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ABSTRACT

The detection of sequential patterns in data is a basic functionality
of modern data processing systems for complex event process-
ing (CEP), OLAP, and retrieval-augmented generation (RAG). In
practice, the respective engines typically evaluate multiple shared
patterns simultaneously, in order to improve the result quality
for downstream applications. The evaluation of a large number of
patterns under tight latency bounds is challenging, though, since
matching needs to maintain state, i.e., intermediate results, that
grow exponentially in the input size. Hence, systems turn to best-
effort processing, striving for maximal recall under a latency bound.
Existing techniques, however, consider patterns in isolation, ne-
glecting the optimization potential induced by state sharing and
corresponding interactions and interference across shared patterns.
We describe SHARP, a state management library that employs
state reduction for efficient best-effort pattern matching in shared
patterns. To this end, SHARP incorporates state sharing between
patterns through a new abstraction, coined pattern-sharing degree
(PSD). At runtime, PSD facilitates the categorization and indexing of
partial pattern matches. Once a latency bound is exceeded, SHARP
realizes best-effort processing by using a cost model to select a
subset of partial matches for further processing in constant time. In
experiments with real-world data, SHARP achieves a recall of 95%,
93% and 72% for pattern matching in CEP, OLAP, and RAG appli-
cations, under a bound of 50% of the average processing latency.
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1 INTRODUCTION

The detection of sequential patterns with low latency is a data man-
agement functionality with a wide range of applications: Complex
event processing (CEP) engines detect user-defined patterns over
high-velocity event streams [6, 14, 59]; online analytical processing
(OLAP) systems evaluate queries featuring the MATCH_RECOGNIZE op-
erator that takes a set of tuples as input and returns all matches
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of the given pattern [24, 27, 82]; and graph databases evaluate pat-
terns of regular path queries over knowledge graphs to facilitate
retrieval-augmented generation (RAG) [3, 8, 47]. In all these appli-
cations, patterns define the order of data elements along with the
correlation and aggregation predicates over their attribute values.

Pattern matching is challenging, though: applications enforce
strict latency bounds [27, 71, 81] as part of the service level objec-
tives (SLO) [31]. At the same time, the evaluation is computationally
hard, since it requires maintaining state, i.e., partially matched pat-
terns, which grow exponentially in the size of the input [23, 30, 47,
77]. Due to these challenges, exhaustive pattern evaluation becomes
infeasible, especially in short peak times of increased computational
load [22, 69]. Systems therefore resort to best-effort processing: they
strive to maximize the number of detected pattern matches, while
satisfying a latency bound [12, 61, 63, 64, 81].

In practice, the above mentioned challenges are amplified by the
fact that many applications require the simultaneous evaluation of
multiple shared patterns. The reason being that the result quality
of many downstream applications [20, 25, 33, 59] can directly be
improved by evaluating a set of similar, yet different patterns. We
illustrate how shared patterns improve the quality of results and
the underlying performance challenges with an example of graph
retrieval-augmented generation (GraphRAG), as follows.

Consider an application in which the inference of a large lan-
guage model (LLM) is augmented using an external knowledge
graph (KG), as shown in Fig. 1a: @ The application submits (i) a
question for the LLM (from the MetaQA benchmark [79]) and (ii)
a query prompt to generate patterns of path queries for the KG.
@ The patterns and prompts are sent to the LLM (fine-tuned on
WebQSP [75] and cWQ [79]). The LLM then generates a set of path
query patterns and selects the top-k (P;, P and P3), e.g., using
cosine similarity and beam-search [68]. @ The path queries are
evaluated on the KG and @ the resulting patterns are @ integrated
in an answer generation prompt for @ the final response. Here, P;,
Py and P3 share sub-patterns and one snapshot of shared state is
illustrated as partial matches {PM;,PMa,...,PMo,...} in @.

Compared to the use of single, separate patterns, shared pat-
terns improve the result quality by 2.80x in accuracy and 2.51 x
in recall! (over 14,872 questions in MetaQA), see Fig. 1b. For one
question in @, query #53, the LLM only generates incorrect answers
(i.e., LLM hallucination) if not using the shared patterns. Yet, the
improvement incurs a cost: Pattern matching latency in the KG @
increases by four orders of magnitudes (see Fig. 1c)? compared to
the use of a single pattern, as 3,962 x more partial matches are gen-
erated. Even when adopting optimizations for state sharing [4, 5],

!Recall is the ratio of correct LLM responses to the number of ground-truth answers.
?Here, the end-to-end processing latency comprises LLM generation (325 ms) and KG
pattern matching (1,079 ms); the latter being the performance bottleneck.
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Fig. 1: An example of how shared patterns enhance the end-to-end responses of GraphRAG and the underlying performance challenge

the number of generated partial matches still increases by 2,001 x.
In large-scale industrial applications, such as those reported for
GraphRAG by Microsoft [39, 56], Amazon [9], and Siemens [60],
such computational challenges are further amplified.

Existing approaches for best-effort pattern matching, however,
are limited in their effectiveness as they treat each pattern in iso-
lation. Specifically, load shedding techniques [12, 61, 63, 64, 81]
that discard input data (DARLING [12], hSPICE [63] and gSPICE [64]),
partial matches (pSPICE [61] and [80]), or a combination of both
(AthenaCEP [81]) take shedding decisions for each pattern separately.
While systems such as pSPICE [61], hSPICE [63] and gSPICE [64] in-
corporate operators that are part of multiple patterns, their utility
assessment is done for each single pattern in isolation. By ignoring
the interaction among multiple patterns via their shared state, these
techniques neglect a significant optimization potential.

In this paper, we study how to realize best-effort processing
of pattern workloads, when incorporating state sharing in their
evaluation. This is difficult as the state (i.e., partial matches) of
pattern matching affects the results and performance as follows:
(1) Partial matches differ in how they contribute to the result of a
single pattern and in their computational resources (i.e., latency).
(2) Partial matches differ in their importance for shared multiple
patterns, which may be captured further by a cost model.

(3) The relation between partial matches and patterns is subject
to changes, e.g., due to concept drift in data distributions, and
therefore, requires efficient indexing mechanisms to track this.

We describe SHARPa state management library for efficient best-
effort pattern matching with shared state. It addresses the above
challenges and overcomes the limitations of state-of-the-art ap-
proaches. Fig. 1d highlights that, under a latency bound of 300 ms
(in KG pattern matching), the state of the art achieves only an accu-
racy below 60% for the aforementioned pattern matching scenario.
In contrast, SHARP incorporates optimizations for the shared state
across multiple patterns, boosting accuracy to around 85%. These
improvements are facilitated by the following contributions:

(1) Efficient pattern-sharing assessment (§4.1). SHARP captures
state sharing per partial match using a new abstraction called
pattern-sharing degree (PSD). PSD keeps track of how different
patterns share a partial match in terms of overlapping sub-patterns
and enables efficient lookup of this information for an exponentially
growing set of partial matches. The structure of the PSD is derived
from the pattern execution plan. At runtime, SHARP relies on this
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structure to cluster the generated partial matches and, through a
bitmap-based index, enables their retrieval in constant time.

(2) Efficient cost model for state selection (§4.2). For each par-
tial match, SHARP examines its contribution to all patterns and its
computational overhead, which determines the processing latency.
To achieve this, SHARP maintains a cost model to estimate the num-
ber of complete matches that each partial match may generate,
as well as the runtime and memory footprint caused by it. SHARP
updates the cost model incrementally and facilitates a lookup of the
contribution and the overhead per partial match in constant time.

(3) State reduction problem formulation (§3) and its optimiza-
tion (§4.3). We formulate the problem of satisfying latency bounds
in pattern evaluation as a state reduction problem: Upon exhausting
a latency bound, SHARP selects a set of partial matches for fur-
ther processing based on a multi-objective optimization problem.
SHARP limits the overhead of solving this problem by a hierarchi-
cal selection lifting the pattern-sharing degree and the cost model
to a coarse granularity by clustering, and by employing a greedy
approximation strategy for the multi-objective optimization space.
We implemented SHARP in C++ and Python (3.5K LoC) and eval-
uated it (§5) on three pattern-matching applications: complex event
processing (CEP) over event streams, OLAP with MATCH_RECOGNIZE
queries, and GraphRAG. Across real-world datasets, SHARP attains
shared-pattern matching recall of 95%, 93%, and 72% for CEP, OLAP,
and GraphRAG under a 50% bound on average processing latency.
Compared to existing state management strategies, SHARP improves
recall by 11.25x (CEP), 2.4x (OLAP), and 2.1 x (GraphRAG).

