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ABSTRACT

Video databases that enable queries with object-track predi-
cates are useful in many applications. Such queries include
selecting objects that move from one region of the camera
frame to another (e.g., finding cars that turn right through
a junction) and selecting objects with certain speeds (e.g.,
finding animals that stop to drink water from a lake). Process-
ing such predicates efficiently is challenging because they
involve the movement of an object over several video frames.
We propose a novel query-driven tracking approach that in-
tegrates query processing with object tracking to efficiently
process object track queries and address the computational
complexity of object detection methods. By processing video
at low framerates when possible, but increasing the framer-
ate when needed to ensure high-accuracy on a query, our
approach substantially speeds up query execution. We have
implemented query-driven tracking in MIRIS, a video query
processor, and compare MIRIS against four baselines on a
diverse dataset consisting of five sources of video and nine
distinct queries. We find that, at the same accuracy, MIRIS
accelerates video query processing by 9x on average over the
IOU tracker, an overlap-based tracking-by-detection method
used in existing video database systems.
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1 INTRODUCTION

Automated analysis of video data has become crucial to
an ever-expanding range of applications, from traffic plan-
ning [20] to autonomous vehicle development [8]. A common
class of video analysis involves queries over object tracks,
which are sequences of object detections corresponding to
the same object instance (Figure 1). These queries select in-
stances of a particular object category (e.g., cars, traffic signs,
animals) through predicates on their trajectories over the
segments of video in which they appear. As an example, an
autonomous vehicle engineer debugging anomalous driving
behavior under particular conditions may wish to query pre-
viously collected video data to select segments where those
conditions appeared. Such a query likely applies a predicate
over object tracks; e.g., selecting video where pedestrians
walk in front of the car involves a predicate on pedestrian
tracks that pass from one side of the camera frame to the
other.

In general, object track queries may apply complex predi-
cates, including joins that involve predicates over multiple
temporally overlapping tracks. For example, we may express
the task of identifying situations where a car passes a cyclist
at high speed and close proximity with the query:

SELECT car, cyclist FROM (PROCESS inputVideo

PRODUCE car, cyclist USING objDetector)

WHERE Speed(car) > 30 km/h

AND Angle(car, cyclist) < 10 deg

AND MinDistance(car, cyclist) < 1 m

This query first applies object detection and object track-
ing to derive tracks of cars and cyclists in the video dataset.
It includes three user-defined function (UDF) predicates to
verify that the car is moving at high speed, the car and cyclist
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are traveling in the same direction, and that they pass within
one meter of each other.

Video analytics databases such as DeepLens [14] and
Rekall [9] execute these queries by applying object detection
and tracking over the entire video, and then selecting the
tracks that satisfy the query predicates. However, executing
the deep neural networks used in object detection is highly
compute-intensive. On the $10,000 NVIDIA Tesla V100 GPU,
the YOLOv3 object detector [18] can process 960 540 video
frames at 30 frames per second (fps). Thus, applying object
detection on every frame in large video datasets is expensive—
processing one month of video captured at 10 fps from 100
cameras (72K hours of video) would cost over $70,000 on
Amazon Web Services (AWS) today (using a p3.2xlarge AWS
instance type at $3.06/hr for 24,000 instance-hours).

Recently, several video query processing engines have
been proposed to accelerate the execution of video analytics
queries by addressing the GPU-intensiveness of object de-
tection. Broadly, these engines, which include NoScope [13],
probabilistic predicates [16], Blazelt [12], and SVQ [21], train
lightweight, specialized machine learning models to approx-
imate the result of a predicate over individual video frames
or sequences of frames. If the lightweight model is confi-
dent that a segment of video does not contain any object
instances that satisfy the predicate, the query processor skips
expensive object detector execution over the video segment.

These optimizations are effective for processing queries
with only per-frame predicates, such as identifying video
frames containing at least one bus and one car. However, two
issues limit their applicability to object track queries. First,
oftentimes, object instances that satisfy the query predicate
appear in almost every frame, e.g. when finding cars that turn
through a junction. Since expensive object detectors must
be executed for each positive result from the lightweight
model to confirm the predicate output, the lightweight model
does not offer a substantial speedup. Second, object track
queries inherently involve sequences of video, since predi-
cates operate on the trajectories of objects through the cam-
era frame. Although we can train a lightweight model to
input entire segments of video, we will show that in practice
this approach yields models with low accuracy (and thus low
speedups). Thus, even after applying these optimizations,
existing systems must still apply expensive object detectors
on almost every video frame to process object track queries.

