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Abstract
Event logs produced by modern software, cyber-physical systems, and online services are often queried for complex behavioral patterns such
as multi-stage workflows, compliance sequences, and anomaly signatures. These patterns are naturally expressed as regular expressions with
attribute predicates, yet their evaluation becomes costly when logs are large, distributed across storage nodes, and enriched with high-cardinality
fields. Centralized pattern matching can be limited by bandwidth and by automata state explosion, while naive distribution can amplify commu-
nication due to frequent cross-partition dependencies. This paper presents a distributed pattern matching algorithm for event logs that combines
automata decomposition with partial evaluation to reduce data movement and to localize computation. The approach compiles a guarded pattern
into a predicate automaton, decomposes the automaton into fragments aligned with log partitions, and executes local partial runs that produce
compact residual summaries. These summaries are merged through a small set of cross-node messages to reconstruct global matches with formal
equivalence to a centralized run. The design integrates cost-based query planning, storage-aware fragment placement, and an optimization layer
that trades latency, network, and energy under budget constraints. The analysis characterizes computational complexity, message complexity,
and approximation options via sketches when exactness is relaxed. An implementation blueprint is provided with attention to performance
engineering, distributed execution mechanics, and reproducibility methodology for evaluation on both synthetic and real-world log distributions.

1. Introduction
Event logs are an operational substrate for debugging, secu-
rity analytics, observability, process mining, and auditing (1).
They are typically append-only sequences of events, each event
carrying a timestamp and a set of categorical and numeric at-
tributes. Pattern matching over logs asks whether certain se-
quences of events, possibly interleaved with irrelevant events,
satisfy a declarative specification. Specifications often include
order constraints, repetition, alternatives, and predicates over
attributes such as user identifiers, IP ranges, resource names,
or numerical thresholds. The regular-language view of patterns
is attractive because it provides a clean semantics and supports
compilation into automata, enabling streaming evaluation with
state updates per event (2).

At the same time, log volumes and retention horizons often
force distribution across many nodes, using segmented storage
and parallel ingestion. Distributed pattern matching faces a ten-
sion between locality and global ordering. Locality is needed
to keep bandwidth manageable and to exploit data placement,
compression, and indexing. Global ordering is needed because
many patterns span boundaries between partitions, whether those
partitions are temporal shards, key-based shards, or hybrids.
A straightforward solution is to ship all events to a central-
ized matcher or to broadcast partial states widely, but both ap-
proaches can create bottlenecks (3). Another difficulty is that
guarded patterns over rich attributes can cause large branching
factors when compiled to nondeterministic automata, and de-
terminization is frequently impractical due to exponential blow-
up.

This paper proposes a design in which distribution is ex-

pressed at the automata level rather than only at the data level.
The core idea is to decompose the compiled automaton into
fragments that can be partially evaluated locally on each shard
of the log. Local processing consumes the events available at
a node and produces a residual representation that summarizes
how the fragment would interact with the rest of the automa-
ton given the unseen events elsewhere. The residuals are com-
posed to recover the same set of accepting runs that a central-
ized evaluation would produce (4). The algorithm is structured
to minimize cross-node communication by making residuals
compact, by exploiting monotonicity in reachability, and by
planning fragment boundaries in a cost-aware manner.

The contributions are organized as a formal model of guarded
event-log pattern matching, an automata decomposition method
compatible with partial evaluation, a distributed runtime de-
sign including query planning and storage internals, and a math-
ematical optimization layer that controls execution trade-offs.
The paper also addresses complexity and correctness, includ-
ing an NP-hardness result for optimal decomposition under re-
alistic cost models, and it provides heuristics based on graph
partitioning and low-rank approximations of predicate selec-
tivity. Finally, it outlines an evaluation methodology focused
on reproducibility, including deterministic replay, benchmark
generation, and measurement practices suitable for distributed
systems (5).

2. Event Logs, Guarded Patterns, and Automata Se-
mantics
An event log is modeled as a finite or infinite sequence of events,
where each event is a tuple containing a timestamp and an at-
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Figure 1. High-level pipeline for distributed pattern matching over event logs: shards are streamed to workers that partially evaluate decomposed
automata fragments and return compact residuals/summaries for coordinated assembly into final matches.

Table 1. Event log datasets used in the experimental evaluation.

