q respectively. The EMD is calculated as:

EMD(P,Q) = mFinZ > fii-d(piq;) )

i=1j=1
where F denotes the optimal handling and allocation plan and
d(pi,q;) denotes the distance metric.

Suppose that T4 and 7 are two temporal matrices. If their rows
are unequal, we first pad the one with fewer rows to maintain
consistency of rows. Let the maximum number of rows be n, which
is the row count of the larger temporal matrix. We pad 0 for the
first column and 1 for the second in the new rows as penalty values.
The calculation of CTMD is shown as follows:

EMD(Dul, Duz) +EMD (Dvl, Dyz)
2

where Dy; and D,; denote the first and second columns of T4 and
Dy and Dz denote the first and second columns of Tp respectively.
L is a coefficient calculated as the ratio of coincident index mappings
(from two EMD computations) to row count n.

CTMD(7a, T3) = L- (10)
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Figure 3: Cluster Index Layer Architecture.

The total time complexity of CTMD is dominated by two EMD
computations. Instead of solving exact EMD with O(n®) complexity,
we use entropic-regularized OT and compute EMD approximately
with Sinkhorn iterations [12, 27], which costs O(n?) per iteration
for dense cost matrices. Thus, the practical complexity of CTMD
isO (nz). The overhead is substantially reduced while preserving
event distinction and matching performance.

6.2 Hybrid Index Framework

For rapid query execution, we develop a hybrid index framework,
achieving efficient candidate filtering [36] for multi-level quires.
This framework contains two layers: the inverted index layer is
mainly used for existence and predefined event-based dynamic
queries, while the cluster index layer [40] for similarity queries.

Inverted Index Layer. In order to quickly locate video segments
containing specific information, we use the inverted index as a pre-
liminary filtering tool, narrowing down the VSU candidate set [2].
The inverted index comprises two primary components: a keyword
dictionary and an inverted list. The keyword dictionary serves as a
repository for all object classes and interaction types, each associ-
ated with an inverted list that enumerates the VSU segments where
the keyword appears.

Cluster Index Layer. To accelerate similarity queries, we es-
tablish a cluster index layer to refine the organization of VSUs [52].
Although we propose three distinct similarity metrics (Section 6.1),
if directly clustering all VSUs, especially on large-scale datasets,
there will still be significant computational overhead in clustering
and low query efficiency. Therefore, we implement a tiered cluster
index layer architecture, segmented into three distinct layers and
illustrated in Figure 3.

o Temporal (7) cluster layer: Given the temporal distribution
from 7 matrix, all VSUs are classified via their temporal distribution
to distinguish different events. This generates several temporal
clusters. Each cluster has a representative temporal distribution
center, reflecting the typical temporal pattern of all VSUs within
the cluster. The center is selected by identifying a specific VSU in
the cluster. This VSU has the minimum average CTMD to all other
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VSUs in the same cluster. Its corresponding 7 matrix serves as the
representative center.

o Interaction (Z) cluster layer: Further clustering is performed
based on the interaction relationships within each temporal cluster,
gaining various interaction clusters. Each cluster is characterized
by a representative interaction distribution center that represents
the high-level semantics.

« Trajectory (F) cluster layer: The tertiary cluster layer refines
the grouping based on trajectory features, following the construc-
tion procedures outlined above. This layer is utilized to identify
and match specific trajectory patterns.

The construction of each cluster layer follows a systematic ap-
proach and is constructed once without re-clustering. We employ
the hierarchical clustering algorithm [15] to organize data hierarchi-
cally. To clarify the internal data structure, we use the interaction
cluster layer as an example. Its structure consists of the following
components: VSUjg, a list containing all VSUs within the cluster;
Cluster;q, a unique identifier assigned to the cluster; Centerinteractions
denoting the central point of interactions within the cluster; and
Trajectorycuster,, @ list containing the identifiers of internal tra-
jectory clusters.

We further discuss how to select the number of clusters at each
level. The choice is primarily determined by object density. For low-
density scenarios (e.g., sparse highway traffic), fewer clusters suffice
for the 7 layer, as temporal dynamics are simple, lacking diverse
occurrence patterns. The 7 layer also requires fewer clusters, since
limited object pairs lack diverse interaction patterns. In contrast,
the F layer needs a moderately higher number. Although most
trajectories are regular, they still exhibit variations, such as straight
lines and turns.

