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Abstract—Complex Event Recognition (CER) aims to detect a
predefined pattern composed of multiple primitive events. With
the growing adoption of cloud-native techniques (i.e., computing
and storage separation), which offer elasticity, availability, and
cost efficiency, many database vendors are migrating their prod-
ucts to such architectures. However, when CER operates in cloud-
native architectures, network becomes a performance bottleneck.
To mitigate network-induced performance degradation, our key
insight is to identify shorter time intervals that contain matches
and transmit only the events within those intervals, hence
reducing the transfer of irrelevant events. Upon this insight,
we first propose a dual-filtering strategy that leverages both
temporal and predicate constraints under multiple round-trips
to incrementally shrink the time intervals. Then, we design two
specialized filters: the shrinking window filter which reduces
the complexity of time intervals maintenance from O(N logN)
to O(N), and the window-wise join filter, which enables low-
cost round-trips for processing equality conditions. Furthermore,
we propose a cost model to eliminate detrimental round-trips
and prevent inefficiencies caused by excessively fine-grained
round-trips. To the best of our knowledge, this is the first
study to investigate CER in cloud-native architectures. Extensive
evaluations demonstrate that our approach reduces transmission
cost by over 70% and achieves a 1.2× to 25× end-to-end query
speedup across various evaluation engines (e.g., Flink and Esper)
on the real-world and synthetic datasets, compared with the state-
of-the-art approaches.

I. INTRODUCTION

Complex event recognition (CER) aims to detect a prede-
fined pattern composed of multiple primitive events. Here, the
pattern commonly specifies the constraints on event attribute
values, the event temporal order, and the maximum distance
between the earliest and latest events [1], [2]. While most prior
work [1]–[7] focuses on online CER for real-time monitoring
of event streams, offline CER has recently gained increasing
importance in analytical workloads that require complex pat-
tern discovery over large volumes of historical data. Typical
offline CER applications include cluster failure diagnosis [5],
[8], network forensics [9], [10], and financial auditing [4], [11].
Unlike online CER, which operates incrementally with limited
state, offline CER must scan and filter massive historical event
logs efficiently, making it challenging to scale under modern
cloud-native architectures due to heavy I/O and network costs.
To support CER in data analytics, the SQL:2016 standard
introduced the MATCH_RECOGNIZE clause [12], now widely
adopted by systems such as Oracle, Trino, Snowflake, and
Flink [13]–[16]. This work focuses exclusively on accelerating
offline CER over historical datasets.

CPU

Memory

Disk

Memory  
Bus

PCle Bus

(b) Monolithic

CPU CPU CPU

Network

Centralized Node Node ➁ Node ➂Node ➀
(c) Distributed

Disk

MemoryMemory

Disk

Memory

Disk

26-1-26

CPU

Memory

One/More
Compute
Nodes

Storage Node➀ Storage Node➁

Network

CPU

Memory

CPU

Memory

(a) Cloud-native

Disk Disk

CPUCPU

Memory Memory

Fig. 1: Three mainstream architectures for CER, where cloud-
native architectures have greater elasticity and economy.
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Cloud-native architectures (as shown in Fig. 1a) separate
computing and storage into distinct server layers connected via
a network, enabling independent scaling [17]. Compared with
traditional monolithic (as shown in Fig. 1b) and distributed
architectures (as shown in Fig. 1c), cloud-native architectures
are particularly suitable for offline CER workloads for three
reasons: ① Elasticity: It can easily scale up or down the
number of compute nodes (CNs) and storage nodes (SNs)
to process dynamic query workloads [18]. ② High resource
utilization: It allows users to freely select suitable hardware
configurations (e.g., memory size, SSD or HDD) for each
workload, thereby improving resource utilization [19]. ③ High
parallel loading: Each SN can read events from the disk
and filter them in parallel, reducing the latency of data load-
ing [20]. For example, Fig. 2 shows the average query latency
for 150 queries on CRIMES dataset [21] under monolithic
and cloud-native architectures (the latter contains one CN and
three SNs, which follows the same setting as prior work [22]).
Since parallel loading, the latter achieves a query speedup of
1.33× to 2.03× that of monolithic architectures.

Cloud-native architectures face two key challenges for of-
fline CER: events are often out-of-order across SNs due to load
balancing, and network bandwidth between CN and SNs is
limited, creating a major performance bottleneck. Specifically,
events are distributed across SNs in batches, so intervals
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TABLE I: Partial events from CRIMES dataset [21].

primary type id district date
e1 ROBBERY 13664891 10 18:45
e2 BATTERY 13666324 19 18:50
e3 MOTOR VEHICLE THEFT 13665019 14 18:50
e4 ASSAULT 13665023 6 18:53
e5 MOTOR VEHICLE THEFT 13664970 19 19:00
e6 ROBBERY 13664994 15 20:15
e7 BATTERY 13664984 7 20:43
e8 ROBBERY 13665022 24 21:43
e9 BATTERY 13665004 14 21:50
e10 MOTOR VEHICLE THEFT 13665245 8 22:00

spanning multiple SNs cannot be filtered without collecting
metadata from all nodes. Meanwhile, network communication
is much slower than local disk access or PCIe transfers [17],
[22]–[25]. For example, Fig. 3 shows that pulling all events
from SNs over the network (“Pull-all”) takes about 1.2s,
while scanning the events from disk takes only 0.2s. When
network latency outweighs the benefit of parallel loading, the
advantages of parallel loading are largely lost.

Without considering caching on CN, several solutions for
reducing network overhead include one-round predicate push-
down [24]–[27] (push-down for short, note that it is not
specifically proposed for CER, but rather a universal solution)
and multiple-round predicate push-pull (push-pull) [2], [28],
[29], which offload partial computation to SNs to alleviate
network transmission burdens. Unfortunately, (1) push-down
still transmits numerous irrelevant events. The reason is that
it only pushes independent conditions to SNs for filtering,
overlooking the window condition and dependent conditions
inherent in the complex event query. (2) Push-pull maintains
partial matches and runs costly matching algorithms to filter
irrelevant events, which consumes significant CPU and RAM
resources (note that the complexity of matching may reach
exponential level [5]). As a result, both approaches cannot
simultaneously achieve low network overhead and low filtering
overhead when processing CER in cloud-native architectures.

Example. Let us consider an example to understand the
above two approaches. Table I gives 10 events from CRIMES
dataset, where 2024/11/15 is omitted in the date column, each
representing a crime report. Suppose 10 events are stored in
two SNs, and a user wants to identify three types of criminal
activities that may be linked to the same individual within 30
minutes. Listing 1 gives the target query.

Then, for push-down, CN sends the independent conditions
(i.e., the constraints in primary_type) to each SN. Then,
each SN retrieves events from the disk, filters out the event
e4, and sends the remaining 9 events to CN.

For push-pull, CN pulls the events of variables {R, B, M}
one by one. Suppose the pulled order is R→B→M. Then, for
R, SNs send events {e1, e6, e8} to CN. For B, SNs run a
matching algorithm to identify that e2, e7, and e9 can form
partial matches {(e1, e2), (e6, e7), (e8, e9)} with R’s events.
SNs then cache the partial matches and send {e2, e7, e9} to
CN. Similarly, for M, SNs identify that only e5 can form a
full match (e1, e2, e5) with the previous partial matches under
temporal and district attribute constraints, and then send
e5 to CN. As a result, for push-pull, CN receives 7 events.