Rather than accelerate query execution through light-
weight approximations of query predicates, we propose opti-
mizing execution speed on a different dimension: the framer-
ate at which we sample video during query execution. If we
can accurately track objects and evaluate query predicates
while sampling video at a framerate lower than the original
capture rate (e.g., sampling at 1 fps instead of 25 fps), then we
can substantially reduce the overall cost of executing object
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track queries. In practice, though, determining the minimum
sampling framerate at which we can still compute accurate
query outputs is challenging, as it may vary significantly be-
tween different video segments. For the car-passing-cyclist
query above, a low sampling framerate may be suitable dur-
ing periods of light traffic, when robustly tracking a small
number of cars and cyclists is straightforward. In medium
traffic, though, high object densities result in uncertainty
in computed object tracks, and we may need to increase
the sampling framerate to reduce uncertainty. On the other
hand, in heavy traffic, despite the same issue of uncertainty,
because traffic speeds are low, we may be confident that no
cars travel at speeds high enough to satisfy the first query
predicate, and thus return to a low sampling framerate.

To address this challenge, we propose a novel optimization,
query-driven tracking, that integrates query processing and
object tracking to select a variable video sampling framerate
that minimizes object detector workload while maintain-
ing accurate query outputs. We begin query execution by
applying object detection and object tracking at a reduced
framerate over the video to obtain object tracks. Due to the
low sampling framerate, some tracks contain uncertainty
where the tracking algorithm is not confident that it has
correctly associated a sequence of detections. If we were to
perform object tracking agnostic of query processing, we
would immediately address this uncertainty by sampling ad-
ditional video frames at a higher framerate. In our integrated
execution approach, we minimize the additional sampling
required by ignoring uncertainty when we are confident that
the affected tracks do not satisfy the query predicate.

However, even after resolving uncertainty in the computed
tracks, because low-framerate tracking produces coarse-
grained tracks where consecutive detections along the track
may be seconds apart, the query predicate may not evaluate
correctly over the tracks. If, for example, a query seeks in-
stances of hard braking before a traffic light, we may miss
a hard braking event when sampling video at 0.25 fps (4
seconds/frame) if a car stops within 2 seconds. As with
uncertainty in object tracking, we must process additional
frames until we are confident that tracks have sufficiently
fine-grained detections for accurate predicate evaluation.
We develop a filtering-refinement approach that first prunes
tracks that we are confident do not satisfy the predicate, and
then refines the remaining tracks by collecting additional
object detections along the tracks in a targeted manner.

Our approach exposes several parameters, including the
minimum sampling framerate and selections of filtering and
refinement methods, to generalize to a wide range of ob-
ject track queries. We develop a novel query planner that
selects these parameters for a specific query with the objec-
tive of maximizing query execution speed while satisfying a
user-specified accuracy bound. Our query planner estimates
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accuracy by evaluating an execution plan over pre-processed order to provide query languages that are su ciently ex-

segments of video where we have already applied object de-

tection and object tracking at the full video framerate.
In summary, our contributions are:

We develop a novel query-driven tracking optimiza-
tion that integrates query processing into the object
tracker to minimize the number of video frames pro-

cessed when executing object track queries. Our ap-

proach exposes several parameters, such as ltering
and re nement methods, that can be chosen to opti-
mize execution for a wide range of queries.

We propose a query planning algorithm that auto-
matically selects these parameters for each query by

estimating cost over pre-processed segments of video.

We implement our approach in the MIRIS video query
processor, and evaluate it on 9 distinct object track
queries over 5 diverse datasets. We nd that, at the

same accuracy, MIRIS accelerates query execution by

9x on average over the overlap tracking-by-detection
method HM] used in existing video database systems
such as Blazelt2 and Rekall P]. The MIRIS source
code is available at https://github.com/favyen/miris.

2 RELATED WORK

pressive for practical applications. Although these systems
enable a substantially wider range of applications, they re-
quire executing object detection models over all video data
being queried, which is costly for large video datasets.

Approaches for resource-e cient object detection and
tracking have also been studied outside of the video query
processing context. Several approaches apply correlation I-
ters to e ciently track individual objects over video given
the object's position in an initial framel1, 17. Deep Feature
Flow [23 proposes speeding up object detection in video by
applying a deep CNN on key frames (e.g., one in ten frames),
and using a lightweight FlowNetq] CNN to propogate de-
tection outputs across intermediate frames. As we will show
in our evaluation, because these methods are query-agnostic,
they o er a poor tradeo between speed and accuracy for
processing object track queries.

3 OVERVIEW

In this section, we provide an overview of MIRIS and its
guery execution process.

