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The rapid expansion of video streaming content in our daily lives has rendered the real-time processing and
analysis of these video streams a critical capability. However, existing deep video analytics systems primarily
support only simple queries, such as selection and aggregation. Considering the inherent temporal nature
of video streams, queries capable of matching patterns of events could enable a wider range of applications.
In this paper, we present Bobsled, a novel video stream processing system designed to efficiently support
complex event queries. Experimental results demonstrate that Bobsled can achieve a throughput improvement
over state-of-the-art ranging from 2.4x to 11.6X, without any noticeable loss in accuracy.
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1 Introduction

With the rapid expansion of video streaming content in our daily lives, the ability to process and
analyze these video streams in real-time has become critically important, enabling rapid decision-
making and intelligent automation. However, despite recent efforts, existing deep video analytics
systems primarily support queries about simple events, such as selecting frames that contain a red
car [5, 41, 44, 58] or counting the average number of cars in a video [5, 40, 44, 67, 73]. Considering
the temporal nature of video streams, queries that can match patterns of events could enable a wider
range of use cases and applications.

Transports Analytics In many places that permit a right turn on red light, it is a traffic offense if an
individual fails to come to a complete stop before making the right turn [18, 55, 71]. Although such
a ‘right-turn-after-rolling-stop’ behavior is not uncommon, it poses significant risks to pedestrians
on the adjacent right sidewalk. Spotting such an offense requires identifying two events, ‘rolling
stop’ and ‘right-turn’, and matching them against a temporal ‘happen-after’ pattern.
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Sports Analytics During sports competitions, coaches monitor the game and adjust tactics based
on the on-field situations [66, 77, 91]. For instance, in basketball, ‘pick-and-roll’ is a commonly
used offensive play to create scoring opportunities. It involves a player A setting a ‘screen’ by
picking a defender, which creates an opportunity for either (1) a teammate B to take an open shot
or (2) player A to move (‘roll’) towards the basket and receive a pass. To identify such plays, it is
necessary to extract all events of ‘screen’, ‘roll’, ‘pass’, and ‘shoot’, and match them according to a
specific pattern within a specific time window (e.g., 5 seconds).

Shopping Behavior Analysis The way goods are arranged in a store can greatly influence
customers’ buying decisions. Therefore, it is important to analyze shopping behaviors in order to
understand customer preferences and develop strategies to boost sales [37, 64]. For instance, if it is
observed that a significant number of customers head to the checkout area after picking up beers,
separating the beer section from the checkout counters could potentially increase the customers’
shopping time. Identifying such behaviors cannot be accomplished using traditional techniques
that rely on mining transactional data (e.g., association rules [1, 2]), as many interesting events
occur before customers check out. Instead, these behaviors can be identified by composing and
evaluating various pattern matching queries against a large volume of videos.

Matching complex patterns across different events in a video requires a deep understanding of
the video content. Despite the achievements of recent Multi-modal Large Language Model (MLLM)
such as GPT-4 [65], Gemini [31], LLaMA-VID [53], and LLaVA [56], their pattern matching abilities
remain rudimentary [39, 61, 80]. More importantly, these models process each query by treating
each frame from the video-of-interest as token(s) in the prompt. In other words, every video frame
must pass through the large model with billions of parameters, resulting in exceptionally high
processing costs or processing times.

Alternatively, one can rely on single-modality models and fast selection techniques such as
Zeus [17] and Probabilistic Predicate (PP) [58] to first localize all the individual interesting events
(e.g., ‘rolling stop’, ‘right-turn’). Afterwards, one can utilize a Complex Event Processing (CEP)
engine [3, 11, 48, 76, 88, 93] as a post-processing step to match the query pattern. However, this
“localize-all-post-CEP” approach would over-localize many unnecessary events that end up not
matching the query pattern, thereby wasting valuable GPU resources. An alternate approach is to
directly train or fine-tune a single-modality binary model for each specific query pattern. However,
this approach is not scalable either, especially when there are numerous potential query patterns
to consider.

When it comes to scalable video analytics, the database community has been actively developing
solutions that offer improved processing cost and efficiency [5, 17, 40-42, 50, 51, 58]. However,
existing works in this field have not addressed the challenge of handling pattern matching queries.
Instead, the primary focus of these works revolves around simpler queries such as selection
[17, 41, 50, 58], top-k [51, 72], and aggregation [40, 73]. Most of these works accelerate processing
by a cascading approach, which involves leveraging a lightweight but less accurate “proxy” model
to first quickly inference the data once and using those approximate inference results to guide the
search [40, 41, 44, 51, 58] or the sampling process [42, 62]. The more accurate but expensive “oracle”
model is involved only when necessary.

In this paper, we adopt the cascading approach and introduce Bobsled, a resource-efficient video
analytics system designed for complex event processing. Bobsled uses an event pattern language
[1, 89] as its query language, consisting of constructs that allow precise expression of various
pattern queries such as windowing [32, 94] and Kleene closure [33].

Unlike many existing work [40, 41, 51, 58], Bobsled does not require training or fine-tuning an
oracle/proxy model for each query. Initially, it employs a lightweight pretrained single-modality
model as a proxy to obtain a distribution of events for each clip in the video stream. Using this
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RS | 0.99 | 0.05 0 0 RS | 0.99 | 0.25 0 0.10
FS | 0.01 | 0.80 0 0 FS | 0.01 | 0.03 | 0.15 | 0.90
RT 0 0.15 | 0.70 | 0.03 RT 0 0.72 0 0
LT 0 0 0.30 | 097 | | LT 0 0 0.85 0

(a) Case 1 (b) Case 2

Fig. 1. Adaptive Event Materialization (FS stands for ‘full-stop’, an event not included in the query)

information, it derives the probability p of a window matching the query pattern and forms a
cascade: If p falls below a certain threshold, a clip within a window is discarded without further
processing by the oracle. Deriving the probability p in the context of pattern matching, however, is
actually non-trivial. Specifically, matching a window of events against a pattern requires translating
the query pattern into a nondeterministic finite automaton (NFA) [89] and consuming the window
of events to determine if the final state can be reached. However, since a pattern query can be
translated into an NFA with non-mutually exclusive outgoing transitions [1], it cannot be directly
used to form a probabilistic model like Markov chain to estimate p (as non-mutually exclusive
edges would sum up probabilities to more than 1). Bobsled utilizes Non-Homogeneous Markov
Chains [8] and develops the concept of Probabilistic Pattern (PPAT) to address this challenge.

For windows that cannot be directly pruned by PPAT, Bobsled carries out further optimization in
order to minimize the inference cost. For example, consider a query that searches for the following
three-event pattern on windows of size four (i.e., four clips per window):

‘rolling stop’ (RS) — ‘right turn’ (RT) — ‘left turn’ (LT)

Consider two different cases for a window shown in Figure 1. The window covers four clips
¢1 to cy4. After scanning by the proxy, the discrete distribution of potential events for each clip is
obtained.

In Case 1, a smart Adaptive Event Materialization (AEM) strategy can choose to select clip ¢,
and pass it to the oracle first to materialize its real label. By doing so, it can reject the window early
once the oracle confirms that ¢, is not a ‘right turn’. This is because a non-‘right turn’ event in
the second position of the window immediately violates the query pattern. Such a smart approach
enables early stopping, incurring the cost of passing only one clip to the oracle, and can then
proceed to processing the next window.

In contrast, a basic strategy would be to sequentially pass the clips inside the window to the
oracle, starting from ¢;. However, if ¢; is identified as a ‘rolling stop’ according to the oracle,
then unlike the smart strategy mentioned above, the window cannot be discarded until it also
materializes ¢, and finds that ¢, is not a ‘right turn’. This would incur a cost of materializing both
¢1 and ¢, before the window can be rejected.

Designing a smart materialization strategy is non-trivial because the optimal choice not only
depends on the early rejection probability, but also depends on the early acceptance probability if
the window contains a positive match. Consider case 2 in Figure 1. In this case, after materializing
¢ and ¢, as ‘rolling stop” and ‘right turn’, a smart strategy shall pick c3 over ¢4 because it can
potentially early accept the window without processing cy.

Given the complexity and probabilistic nature of the decision space, Bobsled formulates the prob-
lem as a Sequential Information Maximization (SIM) problem [13]. This formulation enables a greedy
policy, allowing Bobsled to make near-optimal choices by maximizing the mutual information
among different materialization choices.