Listing 1: Complex event query Q1.
1 SELECT * FROM CRIMES MATCH_RECOGNIZE(
2 ORDER BY date
3 ALL ROWS PER MATCH
4 AFTER MATCH SKIP TO NEXT ROW
5 PATTERN (R {-N*-} B {-N*-} M) WITHIN ’30’

MINUTE
6 DEFINE
7 R AS R.primary_type = ’ROBBERY’,
8 B AS B.primary_type = ’BATTERY’,
9 M AS M.primary_type = ’MOTOR VEHICLE

THEFT’ AND M.district = B.district)

Our key observation. Actually, the query Q1 generates
only one match, i.e., (e1, e2, e5) (technique details of matching
can refer to [16]), which involves three events. The shortest
time interval set containing (e1, e2, e5) is {[18:45, 19:00]},
which is a small fraction of the total period [18:45, 22:00]
covered by the entire event set. Thus, an intuitive idea is
to identify all time intervals that contain matches and only
transmit events with timestamps within these intervals.

Challenges. ① Identifying the shortest intervals containing
matches is non-trivial and typically requires running costly
matching algorithms, which increases overall query latency. ②
Relying on a single round-trip to identify these intervals still
inevitably collects event information unrelated to matching. ③
Conversely, using multiple round-trips can lead to frequent and
costly communications. This issue is especially pronounced
when dealing with out-of-order event storage, processing
equality conditions, or variables with high selectivity, making
round-trip costs significantly expensive.

To the best of our knowledge, this is the first study to
investigate CER in cloud-native architectures, and our key
contributions are summarized as follows:

• We propose a lightweight dual-filtering strategy to identify
time intervals that may contain matches without running
costly matching algorithm. This approach leverages both
temporal and predicate constraints under multiple round-
trips to incrementally shrink the intervals.

• We propose two specialized filters: the shrinking window
filter (SWF) which reduces the complexity of time intervals
maintenance from O(N logN) to O(N), and the window-
wise join filter (WJF), which enables low-cost round-trips
for processing equality predicate conditions.

• We provide a cost model to evaluate the benefits of a round-
trip and eliminate the detrimental round-trips accordingly.
Besides, we provide a theoretical analysis of the false
positive rates and space consumption for SWF and WJF.

• We conduct extensive experiments validating the effective-
ness of our approach. Specifically, our approach reduces
transmission cost by over 70% and achieves a 1.25× to
25× end-to-end query speedup compared with the state-
of-the-art approaches.

II. PRELIMINARIES

A. Complex Event Query

In 2016, the MATCH_RECOGNIZE clause was introduced
in SQL [12] to provide support for extracting complex event
patterns. Its syntax is as follows:
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SELECT <select list>
FROM <source table>
MATCH_RECOGNIZE(
[ PARTITION BY <partition list> ]
ORDER BY <order by list>
[ MEASURES <measure list> ]
[ONE ROW | ALL ROWS] PER MATCH
[ AFTER MATCH SKIP <option>]
PATTERN (<row pattern>) [ WITHIN <window>]
DEFINE <condition definition list>

) AS <table alias>;

where PARTITION BY defines logical partitioning (simi-
lar to GROUP BY); ORDER BY specifies row ordering for
pattern matching; MEASURES defines output columns; ONE
ROW PER MATCH defines the output mode, i.e., produces
a single summary row for each match of the pattern, while
ALL ROWS PER MATCH produces one row for each row of
each match [30]; AFTER MATCH SKIP determines the next
match starting position after finding a full match; PATTERN
defines the searched pattern in a regular expression-like syntax;
WITHIN1 specifies the distance between the first and the last
row in the pattern; DEFINE defines the predicate conditions
that pattern variables must hold.

The pattern in the MATCH_RECOGNIZE clause is composed
of multiple variables, and different quantifiers may bind these
variables [12]. For example, variable N in the query Q1 is
bound by the ‘*’ quantifier, which allows this variable to match
zero or more rows. In addition, the variable N is also bound
by the exclusion operator ‘{- -}’. This operator will exclude
events matched by variable N from the output of ALL ROWS
PER MATCH. For query Q1, since the three events of interest
to the user do not require strict continuity, the ‘{-N*-}’ is
placed between variables R and B, and between B and M to
support the semantics of skipping irrelevant events. Without
‘{-N*-}’, events within the match must be strictly contigu-
ous. Then, applying independent filtering conditions alone
would break this contiguity requirement, thereby invalidating
the push-down optimization. Besides, push-pull is limited to
queries with the semantics of skipping irrelevant events [2].
In contrast, our filtering strategy leverages variable predicates
and time windows to shrink the temporal range, transmitting
only events within the refined intervals. This strategy has been
proven to yield query results equivalent to retrieving the entire
event set under strict-contiguous semantics [31].

For the conditions in the DEFINE clause, they can be
categorized into independent and dependent conditions [31].
Both conditions are Boolean expressions: the former is eval-
uated on a single event, and the latter on multiple events. For
convenience, we further divide the dependent conditions into
equality and non-equality conditions. Equality conditions in-
volve two variables, with their corresponding attributes bound
by ‘=’ operator to compare attribute values. Any condition not
meeting this criterion is classified as a non-equality condition.
In this paper, we omit using non-equality conditions for
filtering due to their diversity, inherent complexity, and the
lack of a generalized, low-overhead communication strategy.

1Notably, the standard SQL does not allow window conditions to be
specified directly in the PATTERN clause; instead, they should be defined
in the DEFINE clause. Here, we use the WITHIN clause to simplify queries.

B. Problem Formulation

Definition 1 (Event Set). An event set E contains N un-
ordered events {e1, ..., eN}, each event following the same
schema (A1, ...,Ad, T ). Here, Ai denotes the i-th attribute of
events, and T refers to an event occurrence timestamp [32].

Definition 2 (Node). Typically, cloud-native architectures
have two types of nodes: compute nodes (CNs) and storage
nodes (SNs). CN provides the central query processing ca-
pability. It consists of CPU and memory resources and is
responsible for parsing queries, generating execution plans,
pulling data from SNs, and producing the final query results.
SN manages persistent data and serves data retrieval requests
from CN. It is equipped with disk storage and limited CPU
and memory resources for lightweight operations. When mul-
tiple SNs are deployed, data are partitioned across them via
hashing, and SNs do not communicate with each other [26].

Definition 3 (Pull Strategy). A pull strategy is an event
retrieval approach in which CN requests specific events from
multiple SNs to ensure that the events participating in the
matching are included in the requested event set.

Definition 4 (Query Latency). Query latency is the time from
CN receiving a query to producing all results.

Then, the problem studied in this paper is in computing
and storage separation environments, how to design an
efficient pull strategy to pull events from multiple SNs, so
that CN can minimize query latency?

III. HIGH-LEVEL IDEA AND WORKFLOW

A. High-level Idea

As mentioned in Section II-B, recall that the unordered
historical event set is randomly partitioned across multiple
SNs. Intuitively, if we can identify the shortest time interval set
(TIS) that contains matches2 and only transmit events within
TIS (note that independent conditions will be used to filter
when applicable), CN will pull the fewest events, minimizing
event transfer cost. However, identifying the shortest TIS
requires running a costly matching algorithm on SNs, which
increases pulling cost and overall query latency. To address
this trade-off, we propose a lightweight dual-filtering strategy
to identify shorter TIS instead of the shortest ones for pulling
events, which involves the following three core ideas:

Multiple round-trips for identifying the time interval set
are sufficient to reduce network overhead (Section IV-A).
Without gathering time interval and attribute information,
SNs cannot apply the window-based pruning strategy. Even
with one additional round-trip to gather such information,
irrelevant data may still inevitably be transmitted. In this
paper, we employ multiple round-trips between CN and SNs
to progressively shrink TIS. Specifically, CN first obtains an

2For a match result (ei1 , ..., ein ) of the query, the time interval of
this match is

[
min{T [ei1 ], ..., T [ein ]}, max{T [ei1 ], ..., T [ein ]}

]
, where

T [ei] denotes the timestamp of ei. Then, the shortest TIS is the union of all
time intervals of matches.
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initial TIS from SNs, then sends requests to obtain updated
TIS for unprocessed individual variables. Upon receiving an
update request, SNs first filter out events outside received
TIS (temporal-based event pruning, i.e., for any event pair
(ei, ej) to form a partial match, their timestamps must satisfy
|T [ei] − T [ej ]| ≤ w, where w is the window size of the
pattern). Then, SNs check the equality condition and prune
time intervals without matches by predicate-based temporal
pruning (i.e., any time interval containing no events satisfying
the variable’s predicates can be safely pruned), and send the
updated TIS to CN. CN merges all received TISs from SNs to
obtain the updated TIS. This process reduces the transmission
of irrelevant time intervals and attribute information.