2 FOUNDATIONS OF PATTERN MATCHING
2.1 Data and Execution Models

Input data of pattern matching is a sequence of data elements
S ={dy,ds,...). Each d; = {ai,...,an) is an instance of a schema
defined by a finite sequence of attributes. We further define a prefix
of the data sequence S up to index k, S(...k) = (dy,...,d)y and the
suffix starting k as S(k...) = {dr, dk+1,-- - -

Pattern P defines a sequence of data that satisfy a set of predicates
C (a time window, the sequential order, and value constraints over
attributes). For instance, P; in Fig. 1a @ defines the path sequence
of three nodes in KG and the predicates, e.g., node.name=Alila. Pat-
tern matching evaluates a set of patterns P = {Pl, o ,P,,} over S,
ensuring P; is detected within its latency bound L; (based on SLO).
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Complete matches are created by evaluating P over S=(d;, dy, ... ),
each being a subsequence (d},...,d,,) of S that preserves the se-
quential order, ie., for d; = di and d} = dj, it holds that i < j
implies k < 1, and satisfies all predicates in C. We denote complete
matches of pattern P; over S(...k) as CMp, (k), and the complete
matches for all patterns as CM(k) = | J; CMp, (k). Fig. 1a @ shows a
snapshot of complete matches for P, (CM; and CM,) and P3 (CMs3).
Partial matches (PMs) are sub-sequences of complete matches.
Their sequences of data elements strictly satisfy the time window
and sequential order, but only satisfy a subset of predicates in
C. We write PM(k)={{dy,...,d;),...,{d},...,d})} for the set of PMs
after evaluating patterns P over S(...k). Fig. 1a @ shows PMs for
all patterns PM;_y in corresponding colors.

Execution plan of a pattern P; is represented as a directed acyclic
graph with buffers (DAG?), G;, where the path from the starting
vertex to an ending vertex constructs complete matches. Fig. 2a
shows bespoke execution plans for P;, P, and P3. Each node of G;
represents a sub-pattern SP of P; and maintains a buffer to store
the intermediate results, partial matches, in SP. The edge (SP, SP’)
represents a transition between sub-patterns and is guarded by P;’s
predicates C;. When processing an input di ;, the pattern matching
engine checks if dj; and all PMs stored in SP, satisfy predicates C;.
Then, it activates the corresponding state transitions and generates
new PMs and complete matches.

The DAG? model is general enough to capture bespoke automata-

or tree-based execution models [36, 74] for different applications
(see §2.2). Formally, pattern execution is a function that takes an
element dy; 1, the current PMs PM(k), and the execution plan G as in-
put, and outputs new PMs, PM(k +1) and complete matches CM(k+1),
ensuring the latency below predefined bounds for all patterns:
f(diy1,PM(k), G) — {PM(k+1),cM(k+1)}s.t.VP; € P, Latency(P;) < L;
Pattern sharing merges pattern execution plans to reuse over-
lapping sub-patterns. As shown in Fig. 2b, P;, P, and P3 share
sub-pattern (A), while P, and P3 also share sub-pattern (AC). The
evaluation is similar to single patterns, by checking state transi-
tion predicates between maintained PMs and the input data. (AC)
maintains two PMs, i.e., PM, and PMs, at time t;. When processing
the two input data elements in Dy, i.e.,
and “— has_writer « Tsili”, PMy derives two complete matches
(CM;, CM,) by satisfying the predicates in edges written_by and
has_writer. The state (AC) then transitions to the state (ACC).

“e— written_by < Kedma”
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2.2 Need for Shared-State in Pattern Matching

2.2.1  Pattern Matching Applications. We target the fundamental
problem of pattern matching, which is the backbone of several
categories of data processing systems: those for (i) complex event
processing (CEP), (ii) OLAP with the MATCH_RECOGNIZE operator,
and (iii) GraphRAG. While each category induces different domain-
specific applications, the data and execution models defined in §2.1
are general enough for these applications, as explained below.

(i) CEP detects predefined patterns in unbounded streams of events
with low latency [6, 14, 59]. Each event is a tuple of attribute values.
Patterns are defined as a combination of event types, operators,
predicates, and a time window. These operators include conjunc-
tion, sequencing (SEQ) that enforces a temporal order of events,
Kleene closure (KL) that accepts one or more events of a type, and
negation (NEG) that requires the absence of specific-typed events.

Two execution models have been proposed for CEP. (1) In the
automata-based model [74], PMs denote partial runs of an automa-
ton that encodes the required event occurrences. The state transi-
tions are guarded by predicates to check if partial runs advance in
the automaton. (2) In the tree-based model [36], events are inserted
into a hierarchy of buffers that are guarded by predicates. The eval-
uation then proceeds from the leaf buffers of the tree to the root,
filling operator buffers with derived PMs.

Both automata- and tree-based models are covered by our DAG?
model (§2.1). Automata and trees are specific forms of a DAG?. Fun-
damentally, the DAG? captures the essence of pattern matching: the
state and state transitions. CEP’s selection and consumption policies
determine how many data elements can be skipped to select and
if they can be reused [11, 13, 74, 83]. In this paper, we target the
most challenging configuration of skip-till-any selection + reuse
consumption (see details in our technical report [76])

(ii) OLAP queries with MATCH_RECOGNIZE clause [24] perform pat-
tern matching on the rows (i.e., tuples) of a table or view. Many
platforms have supported this, including Oracle, Apache Flink,
Azure Streaming Analytics, Snowflake, and Trino [7, 19, 28, 48, 65].
MATCH_RECOGNIZE specifies types of rows based on their attribute
values and defines a pattern as a regular expression over these
types. The pattern is then evaluated for a certain partition of the
input tuples. OLAP systems also specify whether matches may
overlap and how the result is constructed per match. Common
execution models for MATCH_RECOGNIZE pattern matching are based



on automata, which are covered by the DAG? model in §2.1. De-
pending on the structure of the regular expression, a deterministic
or non-deterministic automaton is constructed, which is then used
to process tuples while scanning the table or view used as input.

(iii) GraphRAG enhances the inference capabilities of RAG sys-
tems by integrating external knowledge graphs (KG), particularly
for rich relationships between entities [39, 56]. As shown in Fig. 1a,
this is achieved by evaluating the patterns of regular path queries
on the KG [33, 45, 67]. Here, the input of patterns is the tuples
of nodes representing entities and the edges that reflect semantic
relationships between them. A pattern specifies a sequence of edges
i.e., a regular expression over edge labels, to retrieve structures of
complex relations and contextual dependencies encoded in the KG.
Again, the common execution model is automata-based, searching
the edges of the KG till accepting states in the automata. This is
also captured by our DAG? model defined in §2.1.

2.2.2  Quality Enhancement via Shared Patterns. The use of multiple
shared patterns promises to significantly improve the query quality
in CEP [35, 51, 54], OLAP [41, 82], and GraphRAG [4, 33, 45, 67].
This is because sharing state allows several patterns to collabora-
tively generate more insights in higher-level semantics.

Consider the GraphRAG example in Fig. 1, the use of shared
patterns enables the LLM to generate correct responses for all
14,872 questions in the MetaQA benchmark [79], improving the
accuracy by 2.80x. In contrast, only using separate patterns in
isolation failed to provide correct responses for 11,897 questions.

In particular, question #53 requires multi-hop paths in the KG to
first query the writer of Alila, i.e., Amos Gitai, and then retrieve
other movies that are directed or written by him. Since the label of
edges in the KG may be different than that specified in single pat-
terns, for instance, written_by and has_writer are different labels
but semantically equivalent. Shared patterns can leverage seman-
tic similarity to evaluate a set of overlapping patterns (that only
differ in the edge label) simultaneously. As a result, when using
separate patterns, LLM reports “I apologize, but I don’t think
we discussed a movie called Alila or its scriptwriter”.