6.3 Query Execution

We implement query execution on a dual-database architecture.
Specifically, a relational database stores video segment metadata,
while a vector database preserves VSU vectors—both linked via
unique identifiers. This design leverages separate strengths: the
relational database’s proficiency in high-capacity metadata manage-
ment, and the vector database’s efficiency in similarity computation.
Under this architecture, the inverted index supports existence and
predefined event-based dynamic queries (Query B2) and also serves
as the first-stage filter for trajectory-based dynamic queries (Query
A1), after which candidate VSUs are verified by trajectory-level
matching on F. Similarity queries (Query C3) are executed on the
cluster index layer, where each layer ranks candidates by metrics
[14] and retains only Top-k results until the final stage. This staged
pruning reduces pairwise comparisons and keeps query latency
low while preserving accuracy.

7 EVALUATION

We evaluate the accuracy, latency, and scalability of Craw through
the following research questions (RQs):

e RQ1 - How does Craw perform compared with existing systems
for query execution?

e RQ2 - How does the video segmentation algorithm proposed by
Craw perform optimally?



RQ3 - How much does PM-TSMD improve computational effi-
ciency?

RQ4 - To what extent does Craw enhance similarity query accu-
racy and efficiency relative to Video-zilla?

RQ5 - How do the VLMs perform for multi-level queries?

7.1 Experimental Setup

All experiments are conducted on a computing server equipped
with a single NVIDIA GeForce RTX 4090, paired with an AMD
EPYC 7773X processor comprising 128 cores and 512 GB of system
memory. The operating system is Ubuntu 22.04 with kernel version
6.5.0-18-generic. We use the GPU to pretrain the YOLO, Recurrent
Neural Network (RNN) and Graph Neural Network (GNN), and then
perform YOLO with BOT-SORT for multi-object tracking on each
dataset. To ensure tracking accuracy, we do not perform frame skip-
ping operations. We only use the similarity module of Video-zilla
rather than the whole system. The vector database is implemented
using Milvus [41]. We operate the VLM via its official APL

Datasets. We evaluate Craw using the following datasets:

e Highway [33]: A dataset captured on a highway by a fixed
surveillance camera over 147 seconds, featuring numerous fast-
moving, mostly linear trajectories of vehicles.

Resort [6]: A dataset containing 60 hours of video from a fixed
camera monitoring a pedestrian walkway outside a resort hotel.
We selected six subsets of 51 minutes each. The scene contains
relatively few, slow, and occasionally stationary objects with
long trajectories.

Bellevue [11]: A dataset recorded from a crossroad camera in
Bellevue, using a 52-minute video segment. The scene presents a
moderate number of objects with medium speeds and balanced
scene dynamics.

Warsaw [6]: A dataset obtained from a traffic junction, from
which we selected a 51-minute video segment. The scene features
many diverse objects moving at moderate speeds along complex,
frequently turning trajectories.

Baselines. To measure the performance of multi-level queries, we
compare Craw against baselines that cover the main design choices
relevant to Craw in Section 2. For existence and dynamic queries, we
choose FIGO [9], MIRIS [6] and EQUI-VOCAL [49], which represent
fine-grained, trajectory-based and predefined event-based queries
respectively. For similarity queries, we choose Video-zilla [18], as
Video-zilla is also via semantic units and uses the cluster index.
For multi-level queries, we use Qwen3-VL [3] that is theoretically
capable but incurs high overhead. For video segmentation, we select
four conventional baselines widely used in prior work: fixed interval
[49], temporal difference [18], background subtraction [5], and
optical flow [46]. The fixed interval is set to the average object
occurrence time, while temporal difference, background subtraction
and optical flow all take the average pixel difference between the
top 20 percent of video frames as their segmentation threshold.
Finally, we further evaluate the efficiency improvement of PM-
TSMD against the original TSMD.

Experiment Query. To reflect practical application require-
ments, we select example existence and dynamic queries based
on the following principles. First, existence queries cover both ba-
sic existence (e.g., vans and cars exist) and object counting (e.g.,
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Table 2: Example Existence Queries for Different Datasets

Dataset Query ID  Query Description
Highway EQ1.1 More than five cars exist.

EQ1.2 Vans and cars exist.
Resort EQ2.1 More than three people exist.

EQ2.2 People side by side and trucks exist.
Bellevue EQ3.1 Buses and cars exist.

EQ3.2 Four cars and people exist.

EQ4.1 Two't d b ist.
Warsaw Q wo trams and one bus exis

EQ4.2 More than four cars exist.