Membership testing data structures are space-efficient
and provide low communication latency (Section IV-B). We
observe that using an array to maintain TIS has O(N logN)
complexity, where N is the number of events. This high
complexity leads to significant latency of round-trips when
N is large. We propose the shrinking window filter (SWF) to
approximately store the time intervals, which provides O(1)
complexity for insertion/lookup, thereby reducing the mainte-
nance complexity of TIS to O(N). Besides, processing equal-
ity conditions requires CN to gather attribute and timestamp
information and push them to SNs, leading to an expensive
transmission cost. We propose a space-efficient window-wise
join filter (WJF) to store this information, thereby reducing
network overhead and alleviating the latency of round-trips.

Detrimental round-trips can be avoided via a cost
model (Section IV-C). Employing fine-grained round-trips
may negatively impact overall latency. For example, variables
with extremely high selectivity often cannot efficiently shrink
TIS, while incurring substantial computational overhead. As
a result, corresponding round-trips are detrimental to the
overall latency. Fortunately, such negative round-trips can be
eliminated via the cost model, i.e., any round-trip expected to
yield no overall benefits will be proactively removed.

B. Workflow

Combining these three high-level ideas, our approach fol-
lows this workflow: CN initially determines the variable
processing order based on the selectivity of variables in
the query pattern and pulls the TIS generated by the first
processed variable from SNs. Next, the CN builds SWF
to approximately store TIS, enabling efficient filtering and
updates during subsequent processes. Although we use SWF,
we refer to this as TIS for consistency. Before pulling a new
TIS for an unprocessed variable, CN uses a cost model to
estimate whether initiating new round-trip(s) would reduce
overall latency. If yes, CN sends the local TIS to SNs for
filtering and pulls the updated TIS (if the current variable
has equality conditions with previously processed ones, an
extra round-trip is initiated to collect attribute and timestamp
information). Otherwise, it skips generating a new TIS for that
variable and moves on to other unprocessed variables.

For SNs, when they receive TIS from CN, they filter out
events outside TIS. Then, they generate a new TIS for the

Compute 
Node (CN)

Storage
Nodes (SNs)

➀

Interval Set

Variable R’s SWF

➃

➄

➅

Insert

Scan & 
Filter

Time

1
-s

t 
R

o
u

n
d

2
-n

d
 R

o
u

n
d

3
-r

d
 R

o
u

n
d

…

➇

➂

➁

Complex Event Query

Updated SWF

➆

Filter
Filtered Events

Match4
-t

h
 R

o
u

n
d

…

Filter & 
Build

...

Merge

...

Merge

Variable B’s WJF

Variable M’s SWF

Incomplete WJF

8-13
去掉有害轮

Filter & 
Update

Any Any

S1 S2 S3

Any Any

S1 S2 S3

R

B

M

Fig. 4: Workflow between CN and SNs for the query Q1.

remaining events bound to the variable, intersect it with the
received TIS, and send the updated TIS to CN. CN merges all
TISs received from SNs to update its local TIS, completing
the round-trip(s) of generating a new TIS for that variable.

Once TIS generation is complete for all variables, CN sends
the local TIS to SNs and pulls events within TIS (the indepen-
dent conditions will be used to filter when applicable). Finally,
CN executes the matching algorithm to extract matches from
the pulled events. Overall, for a query involving η variables,
this workflow entails at least 2 round-trips between CN and
SNs, and at most 2η + 1 round-trips.

Example. Fig. 4 illustrates the workflow for the query
Q1, with the variable processing order R→B→M (variable
N is ignored since it can match any row and has no im-
pact on the output result). Initially, CN obtains the TIS
generated by R during the first round-trip. Then, the cost
model deems the round-trip for B detrimental, CN skips the
TIS generation for B. Because M has the equality condition
M.distric=B.district with B, the second round-trip
aims to gather attribute and timestamp information specific to
this condition for filtering, which is stored in WJF. In the third
round-trip, CN pushes the complete WJF to SNs, which use
TIS and WJF to filter events and update TIS. Finally, CN sends
the final TIS to SNs for pulling events within TIS to match.
In the next section, we will describe the specific operation of
generating TIS on SNs.

IV. DESIGN

A. Identification of Time Interval Set

For a given complex event query, let vi denote the i-th
variable in the pattern and η denote the number of variables
(e.g., η = 5 for the query Q1). Initially, CN sends the query
to SNs to obtain the initial TIS. When receiving the query,
SNs retrieve relevant events from disk, identify the event set
Evi that holds the independent conditions of variable vi, and
cache them in memory. Then, SNs generate TIS that may
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Fig. 5: TIS generation over varying round-trips.

contain matches for the first processed variable and send the
generated TIS to CN. Specifically, for an event ej in Evi , the
time interval δej that ej generates is

δej =


[T [ej ], T [ej ] + w] , i = 1,
[T [ej ]− w, T [ej ]] , i = η ,
[T [ej ]− w, T [ej ] + w] , otherwise.

(1)

When receiving all TISs from SNs, CN merges them to
generate the initial TIS. Then, CN uses the cost model to
determine whether to initiate new round-trip(s) to generate
a new TIS for the remaining unprocessed variables. If new
round-trip(s) can reduce the overall query latency, CN sends
the local TIS to SNs. Then, for each ej in Evi , SNs start the
following two-phase verification:

Phase 1: Timestamp verification. SNs first check whether
T [ej ] falls within TIS. If yes, SNs proceed to the second phase
verification. Otherwise, SNs filter out ej since it cannot be
involved in matching (temporal-based event pruning).

Phase 2: Attribute verification. SNs check whether vi
has equality conditions with previously processed variables.
If none exist, SNs generate a time interval for ej . Otherwise,
SNs calculate the window ID of ej by Wej = ⌊T [ej ]/w⌋ and
check whether the corresponding attribute of ej exists in the
current or adjacent windows (either the previous or the next
window, depending on the temporal order of variables). If yes,
SNs generate a time interval for ej . Otherwise, SNs filter out
ej . Notably, WJF is responsible for this verification (it has
already been generated in the previous round-trip).

After generating a time interval, SNs insert it into the newly
generated TIS, ensuring that all intervals are non-overlapping.
Once all events are processed, SNs intersect the new generated
TIS with the previous TIS to obtain an updated TIS (predicate-
based temporal pruning) and send the updated TIS to CN.
When receiving all updated TISs from SNs, CN merges them
to update its local TIS. After completing TIS generation for all
variables, the local TIS of CN is the final TIS that we identify,
and this final TIS is sent to SNs to pull events.

Example. Following the workflow in Section III-B, Fig. 5
illustrates the TIS generation over varying round-trips for the
events listed in Table I. Initially, SNs identify events that
hold the independent conditions of all variables and generates
TIS, i.e., {[18:45, 19:15], [20:15, 20:45], [21:43, 22:13]}, for
variable R’ events {e1, e6, e8}. In the third round-trip, since
e3 and e10 fail attribute verification, they are filtered out. As
a result, SNs only generate a new time interval [18:30, 19:00]
for e5. Then, the newly generated TIS is intersected with the
previous TIS to shrink it, and the updated TIS is sent to the
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CN. In the last round-trip, SNs receive the final TIS [18:45,
19:00] from CN and transmits only the events {e1, e2, e5} with
timestamps within the TIS.