3.1 Queries
MIRIS provides a declarative interface for querying video

Several systems have recently been proposed for processingdata to select object tracks of a certain category (e.g., car,

gueries over large volumes of video data. NoScaj# §p-
plies a cascaded detection approach to quickly identify video
frames containing instances of a speci c object type, e.g.,
frames containing a car. It rst applies weak classi ers in-

pedestrian, animal) that satisfy user-de ned predicates. An
object traclA = rdikll; N ;dikn”i is a sequence of temporally-
orderedobject detectiorthat correspond to the same ob-
ject over the segment of video in which the object is vis-

cluding image di erencing and shallow convolutional neural  ible in the camera frame. Each object detect'nqkh in the
. . ]
networks (CNNs) on each frame, and only applies expensive track speci es a bounding box in thek;°-th video frame,

but high-accuracy deep CNNs on frames where the weak
classi ers have low con dence. Blazellp] and SVQ R1] ex-
tend the use of shallow CNNs for a variety of other per-frame
predicates by combining specialized CNN training with ap-

dikjj = 1xikjj ;yikjj ;wij";h:(jj °, wherelxikjj ;yikjjo is the center of the
bounding box andwikjj ; h!‘jj °js its width and height.
A predicateP produces a boolean output given one or more

proximate query processing techniques. For instance, these tracksAg; : : : ;Am°. Queries that select individual tracks con-
systems may process a query seeking the average numbersist of boolean combinations of geometric predicates over

of cars that appear in video frames by training a lightweight
CNN to output a car count on each frame.

However, while existing work on video query optimiza-
tion support queries involving aggregation over entire videos,
they focus on predicates that can be evaluated over individual
frames. Although probabilistic predicated | extends spe-

the position and speed of a track. For example, a query that
selects car tracks that rapidly decelerate before a tra ¢ junc-
tion would include a predicate that computes the acceleration
over a track and thresholds the maximum deceleration.
Queries may also select tuples of object tracks satisfy-
ing predicates over multiple temporally overlapping tracks

cialized classi ers for predicates over sequences of frames, (joins). The car-passing-cyclist example in the introduction

we will show in our evaluation that this approach is not
e ective for most object track queries. Additionally, prior

optimization approaches do not accelerate queries where in-

stances of the object type of interest appear in every frame.
Indeed, this gap has prompted the development of new

video query processors such as Rek8]lthat simply assume

that object detections are available in every video frame in

applies two predicates over both the car and cyclist tracks re-
quiring that the two tracks be traveling in the same direction
and pass within 1 m of each other.

In general, queries in MIRIS may employ arbitrary UDF
predicates over one or more tracks. To ensure applicability to
a wide range of object track queries, our query-driven track-
ing algorithm does not assume knowledge of the predicate
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formulation instead, we train a machine learning model to
predict whether a given coarse track satis es a predic&te
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detail planning in Section 5. Once planning completes, we
execute the selected query plan over the entire video dataset.

based on its boolean outputs over tracks in a pre-processed We detail query execution in the next section.

segment of video, and use this and other models to make
decisions in our optimizations during query execution.

3.2 Pre-processing

When MIRIS ingests new video, it rst pre-processes the
video to collect known, accurate object tracks that our
query planner will use as training and validation data to
select optimal query-driven tracking parameters. During
pre-processing, we rst randomly sample video segments
(each segment containing multiple frames) of duratidon
uniformly over the video dataset. In each sampled segment,
we execute an object detection model (YOLO%8) and
object tracking algorithm (the 10U algorithn¥]) at the full
framerate to compute object tracks that the system assumes
are correct. We split the sampled video segments so that
half are used as training data and half as validation data. We
denote the set of tracks in the training segment &g, and

the set in the validation segment &

LargerN andT entails pre-processing more video, but
yield more accurate query planning decisions, which in turn
speeds up query execution by enabling the planner to apply
more aggressive optimizations. In practice, we nd that dif-
ferent choices oN; T lead to similar tradeo s across di erent
queries and video data; e.dN,= 24 T = 5min is e ective
for the queries we consider in Section 7. Nevertheless, if
planning produces an execution plan with a cost estimate
that is slower than the user desires, MIRIS can return to the

4 QUERY-DRIVEN TRACKING

MIRIS integrates query processing and object tracking to
substantially boost query execution speed by varying the
sampling framerate over the video dataset. In segments of
video where we can accurately track objects and evaluate
the query predicate while processing video at a reduced
framerate, we do so. In other video segments, though, we
may process additional video frames at a higher framerate to
resolve uncertainty in object tracking decisions or to ensure
that predicates can be accurately evaluated over the coarse
tracks produced by low-framerate object tracking.