Table 3: Example Dynamic Queries for Different Datasets

Dataset Query ID  Query Description
Highway DQ1.1 Cars move more than 400 pixels in 2 seconds.
DQ1.2 Vans or cars move away from the screen.
Resort DQ2.1 People walk more than 100 pixels in 1 second.
DQ2.2 People stop more than 5 seconds.
DQ3.1 ight at the traffic light.
Bellevue Q3 Cars go straight at the traffic light
DQ3.2 People cross the road.
Warsaw DQ4.1 Trams or cars brake.
DQ4.2 Cars turn a corner.

more than four cars exist). Second, dynamic queries include both
predefined events (e.g., people side by side) and spatio-temporal dy-
namics (e.g., vehicles braking). These two categories aim to validate
the effectiveness and efficiency of the inverted index and VSU. The
specific query examples are shown in Table 2 and 3. For similarity
queries, we take integral events as units (i.e., complete VSUs) and
randomly sample partial segments from VSUs as query inputs to
evaluate the efficiency and robustness of the cluster index layer.

Metrics. We employ the F1 score and query execution time
as metrics to evaluate the performance of existence and dynamic
queries. For the similarity query, we compare accuracy, query ex-
ecution time, and preprocessing time. We also leverage Accuracy
for multi-level queries (VLMs). All queries are manually checked
within each dataset. To evaluate the performance of video segmen-
tation, we adopt DIP (Section 5.1): the segmentation is considered
to satisfy the completeness condition if and only if DIP > x%, where
x% is the preset threshold for semantic integrity.

7.2 Existence and Dynamic Query Performance

Accuracy Analysis. We evaluate Craw against baselines on dif-
ferent queries shown in Tables 2 and 3. As illustrated in Figure 4,
Craw achieves the highest F1 score on the vast majority of query
tasks. Its relatively high accuracy stems from using video segment
units rather than individual frames, thereby reducing errors caused
by tracker inaccuracies. However, Craw performs poorly on some
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accommodate the varying ranges of query execution times.

dynamic queries. This is because we simplified the trajectories dur-
ing processing. Here, we can only roughly judge correctness by
setting a threshold, which results in a relatively low F1 score in
these cases. MIRIS performs well on dynamic queries, but its perfor-
mance on existence queries is less outstanding compared to other
methods. This leads to certain accuracy loss, as EQUI-VOCAL and
FIGO rely on object detection while MIRIS utilizes object tracking.
EQUI-VOCAL is optimized for compositional or synthetic queries
but demonstrates instability on instance-level or motion-sensitive
predicates. FIGO is tailored for existence queries and tends to yield
higher accuracy than MIRIS and EQUI-VOCAL in static contexts.
However, it lacks support for dynamic queries.

Efficiency Analysis. The cumulative distribution functions
(CDFs) in Figure 5 demonstrate that Craw’s curve consistently lies
furthest left and remains steepest across all subplots and datasets,
indicating strictly shorter execution times, lower median and tail
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latencies, and reduced variance compared to baselines. This reflects
more predictable latency and faster candidate retrieval enabled by
its inverted index with verification. Results highlight two core de-
sign choices that collectively compress query response time by one
to two orders of magnitude. First, the inverted index accelerates exis-
tence and predefined event-based queries via direct lookups: simple
predicates such as “cars exist” are resolved by probing in-memory
postings lists in microseconds, and even multi-term predicates like

“cars and vans exist” reduce to fast list intersections. This lookup-

driven execution avoids the costly data traversal and full scans
that dominate the runtime of baselines. Second, the staged query
execution pipeline localizes the dominant cost in a small candidate
set. Craw first segments each video into VSUs, replacing the tens
of thousands of individual frames that baselines must scan and
shrinking the search space by two to three orders of magnitude.
Within this reduced space, query execution decomposes into two



Table 4: Top-k Similarity Retrieval Results for Craw and Video-zilla. “k-Avg” denotes Top-k Average. Metrics: (i) Hit(%) -
fraction of queries retrieving at least one relevant segment; (ii) k-Avg — mean rank of the correct hit; (iii) Time (ms) — average
query latency (excluding I/0). Note: “10-100” represents the duration proportion of the query video segment relative to the
original video segment (e.g., “10” indicates randomly selecting 10 consecutive seconds as the query segment from a 100-second

video segment).