B. Design of Membership Testing Data Structures

1) Storage of Time Interval Set: We propose the shrinking
window filter (SWF) to approximately store time intervals.
Fig. 6 illustrates the structure of SWF. SWF consists of an
array with m buckets, each containing d entries. Each entry
includes three fields: a fingerprint (denoted as f ), a slice tag
(denoted as q), and a refresh tag (denoted as r). Specifically,
➊ f is an approximate representation of the window ID. ➋
q represents multiple time slices (a time slice is the smallest
time range stored in SWF, and its length is w/lt, where lt is
the bit length of q). If a bit bound by a time slice is set to 1,
it indicates that the corresponding time range is included in
SWF; otherwise, it is not. ➌ r is used for updating the slice
tag to shrink the time intervals.

Essentially, SWF stores the time interval via fingerprint-
based hashing and bitmap techniques. A time range is parti-
tioned into same-sized windows (the windows are stored by
fingerprints to save space), each of which is subdivided into
fixed-size time slices, and the bitmap of time slices is used
to mark the range of time intervals that can be covered. For
insertion, since each generated time interval of an event spans
at most 3 windows by Equation 1, SWF only needs a constant
number of hash computations to insert a time interval. For
timestamp lookup, SWF only needs to calculate the window ID
where an event is located and check whether the corresponding
slice bitmap is 1 to determine whether it is in TIS. Thus, SWF
achieves O(1) complexity for insertion and lookup.

Besides, we provide two key optimizations for SWF to re-
duce the transmission cost, i.e., ➊ Tag Separation: We observe
that the refresh tag remains at 0 during the transmission of
SWF between CN and SNs. Besides, for SWFs transmitted
by CN and SNs, entries at the same location always have the
same fingerprint. To alleviate unnecessary bit transmission, we
propose a tag separation mechanism, i.e., from CN to SNs,
transmitted SWF excludes the refresh tags; while from SNs to
CN, transmitted SWF excludes the fingerprints and slice tags.
➋ Compaction: Inspired by prior work [33], we introduce a
compaction operation for SWF when its load factor is low.
Specifically, after obtaining the merged SWF, we clear the
entries with slice tags of zero and check whether the load
factor of SWF is below a predefined threshold. If yes, we
repeatedly halve the number of buckets and reinsert entries
from the removed buckets into the retained buckets until the
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Fig. 7: Illustration for the structure of WJF and its insert/query
operations for the variables B and M, where k = 3.

load factor exceeds the threshold (if the insertion fails, we will
roll back to the previous state).

2) Storage of Attribute and Timestamp Information: We
observe that transmitting the set of (attribute, window ID)
pairs of events suffices instead of their (attribute, times-
tamp) pairs. The reason is that SWF can verify win-
dow constraints between events, and equality conditions
provide implicit constraints on the window IDs. For ex-
ample, in query Q1, variables B and M have an im-
plicit window condition B.windowID=M.windowID OR
B.windowID+1=M.windowID.

Inspired by this observation, we design a space-efficient
window-wise join filter based on BF [34], to store the set
of (attribute, window ID) pairs. Specifically, WJF contains a
bit array and k independent hash functions Gξ

1(·), · · · , Gξ
k(·)

obeying uniform distribution, where ξ is the hash seed. Ini-
tially, all bits in the bit array are set to 0. When inserting a
(attribute, window ID) pair to WJF, WJF uses the window
ID as the hash seed and the attribute value as the key to
calculate k hash positions. Then, WJF sets the bit values of k
mapped position to 1. During attribute verification for event ej
in Section IV-A, we calculate ej’s window ID Wej = T [ej ]/w
and the adjacent window ID for querying. Then, for each
window ID, we calculate k bit positions based on the attribute
value. If there is no window where all mapped bits are 1, ej
cannot satisfy the equality condition and can be filtered out.

Example. Fig. 7 illustrates the structure of WJF, along with
examples of insertion and lookup for the variables B and M in
the query Q1. When inserting variable B’s event e2’s (attribute,
window ID) pair, i.e., (19, 962037) into WJF, we calculate 3
mapped positions G962037

1 (19), G962037
2 (19), and G962037

3 (19)
for the pair, and set the value of mapped bits to 1. When
checking variable M’s event e3, since M occurs after B, we
verify whether the 962036th or 962037th window has the
attribute value 14. Since not all 3 mapped positions are 1,
event e3 can be filtered out.

C. Cost Model of Round-trip

After CN obtains the initial TIS, it uses the cost model to
determine whether generating a new TIS based on the variable
vi to shrink the TIS. Initiating new round-trip(s) to generate
a new TIS offers two benefits: reducing event transmission
overhead and decreasing the matching cost on CN. However,

it also incurs additional costs: (1) two-phase verification, (2)
network transmission in SWF and WJF, and (3) construction
overhead for WJF. Here we use Lbenefit to denote the latency
benefit of initiating a new round-trip, and Lharm to denote the
latency harm incurred by initiating new round-trip(s).

Estimation of Lbenefit. For the event set E, its average
event generation rate is r = |E|

max{T [ei]|ei∈E}−min{T [ei]|ei∈E} .
Suppose that initiating new round-trip(s) to generate new TIS
can decrease the covered length of the local TIS of CN by
∆ℓ and the matching latency is proportional to the number of
events for a given query [32]. Then, the benefit of initiating
new round-trip(s) for vi is estimated by

Lbenefit =
∆ℓSer
MR + β∆ℓr, (2)

where R is the data transfer rate in the network, M is
the number of SNs, and Se is the serialization size of an
event. During system initialization, we proactively transmit a
10MB payload to estimate the initial R. During runtime, R
is continuously updated based on the transmission latency and
the data volume observed in the most recent query execution.
To measure β, when receiving a new query, CN will run the
matching algorithm on a sample of 5000 events to estimate
the average matching cost per event.

Since the current covered length ℓ of TIS is known before
initiating new round-trip(s), when the selectivity of variable vi
is seli and event arrival follows a Poisson process (we adopt
this assumption primarily because prior work [35]–[37] has
made the same assumption for the real-world datasets used in
our evaluation), we can estimate ∆ℓ by the following equation:

∆ℓ =

{
ℓe−λiw, i ∈ {1, η},
ℓe−2λiw, otherwise,

(3)

where λi =
seli|E|

max{T [ei]|ei∈E}−min{T [ei]|ei∈E} , which represents
the average occurrence rate of the event for variable vi. Here
we omit the proof to save space.