Our query-driven tracking approach operates in four
stages: tracking, ltering, uncertainty resolution, and re ne-
ment. We summarize these stages in Figure 2.

Tracking. Initially, we track objects at a minimum sam-
pling framerate selected by the query planner. We develop
a graph neural network (GNN) tracking model that inputs
visual and spatial features describing object detections across
two consecutive frames, and outputs the probability that each
pair of detections are the same object. When the GNN has
low con dence in a matching decision, and cannot decide be-
tween multiple potential matchings of detections, it produces
a groupC of candidatenondeterministic tracksorresponding
to all of the matchings between detections in consecutive
frames that the GNN believes are plausible. These are rep-

pre-processing phase and sample additional video segmentsresented as orange edges in Figure 2. Only a subset of the

MIRIS targets queries over large datasets with thousands
of hours of video, so pre-processing time is negligible. Addi-

tionally, MIRIS only pre-processes each video dataset once.

When executing queries involving rare events that cannot
be expressed as a conjunction of multiple more common
predicates, there may be zero or only a few instances of tracks
satisfying the query predicate in the pre-processed segment
of video. This limits the optimizations that the planner can
apply. Forthese queries, we begin query execution at a slower

nondeterministic tracks are correct. High-con dence tracks
that do not involve any uncertain matching decisions form
their own groupsC (e.g.Cy in the gure).
The remaining stages process tracks group-by-group.
Filtering prunes candidate tracks in a groupthat we are
con dent will not satisfy the query predicaté®. It outputs a
setfilterCe containing only tracks inC that may satisfyP.
If filter1C°is empty, we can immediately stop processi@g
and return to tracking, since we are con dent that none of

unoptimized speed, and the user re-executes the planner after the tracks inC will appear in the query outputs.

su cient video has been processed.

3.3 Query Processing

When a user runs a query, MIRIS rst plans query execution
by selecting parameters, including the minimum sampling
framerate at which we will execute object tracking and com-
binations of Itering and re nement methods. The objective

during planning is to minimize expected query execution

Uncertainty resolution addresses the remaining nonde-
terministic tracks infilter 1C°. It resolves uncertain matching
decisions by recursively processing additional video frames
around each such decision to determine which of the non-
deterministic matchings are correct. This procedure yields
a subsetesolelC® filterCe of deterministic tracks con-
sisting of each track irfilterC° that we nd corresponds
to correct matching decisions.

Re nement. Finally, we must evaluate whether each

time under a user-speci ed accuracy bound (e.g, 99%). We track in resol elC° satis esP. However, since detections in
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Figure 2: Our four-stage query-driven tracking approach. Orange dashed edges result from uncertain matching
decisions, and yield multiple nondeterministic tracks, which are resolved during uncertainty resolution. Re ne-
ment identi es segments of tracks (red edges) that require additional detections for accurate predicate evaluation,
and processes intermediate video frames in those segments.

Table 1: Summary of the notation in our approach.

these tracks may be seconds ap&tnay not evaluate cor-
rectly over the coarse tracks. Thus, before evaluatihgve

re ne the tracks by processing additional video frames along
the track that we determine are needed to evaluate the predi-
cate accurately, and extending candidate tracksasov elC°
with detections computed in these additional frames. After
re nement, we evaluate® over the re ned tracks and output
each track where is true.

We summarize the notation that we use in this section
in Table 1. Below, we rst detail the tracking, ltering, un-
certainty resolution, and re nement stages for object track
gueries that select individual tracks satisfying a predic&e

f A video sampling frequency

Ik Thek-th video frame

ak An object detection in framéy

pi";j Likelihood thatdik anddjk+f are the same object
Srain,» Svar Tracks computed in the pre-processed segments
pis° Subset of tracks s that satisfy a predicat®

C A group of nondeterministic tracks

filter’C°® Tracks inC retained through Itering

resole'C® Subset of deterministic tracks ifilterC°

(o7 Uncertainty threshold at sampling frequendy

Figure 3: We match detections between two consecu-
tive video frames sampled at low framerate by solv-
ing a bipartite matching problem between detections
across the frames through the CNN and GNN model.