Highway

Resort

Method Metric 10 20 30 40 50 60 70 80 90 100

Method Metric 10 20 30 40 50 60 70 80 90 100

Hit (%) 4.8 7.1 23.838.157.1 71.4 78.6 88.1 95.2 100

Craw k-Avg  3.00 2.67 2.20 2.00 2.21 1.87 1.73 1.41 1.15 1.00

Time (ms) 11 14 21 28 33 38 52 61 65 68

Hit (%) 50.0 57.1 54.8 66.7 61.9 71.4 78.6 73.8 78.6 92.9

Video-zilla k-Avg 2.19 2.54 2.04 2.18 2.15 1.90 1.79 2.13 1.58 1.00

Time (ms) 766 890 913 923 929 877 935 938 963 1002

Hit (%) 9.4 12.3 26.4 38.2 57.6 76.2 85.2 92.8 98.7 100

Craw k-Avg 3.22 2.87 2.42 2.03 1.88 1.72 1.38 1.21 1.05 1.00

Time (ms) 38 42 46 67 83 103 126 144 163 182

Hit (%) 39.3 59.3 66.7 72.6 72.7 73.9 82.9 88.6 97.1 100

Video-zilla k-Avg 1.18 1.66 1.67 1.24 1.25 1.16 1.24 1.27 1.18 1.00

Time (ms) 2394 2659 2741 2759 2778 2809 2854 2892 2911 2930

Bellevue

Warsaw

Method Metric 10 20 30 40 50 60 70 80 90 100

Method Metric 10 20 30 40 50 60 70 80 90 100

Hit (%) 6.3 16.5 21.5 35.8 56.3 74.2 83.7 93.8 98.2 100

Craw k-Avg 2.92 2.73 2.48 1.94 1.75 1.48 1.34 1.16 1.03 1.00

Time (ms) 27 33 41 53 75 86 92 106 118 123

Hit (%) 14.6 25.3 32.8 47.7 60.5 73.4 81.5 92.4 97.2 100

Craw k-Avg 2.58 2.36 2.14 1.86 1.78 1.56 1.34 1.12 1.06 1.00

Time (ms) 23 29 38 49 57 63 72 78 86 91

Hit (%) 35.9 44.9 59.4 76.4 76.6 86.9 90.7 97.2 99.1 100

Video-zilla k-Avg 132 1.90 1.67 1.52 1.29 1.20 1.10 1.03 1.02 1.00

Time (ms) 2710 2875 3210 3181 3218 3237 3188 3258 3210 4174

Hit (%) 48.3 59.6 60.0 63.1 75.6 77.7 88.3 90.4 95.8 100

Video-zilla k-Avg 1.10 1.11 1.31 1.21 1.35 1.27 1.22 1.02 1.09 1.00

Time (ms) 944 1390 1596 1860 1904 1898 1861 1977 1977 2005

clearly separated stages: an indexed probe returns candidate VSUs
in microseconds, and the heavier verification is invoked only on
the resulting candidates in milliseconds. This reduces the search
space by two to three orders of magnitude, directly shortening the
time needed to locate relevant data. In contrast, baselines operate
on tens of thousands of individual frames and pay the full I/O and
parsing overhead for every query.

7.3 Similarity Query Performance

Accuracy. As shown in Table 4, we compare the performance of
Craw and Video-zilla across different k values and observe that
Craw achieves monotonic gains in Hit with k, reaching 100% by
k=100 on all datasets. While Video-zilla performs better for small
k, Craw quickly converges to comparable accuracy for larger k. Its
k-Avg approaches 1.00 at large k, indicating effective ranking once
relevant segments are retrieved. At small k, Craw exhibits low Hit,
since the query segment only covers a small portion of the original
VSU, which may miss part of an event (Section 5.1) and makes
semantic integrity less precise. This incompleteness first impacts
JF: some objects’ trajectories are truncated, shifting their start/end
points and potentially missing critical trajectory information (e.g.,
turns). This truncated F further propagates to 7 and Z: 7 becomes
shifted after normalization, thereby changing the duration, while
7 may change because the co-occurrence duration is shortened or