Proc. ACM Manag. Data, Vol. 3, No. 3 (SIGMOD), Article 214. Publication date: June 2025.



214:4 Chenxia Han, Chaokun Chang, Srijan Srivastava, Yao Lu, and Eric Lo

To our knowledge, Bobsled is the first system that can effectively handle pattern matching
queries on video streams. Bobsled accelerates the complex event processing while meeting the
desired accuracy. Experiments indicate that Bobsled can achieve a throughput improvement of 2.4x
to 11.6X without any noticeable loss in accuracy. This boost in throughput translates to enhanced
resource efficiency, allowing the same hardware resource to handle a significantly higher number
of concurrent queries/video streams.

The rest of the paper is organized as follows. Section 2 gives the background and related work
of this paper. Sections 3 to 8 present the details of Bobsled. Section 9 presents the experimental
results and Section 10 presents the conclusion.

2 Background and Related work
2.1 Video Event Detection

The transformer model [85] has literally transformed the world in recent years. The latest Multi-
modal Language Models (MLLMs) such as GPT-4 [65], Sora [7], Gemini [31], LLaMA-VID [53],
and LLaVA [56] have the ability to manage tasks like text-to-video generation [7] and video
question answering [19, 53, 56]. However, current MLLMs lack sophisticated pattern matching
capabilities [39, 61]. Even with future advancements, the inherent need to process every frame
might render MLLMs computationally expensive for data-driven video analytics. Employing the
broader capabilities of MLLMs for complex event video processing could be unnecessarily resource-
intensive. Furthermore, event pattern languages can precisely capture query intents, whereas
achieving the same level of precision through natural language prompts is almost an art. Therefore,
the language modality in MLLMs is not particularly necessary for our applications but brings
unnecessary overhead due to the significant proportion of model parameters allocated to natural
language processing. For detecting individual events in a video, single-modality video recognition
models are sufficient.

Bobsled supports complex video event processing using single-modality models. It is agnostic
to the type of event, whether it is an action detected by a video recognition model, or an object
occurrence detected by an image model. In the following, we focus on action-based events because
they align better with our interested use cases.

Video recognition models take consecutive clips (sequences of frames) as input and leverage
both the spatial information within each frame and the temporal information across frames for
recognition. These models can be broadly categorized into two classes: convolution-based (e.g., C3D
[82], R(2+1)D [83]) and transformer-based (e.g., VideoMAE [81], MViT [26]). Convolution-based
models use 3D convolution instead of 2D convolution to capture temporal information in video clips.
On the other hand, transformer-based models tokenize the input video and employ self-attention
mechanisms to capture contextual information.

Inputs to these video recognition models are typically clips of 16, 64, or 128 consecutive frames.
These models have the ability to identify multiple events occurring within a clip. For example,
given a clip, they can output co-occurring events such as ‘player A is screening’ and ‘player B is
dribbling’. Furthermore, since an action may span multiple clips, a model may output an ‘eating’
label for hundreds of consecutive clips.

2.2 Deep Video Analytics

The database community has developed a series of systems to optimize query processing on videos,
supporting various query types including selection [5, 10, 14-17, 23, 41, 42, 49, 50, 58, 62, 90],
limit [35, 40, 62], aggregation [40, 43, 73], and top-k [12, 51, 72]. Most of these systems are based on
building query-specific proxy models. For example, they train a lightweight binary classifier for a
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query predicate, say, COUNT(CAR) > 5, as a “proxy”. Frames with a proxy score (i.e., the probability
of a frame passing the query, according to the proxy model) below a certain passing threshold are
discarded, thus avoiding the need for processing by the expensive oracle model.

The training data of the proxy is obtained by sampling frames from the queried video, passing
them to the oracle, and regarding the oracle outputs as the true labels. The passing threshold is
calibrated based on relating the empirical recall/precision on the proxy model with respect to the
desired recall/precision targets, based on different levels of accuracy guarantees [23, 41, 42, 58].

Proxy models are not the sole method for providing proxy scores. TASTI [44] and Seiden [5]
employ an alternative approach by initially processing a subset of frames using the oracle model.
They then use the labels obtained from this processed subset to interpolate proxy scores for the
remaining frames. These techniques can be applied to any proxy-model based system including
Bobsled. ExSample [62] can answer LIMIT queries without relying on any proxy scores. It uses
Thompson sampling to select frames from the queried video for processing by the oracle model and
stops early once a sufficient number of results are found. However, for selection queries or pattern
queries that aim to find all answers, determining when to stop the search early while still meeting
a specific recall or precision target remains unclear, especially when no additional information,
such as proxy scores, is available.

Some systems [10, 17, 49] are designed to adaptively select the most appropriate model or
configuration (e.g. image size, sampling rate) from a collection for inference. Their goal is to
process important frames using more expensive models or configurations, while using cheaper
models or configurations for irrelevant frames. For example, Zeus [17], which is dedicated to action
localization, leverages a reinforcement learning agent to predict the configuration of the next video
clip to process. Other works, such as Rekall [29] and VOCAL [20], have primarily concentrated on
the programming model and data labeling processing for complex event processing in videos. In
contrast, our work pioneers the exploration of the efficiency aspect of pattern matching in videos.

2.3 Complex Event Processing

Complex Event Processing (CEP) systems [22, 25, 34, 52, 57, 59] are designed for pattern matching
in conventional data streams. CEP queries comprise a sequence of events that occur in a specific
order along with constraints on these events. Various query languages have been proposed to
specify patterns, including SQL-TS [75], Cayuga [6], and SASE+ [21]. These languages support
expressing event sequences, Kleene closure, complex predicates, and contiguity, thereby providing
richer expressibility compared to languages for regular expression matching.

A typical CEP query contains three clauses ‘SEQ’, ‘WHERE’, and ‘WITHIN’. The ‘SEQ’ clause
defines a sequence of events, along with associated quantifiers, which defines the minimum and
maximum occurrences of an event. One quantifier is Kleene plus, denoted by ‘+’, enables definition
of one or more occurrences of an event, such as ‘A+’. Specific number of occurrences of an event
can also be defined. For instance, ‘A{3, 5}’ indicates that the event ‘A’ should occur at least three
times and at most five times. The ‘WHERE’ clause specifies conditions on events, whereas the
‘WITHIN’ clause specifies the window size.

SEQ (A, B+, C) //Example Query EQI

WHERE A.condition = 'sunny'
AND B.condition = 'rainy'
AND C.condition = 'cloudy'

WITHIN 1 hour

Query EQ1 above is an example CEP query, capturing a sequence of weather conditions: within
the past hour, the weather condition changes from ‘sunny’ to ‘rainy’ for a period of time, and finally
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turns to ‘cloudy’. The Kleene plus quantifier matches one or more ‘rainy’ events. By default, the
contiguity between these events is relaxed [21]. Strict contiguity requires two events to be contiguous
in the stream, which is commonly used in regular expression matching. Relaxed contiguity removes
the contiguity requirements between events, where all irrelevant events are skipped until the next
relevant event is found. This is particularly important in real-world scenarios where the streams
contain noise events that should be ignored by the query.

During the execution, a CEP query is usually compiled into a nondeterministic finite automaton
(NFA). Formally, the NFA can be represented by a 5-tuple (Q, X, , qo, F), where Q denotes a set of
states, X represents a set of conditions, J is a transition function, gy is the start state, and F is the
final state. The transition function, §, defines the transitions of an NFA. For instance, §(q, a) = ¢’
refers to the transition from state q to state ¢’ under the condition of a. The condition is a boolean
expression composed of basic operators (A, V, =), comparison operators (e.g., >, <, =), and variables,
which evaluates to either true or false. An epsilon transition models the Kleene plus operator under
relaxed contiguity, allowing the matching process to move from one state to another state without
consuming any event; its condition is always evaluated to true.