Although such enhancement can also be achieved by evaluating
bespoke patterns first, buffering the matches, and aggregating them,
the processing latency becomes unacceptable. In our experiments,
it takes 23 seconds (the shared pattern is finished in 1,079 ms).

Similar quality enhancements are reported in industrial-scale use
cases. Amazon employs GraphRAG to improve response accuracy
by 35% in financial reports and vaccine documents [9]. Neo4j lever-
ages GraphRAG to monitor and optimize supply chain management
for a leading global automotive manufacturer [10, 43].

2.3 Challenges and the Design Space for
Best-Effort Processing on Shared Patterns

2.3.1 Challenges. The evaluation of common pattern matching
presents the challenge of exponential computational complexity.
Zhang et al. [77] have proved exponential complexity in CEP pat-
terns with Kleene closure operators. In the same vein, Huang et
al. [23] showed that MATCH_RECOGNIZE presents exponential runtime
complexity with Kleene closure. Previous work [30, 38, 47] has
proven that the evaluation of a regular path query is NP-hard.
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Therefore, pattern-matching systems turn to best-effort processing
to maximize the result quality, i.e., the number of complete matches,
while satisfying a latency bound.

Existing best-effort approaches fall short in exploiting the op-
timization space of shared states across a set of patterns. In par-
ticular, they discard selected input data [12, 63, 64, 81] or partial
matches [61, 80, 81] to reduce processing latency; however, they
fail to capture the interactions and inferences of shared partial
matches between shared patterns. As a result, existing best-effort
mechanisms cannot keep high quality within tight latency bounds.

Figure 1d highlights such limitations. At the 300 ms latency
bound, input-based approaches achieve the accuracy of 56% (DARLING
[12]). While the hybrid approach achieves 53% (AthenaCEP [81]).
Their low accuracy performance is due to the focus on optimizing
a single pattern. pSPICE [61], hSPICE [63] and gSPICE [64] indeed
consider a CEP operator in multiple pattern queries in which each
query is assigned a weight in advance. Yet, they do not consider the
interaction and interference of shared patterns. Instead, they calcu-
late the utility of events to discard with respect to separate patterns
in isolation, by multiplying the pattern’s predefined weight. As a
result, hSPICE and gSPICE only achieve 53% and 60% accuracy.

2.3.2  Design Space. We explore the design space of best effort pat-
tern matching with shared state. The fundamental problem is that
the state of pattern matching, i.e., partial matches, has very different
impact on the result quality and performance in three dimensions:

(1) For bespoke patterns, partial matches contribute differently in
constructing complete matches while consuming various computa-
tional resources (i.e., increase the processing latency). For instance,
some partial matches generate more partial matches (longer sub-
patterns) and consume lots of CPU cycles and memory footprint,
but will not lead to complete matches due to the selection of query
predicates. Fig. 2b illustrates this dimension. For pattern Py, par-
tial match PM, (in state (AC)’s buffer) contributes two complete
matches, CM; and CM; (in state (ACC)’s buffer). In contrast, PMs
has already consumed computational effort i.e., state transitions till
(AC)’s buffer, but does not generate any complete matches.

(2) An individual partial match may have varying impacts on
multiple shared patterns: it may generate more complete matches
for certain patterns than others in the same set of shared patterns.
As demonstrated in Fig. 2b, PM, generates two complete matches,
CM; and CM, for P,, but only one complete match, CM; for Ps.
Similarly, PM, generates two complete matches, CM, and CMs for
P3, but none for P. In addition, patterns may have various weight-
s/utilities/priorities defined by user applications, which further
complicates the impact of a single partial match on the final results.

(3) The impact between partial matches and shared patterns
changes dynamically due to concept drift in payload value distribu-
tion, especially in data streams. This means that pattern matching
engines and optimization techniques shall adapt to such dynamics.
For instance, in Fig. 2b, at time point #;, both state (AC) and (AB)
have two PMs and (ACC) has two complete matches while (ACE) has
one. That is equal resource consumption for PMs in (AC) and (AB),
but PMs contribute more to P, than P3. However, when processing
new data elements in Dy, at t;, one more PM is generated at (AC)
while two more complete matches are generated at (ACE). Now,
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Fig. 3: System architecture of SHARP (the exmaple execution plan is identical to Fig. 2)

Algorithm 1: SHARP workflow

Input: Input data dj1; and sequence prefix S(.. . k), execution
plan G, patterns P, complete matches CM(k) and partial
matches PM(k).

Output: A subset of partial matches PM’ (k) to be processed.

1 C=PSD(G,P); // Assess Pattern-Sharing Degree (Alg.2)
2 Q = Cost(CM(k),P,PM(k)) ; // Calculate cost model (Alg.3)
3 C.Partial_Order(Q);

// Scan input data and perform state reduction

// Compute state partial order (Alg.4)

4 while dy.; arrives do

5 if VP; €P, Hli,k+l =>L;;

6 then PM’ (k)=Select(C, {Pi};;, >L;) 5
of state for pattern matching (Alg.5)

// Trigger state reduction
// Select a subset

// Incrementally update PSD indexing and the cost model
7 while a new match p’ arrives do C.insert(p’), Q.update(p’);

8 return PM’ (k);

PMs in (AC) consume more computational resources than those in
(AB) while PMs contribute more to Ps.

3 RESEARCH PROBLEM FORMULATION

In this paper, we design a state reduction mechanism that selects
a subset of partial matches to process for shared patterns. The goal
is to maximize results quality while satisfying bespoke latency
bounds for all patterns. We denote CMp, (j) and My, () as the com-
plete matches without and with state reduction. Then, 6p, (k) =
Yi<ji<k [CMp, (j)\CM},i (j)| is the recall loss for pattern P;. We formu-
late the state reduction as a multi-objective optimization problem:

ProBLEM 1. Given a prefix sequence S(... k), an execution plan
G, partial matches PM(k), and the latency bounds L; for each pat-
tern P; € P, the state reduction problem for the best-effort pattern
matching is to select a subset PM’ (k) < PM(k), such that the recall
loss 8p, (k) is minimized for all P; € P, respecting the latency bounds
for all patterns, Latency(P;) < L;.

4 SHARP DESIGN

SHARP’s goal is to realize the state reduction for best-effort pro-
cessing in shared patterns. Its design is based on the analysis of
the corresponding challenges and the design space to optimize the
interactions and inferences of the shared state (§2.3). To this end,
SHARP designs a new abstraction to capture the interactions and
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inferences of the shared state, and maintains a cost model to select
partial matches for further processing to satisfy the latency bounds.

Fig. 3 illustrates the architecture of SHARP, while Alg.1 explains
its workflow. First, SHARP uses a new abstraction of @ Pattern-
Sharing Degree (PSD) to capture state sharing schemes across sev-
eral patterns (line 1 in Alg.1). To efficiently manage the dynamically
changing state, SHARP builds a bitmap-based indexing mechanism
for PSD to cluster partial matches for fast lookup and updates.

It then employs a @ cost model to efficiently and effectively ac-
cess partial matches’ contribution to the final complete matches
and their computational overhead (line 2 in Alg.1). The cost model
ensures that SHARP always selects the most promising subset of
partial matches to process (line 3 in Alg.1), i.e., state reduction.

SHARP monitors the processing latency for patterns, upon exceed-
ing a latency bound (i.e., we call this overload), @ the state reduction
trigger generates an overload label encoded in a bitmap (line 5 in
Alg.1). After this, SHARP’s @ state selector uses this overload label
and the PSD-based indexing to instantly locate state buffers that
are related to violated latency bounds, and select a subset of partial
matches to proceed with pattern matching (line 6 in Alg.1). Lastly,
SHARP incrementally updates the PSD and the cost model (line 7 in
Alg.1). SHARP repeats the above steps until the processing latency
is below the latency bound.

Next, we explain the details of the pattern-sharing degree (§ 4.1),
the cost model (§ 4.2), and optimizations of the state selector (§ 4.3).