even absent, altering the interaction patterns. For example, consider
a 50 seconds segment where two people intersect at 20 seconds and
disappear at 30 seconds. If a short query segment (e.g., k = 10) misses
the intersection moment, F, Z and 7 can deviate significantly from
the complete VSU, leading to a sharp drop in hit rate. In contrast,
Video-zilla captures the object distribution characteristics, while
our video segmentation algorithm exceedingly ensures the integrity
and stability of the object distribution. Thus, although in the case
of small k, Video-zilla reflects a much higher Hit than Craw.
Efficiency. We observe that Craw consistently achieves one to
two orders of magnitude faster query execution than Video-zilla. At
k =100, Craw exhibits latencies of 68 ms for Highway, 182 ms for
Resort, 123 ms for Bellevue, and 91 ms for Warsaw, whereas Video-
zilla requires 1002 ms, 2930 ms, 4174 ms, and 2005 ms, respectively.
This corresponds to a 14x-34x speedup. This significant accelera-
tion primarily stems from two key factors: feature dimensionality
and clustering architecture. For Craw, trajectory similarity takes
up the highest computational calculation. However, we substan-
tially reduce the feature dimension from hundreds or thousands
of dimensions down to only tens of bits, achieving a reduction of
one order of magnitude. In contrast, Video-zilla is constrained by
high-dimensional features. Even after dimensionality reduction to
256 dimensions while preserving accuracy, Video-zilla still main-
tains a feature dimension gap of at least 4x compared with Craw.
Furthermore, Craw’s three-layer clustering structure reduces the
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Figure 6: Proportion of objects satisfying DIP > x under vary-
ing DIP thresholds x on four datasets. Higher curves corre-
spond to better segmentation completeness.

number of intra-layer traversals relative to Video-zilla’s single-layer
clustering, further boosting query efficiency.

7.4 Segmentation Optimality

Result Analysis. As illustrated in Figure 6, Craw demonstrates su-
perior performance across all datasets and DIP thresholds compared
to baselines. As x increases, Craw exhibits a clear performance edge:
the performance difference is negligible when x < 40%, while other
methods degrade rapidly beyond x > 70%, and Craw maintains
high performance. Since DIP measures how a segmentation pre-
serves continuous object durations to maintain semantic integrity,
this indicates that Craw’s boundaries align better with event tran-
sitions, thereby reducing trajectory fragmentation. For x > 70%,
Temporal Difference, Background Subtraction, and Optical Flow
drop sharply across all datasets, due to their sensitivity to subtle
background changes and viewpoint-dependent motion magnitudes,
which makes boundary detection unstable. Furthermore, the dis-
tance between the target object and the camera influences pixel
level difference magnitudes, resulting in unstable segmentation out-
comes. Fixed interval exhibits markedly better performance than
the other three baselines across three datasets, where objects move
at a steady pace. This is due to our utilization of the average du-
ration for which an object appears within a scene as an interval
rather than employing arbitrary fixed values such as 5 seconds or
10 seconds that may not adapt well to different datasets. Notably,
on Highway where objects move rapidly, we observe that as x in-
creases, there is a rapid decrease in performance, as fast-moving
objects are easily split by a fixed interval.
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Figure 7: TSMD vs. PM-TSMD runtime and speedup.

7.5 PM-TSMD Efficiency

Speedup Analysis. To analyze the speedup ratio between TSMD
and PM-TSMD, we randomly selected VSUs for calculation while
ensuring consistent selection methods. Results are presented in
Figure 7. Across all datasets, PM-TSMD achieves a speedup of 2.4x
to 3.6x over TSMD, with acceleration mainly influenced by object
count, category number, and trajectory point count. The third ex-
erts the most significant impact, as more objects, richer categories,
or longer trajectories can all enhance acceleration by reducing re-
dundant pairwise computations through category-wise pruning
and geometric pairing. Specifically, Highway contains many ob-
jects but has a single category and linear motion trajectories, which
limits pruning opportunities and results in the lowest speedup of
approximately 2.4x. In contrast, Warsaw is the most complex scene,
with dense multiple categories and dynamic content, allowing it to
fully leverage optimization effects and achieve the highest speedup
of approximately 3.55x. Although Resort is smaller in scale than
Highway, it delivers a speedup of approximately 3.3x. This may
be because its longer trajectories or stationary trajectory states
enhance the efficiency of geometric pairing, a feature lacking in
Highway’s linear motion. Bellevue lies between these two extremes,
with balanced category diversity and moderate trajectory complex-
ity, leading to an intermediate speedup of approximately 2.6x.

Scalability Analysis. We further evaluated the scalability of
PM-TSMD through experiments involving 10k and 50k random tra-
jectory computations, covering medium to large data volumes. The
results demonstrate that the speedup remains nearly constant as
the scale of computations increases, confirming PM-TSMD’s strong
scalability. This characteristic enables PM-TSMD to sustain consis-
tent acceleration performance across large-scale datasets. Notably,
this scalability is achieved without compromising accuracy.