Fig. 2. NFA compiled from EQ1

Figure 2 depicts the NFA compiled from EQ1. In this example, the condition ‘sunny’ must be
satisfied for the matching process to transition from state ‘q,” to ‘A’. There is an epsilon transition
from state ‘B’ to state ‘C’, which can take place without consuming any event. Hence, at state ‘B’, a
‘rainy’ event can either stay at state ‘B’, or first transits to state ‘C’ via the epsilon transition and
then stays at state ‘C’ after consuming the ‘rainy’ event via the ‘=cloudy’ transition. This highlights
the inherent non-deterministic exhibited by NFAs, where the conditions associated with two edges
at a particular state can be non-mutually exclusive.

A match is found if there exists some choices of transitions that lead to the final state after
consuming some events. If no match is found in the current window, the matching process slides
the window to the next event. For instance, from X[ABDD]EE to XA[BDDE]E, where ‘[’ and ‘]’
denote the start and end of a window. When a match is found, the matching process has different
options to move the window. For example, the skip-past-last-event strategy [27] moves the window
to skip past the last event that matches, from X[ABCD]EEFF to XABC[DEEF]F.

The primary focus of traditional CEP systems is to enhance throughput, thereby facilitating the
processing of more data streams at real-time. The key challenge lies in the complexity of evaluating
the NFA on each window. Various work addresses this in terms of pattern matching cost and
memory consumption [1, 4, 9, 60, 68, 98]. However, CEP on video events should have a different
focus because the primary bottleneck stems from the model inference rather than the pattern
matching process. For instance, a typical video recognition model like MViTv2-S [54] achieves 52
clips per second on an Nvidia GeForce RTX 3090 GPU when using 16 frames per clip. In contrast,
CEP systems are capable of handling over 100,000 events per second when running on a single
CPU core [9]. Therefore, the challenge shifts towards minimizing model inferences to maximize
the system’s overall throughput.

Proc. ACM Manag. Data, Vol. 3, No. 3 (SIGMOD), Article 214. Publication date: June 2025.



Scalable Complex Event Processing on Video Streams 214:7

3 Bobsled

Problem Definition. The problem addressed in this paper can be formally defined as follows:

Given a set of video streams D, a set of pattern queries Q, an oracle model M, and an accuracy target
T, the goal is to maximize the overall throughput in terms of frames per second (fps) for processing
Q over D while ensuring that the F1-score of each result R(q) of query q € Q is at least T, using the
original query result R,(q) as the reference of true positive and true negative matchings.

Consistent with existing work on video analytics [5, 40-42, 51], Bobsled considers the labels from
the oracle model as the “ground truth”. The primary objective of Bobsled is to accelerate complex
event processing on video streams while producing results that closely match those obtained using
the oracle model.

Event Space and Vision Model. Bobsled aims to support scalable complex event processing on
video streams. It supports events recognized by any recognition model including image classification,
action recognition, object detection, and others. Currently, events that are not direct outputs of a
recognition model are not supported. For instance, the event ‘more than five cars’ is not a direct
output of any common object detection model, but rather an event that is post-processed by an
external module based on the model’s direct output. However, if a model is fine-tuned and can
directly return such a “more than five cars’ event, Bobsled can also support it. The reason is that
Bobsled avoids any query-specific proxy models, as that approach is not scalable with the number
of queries. Instead, Bobsled utilizes proxy models that perform the same tasks as the oracle models.
These models are often pre-trained and provided alongside the oracle model. For example, the
latest version of YOLOv10 [87] object detector has 5 variants: nano, small, medium, large, and
extra-large. One can use the nano version as the proxy and the extra-large version as the
oracle. When lightweight versions of an oracle model are unavailable, users can utilize a model
quantization tool [69] to prepare one.

Query Language. Bobsled implements a subset of the Flink CEP Pattern API [27] and adopts it for
complex event processing on video streams:

query = <component>
[.<contiguity><component>]*
[.window(<window-size>)] //in # of clips
[.f1(<f1-target>)]
.model (<oracle-model>, <proxy-model>)

component = (<condition>)
[.minDuration(<minimum-duration>)] //in # of clips
[.maxDuration(<maximum-duration>)] //ditto

contiguity = followedBy | next

Compared with Flink’s CEP AP, one modification we made is introducing the ‘model’ keyword,
which requires the user to specify the oracle and proxy models. Another modification is adding the
‘f1’ keyword, which enables acceleration by requiring users to specify the target F1 score, with a
default value of 0.99. As an example:

('rolling stop').minDuration(1) //Example Query EQ2
.next('right turn').minDuration (1)

.followedBy ('left turn').minDuration(1)

.window (5)

.f1(0.99)

.model (mvit-v2-s, c3d-3)
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Fig. 3. Overview of Bobsled

Other keywords are all inherited from Flink CEP. The keywords ‘minDuration’ and ‘maxDuration’
specify the minimum and maximum duration of an event, respectively. For example, ‘minDura-
tion(1)’ indicates matching at least one occurrence of the event, which is equivalent to a Kleene
plus quantifier. As another example, (‘right turn’).minDuration(4) indicates that the ‘right turn’
event must consecutively appear in at least 4 clips in order to consider as a match. Regarding
contiguity, strict contiguity is specified by the keyword ‘next’, while relaxed contiguity is specified
by ‘followedBy’. The window size is determined by the ‘window’ keyword, with a default value of
30 seconds in Bobsled if not specified.! In Bobsled, once a match is found, the skip-past-last-event
strategy is employed to prevent the return of overlapping results, thereby improving result diversity.

4 System Overview

Figure 3 illustrates the system overview of Bobsled. The system consists of four components: query
compiler, proxy model, probabilistic pattern (PPAT), and adaptive event materialization (AEM).
Bobsled aims to support more queries and more video streams given the same hardware (GPU)
resources. However, for clarity, we present the details from the perspective of a single query on a
single stream.

Query Compiler. In addition to translating the query into NFA, the compiler also infers the
minimum duration for an event in the query if the user has not specified it. This is necessary
because user-perceived events in a video, such as actions, are often mapped from multiple raw
model-predicted events that span across multiple clips. For instance, when using a clip size of 16
frames (equivalent to approximately 0.5 seconds), a user-perceived ‘eating’ action in a video is
often represented by several model-predicted ‘eating’ labels spanning multiple consecutive clips.
Determining the precise minimum duration for different types of events can be challenging for query
users (e.g., what should be the minDuration for a ‘drinking’ event or an ‘eating’ event?). Making
an uninformed decision could compromise either accuracy (by setting the minimum duration too
large) or efficiency (by setting the minimum duration to 1, resulting in reduced selectivity and
unnecessary overhead due to prodigal use of the Kleene plus operator). Therefore, in Bobsled, the
compiler automatically infers the minimum duration for all events with unspecified minDuration
in the query (section 5).

Proxy Model. The proxy model is a lightweight but less accurate model to first quickly inference
the video and generate a discrete distribution of potential events for each clip (e.g., see Figure 1).
There are no specific requirements for the proxy model in relation to the oracle model, other than
that the proxy (1) shares the same event space as the oracle model and (2) operates faster than the
oracle model. However, the degree of performance improvement depends on the divergence in
distribution between the two — the smaller the divergence, the greater the improvement should be

1In Bobsled, number of clips, number of frames, and time duration (e.g., seconds, minutes) are interchangeable units.
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expected. In practice, this divergence is often reasonable, enabling the prior works that leverage
the proxy model for acceleration, including Bobsled.

PPAT. The NFA, together with the proxy scores predicted by the proxy model, is used to construct a
Non-Homogeneous Markov Chain (NHMC) that serves as a Probabilistic Pattern (PPAT) (section 6)
for estimating the probability of a window matching the query pattern. Windows with a high
likelihood of not matching the query pattern are filtered early, without performing any additional
processing on the clips within the window. The PPAT component determines the decision by
deriving a rejection threshold from the target F1 accuracy specified in the query.