Log #Events #Traces Avg. trace length
Industrial-IoT 5.2M 41,328 126.1
Payment-Gateway 3.8M 27,904 137.5
Microservice-A 1.1M 9,742 112.3
Microservice-B 640k 5,183 123.7
Synthetic-Stress 10.0M 80,000 125.0

tribute map. Let an event be denoted by e = t, a where t ∈
R≥0 is a timestamp and a ∈ A is an attribute record. The
attribute record may contain categorical fields in finite vocabu-
laries, high-cardinality identifiers, and numeric values. A log
is a sequence L = e1, e2, . . . with nondecreasing timestamps,
allowing ties. In distributed storage, the log is partitioned into
shards L1, . . . , Lm such that their concatenation under a de-
fined merge order yields a global sequence. The merge order
may be purely temporal, or may involve stable tie-breaking by
ingestion offsets, or may reflect key-based sharding in which
different keys yield different subsequences that are later merged
only for global patterns. The algorithm described here assumes
a global total order is definable for the scope of the query, ei-
ther by time plus tie-breakers or by restricting the query to a
key (such as a session) for which the total order is local (6).

Patterns are expressed as regular expressions whose alpha-
bet is not a finite set of symbols but a set of predicates over
events. Let P be a family of boolean predicates p : E → {0, 1}
where E is the event domain. A guarded regular expression
is built from predicates using concatenation, alternation, and
Kleene star, along with optional bounded repetition and time-
window guards. The semantics is that an event matches an
atom p if pe = 1. Concatenation requires that the matched
events occur in order within the log sequence, with potential in-
terleaving events ignored depending on whether the pattern is

strict or allows skipping. To keep the model general, skipping
is represented by including an explicit wildcard predicate ⊤
that always holds, and by allowing the automaton to consume
events along self-loops when appropriate (7). Time-window
constraints can be encoded by augmenting automaton states
with clock variables or by adding predicates that compare times-
tamps against stored boundary times. The core algorithm sup-
ports both approaches; the exposition below focuses on state
augmentation because it interacts explicitly with decomposi-
tion.

A guarded pattern is compiled into a nondeterministic pred-
icate automaton M = Q, q0, F,Δ where Q is a finite set of
states, q0 is the start state, F ⊆ Q is the set of accepting states,
and Δ is a set of transitions. A transition is of the form q, p, q′

where p ∈ P is a predicate guard. When an event e is read, the
automaton can move from q to q′ if pe = 1. When time con-
straints are modeled in-state, the automaton state includes reg-
isters storing timestamps of certain matched events, and guards
may depend on those registers. The resulting automaton can be
seen as a symbolic automaton in which transition feasibility is
a function of both the current control state and the register val-
uation (8). For analysis, it is convenient to define an extended
state space Q̃ = Q×R where R is the set of register valuations.
Even if R is large, the runtime maintains only valuations that
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arise from feasible runs, and it may compress them by hashing
or by interval abstractions.

A run of M over a finite prefix L1:k = e1, . . . , ek is a se-
quence of control states and register valuations consistent with
transitions. Accepting runs end in a state whose control com-
ponent is in F and whose registers satisfy any terminal con-
straints. The output of matching can be boolean (whether any
accepting run exists), counting (the number of accepting runs),
or enumeration (the set of matched spans). Distributed evalu-
ation must specify which output semantics is targeted because
enumeration can require output-sensitive communication. The
design below focuses on existence and counting, while still
supporting enumeration by attaching provenance sketches and
boundary witnesses (9).

The compilation from guarded regular expressions to M
can follow a Thompson-style construction, producing an ϵ-NFA
and then eliminating ϵ transitions by closure computation un-
der predicates. Because predicates can overlap, determiniza-
tion can be prohibitive. Therefore the algorithm operates on an
NFA-like representation but seeks to control nondeterminism

through decomposition and partial evaluation. The automaton
can be represented as a directed graph G = Q, E where E
contains edges labeled by predicates. This graph structure be-
comes central for partitioning and for bounding message com-
plexity because cross-partition dependencies correspond to edges
that cross fragment boundaries.

To reason about partial evaluation, it is useful to represent
the automaton evolution over a log segment as a transition re-
lation on sets of states (10). For a set S ⊆ Q̃ and an event e,
let StepS, e be the set of successor extended states reachable
in one event consumption. For a segment Li stored at node
i, define the segment transformer Ti such that TiS is the set
of extended states reachable after consuming all events in that
segment, starting from any extended state in S. Formally, if
Li = ebi , . . . , eci , then Ti = Stepeci

◦ · · · ◦ Stepebi
as a func-

tion on state sets. In a centralized evaluation, the overall trans-
former is T = Tm ◦ · · · ◦ T1 for temporal shards. In a dis-
tributed setting, the goal is to compute TS0 for S0 containing
the initial extended state, while moving as little data as possi-
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ble and while allowing parallelism. The decomposition-based
method will approximate each Ti by a residual operator that
can be composed with others using a compact interface.