Estimation of Lharm. Let Cp1
denote the average per-

event cost of validation with SWF in the first phase, Cp2

denote the average per-event cost of validation with WJF in
the second phase, and Cb denote the average per-event cost of
constructing the WJF. Then, the detrimental latency incurred
by initiating new round-trip(s) is estimated by

Lharm = 1
M (seli|E|Cp1

+ ℓλiHCp2
+KCb) +

St

R , (4)

where H is the number of equality conditions between the
already processed variables and the current variable vi, K
is the number of (attribute, window ID) pairs involved in
constructing the WJF, and St is the space consumption of
SWF and WJF (their estimated values will be provided in
§ V). Clearly, H can easily be determined based on the query
feature. To determine the value of K, we need to record both
the number of events corresponding to the processed variables
and the coverage length of the TIS at that time. Then, we
can proportionally scale down the number of events based on
the current coverage length of the TIS to obtain the count
of (attribute, window ID) pairs required for constructing WJF

2299



6 8 10 12 14 16

lf (Bit Length of Fingerprint)

0.
95

0.
8

0.
65

0.
5

0.
35

0.
2

κ

0.0499 0.0141 0.0052 0.0032 0.0029 0.0031

0.0436 0.0167 0.0104 0.0095 0.0101 0.0112

0.0372 0.0183 0.0144 0.0144 0.0157 0.0175

0.0304 0.0187 0.0168 0.0176 0.0193 0.0217

0.0234 0.0176 0.0173 0.0185 0.0204 0.0230

0.0158 0.0143 0.0148 0.0161 0.0179 0.0201

FPR under Varying lf and κ

0.01

0.02

0.03

0.04

(a) p1 = 1 or p1 = η

6 8 10 12 14 16

lf (Bit Length of Fingerprint)

0.
95

0.
8

0.
65

0.
5

0.
35

0.
2

κ

0.0329 0.0097 0.0041 0.0028 0.0027 0.0029

0.0271 0.0114 0.0078 0.0075 0.0080 0.0089

0.0205 0.0110 0.0091 0.0093 0.0102 0.0114

0.0139 0.0090 0.0083 0.0088 0.0097 0.0108

0.0079 0.0061 0.0060 0.0065 0.0072 0.0080

0.0031 0.0028 0.0030 0.0032 0.0036 0.0040

FPR under Varying lf and κ

0.005

0.010

0.015

0.020

0.025

0.030

(b) p1 ̸= 1 and p1 ̸= η

Fig. 8: FPR v.s. varying parameter settings, where α = 0.8.

for the relevant variable. Since Cp1 is primarily determined
by the number of buckets in SWF, and the number of buckets
is powers of 2 [38], we use a pre-measured lookup table over
these discrete bucket configurations to obtain the correspond-
ing cost. In contrast, Cp2

varies with both the bit-array length
and the attribute byte size. Because this parameter space is
too large to exhaustively profile, we employ piecewise-linear
interpolation to estimate Cp2

. Since the construction cost of
the WJF also depends on the bit-array length and attribute byte
size, Cb is estimated in the same strategy as Cp2

.
After estimating Lbenefit and Lharm, if Lbenefit ≥ Lharm,

we initiate new round-trip(s) for variable vi; otherwise, we skip
the TIS generation for vi to avoid detrimental round-trips.

V. THEORETICAL ANALYSIS

In this section, we provide a theoretical analysis of the false
positive rate (FPR) and space consumption for SWF and WJF.
Following prior work [28], [35]–[37], we model the occurrence
of events that satisfy the independent conditions of vi follows
a Poisson process. Let vp1

denote the first processed variable
and λ1 the average arrival rate of events associated with it.

A. Theoretical Analysis of SWF

1) FPR: The false positive of SWF refers to SWF mistak-
enly classifying events outside TIS as being within TIS. Since
SWF on CN varies across round-trips, we focus on analyzing
the initial SWF’s FPR to determine its optimal parameters.

SWF can produce false positives in two cases: (1) hash
collision: Different window IDs produce identical fingerprints
mapped to the same buckets. In this case, we continue to verify
whether the corresponding bit value in the slice tag is set to
1. If yes, a false positive has occurred. And (2) longer range:
Coarser time slices represent a longer time range than the
actual. Based on the two cases of false positives, Theorem 1
gives the theoretical FPR of the initial SWF.

Theorem 1. For the initial SWF, its upper bound of FPR ϵ is

ϵ=

{
κ2 · 2dα

2lf
· lt(1−κ)−κ lnκ

lt(1−κ2) + κ lnκ−1

lt
, p1 ∈ {1, η},

κ3 · 2dα
2lf

· lt(1−κ)−κ2 lnκ
lt(1−κ3) + κ2 lnκ−1

lt
, otherwise,

(5)

where κ = e−λ1w, α is the load factor of SWF, and lf , lt are
the bit length of fingerprint and slice tag.

Typically, the bit length of an entry in SWF is 32. When
enabling the optimization of tag separation in Section IV-B1,
we have lf + lt = 32. Fig. 8 shows the FPR of the initial
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SWF under varying parameter settings, where the load factor
of SWF is set to 0.8. Clearly, no specific lf has a minimum
FPR at any κ value. When lf is 10 or 12, we can obtain a
generally lower FPR.

Verification. Fig. 9a shows that the theoretical FPR of initial
SWF fits well with the empirical FPR when d = 4, lf =
12, lt = 20, w = 100, p1 = 1, and λ1 increases from 0.001 to
0.04, where ground truth comes from the interval array.

Discussion. Considering that the inter-arrival times between
consecutive events may not follow a Poisson process, we
further evaluate FPR of SWF under Gaussian, Uniform, and
Rayleigh distributions. As shown in Fig. 10, when lf is set
to 10 or 12 (note that lf + lt = 32), SWF still achieves a
generally lower FPR.

2) Space Consumption: When enabling the optimization of
tag separation, the space consumption of SWF is md(lf + lt)
bits, where m is the number of buckets, and d is the number
of entries. To avoid insertion failure, we need to set an
appropriate m. Note that when d is fixed, the cuckoo hashing
mechanism has a maximum load factor αd [38]. Then, after
obtaining the initial TIS, CN estimates the number of windows
it spans, denoted as ne, and sets m to 2⌈log2

ne

dαd
⌉.

B. Theoretical Analysis of WJF

1) FPR: WJF uses the window ID as the hash seed and the
attribute value as the key to calculate k hash positions. When
we assume that hash functions with varying seeds exhibit
uniform and independent distributions, the probability of a bit
being set to 1 is p = 1− (1− 1

mb
)knp [34], where mb is the

bit array size and np is the number of unique pairs. Then,
the probability of WJF mistakenly reporting yes for a non-
existent pair is pk. For the attribute value of an event, we will
check two window IDs, thereby the overall FPR of WJF is
pk +(1− pk) · pk. Note that when k = mb

np
ln 2, WJF achieves

the lowest FPR, which is 2−k [34]. According to Section IV-A,
when using WJF to filter, an attribute value is checked for ex-
istence in two windows, equivalent to performing two queries.
Thus, the FPR of WJF is

ϵ∗ = 2−k +
(
1− 2−k

)
· 2−k ≈ 2

1−mb
np

ln 2
. (6)

Verification. Fig. 9b shows that the theoretical FPR value of
WJF fits well with the empirical FPR value when np = 105
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and mb increases from 5 × 105 to 106, where ground truth
comes from a hashmap storing (attribute, window ID) pairs.

2) Space Consumption: Given a desired FPR ϵ∗ and the
number of unique pairs np for WJF, the space consumption
of the bit array is mp =

np

ln2 2
(ln 2− ln ϵ∗).

VI. EXPERIMENTAL EVALUATION

A. Experimental Setup

1) Implementation: Guided by the core principles of cloud-
native architectures, we implement a system with disaggre-
gated compute and storage resources for CER, in which SNs
leverage EBS or S3 as the backend to provide elastic storage
capacity, and the number of CNs can be scaled according
to query concurrency. Moreover, we integrate three evalua-
tion engines on CNs, including SASE-E (a lightweight non-
deterministic finite automata based on SASE [39]), Esper [40],
and Flink [14], to process complex event queries. Note that we
choose local Flink over serverless Flink because local Flink
achieves performance comparable to serverless Flink while
avoiding the additional extract–transform–load overhead. SNs
adopt a row-oriented storage format with a page size of 4 KB.
For pulling strategies that involve multiple round-trip, SNs
cache intermediate results. All SNs respond to CN requests in
parallel. Finally, our source code is publicly available [41].