4.1 Pattern-Sharing Degree

The pattern-sharing degree (PSD) is SHARP’s abstraction to capture
how different patterns share the state through overlapping sub-
patterns. We design PSD to be expressive enough to cover the full
space of pattern-sharing schemes. For n patterns the number of all
possible sharing combinations is 2" and SHARP’s PSD uses an n-bit
vector to systematically encode the entire space of sharing schemes.

ExampLE 1. Fig. 3a shows the space of sharing schemes for pat-
terns, Py, P, and P3: eight possible combinations in different colors.
SHARP uses three bits to encode this space: [111] denotes the state
shared by all patterns (i.e., sharing degree of three), while [011]
denotes those only shared by P, and P3 (i.e., sharing degree of two).

Note that SHARP takes an input execution plan for shared pat-
terns. For a specific execution plan, the number of sharing schemes
is already determined. The upper bound is linear—the sum of all
pattern lengths (i.e., no sharing at all). Fig. 3b shows the execution



Algorithm 2: Pattern-sharing degree (PSD) assessment

Input: Evaluation Plan G, patterns P and partial matches PM (k).
Output: PSD-indexed partial match clusters C.
for P; € P do PSD(P;) « 2"~ 1=, // VP;, set the i’ bit to 1
// PSD Assessment through Depth-First Traversal of G
for P; € P and there is a reachable state SP in G do

| PSD(SP) <~ PSD(SP) v PSD(P;);  // Update the PSD of SP
// PSD-based Indexing
4 C <« Clustering sub-patterns with the same PSD;
VC(b') e C,C(b') = {p € PM(k)|PSD(p) = b'};
return C;

-

w N

=

o

plan with six states. Two of them contain shared states, i.e., P, Py
and Ps3 share (A), while P and P3 share (AC).

To address the design space (see §2.3) of state reduction for
shared patterns, we design SHARP’s PSD to (i) incorporate how
each partial match is shared across different patterns, (ii) efficiently
retrieve all partial matches for bespoke shared patterns—based
on corresponding sharing schemes, and (iii) efficiently adapt to
dynamic changes between partial matches and shared patterns.

To this end, we build bitmap structures to represent the sharing
degree of each sub-pattern. This structure enables CPU bitwise
instructions to efficiently manage PSD—reducing the system over-
head of PSD. For a pattern P;, the bitmap for each sub-pattern SP
(and each PM p in SP) is an n-bit array PSD(SP) (and PSD(p)), where
the i-th bit is set to 1 if SP is a sub-pattern of P;, and 0 otherwise.

Algorithm 2 shows the process to construct PSD as follows:
First, SHARP assigns each pattern P; an initial bitmap PSD(P;) =
2"~i=1 where only the i-th bit is 1 (line 1). SHARP then traverses
the execution plan G in a depth-first manner to search all sub-
patterns of each P; (line 2). If there exists reachable state SP in G,
SP is shared by P;. SHARP computes the bitmap for each sub-pattern
SP, PSD(SP) = \/ gpresp.succ PSD(SP’). That is applying a bitwise OR
operator across the bitmaps of its successor sub-patterns.

After constructing the PSD for the execution plan G, SHARP
organizes partial matches with the same bitmap b’ into a cluster
C(b') = {p € PM(k)|PSD(p) = '} (lines 4-5). Whenever a new partial
match is generated, SHARP indexes it to the corresponding cluster.
Due to the efficiency of bitwise operating instructions, PSD indexing
locates the partial matches via a bitmap in O(1) time complexity.
Here, the number of clusters is bounded by the number of states (i.e.,
nodes) in the execution plan G. We illustrated the above process of
PSD assessment (Alg. 2) with the following example.

ExAMmPLE 2. For the execution plan in Fig. 3b SHARP (line 1) as-
signs each pattern an initial bitmap: PSD(P;)=[100], PSD(P,)=[010],
and PSD(P;)=[001]. SHARP then (line 2) computes the bitmap for
each sub-pattern by performing OR across the bitmaps of its succes-
sor sub-patterns: PSD(AB)=PSD(P; ), PSD(AC)=PSD(P,) v PSD(P;)=[010]
v[0011=[011], PSD(A)=PSD(AC) v PSD(AB)=[100] v [@11]=[111]. Finally
(lines 4-5), SHARP groups partial matches into clusters C([100]),
C([011]), and C([111]) based on their bitmaps.

4.2 Cost Model

The goal of the cost model is to assess (i) how “promising” a partial
match is for the shared patterns—the number of complete matches
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it can contribute and (ii) how “expensive” a partial match is for its
entire lifespan—the computational overhead (resource consump-
tion) it incurred. In addition, (iii) the cost model calculation must be
lightweight. Because the latency bounds have already been violated,
the cost model shall not introduce extra overhead in the first place.

4.2.1 Definition of the Cost Model. For a partial match p € PM(k),
the cost model accesses its contribution to the final results of
shared patterns and the computational overhead for final and in-
termediate results during pattern matching.

Contribution. A partial match p may result in complete matches
for multiple shared patterns. SHARP captures p’s contribution to
pattern P; as the number of complete matches that are generated
by p. We define the contribution of p up to a time point k’ as

, 1)

where CMp, (k') is the complete matches of pattern P; over S(...k").
We define the contribution of p to all patterns in P as a vector

Bp (p) = [AF, ()., (0)]

Overhead. SHARP considers a partial match p’s computational
overhead as the resource consumption caused by p itself and all
its derived partial matches and complete matches in the future.
In addition, partial matches in different states consume different
computational resources (i.e., CPU cycles and memory footprint)
due to predicates’ complexity and the size of the partial match
itself (i.e., the length of a sub-pattern). We capture this through a
function ©(p) — r, r € N that maps p’s computational overhead
to a real number. Users can materialize © based on their specific
applications. The computational overhead of p to pattern P; is

— _ !
APi (p) = Zp’EUPMPi (k") A p generates p’ e(p"). @
PMp, (k') is the set of partial matches of P; over S(...k"). We define
the computational overhead of p to all patterns in P as a vector

Ro (p) = [A5, (). Ap, ()]

ExampLE 3. For the partial match PM, in Fig. 3 @, its contribu-
tion and overhead to P;, P,, P; at time t; are: 5;' (PMy) = [0,2,1]
and Ap (PM,) = [0,3,2], as it generates two complete matches (CM;,
CM;) for P, and one (CMs) for Ps, while generating three (PMy, CM;,
CM;) and two (PMs, CM3) partial/complete matches for P, and Ps,
respectively. (Here, for simplicity, we assume @(p) = 1.)

A;i(p) = |{p’ € Mp,(K")|p generates p'}

4.2.2  Efficient Estimation of the Cost Model. The materialization of

the cost model, 5;_ and 5; , requires future statistics (e.g., the num-
ber of generated partial matches in runtime), which can only be com-
puted in retrospect. To address this issue, SHARP designs an efficient
estimation for the cost model based on historical statistics of pat-
tern matching. That is, the number of partial and complete matches
generated by each partial match in the previous time window or
time slice [81]. The rationale is that the fresh history of runtime
statistics may predict the counterparts in the near future [29, 81].
SHARP maintains a historical data sketch for each state buffer in
the execution plan to efficiently monitor and estimate the number
of future complete and partial matches generated per partial match.
The sketch contains multiple entries, each summarizing the number
of partial matches with the same attribute values. SHARP represents
each entry as a vector [attr,cny,...,cn,, pn,...,pn,| where attr
is the attribute key value. SHARP uses a hash function to derive



Algorithm 3: Cost model estimation

Algorithm 4: Cost model-based partial order of state

Input: Patterns P and partial matches PM(k).

Output: The contribution A;,'i (p) and the computational overhead
Ap, (p) of each p € PM(k) to all patterns P; € P.