In NoScope [41], there is another threshold known as the acceptance threshold. Windows with

probabilities higher than the acceptance threshold are immediately returned without any additional
processing. Accepting based on the acceptance threshold carries the potential for false positives
and can impact precision. Similarly, filtering based on the rejection threshold can potentially result
in false negatives and impact recall. Given that Bobsled utilizes the F1 metric, which incorporates
both precision and recall, as the target accuracy; and considering that complex event queries tend to
be more selective than simple event queries, our empirical results indicate that it is not worthwhile
to allocate materialization budget for early accepting a window. Hence, PPAT only establishes the
rejection threshold at this stage, prioritizing the filtration of negative windows and deferring the
remaining processing to the Adaptive Event Materialization (AEM) module.
AEM. Windows that cannot be filtered by PPAT are passed to AEM for further inference (section 7).
AEM aims to select the minimal number of clips to be processed by the oracle model that can
potentially lead to early rejection or early acceptance of the window. For example, consider Query
EQ?2 in the previous section, which looks for windows of size five where the first event is a ‘rolling
stop’ (RS), the second event is a ‘right turn’ (RT), followed by a ‘left turn’ (LT) event that occurs in
any other position. Now, let us consider the window of events in Figure 4(a). We use ‘?’ to denote a
clip whose event that has not been materialized by the oracle model. Given the window in Figure 4(a),
if ¢, is first selected for oracle inference and confirmed as a ‘left turn’ event, the entire window
[? LT ? ? ?] can be rejected early without needing to materialize the other clips. Alternatively, if
clips ¢1, ¢z, and ¢4 are chosen for oracle inference with the following results [RS RT ? LT ?], we can
accept the window early without needing to materialize clips c¢3 and cs.

In a nutshell, given a window, AEM aims to pick the next clip that maximize the early acceptance

probability if the window eventually matches the query, and conversely, picks the one that maximize
the early rejection probability if the window eventually does not match the query. However, it is
unknown whether a window matches the query or not in advance. To address this, we employ
information entropy to unify these two cases and solve it as a Sequential Information Maximization
(SIM) problem [13] using a near-optimal solution (section 7).
Optimization Focus. Bobsled’s optimization focus is on the entire query in terms of the number of
accesses to the deep model, rather than on any individual operator. Specifically, the effectiveness
of Probabilistic Pattern (PPAT) is inherently tied to the selectivity of the query pattern — the
more selective the query, the more powerful PPAT becomes. Similar to PPAT, the optimization
power of Adaptive Event Materialization (AEM) also depends on the selectivity. However, unlike
PPAT, AEM also has the ability to accept positive windows early, making it more general than
PPAT and its effectiveness less sensitive to selectivity. Although the effectiveness of both PPAT and
AEM depend on selectivity, they operate in fundamentally different dimensions: PPAT focuses on
window filtering and aims to minimize the number of windows that need to be processed by AEM
(i.e., window pruning). In contrast, AEM aims to utilize the difference between the query pattern
length and the window size to minimize event materialization for the windows passed by PPAT
(i.e., event pruning).
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Fig. 4. (a) An example window of five clips. (b) DFA converted from the NFA of Query EQ2. (c) Non-
Homogeneous Markov Chain constructed for Query EQ2.

5 Query Compiler

The query compiler in Bobsled follows the implementation in SASE+ [21], which compiles each
query into an NFA first. Notably, we do not implement the match buffer in SASE+, as model
inference is the primary bottleneck in Bobsled and a translation to the basic NFA is sufficient for
our purposes.

Since each user-perceived event is derived from multiple consecutive model-predicted events, the
query compiler automatically annotates the minimum duration for each event if it is not specified in
the query before translating the query to an NFA. Specifically, Bobsled follows [58] to first sample
clips from the queried video and utilize the oracle model (or human labels, if available) to identify
the events within these clips; after that, it derives the minimum duration accordingly. For instance,
if the ‘rolling stop’ event appears five times in the samples with duration of 6, 7, 5, 7, and 10, then
the minimum duration of ‘rolling stop’ is 5. All events whose corresponding minimum duration is
unspecified in the query will have the inferred minimum duration annotated after the compilation.

6 Probabilistic Pattern

Given a window of known events, it is straightforward to determine whether a match exists by
evaluating the query’s nondeterministic finite automaton (NFA). The NFA returns a match if a
series of transitions leads to the final state. However, since we want to reduce accesses to the
oracle model, we employ a proxy model to obtain the discrete distribution of each event, and use
those uncertain events to build a Probabilistic Pattern (PPAT) for calculating the pattern matching
probability and early discard the improbable ones.

A naive approach to estimate the probability Pr(W [ ) that a window W matches a query
pattern q is to enumerate all possible worlds [63] of the window based on the set of possible events
and aggregate the probabilities of all worlds that match the query: Pr(W | q) = Xy q Pr(W),

where W is a possible world of window W that matches the query. However, this naive approach is
computationally expensive as it involves |Y|* worlds, where | Y| is the event space and w is the
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window size. To address this challenge, we formulate the problem as a Non-homogeneous Markov
Chain (NHMC) [8], which allows us to significantly reduce the computational complexity.

6.1 Non-Homogeneous Markov Chain as the Probabilistic Pattern

Given a query pattern g, we construct a Non-Homogeneous Markov Chain (NHMC) for each
window W to estimate the probability Pr(W = g) that W matches the pattern q.

Non-Homogeneous Markov Chain is a variant of Markov Chain. In Markov Chain, the sum of
transition probabilities from any given state must equal 1. However, since the transitions from an
NFA compiled from the query can be non-mutually exclusive, the NFA cannot directly serve as the
state-space and transitions of any Markov Chain [74].

To build the state-space and transitions of an NHMC, it is necessary to use an automaton that is
equivalent to the query pattern (NFA), but with mutually exclusive transitions. In this regard, a
Deterministic Finite Automaton (DFA) fits the bill. In Bobsled, we adopt the powerset construction
algorithm [70] to obtain a DFA from the initial NFA. The DFA can be represented by the 5-tuple
(Q',%",8,q;, F'), where Q’ is a set of states, 3’ is a set of conditions, §” is the transition function,
qy is the start state, and F’ is the final state. For any two states S; and S;, there is either exactly one
transition from S; to S; with the condition o such that §’(S;, ) = S;, or no transition at all.

Figure 4(b) illustrates the DFA derived from the NFA compiled for example Query EQ2. Transitions
in this DFA are mutually exclusive. The states and transitions of the DFA can serve as the basis for
the states and the transitions of the NHMC, with the transition probabilities derived from the proxy
scores. However, the probabilistic pattern matching cannot be modeled by a basic Markov Chain
alone, as the transition probabilities are non-homogeneous. Specifically, the transition probability
from one state to the other is not static, but instead depends on the current clip-of-interest. For
example, consider the DFA in Figure 4(b) and the window in Figure 4(a). If clips ¢; and c; have been
consumed and the current state has reached Ss, then the transition probability that it stays at Ss is
Pr(—left turn|cs) = 0.1+ 0.7 + 0 = 0.8. However, assuming the state remains at S; after consuming
c3, then the transition probability that it stays in S3 again should be Pr(=left turn|cs) = 0.05 instead.
This explains why we use Non-Homogeneous Markov Chain as PPAT.

In an NHMC, the transition probabilities are represented by a set of transition matrices, each
specific to a given time. Here, we use the discrete-time NHMC. Let the set of states be S = {51, Sz, .. .}
Each transition matrix P; is a square matrix with dimensions |S| X |S|, where |S| is the number of
states in the NHMC. The (i, j)-th entry of the ¢-th transition matrix indicates the probability of
transitioning from state S; to state S; at time ¢. Each transition matrix P; is constructed using the
proxy scores of the clip ¢;.

To build the transition matrix P;, we define a random variable e; to represent the possible events
in clip ¢;, with its distribution determined by the proxy scores. The entry (P;);; is set to the
probability of transitioning from state S; to state S; given the condition o: (P;);; = Pr(ole;). If
there is no transition from state S; to state S;, then (P;); ; is set to 0. Here, Pr(cle;) refers to the
probability that the condition ¢ holds given the distribution of e;. Consequently, a window of w
clips forms an NHMC with w transition matrices.

One caveat is about the final state in the DFA, as Markov Chains inherently do not have terminal
states where the process ends. To address this, we add a self-transition with a probability of 1 to the
final state obtained from the DFA. Formally, this is achieved by setting (P;);; to 1 if S; is the final
state. By using this method, a valid NHMC can be formed based on the query and the proxy scores.

Figure 4(c) illustrates the NHMC and some of its transition matrices for Query EQ2 based on the
window in Figure 4(a). For example, consider the entry (P;); 2 in the transition matrix P;. This entry
denotes the probability of transitioning from the initial state S; to state S is 0.99 at the beginning
of processing the window because the first clip ¢; has a probability of 0.99 to be a ‘rolling-stop’.
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Similarly, consider the entry (Ps), 3 in the transition matrix Ps. This entry denotes the probability
of transitioning from state S; to state S is 0.7 after consuming c¢; to c4, where cs has a probability
of 0.7 being a ‘right turn’.