Table 5: Module Time Distribution Comparison for Craw and
Video-zilla

Phase Highway Resort Warsaw Bellevue
Processing (s) 273.53 4522.16 882.35 2884.99
Video-zilla Indexing (s) 2.68 5296 16.88  14.36
Total (s) 276.52 5270.04 899.23 2899.35
Processing (s) 221.65 5652.19 881.37 3370.02
Craw Indexing (s) 1.26 10.57  2.75 5.13
Total (s) 222.90 5662.26 884.09 3375.12

7.6 Preprocessing Cost

Module Time Distribution. We analyze the module time distri-
bution of Craw and Video-zilla across two phases: video processing
and index construction. As shown in Table 5, indexing is short rela-
tive to processing on both systems. For example, on Highway, Craw
spends only 1.26s on indexing out of 222.90s total, and Video-zilla
spends 2.68s out of 276.52s. For Craw, object tracking accounts for
the majority; for Video-zilla, the cost splits between object detection
and feature extraction, which scales with the number of segments.
Although object tracking is 15-20% more expensive than detection
per frame, Craw avoids feature extraction, which explains why
Craw is faster on Highway/Warsaw but slower on Resort/Bellevue.

3 F-index [ kindex [ T-index

Resort |

Bellevue |

Warsaw

Highway

6 10
Runtime (s)

L
0 4

Figure 8: Build Time for Each Cluster Index Layer

Layer-wise Build Time. To further demonstrate the contri-
bution of each layer, Figure 8 shows the build time of each layer.
Results show that the temporal and interaction layers require sig-
nificantly less time compared to the trajectory layer, accounting for
only approximately one-sixth to one-fifth of the total build time.
Notably, despite their low computational cost, prior experimental
results (Section 7.3) clearly demonstrate the critical role of these
two layers—filtering substantial dissimilar candidate segments, in-
dicating that our system achieves substantial contributions without
incurring significant time overhead.

7.7 VLM Discussion for Multi-level Queries

We further explore the application of Qwen3-VL (VLM) in multi-
level queries. Due to the token limit of VLMs and the model’s
inherent constraints, we only conduct small-scale experiments on
the Highway dataset. Instead of extracting all frames, we sample
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the first frame per second as key frames for evaluation. The results
are summarized as follows.

Table 6: Existence Query Performance for Qwen3-VL

Model Dataset Accuracy  Runtime (s)

Qwen3-VL  Highway 0.80 254

Existence Query. We chose EQ1.1, a more challenging query
case, as the example. As shown in Table 6, Qwen3-VL achieves a
moderate accuracy of 0.80, but its query latency reaches 25.4 sec-
onds, far exceeding the real-time query requirements. This reflects
the high computational overhead of VLMs in frame-level semantic
parsing, a problem that structured systems like Craw avoid via
lightweight semantic representation.

Dynamic Query. We select both DQ1.1 and DQ1.2 for dynamic
queries. Experimental results show that Qwen3-VL fails to locate
specific cars or vans, only returning candidate counts. Notably, the
count is high initially but drops sharply later, likely due to token
limit-induced performance decay. The final returned count is a
small proportion of the ground truth, demonstrating that existing
VLMs struggle to handle fine-grained dynamic queries.

Table 7: Similarity Query Performance for Qwen3-VL

Model Dataset Hit (%)  Ave_Runtime (s)

Qwen3-VL  Highway 90.5 272.3

Similarity Query. We employ complete VSUs (corresponding
to k = 100 in Table 4) for similarity queries, which can be regarded
as video segment re-identification. As presented in Table 7, Qwen3-
VL achieves a relatively high Hit of 90.5%. However, its average
runtime of 272.3 seconds is impractical for large-scale deployment.

8 CONCLUSION

In this paper, we present Craw, a novel framework enabling effi-
cient multi-level queries while ensuring semantic integrity and low
overhead for large-scale video datasets. Specifically, we design the
VSU for fine-grained representation, a semantic-preserving segmen-
tation algorithm for VSU quality, and a hybrid index framework
for efficiency. With trajectory simplification and optimized simi-
larity metrics, Craw overcomes traditional limitations, supporting
multi-level queries with low latency, high accuracy, and scalability.
Experimental results show Craw achieves up to two orders of mag-
nitude lower latency than SOTA. In the future, we plan to expand
the query scope by multi-modal (e.g., kiss), as Craw only supports
spatio-temporal relationships.
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