// Incremental Update of the Historical Data Sketch

if a newly generated match p’ arrives then
// Update the complete/partial match counting

-

2 for p that generates p’ do

3 attr = hash(p); // Get the attribute key
4 if p’ is a complete match then Sketch[attr].cn;++;

5 if p’ is a partial match then Sketch[attr].pn;++;

// Look-up contribution and computational overhead
¢ while evaluating p € PM(k) do

7 attr = hash(p); // Get the attribute key
8 VP; € P, A;,'i (p) = Sketch[attr].cn; ;
o | VPiePAL (p) = Sketch[attr].pn; x ©(p) ;

// Contribution

// Overhead

10 return [A}ri (P)]psep, peruir): [Ap, (P))]p;ep, pepy();

the attribute key of p, i.e., attr = hash(p). pn; and cn; denote the
number of partial and complete matches of pattern P; generated
from all partial matches associated with artr. PM, in Example 3 is
hashed to attry: [attry, cni=0, cny=2, cn3=1, pn1=0, pny=3, pny=2].

For efficiency, SHARP incrementally updates the historical data
sketch, as illustrated in Alg.3, lines 1-5. When a new match p’ of
pattern P; is generated, SHARP updates the corresponding entries
based on the hashed attribute key. Specifically, (i) if p’ is a complete
match, SHARP updates the counter cn;=cn; + 1, and (ii) if p' is a
partial match, it increases the partial match counter pn; = pn; + 1.
For instance, in Fig. 3 @, when PM; is created at t;, a new entry
attry is constructed: [attrz, cni=0, cn2=0, cn3=2, pni=0, pna= 1, pny=3).
cn; and pn; are updated accordingly.

SHARP incrementally updates the historical data sketches: new
matches refresh statistics while stale estimations fade—either via
a sliding time window (e.g., CEP) or updated statistics by newer
observations (e.g., GraphRAG). This design enables lightweight
maintenance of data sketches and adaptiveness to concept drifts.

SHARP estimates the cost model using the updated historical data
sketch (Alg. 3, lines 6-9). For a partial match p, SHARP first hashes
the attribute key, i.e., attr = hash(p), and then looks up the histori-
cal data sketch to locate the entry [attr,cny,...,cn,, pny, ..., pny].
The contribution and computational overhead of p to pattern P;
are estimated as A;r,i =cn; and A, = pn; x O(p).

The design of the historical data sketch enables the estimation
and lookup in O(1) time complexity. In practice, users may also
customize the hash function (e.g., based on application-specific
value distribution) to avoid hash collisions for the efficacy of the
cost model estimation.

4.2.3  Partial Order of Partial Matches. To facilitate efficient state
reduction in §4.3, SHARP organizes partial matches in a partial
order based on the cost model. This allows SHARP to efficiently and
approximately select partial matches for state reduction (see §4.3.2)

The partial order must consider that a partial match may con-
tribute differently to multiple shared patterns. In Fig. 3 @, PM,
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Input: Two partial matches p and p’, and their contributions,
A;j (p) and A;j (p'), to all patterns P; € P.

Output: The partial order between p and p’.

if VP; € P, A; (p) > A; (p’) then return p > p';

elseif ), A;; (p) > A;r_ (p') then return p > p';

else return p < p';

[

N

w

contributes to P, and P3 with contributions [cn;=0, cny=2, cn3=1]. In
contrast, PMs only contributes to P3 with [cn;=0, cny=0, cns=2].

Algorithm 4 outlines how SHARP computes such a partial or-
der. First (line 1), SHARP compares the contribution of two partial
matches, p and p’, on each pattern P;. If VP; € P, A;;i (p) > A;,'i ("),
p is better than p’. If that does not hold (line 2), SHARP compares
the total contribution of p and p’. If 3, A;i (p) >3 A;;l_(p’), pis
better than p’. Otherwise (line 3), p is worse than p’.

ExampLE 4. For PM, and PM; in Fig. 3 @, since PMy.cny > PMs.cna
and PM,.cns < PM;g.cns, SHARP cannot determine their order in line
1 of Alg. 4. SHARP then compares their total contributions (line 2).
The total contribution of PM, is PM,.cnz + PM,.cns = 3, which is
greater than that of PMg, i.e., PMs.cn3 = 2. Thus, PMy > PM,.

For efficient implementation of the partial order, SHARP main-
tains partial matches in a max-heap structure [73] for state buffers.
It is constructed during the initialization of PSD. Updating the max-
heap is sublinear time complexity [73], which is negligible com-
pared to the overhead of the evaluation of pattern matching itself.

4.3 State Selector

SHARP’s state selector carefully chooses a subset of partial matches to
process, when the state reduction trigger is activated by overloading,
i.e., processing latency exceeds the pre-defined bound (e.g., SLO).

4.3.1 Problem Formulation. We formulate the partial match selec-
tion as a multi-objective optimization problem to decide what and
how many partial matches to select, based on SHARP’s cost model.

The goal is to select a set of partial matches p € PM’ (k) with the
highest total contribution. That is to maximize 3} ,cpy: iy 3; (p) =
[AJ,.---. Af, ] At the same time, for each pattern P;, the processing
latency incurred by PM’ (k), Latency (P;), must be below the latency
bound LatencyBound;.

Note that the processing latency Latency(P;) is caused by the
computational overhead of partial matches, Ap,- Reducing the over-
head results in lower latency. This means that the latency bound
indicates the upper-bound capacity of computational overhead that

is allowed in pattern matching. Based thereon, PM’ (k)’s total com-
LatencyBound; AT
Latency(P;) ~P;°
Therefore, we formulate the state selection in shared patterns as
the following multi-objective optimization problem.

putational overhead must be below

AT ) = 1At +
max ZpePM’(k) Ap (p) = [APl’ . "APH] (3)
. — LatencyBound; , —
. < S T .
s-t ZPEPM'(k) PSD(p)i] Ap, (p) < Latency(P;) APi’VPl P

PSD (p)[i] represents the pattern sharing degree: if p is shared by
P;, PSD (p)[i]>1, indicting that p’s computational overhead should



Algorithm 5: State selection

Input: Overload label bor, PSD-indexed partial match clusters C.
Output: A set of partial matches PM' (k) to be processed.
// Select partial matches related to non-overloaded patterns

/! .
PM (k) <= Upsp’: psp (bitmap indexy aND bop—0 C(PSD’);
// Select partial matches related to overloaded patterns

-

2 while the count constraint in Eq. (3) is holding do
// Select the highest quality PM based on the PSD

PSD = max{PSD: PSD (bitmap index) AND bor # 0};
p = C(PSD).pop(), PM' (k) < PM'(k) L {p};
return PM' (k);

w

-

a

be counted under P;. The objective function, 3. ,cpy: iy E;— (p), is
a vector of contributions for patterns in P, with various or even
conflicting utilities and therefore, different optimization goals. i.e.,
multi-objective optimization.

The above problem is NP-hard via reduction from the multi-
dimensional multi-objective knapsack problem [15, 34], where each
element corresponds to a partial match and the knapsack capacity
corresponds to the computational overhead. It is impractical to solve
it online in the already overloaded pattern-matching engine with vi-
olated latency bounds. Therefore, we design an efficient implemen-
tation for SHARP’s state selector to approximate the solution (§4.3.2).

4.3.2  Efficient Implementation in SHARP. The design of the state
selector is based on the idea of hierarchical selection. Specifically,
SHARP must (i) first select all partial matches from state buffers that
are not associated with patterns with violated latency bounds using
PSD (i.e., not causing overload), (ii) efficiently locate the affected
state buffers and retrieve the partial matches using PSD, and (iii)
efficiently select the partial matches from affected buffers based on
both PSD and the partial order of the cost model.

To achieve (i) and (ii), SHARP employs the bitmap-based overload
label in the state reduction trigger (§4, Fig. 3 @) to connect PSD’s
bitmap index to instantly locate the unaffected state buffers (i.e., not
related to latency violation) while retrieving partial matches from
the affected buffers. Specifically, we define the overload label b as
an n-bit array (i.e., bitmap). Whenever a pattern P; € P violates its la-
tency bound, SHARP’s state reduction trigger sets bor’s i-th bit to 1.

The overload label and PSD bitmap index are both n-bitmaps.
SHARP performs the bitwise AND between the overload label and the
PSD index to locate unaffected state buffers (i.e., the result is a zero
bitmap). This is because the i-th bit in PSD index means if the state
is shared by the i-th pattern P;. The state selector then selects all
partial matches in unaffected state buffers without computing Eq. (3)
(see Alg. 5, line 1). SHARP then locates the affected state buffers in
constant time, based on non-zero results from the AND operation.