Given an NHMC, the probability that the window w matches the query q is equivalent to the
probability of transitioning from the start state (q;) to the final states (F). In NHMC, the transition
probability after w steps is calculated by multiplying the w transition matrices together. To extract
the specific transition probability from the start state to the final state, we employ two indicator
vectors u and v. Here, u is an indicator vector corresponding to the start state g;. Specifically, u; = 1
if S; = q; and all other entries in u are 0. Similarly, v is an indicator vector corresponding to the
final state F’. Specifically, v; = 1if S; = F” and all other entries are 0. Thus, the probability that the
window W, which consists of clips ¢;, ¢s41, - - - Cr+w—1, matches the query q is given by:

Pr(W [ q) = Pr(X,, = F'|Xo = q) (1)

= uT(PtPtH < Prow-1)v

The time complexity of calculating this pattern matching probability is @ (w - |S|?), where w is
the window size and |S| is the number of states in the NHMC, which is the same as the number
of states in the DFA. Note that |S| is determined solely by the number of actions specified in the
query. While long pattern queries would have a larger |S|, in practice |S| would typically fall within
single to double-digit. Furthermore, longer pattern queries also means they are more selective. This
effectively empowers the PPAT with stronger filtering power, which can reduce the number of
oracle model accesses.

6.2 The Rejection Threshold

Given the F1 target specified in the query, we translate it to a rejection threshold t for PPAT. Since
the F1 score combines both recall and precision, and our priority in PPAT is to filter out negative
windows, we set the precision target Piarget to 1 and focus on the recall target Riarget- With Prarget = 1,
the recall target can be derived from the F1 target: Riarget = %

To achieve the recall target, we follow [58] to determine the rejection threshold. PP seeks to
identify the largest threshold that meets the desired recall target, using data sampled from the
queried video and labeled by the oracle model (or human labels, if available). Specifically, with a
given threshold t, recall is calculated as the ratio of windows that both probabilistically match the
query (based on threshold ¢) and truly match the query, to the total number of windows that match
the query according to the oracle model. The objective is to search from a threshold value of 1 down
to the threshold value ¢ that can result in a recall just meeting the target Riarger. Doing so allows
windows with a pattern matching probability below t to be pruned, without filtering out positive
windows. In other words, it strikes a balance between efficiency (pruning non-matching windows)
and accuracy (meeting the recall target). We leave the use of more sophisticated techniques, such
as the ones proposed in [42, 51], to derive thresholds with tighter quality bound as future work.

7 Adaptive Event Materialization

In Bobsled, windows that pass PPAT are sent to AEM for further processing. The goal of AEM is to
dynamically decide the next clip to be materialized by the oracle model that can potentially lead
to early rejection or early acceptance of a window. In other words, it aims to make a sequence
of choices online that can result in a clip materialization order that incurs minimal cost. AEM is
an optimization technique designed for efficiency without impacting accuracy. In cases where a
window has no early stop opportunities (e.g., consider a query (‘A’).next(B’).next(‘C’) and a window
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[ABC]), the materialization order is immaterial and AEM would materialize all the clips to uphold
correctness. However, since pattern matching queries are generally selective, AEM is an effective
technique that can bring substantial speedup.

AEM works by picking the next clip that maximizes the acceptance probability if the window
eventually matches the query, or pick the one that maximizes the rejection probability if the
window eventually does not match. The challenge is that it is unknown in advance whether the
current window will ultimately match the query or not. To address this uncertainty, AEM employs
information entropy to unify the decision-making process across these two possible outcomes.

Let Z be a random variable, representing whether a window W matches the query g. Z follows
a Bernoulli distribution: Z = 1 if W matches q and Z = 0 otherwise. The uncertainty of Z can
be measured by its entropy H(Z), calculated from the probability that W matches ¢, denoted as
Pr(W [ q). Initially, when it is uncertain whether W matches g, the entropy of Z is greater than
0. Let ¥/ be a random variable, representing the materialized events within window W. As more
clips are materialized, the conditional entropy H(Z|y) decreases and eventually reaches 0. Thus,
minimizing the conditional entropy is equivalent to maximizing the probability of acceptance or
rejection.

Given this unified form, the objective of AEM is to minimize the conditional entropy to zero
with the minimal cost. However, since the events are unknown in advance, AEM selects the
clips sequentially, frugally materializing them one at a time. Furthermore, to minimize the
number of materialized clips, AEM aims to minimize H(Z|i/) as fast as possible. This is equivalent
to maximizing the mutual information between Z and ¢, which measures the amount of
information that Z contains about . According to information theory, we have I(Z;¢) = H(Z) -
H(Z|y), where I(Z;{) denotes the mutual information between Z and . Since the entropy of
Z is a constant, maximizing [(Z; ) would lead to minimizing H(Z|y). Therefore, the problem is
essentially a Sequential Information Maximization (SIM) problem [13].

In SIM, we have random variables Z, Y1, Ys, .. ., ¥;;,, where Z depends deterministically on Y,
Y, ..., Y, via a function D, i.e., Z = D(Y,, Y, ...,Yy,). The random variables Y, Y», ..., Y;,, are
observable, while Z is not directly observable. To gain the information about Z, a test can be
performed on each Y;, which will reveal its outcome y;. Each test incurs a unit of cost. Given a fixed
budget of b tests, the goal is to sequentially choose tests that are maximally informative about Z.
This sequence of choices is encoded as a policy 7 = {1, 13, . . ., 7p }, Where x; specifies the test at
the i-th step. For example, at the first step, a test is performed on Y,, and the outcome y,, is observed.
The outcomes collected through 7 are denoted as ¥, = {(Yr,, Yr,), Yy, Ur,)s - - > (Vi Y ) 1

The optimal policy 7* maximizes mutual information between Z and i/,: 7* = argmax_ I(Z; /).
Finding the optimal policy 7*, however, is an NP-hard problem [47]. Instead, a greedy policy is
widely used, which chooses the test with the maximal expected conditional mutual information
at each step: mpy = argmax,; ; By, [I[(Z;¢,|Y;)], where I = {1,2,...,m} and ¢, refers to the
materialized events in the previous h steps. This approach is simple and has been proved to be
near-optimal [13, 45]. In fact, SIM bears resemblance to multi-arm bandit [62] and reinforcement
learning (RL), where the reward can be defined as the reduction of uncertainty. However, in RL, the
environment and the inherent uncertainties are unknown, necessitating that RL solutions explore
and exploit the environment. In contrast, in SIM, the probability distribution of each Y; is already
known through the proxy scores. As a result, SIM solutions can focus on leveraging this known
information to yield near-optimal results, without the need for extensive exploration.

Now, consider a query q and a window W of w clips [¢;, ¢41, - . Criw]. We define random
variables Z, Y, Yi41, - . ., Y4 Where Z represents whether W matches the query g, and Y; represents
the possible events at clip c;. By adopting the greedy policy of the SIM problem (with a budget of w
tests, since a window has a maximum of w clips to materialize), we materialize the clip with the
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maximal expected conditional mutual information at each step. Note that the conditional mutual
information is calculated by I(Z; y;|Y;) = H(Z|Y) — H(Z |, Y;). Since H(Z|,;) is constant for
all clips, maximizing the expected conditional mutual information I(Z; ¢, |Y;) becomes a dual of
minimizing the an expected conditional entropy H(Z|i/, Y;). Consequently, for the (h + 1)-th step,
we exclude the ones that have already been materialized and pick:
ey = argmin By, [H(Z |y, Yi)] @)
PEW\Yor

7.1 Efficient Computation of Expected Conditional Entropy

Equation 2 requires computing the expected conditional entropy, i.e., By, [H(Z |y, Y;)], O (w) times.
Each expected conditional entropy is calculated by:

By [H(ZlYn ¥)] = > Pr(Y; = y)E(Z . Y; = 1) 3
Yi
The conditional entropy H(Z|/,, Y; = y;) is calculated by:
= > Pr(Z =2l Vi = yi) log Pr(Z = 2|y, Yi = yi) ()
z€{0,1}

where Z follows the Bernoulli distribution:
Pr(Z = 1y, Yi = yi) = Pr(W [ qlYn, Yi = yi) ®)
Pr(Z =0y Yi = y;) = 1= Pr(W [ gy, Yi = yi) (6)
According to Equation 1, the pattern matching probability is calculated by constructing w transition

matrices from a window with w clips. Therefore, to compute the pattern matching probability
conditioned on ¥, and Y; = y;, we have:

i—1 t+w—1
Pr(W E qlfm Y=y = " [ [P P (] ] Pro) ()
Jj=t k=i+1

where u and v are indicator vectors as defined in Equation 1. Here, Pi’ is the transition matrix
conditioned on Y; = yj, i.e., it is derived based on conditioning the current clip-of-interest c;,
assuming a label y;. P and P, are the transition matrices derived based on having some clips with
certain labels (i.e., already after materialization) and some clips remain uncertain.