2) Environment: We conduct all experiments on AWS
EC2 instances. By default, we select a c5.2xlarge instance
(launched in us-east-1b, with 8 vCPU, 16 GB memory, and
a 10 Gbps network bandwidth) as CN, with the default Xmx
setting of 3.4 GB by the system (Xmx specifies the maximum
memory allocation pool of JVM). Besides, we select three
c5a.xlarge instances (launched in us-east-1a, with 4 vCPU,
8 GB memory, and a 10 Gbps network bandwidth) as SNs,
and Xmx is set to 1.7GB. We use Amazon S3 [42] or Amazon
Elastic Block Store (EBS) [43] as the storage backend for SNs
to store partitioned events. Unless otherwise specified, EBS
is used by default for three reasons: ① it provides higher I/O
throughput than S3; ② it supports on-demand provisioning and
independent scaling [44]; ③ it is widely adopted by production
cloud databases, including Amazon RDS [45], MongoDB
Atlas [46], TiDB Cloud [47].

3) Baselines: ① Push-down pushes independent conditions
down to SNs, and SNs filter irrelevant events before sending
them to CN. ② Push-pull employs multiple round-trips to
retrieve events. In each round, it pushes partial received
events to each SN, where matching algorithms are executed
to perform filtering by leveraging all predicate conditions. ③
Muse [3] operates in fully distributed architectures, requir-
ing data shuffling and communication between every node,
which conflicts with cloud-native architectures. Thus, in our
experiments, we only report Muse’s transmission cost with
four nodes. ⑤ Pull-all requests all events to match, and we
only use it for the queries with strict-contiguous semantics. ⑤
Besides, we also add a naive DFS (i.e., Naive-DFS) approach
as a baseline, which uses arrays to store TIS and hash tables
to store (attribute, window ID) pairs. Naive-DFS relies on a
dual-filtering strategy to identify TIS containing matches in a
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single round-trip. Regarding parameters for our DFS, in SWF,
we set d=4, lf =12, and lt=20; and in WJF, we set ϵ∗=0.02.

4) Datasets: We use three real-world datasets from existing
work [2], [32], [48]: CRIMES [21], CITIBIKE [49], and
CLUSTER [50]. ① CRIMES dataset records crime reports
in Chicago from 2001-01 to 2024-12, containing about 8M
events. ② CITIBIKE dataset describes the information on each
ride in 2023, containing about 35M events. ③ CLUSTER
dataset records the CPU, RAM, and disk resource consump-
tion of each task, containing about 144M events. Note that
CRIMES dataset is sensitive and may reflect reporting and
policing biases; it is used here solely as a technical benchmark.

Besides, we further generate synthetic data to achieve a con-
trolled setup. The synthetic event follows the schema: (char(4)
type, int a1, char(8) a2, char(16) a3, long timestamp), where
the event type obeys a Zipf distribution Zipf (1.2, 20) [51],
a1 obeys uniform distribution U [1, 1000], a2 and a3 obey
Zipf (0.255, 50) and Zipf (0.7, 50), respectively. In the syn-
thetic dataset, events are generated according to a Poisson
process with an arrival rate of one event per second.

5) Query: Unless otherwise specified, for the query work-
loads of each dataset, all queries adopt the semantics of skip-
ping irrelevant events, as this semantics is the most common in
real-world query scenarios [11], [31], [52]–[54]. To save space,
we only report the features of patterns in the query workloads.
More details can be found in our code repository [41].

• On CRIMES dataset, we search for sequences of ROBBERY,
BATTERY, and MOTOR VEHICLE THEFT events occur-
ring within 30 minutes and close spatial proximity, which
are widely used in prior work [31], [32], [55].

• On CITIBIKE dataset, to avoid out-of-memory issues with
Push-pull, we shorten the window size and add equality
conditions based on prior queries [2], [51]. Specifically, we
search for patterns involving three ride events that occur
within 5 minutes, where the end station of one ride matches
the start station of the next.

• On CLUSTER dataset, we search for patterns in which
tasks sharing the same job id are submitted, scheduled, and
finished/killed within 3 seconds [48].

• On the synthetic dataset, we search for the pattern containing
η variables v1, ..., vη . For each variable v2i, it can match
any row. The probability that any two variables v2j−1 and
v2j+1 have an equality condition is min{1, 3

η−1}. Lastly,
the selectivity of attributes for each variable v2j+1 is 20%.
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TABLE II: Comparison of average latency on the three real-world datasets, where TO represents the latency > 5 minutes.

Storage backend Dataset Engine
1 CN (us-east-1b) + 3 SNs (us-east-1a) 1 CN (us-west-1a) + 3 SNs (us-east-1a)

DFS (Ours) Naı̈ve-DFS Push-down Push-pull DFS (Ours) Naı̈ve-DFS Push-down Push-pull

S3

CRIMES
SASE-E 1.05s 2.47s 2.03s 1.84s 1.83s 3.65s 3.66s 3.30s

Esper 1.39s 2.85s 3.79s 2.26s 2.19s 4.01s 5.39s 3.69s
Flink 5.83s 9.74s 33.57s 9.02s 7.01s 10.92s 35.20s 10.45s

CITIBIKE
SASE-E 1.56s 3.42s 2.19s 1.89s 2.61s 4.23s 3.12s 3.10s

Esper 1.89s 3.87s 3.41s 2.25s 2.91s 4.79s 4.31s 3.45s
Flink 3.36s 18.37s 67.35s 5.01s 4.41s 19.18s 68.28s 6.22s

CLUSTER
SASE-E 4.59s 7.59s 8.03s 6.05s 5.82s 8.93s 9.31s 7.89s

Esper 4.94s 8.93s 160.01s 6.37s 6.17s 10.14s 164.01s 8.24s
Flink 6.71s 18.75s TO 8.31s 7.53s 20.09s TO 10.15

EBS

CRIMES
SASE-E 0.73s 2.07s 1.29s 1.44s 1.33s 3.25s 3.24s 2.78s

Esper 1.06s 2.50s 3.02s 1.89s 1.65s 3.40s 4.98s 3.20s
Flink 5.52s 9.31s 32.81s 8.63s 6.13s 10.54s 34.78s 9.96s

CITIBIKE
SASE-E 0.82s 2.61s 1.30s 1.17s 1.44s 3.70s 2.30s 2.41s

Esper 1.22s 3.15s 2.53s 1.53s 1.79s 4.16s 3.54s 2.75s
Flink 2.62s 17.65s 66.46s 4.28s 3.23s 18.65s 67.46s 5.53s

CLUSTER
SASE-E 2.87s 6.63s 6.07s 5.37s 3.96s 8.71s 7.57s 5.61s

Esper 3.24s 8.01s 158.7s 5.68s 4.32s 9.04s 159.12s 5.92s
Flink 4.83s 17.86s TO 7.63s 5.08s 18.87s TO 7.87s

B. Results for Real-world Datasets

In this subsection, we compare the performance of different
approaches in real query scenarios. We generate 150 queries
for each dataset. To enhance diversity, we vary attribute value
ranges and incorporate non-equality conditions randomly.

1) Comparison of Transmission Cost and Number of Re-
ceived Events: ① Fig. 11 shows the average transmission cost
of queries between CN and SNs. Our proposed approach, i.e.,
DFS, consistently has the lowest transmission cost. Compared
with Push-down, DFS reduces transmission cost by around
78%, 92%, and 93% on the three real-world datasets. Com-
pared with Push-pull, DFS reduces it by around 71%, 81%,
and 79% on the same datasets. As for Muse, it pulls events
or partial matches from all other nodes for pattern matching,
which causes significant information redundancy and high
transmission cost. ② Fig. 12 shows the number of events
received by CN from SNs. When using additional windows
and equality conditions, DFS reduces the number of events
transmitted by 77%, 97%, and 99% compared with Push-
down. Although Push-pull can use all conditions for filtering,
events that are sent to CN early do not benefit from these
conditions. As a result, CN may receive more events from
Push-pull than from DFS.