To realize (iii), select partial matches in affected state buffers,
SHARP uses a greedy approach (Alg. 5, line 3) based on the partial
order of the cost model and the PSD of partial matches. In particular,
SHARP selects partial matches in the order of PSD values. A larger
PSD value means the state is shared by more patterns and conveys
a larger contribution value.

Within a state buffer (Alg. 5, line 4), SHARP greedily selects partial
matches based on the partial order of the cost model. That is, SHARP
always prioritizes the selection of partial matches with the highest
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contribution value, until reaching the upper bounds of the overhead
capacity of partial matches (defined in Eq.3), resulting in the linear
complexity (compared to the NP-hard in Eq.3). In addition, such
selection is performed at the attribute cluster level, instead of the PM
instance level, which significantly further reduces the search space.

ExaMPLE 5. When P, and P3 violate their latency bounds, SHARP
sets the overload label bo; =[011] (see Fig. 3 @) and uses PSD in-
dexing to identify affected states via AND. (AB) is unaffected since
it is not shared by P, and P3: PSD(AB) AND bor =[100] AND [011]
=[000]. In contrast, (AC) and (A) are affected as both patterns share
them. Thus, SHARP first selects partial matches in (AB), then in (AC)
and (A). Between (AC) and (A), it prioritizes (A) due to higher PSD
(C1111 vs [@111]). For efficiency, SHARP approximately selects partial
matches per buffer using the partial order (e.g., selects PM, over
PM;s in Example 4) until reaching the overhead bound in Eq. (3).

The state selector is lightweight. In (i) and (ii), the PSD-based
index enables O(1) time to locate state buffers and retrieve par-
tial matches. In (iii), the partial order enables O(n) search time in
the number of clusters within a single state buffer—significantly
small n in practice. Furthermore, this searching overhead can be
hidden, since scanning partial matches is inherently the core pro-
cessing of pattern matching—overlapping the searching at dy and
pattern match evaluation at di ;. As a result, the state selector
only introduces negligible incremental system overhead.

5 EVALUATION

We have evaluated the effectiveness and efficiency of SHARP in
various scenarios. After outlining the experimental setup in §5.1,
our experimental evaluation answers the following questions:

(1) What are the overall effectiveness and efficiency of SHARP? (§5.2)
(2) How sensitive is SHARP to pattern properties, including pattern
selectivity, pattern length, and the time window? (§5.3)

(3) How does SHARP adapt to concept drifts of input data? (§5.4)
(4) How do resource constraints impact SHARP? (§5.5)

(5) How does SHARP adapt to complex pattern interactions? (§5.6)
(6) What is the scalability performance of SHARP? (§5.7)

(7) SuARP’ performance compared to SOTA GraphRAG systems.(§5.8)
(8) SHARP’s state selection compared to the optimal solution. (§5.9)
We also evaluated SHARP’s performance and robustness under dif-
ferent pattern sharing schemes and selection/consumption policies.
Due to limited space, we report details in a technical report [76].

5.1 Experimental Setup

Our experiments have the following setup:

Testbeds. We conduct experiments on two clusters. (1) LUMI su-
percomputer [32]-each node features two AMD EPYC 7763 CPUs
(128 cores) and 512 GB RAM, running SUSE Linux Enterprise Server
15 SP5. (2) A GPU cluster [2]-each node being equipped with four
NVIDIA H100 80GB GPUs, two Intel Xeon Platinum 8468 CPUs (96
cores), and 1.5 TB RAM, running Red Hat Enterprise 9.5.
Baselines. We compare SHARP to six baselines: (1) Random input
(RI) selects input data randomly. (2) Random state (RS) selects par-
tial matches randomly. (3) DARLING [12] selects input data based on
utility and the queue buffer size. (4) AthenaCEP [81] selects the com-
bination of input data and partial matches to process based on its
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Fig. 6: The overall performance of shared MATCH_RECOGNIZE

patterns Ps-P; over Crimes [46] at various latency bounds

Tab. 1: 14,910 patterns evaluated in the experiments

Py SEQ(A a, B+ b[], C c, D d) WHERE SAME [ID] AND SUM(b[il.x) < c.x
Py SEQ(A a, B+ b[], E e, F f)WHERE SAME [ID] AND a.x + SUM(b[il.x) <e.x + f.x
P3 SEQ(A a, Bb, Cc, Dd, Ee, Ff, Gg)

WHERE SAME [ID] AND a.v < b.v AND b.v + c.v < d.v

1

AND 2r -arcsin (sin2 (e'x o d ‘) + cos(d.x)cos(e.x)sin? (e'y 5 d'y>)2 <f.v
Py SEQ(A a, Bb, Cc, Dd, Hh, I i, J3)

WHERE SAME [ID] AND a.v <b.vANDb.v + c.v <d.v

AND - arccos (sin(d.x)sin(h.x) + cos(d.x)cos(h.x)cos(h.y - d.y)) <i.v
Ps SEQ(A a, B b, NEG(C) c, D d) WHERE SAME [ID] AND a.x < b.x
Pg SEQ(A a, B b, NEG(C) c, E e) WHERE SAME [ID]
P; — P3g 32 shared patterns with common predicate operators of sequence, Kleene closure

and negation (due to limited space, please find details in the technical report [76])
P39 —Pig910 14,872 queries in the Meta-QA benchmark [79]

cost model. (5) gSPICE [64] selects input data using a decision-tree-
based black-box model trained on data properties. (6) hSPICE [63]
selects input data using a probabilistic model based on event type,
position, and partial match state.

Datasets. We have evaluated SHARP and baseline approaches using
two synthetic datasets and three real-world datasets:

(1) Synthetic Datasets (DS1 and DS2). (i) DS1 contains tuples con-
sisting of five uniformly-distributed attributes: a categorical type
(U({A,B,C,D,E,F,G,H,1,J]})),anumeric ID (U(1, 10)), and numeric
attributes X (U(—90,90)), Y (U (—180, 180)), and V (U(1,3 x 10%)). (ii)
DS2 has similar settings, i.e., a categorical type (U ({A, B,C, D, E, F})),
a numeric ID (U(1,25)), and one numeric attribute X (2/(1, 100)).
(2) citi_Bike [1] is a publicly available dataset of bike trips in New
York City. We use it for CEP patterns.

(3) Crimes [46] is a public crime record dataset from the City of
Chicago’s Data Portal. We use it for MATCH_RECOGNIZE patterns.

(4) KG-Meta-QA [79] is a knowledge graph that captures structured in-
formation of movies. We use it for path query patterns in GraphRAG.
Patterns. We have evaluated 14,910 patterns, as shown in Tab. 1.
P1-Ps are pattern templates evaluated over synthetic and real-world
data by materializing the schema (e.g., materializing A in P; with

bike_trip). They cover three representative pattern-sharing schemes.

P, and P, share a Kleene closure sub-pattern SEQ(A,B*). P; and Py
share the sub-pattern SEQ(A, B, C,D) with computationally expensive
predicates. Ps and P¢ share a negation pattern SEQ(A,B, —C). P7-Psg
access SHARP's scalability by ranging the number of shared patterns

(a) Accuracy

995

Latency Bound (ms)

(b) Recall (c) Throughput Improvement

Fig. 7: The overall performance of GraphRAG on the Meta-QA benchmark [79]
(P39-P14,910) at different latency bounds

from 2 to 32. Due to limited space, we present their details in a
technical report [76]. P39-P14910 evaluate the patterns in GraphRAG,
taken from the 14,872 patterns in Meta-QA benchmark [79].

Metrics. We measure end-to-end result quality and throughput for
pattern matching under strict latency bounds (wall-clock time). We
set bounds (§5.2) using application SLOs for real-world datasets and
baseline latency (without state reduction) for synthetic datasets.
Result quality is measured by recall: the ratio of complete matches
with state reduction to those without it. We omit accuracy for
CEP and MATCH_RECOGNIZE, since complete matches are always exact
(100% accuracy). For GraphRAG, we evaluate the full pipeline in
Fig. 3 @-0, beyond KG matching. Its recall is the fraction of LLM
responses matching ground truth, and accuracy is the fraction of
correct answers among all generated responses. For throughput, we
report events/tuples per second for CEP and MATCH_RECOGNIZE, and
LLM queries per second (QPS) for GraphRAG.