For example, consider the window W in Figure 5, & = {c;, ¢4} has already been materialized.
Among the uncertain ones, W \ ¢/, = {cy, c3, ¢5}, Equation 2 aims to pick the one with the minimum
expected conditional entropy. Computing the expected conditional entropy of, say, cs, according
to Equation 3, requires considering the entire event space of Y3, i.e., {RS’, ‘FS’, RT’, ‘LT’}. Pj’. in
Equation 7 refers to the transition matrices constructed by ¢; and c;. Similarly, P, in Equation 7
refers to the transition matrices constructed by ¢4 and cs. P in Equation 7 refers to the transition
matrix constructed by cs3, conditioning on Y3 equals to ‘RS’, ‘FS’, ‘RT’, or ‘LT".

Computing Equation 3 requires enumerating all possible events for a specific clip. Equation 7
has a complexity of ®(w|S|?), where |S| is dimension of square transition matrix. Denote the size
of the event space as ||, the complexity of calculating Equation 3 is @(|Y|w|S|?). Consequently, a
naive implementation of Equation 2 requires O(|Y|w?|S|?).

While |S| and |Y| are generally very small, w can be a large number. This suggests that, with a
naive approach, the computation of expected conditional entropy could become the bottleneck of
the system due to its high computational demands. To address this issue, we compute the products

ul ;;} P]'. and H;:;ﬁ:ll P, v only once per window in Equation 7 and share them among different
values of Y;.
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Fig. 5. Computing Ey, [H(Z|¢y, Y3)]

THEOREM 1. By sharing the products u” j;} P’ and Hlt;;f‘:ll P v among different values of Y;, the
complexity of computing Equation 2 is reduced to O(w|Y||S|?), which is linear to the window size.

PROOF. The products u” H;;} P} and H,t;“:ll P/ vin Eq 7 are independent of Y;. Computing them
once per window amortizes the complexity of Eq 7 to @(|S|?). Since Eq 3 involves computing Eq 7
for each of the | Y| events, its total complexity is ©(|Y/||S|?). Finally, computing Equation 2 requires

evaluating Eq 3 for O (w) positions, resulting in a total complexity of O(w|Y||S|?). O

7.2 Multi-Window Optimization

The greedy policy materializes clips within a window in a near-optimal order that can maximize
the chance of early accept/reject it. However, the near-optimality is only specific to the current
window-of-interest. In this section, we discuss a heuristic that aims to maximize the chance of early
accept/reject of both the current window W and the windows that overlap with it. For example,
consider the following query:

('rolling stop').minDuration(2) //Example Query EQ3
.next('right turn').minDuration(2)

.window (5)

.f1(0.99)

.model (mvit-v2-s, c3d-3)

In this query, the window size is 5 clips; the first event in the pattern requires a ‘rolling stop’
(RS) and the second event requires a ‘right turn’ (RT), both events required to appear in at least
two clips to form a match.

Now consider the video stream in Figure 6, which has 10 clips (c; to ¢19) and their oracle labels
shown. None of the first five overlapping windows W; to W5 can find a match on the query pattern
(e.g., the first clip in Wj is, c4, a ‘left turn’; hence, W can be rejected once knowing the label of
¢4). When considering window W, alone, materializing clip c; first or ¢4 first can also early reject
W at the same cost of inferencing one clip. However, materializing c4 can actually conveniently
reject windows W,, Wz, and W, as well. In contrast, materializing ¢, can only early reject W, in
addition to W;. In fact, the materialization choice of the current window W can influence all future
windows, including the ones that do not overlap with W. This is because a window that overlaps
with W would in turn overlap with some other windows that are even more further apart (e.g., W,
overlaps Ws, Ws overlaps Wy).
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Fig. 6. Multi-Window Optimization

More specifically, regard W is the current window of interest and AEM is considering which clip
in it (¢ to ¢s) should be materialized next. The near-optimal choice can be identified by computing
Equation 2. That choice is near-optimal with respect to the current window W; only. The next
window of interest, W,, indeed contains four clips that overlap with W; (they are c; to cs). The
near-optimal choice with respect to Wj, say, cs, may not necessarily be the near-optimal choice
with respect to Ws. In light of that, when deciding which clip to materialize when processing W,
we hope to consider the benefit to not only Wy, but also to all future windows that could potentially
benefit from our current decision, i.e., a near-optimal choice across the whole video stream.

To account for this, we enhance the original greedy policy by also considering the benefits to
future windows when selecting the next clip to materialize. However, in a streaming context, future
events (e.g., events of clips cg, ¢7, . . .) are not visible at the time of decision-making. Therefore, we
only consider the best-effort and account for the potential impact on “partial windows”, which are
sub-windows that overlap with the current window but include only the events that are currently
visible. For example, in Figure 6, when processing window Wi, the partial windows of interest
are W,, W, W/, and W,. The decision of which clip to materialize next would then consider the
potential benefits to not only Wj, but also to W, through W .

To consider the partial windows in our decision-making process, we can derive their corre-
sponding entropy Z], where each Z] indicates whether the partial window W, matches the query
g. However, we do not need to compute each Z; individually. Instead, we can rewrite the query,
which allows the pattern in q to start matching at any position within W;. For example, for Query
EQ3, we can rewrite it as:

('true').minDuration (@) //Example Query EQ3*
.next('rolling stop').minDuration(2)
.next('right turn').minDuration(2)

.window (5)

.£1(0.99)

.model (mvit-v2-s, c3d-3)

The rewritten query essentially captures the semantic of matching against the original window
and all its corresponding partial windows.

8 Discussion, Implementation, and Optimizations

Bobsled is implemented in both C++ and Python. We use Decord [24] for video decoding, PyTorch
for model training and inference, and NumPy for matrix computation.

Cross-window Transition Matrix Sharing. The computation of pattern matching probability
is achieved by constructing a Non-Homogeneous Markov Chain (NHMC). For a window of size
w, W transition matrices are constructed to form an NHMC. The construction of these transition
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Dataset #action 4frames Oracle’s Proxy’s

labels mAP mAP

BDD100K [17] 5 232k 91.2 22.8
MERL [78] 5 439k 78.6 51.4
ModelCar 2 10 477k 89.2 53.6
Cooking 3 10 296k 96.1 80.6
DailyLife 4 10 332k 98.9 86.6
Baseball ° 15 340k 82.2 63.5
Mixed 30 1105k 92.4 66.5

Table 1. Dataset and Model Accuracy.

matrices becomes computationally expensive when the window size is large. However, since the
sliding windows overlap, Bobsled caches and reuses a transition matrix whenever possible. The
idea here is similar to the one in subsection 7.1, but applying it across windows. This approach
avoids the duplicate computation of transition matrices for different windows, thereby reducing
overhead. Existing systems like Scotty [84] provide efficient sharing implementation for data
streams. Unfortunately, their solutions are known to be not beneficial to count-based window with
a slide step of one [84], which is our case.

Batch Inference. In AEM, the greedy policy deliberately selects only one clip to process at each
step, which avoids over-materializing any unnecessary ones. However, that would in turn under-
utilize the GPU. In Bobsled, we used batch inference. At each inference, we batch the clips selected
by AEM from concurrent streams video and process them together by the GPU. Clips required by
multiple queries on the same video streams would be shared.