2) Comparison of Query Latency: Table II reports the
average query latency across different evaluation engines
and storage backends. Overall, DFS achieves a 1.2× to
25× speedup across various evaluation engines and storage
backends compared with the baselines. The reasons for the
low latency of DFS are twofold: ① it incurs relatively low
communication overhead when identifying the final TIS; and
② it significantly reduces the number of events sent to the
CN, thereby lowering both network transmission and engine
matching costs. Notably, when using SASE-E as the evaluation
engine, all approaches achieve the lowest query latency due to
its lightweight implementation, whereas Flink exhibits higher
matching costs, substantially increasing overall latency. On
CITIBIKE and CLUSTER datasets, large numbers of events
per window generate many partial matches, causing Push-
down to incur prohibitively high latency when Flink is used.

Furthermore, when SNs use S3 as the storage backend,
retrieving events incurs about 0.3s to 2s higher latency than
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Fig. 13: Memory usage under sequential query workloads.
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Fig. 14: Memory usage under concurrent query workloads.

retrieving them from EBS, while the matching cost on CN
and the communication overhead between CN and SNs remain
largely unchanged. This increase is mainly due to S3’s REST-
ful, object-based interface, which introduces higher software
stack overhead and per-request latency compared with EBS’s
block-level interface. Additionally, deploying CN and SNs
across distant regions further increases the query latency, since
filtered events need to traverse longer network paths.

3) Comparison of Memory Usage: We first monitor the
memory usage of SNs using CWAgent [56] when executing
sequential query workloads with a single thread. Fig. 13 shows
the results. Since Push-down only holds events that satisfy
independent conditions in memory, it has the lowest memory
footprint. For DFS, it not only holds events but also maintains
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TABLE III: Pattern generation templates.
ID Generation templates with strict continuous semantics
P1 PATTERN (A B C) WITHIN #window_size MINUTE
P2 PATTERN (A B C D) WITHIN #window_size MINUTE
P3 PATTERN (A B C D E) WITHIN #window_size MINUTE
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Fig. 15: Query latency of var-
ied patterns on CRIMES.
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Fig. 16: Query latency of var-
ied patterns on CITIBIKE.

SWF and WJF. Fortunately, due to their relatively low memory
consumption, the peak memory usage of DFS is less than 4%
higher than that of Push-down across all real-world datasets.
In contrast, Push-pull additionally holds partial matches in
memory. Although we use event references rather than raw
events to represent matches, the large number of matches still
causes Push-pull to exhibit higher peak memory usage than
Push-down. For Naive-DFS, it needs to build multiple arrays
to store the time intervals for each variable, and build the
hash table to store the set of (attribute, window ID) pairs in
one round-trip. Since most events are not within the final TIS,
Naive-DFS consumes a significant amount of memory space.

Then, we add two additional CNs (three in total). Each
CN hosts five tenants, which submit queries in parallel. We
monitor the memory usage of SNs under this concurrent
workload (500 queries across varied datasets). Note that each
SN maintains an intermediate state for each query and adopts a
pessimistic admission policy: if available memory drops below
20% of the usable maximum, new queries are paused until suf-
ficient memory is freed to avoid out-of-memory errors. Fig. 14
reports the results. Due to DFS’s additional space overhead in
SWF and WJF, it is more likely than Push-down to trigger
query pauses. As a result, its concurrency advantage is less
pronounced than under single-threaded sequential execution.
Naive-DFS and Push-pull fail to complete all queries within 20
minutes due to high memory consumption and low concurrent
processing throughput on SNs.

4) Latency Evaluation for Queries with Strict-contiguous:
We use the generation templates from Table III to construct
query patterns with strict-contiguous semantics on CRIMES
and CITIBIKE datasets across varied window sizes. Note
that under the semantics, the baseline is Pull-all. Fig. 15
and Fig. 16 show the latency variation with window size
for different approaches and query patterns, with each query
executed five times. Clearly, for strict-contiguous patterns,
DFS consistently outperforms Pull-all. For Pull-all, it shows
near-constant latency for a fixed pattern because it retrieves all
events from SNs regardless of window size. For DFS, on the
sparse CRIMES dataset, increasing the number of variables
sharply reduces the likelihood of matches within a window,
leading to a shorter final TIS, fewer events pulled by CN,
and thus lower latency. In contrast, on the dense CITIBIKE
dataset, more variables do not significantly shrink TIS; instead,

TABLE IV: Comparison of average query latency across
different node configurations on the synthetic dataset.

Default settings
for CN & SNs

Cross-region for
CN & SNs

Heterogeneous in-
stances for SNs

DFS (Ours) 1610.32ms 2583.56ms 4431.96ms
Naive-DFS 2272.32ms 3407.98ms 5174,12ms
Push-down 2788.72ms 4546.22ms 5334.46ms
Push-pull 3222.72ms 4759.5ms 6321.90ms
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Fig. 17: Average latency ver-
sus partitioning strategies.
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Fig. 18: Average latency ver-
sus window size.

they increase the number of pulled events, resulting in higher
latency. On both datasets, the latency of DFS increases as the
query window size grows.

C. Results for Synthetic Datasets

In this section, we evaluate the performance of different
approaches under varying settings. Unless otherwise specified,
we use a dataset of 50 million events, a workload of 50
queries, and a 3-minute query window. To reduce EC2 costs,
we employ SASE-E as the evaluation engine.

1) Latency Evaluation on Different Node Configurations:
Table IV reports the average query latency on the synthetic
dataset under different CN and SN configurations. For the
cross-region setting, CN is deployed on a c5.2xlarge instance
in us-west-1a. For the heterogeneous SNs setting, three SNs
are deployed on c5a.large (2 vCPU, 4GB memory), c5a.xlarge
(4 vCPU, 8GB memory), and c5a.2xlarge (8 vCPU, 16GB
memory) instances, respectively. When the network path be-
tween the CN and SNs becomes longer, DFS incurs the
smallest additional latency compared with the other base-
lines. Under heterogeneous SN configurations, the latency is
dominated by the weakest SN, i.e., the c5a.large instance,
whose limited 2 vCPU substantially reduces asynchronous
read-and-filter throughput and significantly increases retrieval
latency. Despite this, DFS remains about 0.7s faster than the
best baseline. Overall, across all node configurations, DFS
consistently achieves the best query performance.

2) Latency Evaluation on Varying Data Partition Strategies:
By default, we use random event partitioning, which pro-
vides good load balancing. For comparison, we also evaluate
window-based (time-range) and type-based partitioning. In the
window-based strategy, events are grouped into 30-minute
windows; all events in a window are stored on a single SN,
and different windows are randomly assigned to SNs. In the
type-based strategy, events of the same type are co-located
on a single SN. Because event types are skewed, this can
cause some SNs to hold far more events than others. For the
type-based strategy, we configure queries to access only one
partition to measure average query latency. Fig. 17 reports
the latency under different partitioning schemes. Window-
based partitioning yields a latency profile similar to random
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partitioning, as both effectively distribute the load and avoid
data skew. In contrast, type-based partitioning concentrates
queries on a single SN, substantially increasing data loading
and filtering overhead on that node, and thus query latency.

3) Sensitivity Analysis on Window Size, Attribute Selectivity,
and Number of Variables: Fig. 18 shows the impact of window
size on average query latency. As the window size increases,
the average query latency of various approaches also increases.
The reason is that longer windows increase the number of
events involved in matching, thereby reducing the effective-
ness of pruning and increasing the matching time. When the
window size is very large (e.g., ≥ 96 minutes), DFS cannot
effectively prune events using window and equality conditions,
and its multi-round communication results in slightly higher
latency than Push-down. For Push-pull, enlarging the window
leads to a rapid growth of partial matches, eventually exhaust-
ing memory on SNs. As a result, when the window exceeds
48 minutes, Push-pull fails to produce query results.