5.2 Overall Effectiveness and Efficiency

We first investigate the overall performance of SHARP in CEP, MATCH_
RECOGNIZE and GraphRAG using synthetic and real-world datasets.

We execute the shared CEP patterns, P; and P4, over DS1. Fig. 4
demonstrates the results. The latency without state reduction is
1,035 ms. We set the latency bound ranging from 100 ms to 900 ms.
At all latency bounds, SHARP achieves the highest recall value across
all baselines ( Fig. 4a), achieving over 95% at 500-900 ms. The mar-
gin becomes larger at tighter latency bounds. At 100 ms, SHARP
achieves 70% recall, 1.96x, 4.10x, 1.81x%, 4.3x, 5.30%, and 11.25%
higher than AthenaCEP, DARLING, gSPICE, hSPICE, RS and RI.

A similar trend is observed in the real-world Citi_Bike dataset,
where latency bounds (100-500 ms) align with SLOs in bike-sharing
applications. [21, 55]. As shown in Fig. 5a, SHARP outperforms all
baselines, improves the recall by 3.5x (Athena CEP), 4.0 X (DARLING),
2.4 (gSPICE), 2.8 x (hSPICE), 2.8 X (RS) and 7 X (RI).

We attribute SHARP’s high recall to the combination of pattern-
sharing degree (§4.1) and the cost model (§4.2) which capture both
pattern-sharing schemes and the cost of state, i.e., partial matches.
AthenaCEP and DARLING do not consider shared patterns, resulting
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Fig. 8: Impact of selectivity on shared patterns P3-Ps over DS1

in lower recall. Although hSPICE and gSPICE consider multiple pat-
terns, they ignore the interaction and interference among patterns
in shared states, which again leads to lower recall.

We then examine the throughput performance (Fig. 4b and Fig. 5b).

SHARP’s throughput is higher than AthenaCEP (1.8 x ), DARLING (1.69 %),
gSPICE (1.73 %), and hSPICE (2.1 x), but lower than the random ap-

proaches. However, the high throughput of RS and RI comes at

the expense of poor recall (below 20%). Compared to all baselines,

SHARP strikes a better trade-off of recall and throughput.

SHARP’s superior performance stems from the PSD design (§4.1),
the cost model (§4.2) and efficient hierarchical state selection (§4.3).
PSD enables efficient separation of non-latency-violated state and
the priority of pattern share degree in the shared patterns, which sig-
nificantly reduces the search space compared to AthenaCEP, DARLING,
gSPICE, and hSPICE. While the greedy selection in latency-violated
state buffers further reduces and overlaps SHARP’s overhead.

Similar trends are observed in MATCH_RECOGNIZE patterns and the
GraphRAG application. Fig. 6 shows the results of executing shared
MATCH_RECOGNIZE patterns, Ps and Ps, over Crimes [46], ranging the
latency bounds from 10 ms to 90 ms (crime detection requires a
sub-100 ms latency [40, 57]). Here, SHARP outperforms all baselines
in recall (Fig. 6a). At the 10 ms bound, SHARP achieves the recall
of 74% that is 1.2, 2.56 %, 1.85x%, 1.84x, 2.0x, and 3.7 x higher
than AthenaCEP, DARLING, gSPICE, hSPICE, RS and RI. SHARP’s through-
put again falls between that of the existing techniques (AthenaCEP,
DARLING, gSPICE, and hSPICE) and the random approaches (Fig. 6b).

For GraphRAG, SHARP executes the full pipeline in Fig. 1a on
Meta-QA [79]. Across 14,872 LLM queries, the average end-to-end
latency is 1,032 ms, with 635 ms spent on KG pattern matching.
Fig. 7 reports end-to-end results while varying the KG matching la-
tency bound from 100 ms to 500 ms, following IR SLOs [66]. SHARP
achieves the best accuracy and recall: it maintains 100% accuracy at
400 ms/500 ms, and reaches 70% at 200 ms, i.e., 1.27 x —2.1x higher
than AthenaCEP, DARLING, gSPICE, hSPICE, RS, and RI. For recall, the
margin shrinks at tight bounds; at 100 ms, SHARP is comparable
to baselines (Fig. 7b), since few LLM responses cannot cover most
ground truth. Still, SHARP’s selector ensures >80% generated re-
sponses align with ground truth. SHARP matches the throughput of
RS/RI and is 1.41 x higher than other baselines (Fig. 7c), showing
low overhead in complex pipelines.

5.3 Sensitivity Analysis of Pattern Properties

Next, we examine SHARP’s sensitivity and robustness to various
pattern properties, considering selectivity, pattern length, and the
time window size, because these properties affect the size of the
state that changes in runtime. Due to the limited space, we only
report the experimental results of CEP patterns. We provide detailed
results of MATCH_RECOGNIZE patterns in the technical report [76].
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(a) CEP Recall (b) CEP Throughput

Fig. 9: Impact of pattern length on shared patterns P;-P; over DS2

Selectivity. Pattern predicates select data and partial matches. We
control the selectivity by changing the value distribution of V in
Ds1. In particular, we change the distribution of V from 2(0, 1x 10°)
to U(0, 1% 109), which increases the selectivity for P; and Py.

Fig. 8a shows SHARP’s robustness. It keeps a stable recall of 100%
across all selectivity configurations, outperforming baselines. In
contrast, the recall of baselines changes with the selectivity. Specif-
ically, the recall of AthenaCEP and DARLING drops by 10% and 5%.
The increased selectivity results in more partial matches, which
lowers the throughput for all methods (Fig. 8b). However, SHARP’s
throughput is consistently higher than all baselines — 14.1% higher
than the second-best gSPICE. We attribute SHARP’s robustness to
its cost model, which efficiently adapts to changes in selectivity.

Pattern length. We control the pattern length of P; and P, over
DS1, ranging from four to eight by changing the length of the Kleene
closure, B+. Fig. 9 shows that the recall of SHARP is not affected by
pattern length (stable in 100% recall), consistently outperforming
baselines. In contrast, the recall fluctuates by 5.4%, 4.7%, 3.2%, 7.8%,
10.1%, and 9.8% for AthenaCEP, DARLING, gSPICE, hSPICE, RI and RS,
respectively. The increased pattern length leads to lower through-
put due to more generated partial matches. However, SHARP still
outperforms all non-random baselines in throughput, i.e., 25.9%,
28.5%, 23.2%, and 25.2% higher than AthenaCEP, DARLING, gSPICE, and
hSPICE. These results indicate that SHARP is robust to changes in
pattern length, and complex patterns can benefit more from SHARP.

Time window size. We change the size of the sliding time window
of P; and P, over data streams in DS2, ranging from 1k to 16k events.
The slide is one event. Fig. 10a shows that SHARP consistently yields
the highest recall compared to baselines. SHARP’s recall increases
with increasing time window, from 95% to 100%. This is because a
larger time window provides more historical statistics for the cost
model to learn, which allows SHARP to select more promising states.
Regarding throughput, a larger time window increases the size of
the maintained state, resulting in lower throughput for SHARP and
the baselines. However, on average, SHARP’s throughput remains
13.2% higher than the best of the non-random baselines.

5.4 Adaptivity to Concept Drifts

We investigate SHARP’s adaptivity to concept drifts, using P; and P4
over data streams derived from DS1. To control the concept drift, we
change the value distribution of D.V from % (1x10°, 3.5x10°) to
U (1, 2x10°) at the offset of 9k in the event stream. Fig. 11 shows
an abrupt drop of recall (to 18%) immediately after the concept drift.
This is because SHARP’s cost model is no longer accurate due to the
flipped value distribution. However, SHARP can swiftly detect the
drift and quickly update its cost model to improve the recall. After
one time window, SHARP improves the recall back to normal level
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Fig. 11: Adaptivity to concept drifts in shared patterns P;-P4 over DS1

and stabilizes between 95% to 100%. The convergence is slower for
larger time windows due to longer lifespan of stale partial matches.