Cold Start and Data Drift. Bobsled follows [58] and begins with PPAT initially disabled. It gathers
proxy scores and oracle labels from the video streams being processed and then enables PPAT after
a sufficient number of labels are acquired. During the cold start period, the system operates using
AEM only. If there is any stringent latency constraint, we can allocate additional computational
resources if needed [28, 86]. Whenever a significant shift in data distribution [30] is detected,
Bobsled will recompute the threshold to adapt to the new distribution.

Limitations. As with most streaming systems [1, 89, 97], Bobsled requires more resources and
computations when the size of the query windows increases. Nonetheless, in video stream analytics,
we have observed that interesting patterns (e.g., ‘right-turn-after-rolling-stop’) often span short
windows in the order of seconds to minutes, instead of long ones in the order of hours. Additionally,
action models are still under active research and sometimes may not reach satisfactory quality.
However, better models are emerging quickly, and Bobsled can consistently yield considerable
speedup regardless of model development.

9 Evaluation

We conduct evaluations of Bobsled on seven real datasets. The experiments were conducted on an
Intel Xeon W-2123 server with 80 GB RAM and one NVIDIA GeForce RTX 3090 GPU.

Dataset. Table 1(left) shows the details of the seven real datasets. The BDD100K dataset [96] is
a collection of dash-cam footage. In [17], the authors have manually labeled 200 videos with five

Zhttps://www.youtube.com/@A4Garage
Shttps://www.youtube.com/@MrT2022
4https://www.youtube.com/@LouCslife
Shttps://www.youtube.com/@MLB
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ID Data Query Description Sel %

Q1 BDDI100K ('stop').minDuration(5) The car stops for at least 5 clips and then turns  10.3%
.followedBy('right') right after a while.

Q2 BDDI100K ('left').followedBy('right") The car turns left and then turns right aftera  3.1%

while.

Q3 MERL ('reach to shelf') The customer reaches to the shelf, places a 4.7%
.next('hand in shelf').minDuration(10) hand in the shelf for at least 10 clips, and then
.next('retract from shelf') retracts the hand.

Q4 MERL ('inspect shelf') The customer inspects the shelf, reaches to the  5.2%
.next('reach to shelf') shelf, places a hand in the shelf for minimum
.next('hand in shelf').minDuration(5) of 5 clips, retracts the hand, and then follows
.next('retract from shelf') by inspecting the product.

.followedBy('inspect product')

Q5 ModelCar ('unboxing') The model car builder unboxes the car parts, 0.3%
.next('inspecting car body') inspects the body of the car, and then removes
.next('removing chrome coating') chrome coating from a part.

Q6 ModelCar ('engraving').minDuration(5) The model car artist spends between 10 to 15  0.5%
.maxDuration(15) clips engraving a part, then proceeds to test
.next('test fitting') its fitting with the model.

Q7  Cooking ('food plating').minDuration(15) The chef puts food on the plate for at least 15  7.2%
.next('serving') clips and then serves it to the customer.

Q8 Cooking ('sauteing') The chef sautes the ingredients, followed by  8.1%
.followedBy('cutting vegetables') cutting more vegetables for at least 10 clips,
.minDuration(10) and finally plating the food on plate.

.next('food plating')

Q9 DailyLife ('cooking') The person is cooking and then cuts ingredi- 1.2%
.next('cutting ingredients') ents.

Q10 DailyLife ('assembling equipments') The person is assembling some equipment, fol-  3.2%
.followedBy('boxing or unboxing') lowed by opening or closing some boxes.

Q11 Baseball ('player walking') The player walks, reacts in the stand, and then  1.8%
.next('in-stand reactions') throws the ball.

.next('throwing')

Q12 Baseball ('showcasing player or umpire') The video showcases a player or umpire for at  1.4%
.minDuration(5) least 5 clips, then the player throws the ball,
.next('throwing"') and then gets ready for a swing.

.next('getting ready for a swing')
Q13 Mixed ('cutting vegetables') The chef cuts vegetables, plates the food, 1.5%

.next('food plating').next('serving') serves it, and then sautes more ingredients.
.next('sauteing')

Q14  Mixed ('engraving').next('cutting plastic') The model car artist engraves a part, cuts plas- 0.7%
.next('test fitting') tic, tests the fitting, followed by applying glue
.followedBy('applying glue') to assemble the parts.

Table 2. Benchmark Queries

distinct action labels for that dataset, and we have concatenated those 200 videos into a single video
stream. The MERL [78] dataset is a collection of 106 videos recorded using a fixed overhead camera,
capturing people shopping in a grocery store setting. Each video is approximately 2 minutes long,
and we have concatenated them into a single video stream. This dataset also has built-in action
labels. Additionally, we have collected four more video streams from YouTube: ModelCar, Cooking,
DailyLife, and Baseball. We manually labeled 10 actions for each of the first three datasets and 15
actions for the last dataset. Furthermore, we follow common practices in the computer vision field
[36, 38, 46, 79, 95] to create a Mixed dataset by concatenating videos from the ModelCar, Cooking,
and DailyLife datasets so as to obtain a video with 30 different actions.
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Model. In the experiment, we used the pre-trained MViTv2-S model [54] as the oracle and the
pre-trained C3D-3 [82] as the proxy. The MViTv2-S model consists of 16 attention layers, whereas
the C3D-3 model is composed of 3 convolutional layers. Table 1(right) lists the models’ accuracy,
measured by mean Average Precision (mAP), on the videos based on the ground-truth human
labels. mAP is a standard metric for evaluating the accuracy of action recognition models [54, 92].
The oracle model runs at 0.8k fps, while the proxy model operates at 10.9k fps.

Query. Table 2 lists the queries used in the evaluation. The queries were constructed to ensure
meaningful results could be returned. Each dataset has two benchmark queries, and the pattern
length of these queries varies from two to five events. The table also includes the selectivity of the
queries.

Baseline. To the best of our knowledge, Bobsled is the first system capable of supporting effi-
cient complex event processing on videos and it does not have any direct competitors. We have
constructed four baselines to evaluate our system against:

e Localize-all-by-Oracle (All-Oracle). In this baseline, we use the oracle model to localize
all events and then apply Flink’s CEP engine to match the pattern.

e Localize-all-by-Proxy (All-Proxy). Same as the above, except using the proxy in place of
the oracle model.

e Localize-interested-by-Zeus (Zeus). Here, we use the state-of-the-art action localization
system, Zeus [17], to first localize only the events specified by the query, and then use Flink’s
CEP engine to match the query pattern. Zeus can also accept as input a target F1-score to
balance between the speedup and accuracy.

e Query-specific Model-based Filtering (QMF). Lastly, we consider an Al-native ap-
proach that trains a query-specific model for each query. The model utilizes a frozen back-
bone based on the pre-trained C3D-3, with two additional layers added for fine-tuning. The
training data for fine-tuning consists of human labels indicating whether a specific window
matches the query pattern. During inference, this QMF method feeds a window of frames
into the model to obtain the probability that the window matches the specific query pattern.
Windows with probabilities below a rejection threshold are discarded. The rejection threshold
is calibrated using the same methodology as in PPAT (Section 6.2). All frames in the remaining
windows are further processed by the oracle model, and matches are identified using Flink’s
CEP engine.

Both Zeus and QMF require offline training for their query-specific models. We follow the ratio
suggested in [78, 96] to split the data for training, validation, and testing for the BDD100K and
MERL datasets. For the YouTube data, we evenly split the data into training, validation, and test
sets.

Evaluation Metric. We report the system’s performance in terms of throughput (frames processed
per second) and accuracy (F1-score) using the test set from each dataset. To minimize interference,
we assess throughput based on running a single query over a single video stream. The F1-score
is measured using the approach for action localization [17]. For each match m; of query pattern
reported by Bobsled in the form of a time interval [s;, e;], we calculate the Intersection over Union
(IoU) score between it and every human-labeled match from the ground truth. If the pair with
the maximum IoU exceeds 0.5, we consider m; a true positive; otherwise, it is classified as a false
positive. False negative is measured similarly.

Default configuration. By default, we regard 16 frames as one clip, which is approximately half a
second. We set the batch size to 8 to fully utilize the GPU. The default window size and F1 target
for our queries are 60 clips and 0.99, respectively.
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9.1 End-to-end Comparison
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Fig. 7. End-to-end comparison

Figure 7 presents the performance of Bobsled and the others in terms of throughput and accuracy.