Next, we vary the attribute selectivity of each variable
from 5% to 30% and report the query latency in Fig. 19.
As attribute selectivity increases, more events are transmitted,
increasing overall query latency. Nevertheless, DFS can still
exploit window and equality conditions to effectively shrink
the TIS and prune most events, consistently achieving the
lowest latency. At 30% selectivity, DFS reduces query latency
by 61% compared with the best baseline.

Finally, we vary the number of variables and report the
average query latency in Fig. 20. As the number of variables
increases, the cost of checking independent conditions rises,
increasing scanning overhead for all approaches. However,
more variables yield fewer matches, enabling DFS to filter
more events. Thus, DFS consistently achieves the lowest query
latency, with about 1.4× speedup over the best baseline.
Notably, with three variables, an equality condition must exist
between the first and last variables, and one of them has a
high selectivity under the query setting in § VI-A5. As a
result, Naive-DFS has higher network overhead when pulling
(attribute, window ID) pairs than in the five-variable setting.

4) Latency Evaluation on Equality/Non-equality Condi-
tions: Firstly, we evaluate query latency under different equal-
ity conditions by fixing independent conditions and binding
equality conditions to varying attributes. Fig. 21 reports the
results. Since attribute a3 is more skewed than a2, an equality
condition on a3 has weaker filtering power, resulting in higher
latency. Secondly, we remove all equality conditions from the
default query and replace some low-selectivity independent
conditions with highly selective non-equality conditions on
attribute a1, and then measure the query latency. Among

all approaches, only Push–pull can exploit such non-equality
conditions; the others cannot. As shown in Fig. 21 (right),
replacing independent conditions with non-equality conditions
increases variable selectivity, which sharply enlarges the num-
ber of partial matches in Push-pull and thus increases its
filtering latency. For DFS, higher variable selectivity and the
absence of equality conditions substantially weaken its pruning
ability, causing its latency to approach that of Push-down.

5) Scalability Evaluation on Number of CNs and SNs:
Fig. 22 reports query throughput scalability with respect to the
number of CNs. When scaling from 1 to 3 CNs, DFS achieves
the largest throughput gain, as it incurs relatively low filtering
overhead and substantially reduces the volume of transmitted
events, thereby lowering network bandwidth consumption.
As the number of CNs increases further, rapid saturation
of network bandwidth and memory resources diminishes the
benefits of parallelism. When the number of CNs reaches six
or more, the throughput of DFS, Push-pull, and Naive-DFS
declines, as SNs maintain the intermediate state for each query,
incurring high memory overhead that limits query concurrency.
However, since DFS compacts SWF and releases SN memory
as WJF is consumed, its throughput on 12 CNs remains higher
than that of Push-down.

Fig. 23 shows the average query latency with different
numbers of SNs. Increasing the number of SNs improves
parallelism in data loading, leading to lower query latency.
DFS consistently achieves the lowest latency across all deploy-
ment scales. Push-pull achieves lower latency than Push-down
when more than three SNs are deployed. This is because the
number of generated partial matches per node decreases with
the increase of SNs, which reduces the matching cost. Fig. 24
shows the latency breakdown of SNs for varying numbers of
SNs. The results show that the primary benefit of adding the
number of SNs lies in the reduction of scanning cost.

6) Ablation Studies: We first compare three variants of
DFS: ➊ SWF alone (disabling WJF in all round-trips), ➋
DFS-V1 (replacing WJF with a hash table), and ➌ DFS-V2
(replacing SWF and WJF with naive interval array and hash
table, respectively). Fig. 25 reports their average query latency
on the synthetic dataset. Disabling WJF increases latency by
22%, replacing WJF with a hash table increases it by about
7%, and replacing both SWF and WJF with naive solutions
increases it by about 16%. These results confirm that both
SWF and WJF contribute to latency reduction. Compared with
Push-down, SWF alone reduces latency by 42%, and adding
WJF on top of SWF provides an additional 13% improvement.

Next, we conduct a ablation study of the cost model,
comparing four additional variants: always-off (never initiates
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new round-trips to filter), always-on (always initiates new
round-trips), naive (initiates if the expected interval-shrink
ratio > 15%, otherwise closes), and fixed-para (uses fixed
parameters initialized from warm-up queries). We run the
default synthetic query under four inter-arrival distributions
(Poisson, Gaussian, Rayleigh, and Uniform) and compare the
query latency in Fig. 26. Across varying distributions, our
adaptive cost model (ada-para) yields the lowest latency for
DFS, reducing latency by about 7% compared with always-on.

Besides, we investigate the impact of misestimating the
network transfer rate R on query latency. Since R in cloud
environments is difficult to control, we log the cost savings
observed in each round-trip and scale R used by the model
with a multiplicative factor to simulate misestimation. As
shown in Fig. 27, when the misestimation factor ranges from
0.25× to 4×, the overall latency increases only slightly and
remains lower than that of the always-on model.

VII. DISCUSSION

For DFS, if a query pattern includes predicates with low
selectivity (i.e., independent or equality conditions that filter
out a majority of candidate events), the resulting set of time
intervals containing potential matches is substantially reduced.
This allows DFS to prune more events, thereby reducing both
network transmission costs and overall query latency.

However, the pruning effectiveness of DFS diminishes when
it operates over very large windows or predicates with high
selectivity. In such cases, its performance approaches that of
the Push-down baseline. Moreover, due to the diversity and
complexity of non-equality predicates (e.g., A.a1 + B.a1
> C.a1 or A.a1 * A.a2 > B.a3), designing a low-
overhead communication strategy to exploit them for pruning
is challenging. Consequently, the current DFS implementation
does not leverage non-equality conditions. We consider this an
important research direction and leave it for future work.

VIII. RELATED WORK

Complex event recognition (CER). CER can be divided
into two categories based on processing style: centralized and
distributed. Centralized CER aims to process complex event
queries in a monolithic machine. Various techniques have
been proposed to enhance query efficiency in this setting,
such as parallel-based techniques [51], [57]–[59], join-based
techniques [7], [60], [61], sub-pattern sharing techniques [4],
[62]–[64], and filter-based techniques [6], [31], [32], [52],
[55], [65] (a comprehensive survey can be found in [66]). On
the other hand, distributed CER [1]–[3], [28], [29] aims to di-
vide a query into subqueries, processing them across multiple

nodes. Commonly, existing distributed solutions are tailored
for fully distributed architectures, which makes migrating them
to cloud-native environments challenging.

Cloud-native architectures. Essentially, cloud-native ar-
chitectures aim to decouple and pool computing and storage
resources, enabling independent scaling [17], [18]. It has two
typical implementation paradigms: disaggregated compute-
storage and disaggregated compute-memory-storage [17]. In
this paper, we focus on the processing of CER over disag-
gregated compute-storage. Note that disaggregated compute-
storage encounters severe performance bottlenecks in the net-
work [23], [25]. To alleviate this issue, push-down and caching
approaches [19], [24]–[27], [67]–[70] are proposed. For CER,
push-down still transmits numerous irrelevant events as it
overlooks the window and dependent conditions inherent in the
query. Caching approach stores partial data in the memory of
the compute node to avoid fetching data from remote storage,
which is commonly orthogonal to our solution.

IX. CONCLUSION

When CER operates in cloud-native architectures, network
becomes a performance bottleneck. Our key insight is to
identify shorter time intervals that contain matches and only
transmit the events within those intervals. Upon this insight,
we propose a lightweight DFS to identify the time interval set,
which achieves a 1.2× to 25× query speedup compared with
the state-of-the-art approaches.
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