4.1 Tracking

Accurate object tracking depends on robustly matching ob-
ject detections that pertain to the same object instance be-
tween consecutive video frames. This is generally formu-
lated as a bipartite matching problem, with object detections
from the rst frame on one side of the bipartite graph, and
detections from the second frame on the other side. Sup-
pose that we have applied an object detector on two video

In these stages, we present several alternative methods for framesly andly.¢, wheref is a maximum video sampling

Itering and re ning tracks; methods that work best for a
particular query are automatically chosen by the optimizer,
described in Section 5.

frequency selected during planning, e.gfif= 2 then we
skip every other frame and thereby halve the original video
capture framerate. Then, we obtain two sets of detections,
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Dk = fd¥;:::;dkgand Dk = fDK*"; 1 1:dK " g Each de-

tection is a bounding boxk = xK;yK;wk; hkoin frame .
We de ne adirected bipartite grap® = *V; E°where each
vertex on the left side corresponds to a detectidfh 2 DX,
and each vertex on the right side corresponds to a detection
dik+f 2 D¥*T. We assume that any two detections across the
two frames may correspond to the same object instance; thus,
the bipartite graph is densely connected. Then, the matching
problem is to select the set of edgés E that connect
detections of the same object instance betwékmnd1k*f
Note that it is possible that some detections in either frame
may not match with any detection in the other frame, since
objects may leave or enter the camera's eld of view. Thus,
we includeterminal verticed'g andngrf on either side of the

bipartite graph. A detectiortdi" that left the camera frame
should be matched td§ ", and a detectioml}“'f that entered

the camera frame should be matche

Unsupervised tracking-by-detection methods such as
IOU [4] and SORT §] select edges irfs based on bound-
ing box overlap intuitively, pairs of detectionsldi";d}‘+f 0
with high overlap more likely correspond to the same object
than pairs with little or no overlap. However, these methods
fail when tracking at reduced framerates (high, since de-
tections of the same object seconds apart may not overlap at
all.

4.1.1 Basic GNN Mod@lhus, we instead solve the match-
ing problem by applying a machine learning model trained to
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Figure 4: When matching the car on the left with ver-
tices in Is713 the GNN assigns high probabilities to two
edges: one indicates that the car exited the camera
frame, and one connects to the correct car. We resolve
the uncertainty by examining the intermediate frame.

that minimizes total cost. (The terminal vertice§ anddlff

must be specially handled to compute accurate assignments.)
However, when applying the model at reduced framerates,
this method yields occasional tracking errors where detec-
tions of distinct objects are incorrectly matched because the
model has low con dence over several plausible matchings.
Instead, when the output probabilities indicate that the
model has low con dence, we can examine an intermediate

associate detections of the same object. Speci cally, we use Video framely.., halfway betweerly andly+ to resolve

a hybrid model consisting of a convolutional neural network
(CNN) and a graph neural network (GNNg]J[ We show the
model architecture in Figure 3. For each object detecﬂﬁn
the CNN inputs the region ofy corresponding to the detec-
tion bounding box, and computes a vector of visual features
fk. The GNN operates 08, and at each vertes, inputs
both the visual feature$,* and a 4D spatial feature vector
1K, yk; wk; hke, The GNN reasons about both visual and spa-
tial features through a series of graph convolutional layers,
and outputs a probability¥; that each edgédi";dj!‘+f %in

the graph is a correct match. The outputs include the proba-
bility p¥, thatd¥ left the camera frame, and the probability

p'g;j that djk+f is a new object track. We train the GNN over

pre-processed segments of video where we have computed

object tracks accurately by examining every video frame;
the GNN model is trained just once per object category.

4.1.2 Integrating object tracking and query proceséiage
we to apply this model at the full video frameraté (= 1), we
would compute object tracks from the edgewise probabilities
through the Hungarian assignment method, which, given a
cost at each edgé ( pi";j), computes a bipartite matching

the uncertain matching decisions the model should have
higher con dence when matching video frames at higher
framerates, and thereby yield greater accuracy. We de ne the
maximum matching probabilitM M Py © of a vertexv in the
bipartite graphG as the maximum probability over edges inci-
dent tov; for example, it = d, thenMMP'df® = max pf; .
Given a framerate-speci ¢ probability thresholdi< Qf 1,

we de ne the matching output grapbetweenly andly+s as

asubgrapt® G containing all of the vertices i, but only
including an edge‘di";dj!‘+f °if pk; > Qr MMPdke. Thus, we
include inG not only the edges with highest probabilities
computed through the GNN, but also any edge with an out-
put probability that is within a factorQs to these highest
probabilities. We say that an edda;v° in the matching out-
put graphG is nondeterministiif u has multiple outgoing
edges or has multiple incoming edges. These cases indicate
that there is at least one other detection that matchesito
orv with probability close to the highest con dence match-
ing; thus, nondeterministic edges correspond to uncertain
matching decisions, where multiple matchings are plausible.
We show an example uncertain matching decision and
corresponding GNN outputs in Figure 4. The GNN initially
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