All-Oracle generally achieves the best accuracy, but its throughput is the lowest. In contrast,
All-Proxy consistently has the highest throughput but the worst accuracy. This aligns with major
findings [40, 41, 51, 58], which indicate that any solution relying solely on the proxy model exhibits
unacceptable accuracy. Since All-Proxy has an unacceptable accuracy, we therefore exclude it from
further discussion from now on.

QMF as a query-specific solution has good accuracy for many queries. However, it also has a
noticeable accuracy loss in others (Q6, Q7, Q12). Furthermore, its accuracy is simply unacceptable
on query Q5. Despite all these, QMF generally shows no significant performance improvement
over All-Oracle except on queries like Q5 which has large accuracy loss. The reason for this is that
the query-specific model struggles to differentiate between the window that matches the query and
the one that does not because of its lightweight architecture and the limited number of positive
samples (matches) in the training set. Therefore, building a query-specific model to serve as an
early filter does not appear to be an effective approach.

Zeus has certain throughput improvement over All-Oracle, but it also has a noticeable accuracy
loss in many cases. This arises due to a fundamental difference between this paper’s target and
Zeus’s target. Specifically, Zeus targets high F1-score for individual action events, whereas we
target high F1-score for pattern matching in this paper.

Bobsled consistently maintains high accuracy, close to All-Oracle across all queries. In fact, there
are instances (e.g., Q1, Q2) where Bobsled, or some other methods, may achieve slightly better
accuracy than All-Oracle, as the oracle model itself is not perfect (Table 1) and can produce false
positives. In such cases, Bobsled is able to filter these out early via PPAT, thereby achieving higher
accuracy than All-Oracle. In terms of performance, Bobsled achieves 2.4x-11.6X higher throughput
than All-Oracle, and a 1.2X-10X increase in throughput compared to QMF. When compared to
Zeus, Bobsled achieves 1.2Xx—6.4X higher throughput.

9.2 Ablation Study

We next carry out an ablation study to examine the effectiveness of the individual techniques
within Bobsled. Figure 8 reports the average throughput and average F1-score across all queries.
As a reference, we include (i) the result of All-Oracle in the figure. We then report the result of
Bobsled (ii) with only PPAT enabled (PPAT), i.e., with AEM disabled; (iii) with only AEM enabled,
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but AEM is done through the naive approach discussed in Sec 7.1 (AEM-0); (iv) with only AEM
enabled, but AEM is done through the efficient method discussed in Sec 7.1 (AEM); and (v) with
both PPAT and AEM with efficient computation enabled (PPAT+AEM).
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Fig. 8. Ablation study

From the figure, we can observe that both PPAT and AEM demonstrate their individual effec-
tiveness, each contributing considerable throughput improvements without compromising result
quality. Furthermore, comparing AEM-O with AEM, the efficient computation method discussed in
Section 7.1 demonstrates noticeable effectiveness in optimizing the calculations of Equations 2 and
3.
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Fig. 9. Time breakdown

The throughput improvement brought by PPAT and AEM do not come for free. Figure 9 shows
the time breakdown of each query within Bobsled, detailing the time spent on the proxy model,
oracle model, PPAT and AEM. It reveals that the computation overheads of PPAT and AEM are
noticeable. However, their presence is very worthwhile, as they together consume only a minor
fraction of the overall processing time but significantly increase throughput as shown in Figure 8.

9.3 Impact of F1 Target

Figure 10 shows the average throughput and average accuracy of Bobsled across all queries
with varying F1 accuracy targets. As expected, Bobsled’s accuracy increases with more stringent
requirements, at the cost of lower throughput. Most importantly, when the F1 target is above 0.9
(the preference of most users), Bobsled maintains high and stable accuracy and performance gains.
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Fig. 10. Impact of F1 target

9.4 Impact of Pattern Length

Figure 11 shows the throughput and accuracy of Bobsled when we vary the pattern length of Q4.
We chose Q4 because it is the query with the longest pattern of length five in our query set such
that we can control the pattern length by removing the queried event(s) in it.

From the figure, we can see that the throughput of Bobsled increases with the pattern length, while
maintaining an accuracy almost identical to All-Oracle. As the pattern length of a query increases,
it becomes more selective, giving Bobsled’s PPAT and AEM more optimization opportunities, thus
improving the throughput.
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Fig. 11. Impact of pattern length

9.5 Impact of Window Size

Figure 12 shows the average throughput and average accuracy of Bobsled when we vary the queried
window size of all the queries from 30 clips to 300 clips. As expected, the throughput decreases
when we use a larger window size because a larger window has more clips needed to be processed.
Nonetheless, we can see that Bobsled remains effective as its throughput drops less than 55% when
the window size is increased 10X from 30 clips to 300 clips.

In addition, we present the results of Bobsled without the efficient computation described in Sec
7.1 (Bobsled-AEM-O), which allows for a clear comparison to observe the significant difference
as the window size increases. The efficient computation in AEM offers a notable advantage by
reducing the time complexity by a factor of w, where w is the window size. Consequently, the
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benefits of this optimization become more pronounced with larger window sizes, as illustrated
in the figure. Specifically, when the window size reaches 300, Bobsled-AEM-O exhibits almost no
speedup due to the substantial overhead introduced by AEM. In contrast, Bobsled continues to
deliver an average speedup of 2.3x.
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Fig. 12. Impact of window size

9.6 Impact of Filtering Method

Figure 13 illustrates the average throughput and average accuracy of Bobsled across all queries,
evaluated under different filtering methods. In addition to the A11-Oracle baseline, we include
three filtering methods in the experiments. All methods discard windows with probabilities below
a rejection threshold, calibrated using the same methodology as in PPAT (Section 6.2). However,
they differ in how they derive the pattern matching probability: (i) QMF, a learned method from
the baseline, uses a query-specific model to directly predict the pattern matching probability of
a window; (ii) Heuristic, which approximates the pattern matching probability by assuming
independence and computing the probability of all events in query q occurring: Pr(W E ¢q) =
Pr(Nece(g){e € W}). Here, E(q) is the set of unique events in query g, and e € W indicates
the presence of event e in window W. This heuristic approach, however, ignores almost all CEP
semantics, such as event ordering; (iii) PPAT, the filtering method used by Bobsled.

The results demonstrate that PPAT achieves a greater speedup than the other filtering methods
while maintaining accuracy. In contrast, the speedups provided by QMF and Heuristic come at the
cost of noticeable accuracy loss.
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9.7 Impact of Materialization Policy

Figure 14 shows the average throughput and average accuracy of Bobsled across all queries with
respect to different adaptive event materialization (AEM) policies. In the experiment, we have
tested: (i) Sequential, which processes each clip within a window sequentially from the beginning;
(ii) Random, which randomly picks a clip within a window every time; (iii) Interval, which selects
the ik-th clip at each step i, where k is the pattern length. This ensures that if the materialization
of the ik-th clip does not match any event specified in the query pattern, it can potentially reject
the window-of-interest with minimal cost and advance the maximum number of windows. (iv)
Greedy, which is Bobsled’s greedy policy without multi-window optimization (MWO; Section 7.2);
(v) Greedy+MWO, which is Bobsled’s greedy policy with MWO.

From the figure, we can see that the greedy policy is more effective than the other basic policies,
and the multi-window optimization can further improve the pruning power. Note that the material-
ization policy does not influence accuracy. It is because AEM only alters the order in which events
are materialized within a window, as discussed in section 7. If a window does not match a pattern,
Bobsled will discard it only after confirming it as a definite negative by materializing all necessary
events. Similarly, if a window matches a pattern, Bobsled will return it only after confirming it as a
definite positive. In other words, AEM will not yield any false positives or false negatives.
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Fig. 14. Impact of materialization policy

10 Conclusions

In this paper, we present Bobsled, a novel video stream processing system designed to efficiently
support complex event queries. Bobsled employs probabilistic pattern matching and adaptive event
materialization to avoid processing unnecessary video clips. Experimental results demonstrate that
Bobsled can achieve a significant improvement in processing rate without any noticeable loss in
accuracy. Our future work includes the use of more sophisticated techniques, such as the one in
[42], to derive rejection thresholds with tighter quality bound, and the use of the alternate approach
like [5, 44] to obtain proxy scores.
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