5.5 Impact on Resource Constraints

We examine how SHARP handles limited memory capacity using
GraphRAG with memory bounds from 90% to 10% of its original
memory footprint. We measure the accuracy and recall. As shown
in Fig. 12, SHARP maintains the highest accuracy across all memory
bounds, achieving 95% accuracy with only 50% memory, that is,
1.52x, 1.31x, 1.28%, 1.60x, 1.33%, 1.83x, and 2.05x higher than
AthenaCEP, DARLING, gSPICE, hSPICE, RS, and RI, respectively. Regard-
ing recall, SHARP outperforms baselines in all memory bounds by
1.5 (AthenaCEP), 1.4 X (DARLING), 1.3 X (gSPICE), 1.6 x (hSPICE), 1.8 X
(RS) and 2.1 (RI). But the recall drops to 40% at 10% memory bound,
because it depends on the statistical efficiency of LLM-generated
responses—a small set cannot cover the majority of ground truth.

5.6 Adaptivity to Complex Pattern Interactions

We investigate SHARP’s adaptivity to complex pattern interactions.
We (i) examine how changing one pattern’s latency bound affects
other shared patterns, and (ii) the impact of varying pattern latency
bounds at opposite directions: increase one and decrease the other.

For (i), we fix P; ’s latency bound at 500 ms while ranging P4’s
from 100 ms to 500 ms, using Citi_Bike datasets. Fig. 13 illustrates
the recall of P; and P4. Here, relaxing P4’s latency bound reduces
P5’s recall (Fig. 13a). The reason is two-fold. First, relaxed bounds
allow P4 to consume more computational resources, leaving less
for Ps. Second, relaxing bounds on P4 also increases the number of
partial matches for P; (shared by P; and P4). SHARP’s PSD and cost
model captures this, resulting in only 14% drops in recall, compared
to AthenaCEP’s 19%, DARLING’S 20%, hSPICE’s 22% and gSPICE’s 26%.

For (ii), we decrease P3’s latency bound from 500 ms to 100 ms,
while increasing P4’s from 100 ms to 500 ms. Fig. 14 shows decreas-
ing recall in P; and increasing recall in P4. Because P3’s tighter la-
tency bounds consume less computational resources, making room
for P,’s increased consumption at relaxed bounds. Again, SHARP’s
PSD and cost model results in superior performance than AthenaCEP
(4.2%), DARLING (6.1, hSPICE (12.5%), and gSPICE (10.2X).
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We examine SHARP’s scalability for shared patterns, ranging the
number of shared patterns from 2 to 32. We use P; —P33 for CEP
and MATCH_RECOGNIZE on DS1 and 32 patterns from Meta-QA [79] for
GraphRAG. Fig. 15 shows the recall and throughput. SHARP consis-
tently achieves the highest recall and throughput with an increasing
number of shared patterns. The throughput is only slightly below
the random baselines. However, poor recall of RS and RI makes
them unusable. Note that increasing shared patterns significantly
increases the number of partial matches by 2 to 16 orders of mag-
nitude, resulting in deteriorated throughput for all approaches.
However, SHARP’ throughput drops slower than other baselines,
presenting stronger scalability, 1.26 x better than gSPICE and 1.25X%,
1.29%, 1.28 x, 1.31 x better than hSPICE, AthenaCEP, and DARLING. We
attribute SHARP’s superior scalability to its PSD-based indexing and
the cost model that captures the state sharing schemes.

Scalability Analysis

5.8 Integration/Comparison with Neo4j-GraphrRAG

We study how SHARP (as a stand-alone state reduction library) im-
proves a leading industrial GraphRAG system, Neo4j-GraphRAG [42].
We integrate SHARP into Neo4j-GraphRAG, coined as Neo4j-GraphRAG
+Sharp (see our technical report [76]), and compare it against four
Neo4j-GraphRAG baselines. We build the pipeline with Qwen3-8B [70]
and evaluate 14,273 3-hop path queries from KG-MetaQA [79].

The baselines are: (i) Neo4j-GraphRAG: default execution without
shared state or reduction. (ii) Neo4j-GraphRAG-Shared: shared state
without reduction. (iii) Neo4j-GraphRAG-RS: random reduction with-
out shared state. (iv) Neo4j-GraphRAG-Shared-RS: shared state with
random reduction.

Fig. 16 reports accuracy, recall, and throughput. Without state
reduction, Neo4j-GraphRAG reaches 100% accuracy and recall but
incurs 1,429 ms latency. Sharing state reduces latency to 242 ms in
Neo4j-GraphRAG-Shared. We also evaluate state reduction under la-
tency bounds 10-100 ms. Neo4j-GraphRAG+Sharp achieves the best ac-
curacy, recall, and throughput. At 100 ms, it reaches 91.2% accuracy
and 90.8% recall: 1.84x, 1.63x above Neo4j-GraphRAG-Shared-RS,
and 4.21x, 5.30x above Neo4;j-GraphRAG-RS. The largest gap is at
40 ms: Neo4j-GraphRAG+Sharp achieves 84.9% accuracy and 87.3% re-
call, versus 28.7%/37.3% for Neo4j-GraphRAG-Shared-RS and 12.3%/
10.8% for Neo4j-GraphRAG-RS. Overall, SHARP helps Neo4j-GraphRAG
meet tighter latency bounds with minimal quality loss.

5.9 Optimality of SHARP’s State Selection

We investigate the performance of SHARP’s cost model in state se-
lection compared to the optimal dynamic programming (DP) oracle.
To this end, we compare SHARP’s state selection to a leading indus-
trial DP solver, Google OR-Tools (CP-SAT) [50], when selecting 10
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to 10° PMs. Fig. 17a and Fig. 17b show the recall and latency. At 102
PMs, SuaRrp achieves 99.3% recall and 70.9 ms latency. In contrast,
CP-SAT keeps 100% recall but with 3.13 x 103 ms latency (44.1x
slower than SHARP). When selecting 10° PMs, SHARP maintains
90.3% recall and 313 ms latency. CP-SAT still keeps 100% recall but
the latency becomes unacceptably high, 3.45 x 10* ms (110 x slower).
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The results show that SHARP’s state selection achieves compara-
ble quality with the theoretically optimal solution at much lower
computational overhead (at least two orders of magnitude faster).
In contrast, the theoretically optimal solution is impractical for
low-latency constraints due to its high computational complexity.

6 RELATED WORK

Multi-pattern sharing optimizations [26, 35, 51-54, 78] reuses
shared sub-patterns to reduce memory. SPASS [54] estimates shar-
ing benefits from intra-/inter-query correlations, while Sharon [53]
and HAMLET [51] support aggregation. MCEP [26], GRETA [52],
and GLORIA [35] enable sharing in K1leene closure. These approaches
complement SHARP by optimizing utilization; SHARP targets best-
effort processing under latency bounds and integrates them.
Load shedding discards data elements or state [12, 16, 22, 61—
63, 69, 81]. Input-based methods [12, 62, 63] drop inputs by esti-
mated result importance, while state-based schemes [61, 80] discard
partial matches via probabilistic utilities. Hybrid shedding [81] com-
bines both with a cost model. Unlike SHARP, these schemes ignore
interactions across patterns via shared state.

GraphRAG [49] improves RAG by retrieving relationships from
knowledge graphs [17, 18, 58, 72]. Neo4j [44] and Memgraph [37]
speed up single-query execution via planning and caching, but lack
state sharing across path queries and best-effort processing under
strict latency bounds. These gaps motivate SHARP state reduction
for GraphRAG systems.

7 CONCLUSIONS

We presented SHARP, a state management library for best-effort
shared pattern matching. It aims to satisfy strict latency bounds
while maximizing result quality. SHARP introduces pattern-sharing
degree (PSD) to capture sharing schemes and cross-pattern inter-
actions, and a cost model to quantify shared-state importance and
overhead. Its state selector chooses state in constant time via PSD
indexing and partially ordered cost models. We comprehensively
evaluated SHARP on real-world CEP, OLAP, and GraphRAG work-
loads against several SOTA baselines.
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