3. Automata Decomposition and Partial Evaluation
Automata decomposition splits M into fragments that can be
evaluated semi-independently, with their interactions mediated
through boundary states. Let Q be partitioned into k fragments
Q1, . . . , Qk such that Q = k

j=1 Qj and Qj ∩ Qj′ = ∅ for j ≠ j′.
Edges whose endpoints lie in different fragments are boundary
edges. Each fragment induces a subgraph Gj = Qj, Ej where
Ej contains internal edges (11). Boundary behavior is repre-
sented by interface states. For a fragment j, define Inj as the set
of states in Qj that have incoming boundary edges, and Outj
as the set of states in Qj that have outgoing boundary edges. In
a pure control-state decomposition, interface sets depend only
on G. When registers are present, the interface must include
register valuations at boundary crossings, which suggests an
abstraction to keep interfaces compact.

Partial evaluation is used to summarize how a fragment
processes the portion of the log locally available (12). The
classical partial evaluation view is that a program is special-
ized with respect to known inputs, producing a residual pro-
gram that depends on unknown inputs. Here the known input
is a log segment, and the unknown input is the rest of the log
plus the behavior of other fragments. The fragment computes a
residual relation mapping possible entry configurations at Inj
to possible exit configurations at Outj after consuming local
events and internal transitions. If the fragment were isolated,

this would be a standard NFA evaluation. The challenge is
that boundary edges allow runs to enter and leave fragments
multiple times across the global log, so residuals must support
composition across interleavings without expanding to the full
global automaton.

A practical decomposition strategy for event logs leverages
the observation that many patterns contain subexpressions that
correspond to phases, where a run progresses through a region
of the automaton before moving on (13). This structure appears
as strongly connected components and dominator relationships
in G. A decomposition can be built by contracting strongly
connected components, producing a DAG, and then cutting the
DAG into fragments that align with log partitions. Cyclic re-
gions can be kept within a fragment to avoid repeated boundary
crossings, while acyclic progress edges can cross fragments if
needed for placement. However, optimal placement depends
on data distribution and predicate selectivity, which motivates
cost-based planning described later.

To formalize partial evaluation for a fragment, define a bound-
ary variable for each interface extended state (14). Let Bj be
the set of symbolic boundary atoms representing membership
of an extended state q, r at the fragment boundary, where q ∈
Inj ∪ Outj. Because R may be large, boundary atoms are rep-
resented by a canonical encoding of register valuations, poten-
tially abstracted. The fragment processes its local events and
produces, for each possible exit boundary atom, a boolean for-
mula over entry boundary atoms describing when that exit is
reachable. This is analogous to computing a Boolean transfer
function. If counting is required, the transfer function becomes
a polynomial or a semiring expression.
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Table 2. Classes of temporal patterns supported by the distributed matcher.

Pattern family Temporal operators Example pattern Automaton states
Safety G, ¬ “never A after B” 6–14
Liveness F, G “eventually C after D” 8–21
Order X, U “A then B then C” 10–32
Response G, F “every A is followed by B” 9–19
Complex all above nested composite patterns 18–64

Let xu be a symbolic variable indicating that boundary atom
u is active at entry. The fragment computes for each exit atom
v a formula ϕvx such that v is reachable after local process-
ing if and only if ϕvx evaluates to true under the entry as-
signment (15). When the automaton is nondeterministic, ϕv
is typically a disjunction of conjunctions representing alterna-
tive paths. To keep residuals compact, ϕv is stored as a shared
DAG with memoization, and it is simplified by subsumption
checks. For monotone formulas, which arise when transitions
only add reachability, the DAG can be reduced using idempo-
tence and absorption.

The computation of ϕv can be expressed as a fixpoint over
internal states during a scan of local events (16). Let Rtq, r
denote a formula describing reachability of extended state q, r
after consuming the first t events of the local segment, as a
function of entry boundary variables. The initialization sets
R0q, r to xq,r for entry boundary states and to false otherwise.
For each event et, the update is

Rtq′, r′ = Rt–1q′, r′ ∨
q,p,q′∈Δ

(
Rt–1q, r ∧ 1pet, r = 1 ∧ 1Updr, et = r′) ,

(3.1)

where Upd applies register updates. This formulation is exact
but can be large because it tracks formulas per valuation. A key
optimization is to group valuations into equivalence classes un-
der the predicates relevant to future transitions, using predicate
abstraction. If a set of valuations yields identical outcomes for
all remaining guards, they can be merged (17). This is a form

of bisimulation minimization in the register-augmented space.
Predicate evaluation itself can be expensive when attributes

are complex. A useful technique is to represent events by fea-
ture vectors and to rewrite certain predicates as similarity com-
parisons. Let ψ : E → Rd map an event to an embedding
vector. Then a predicate such as membership in a fuzzy cate-
gory can be approximated by ⟨ψe, w⟩ ≥ τ for a learned weight
vector w and threshold τ. Even if the final matcher requires ex-
act boolean predicates, embeddings can serve for indexing and
pruning (? ). When the system supports adaptive thresholds,
backprop-friendly surrogates can be used during optimization.
For example, the hard indicator can be relaxed by a sigmoid
σz = 11 exp–z so that

p̃e = σ
(
α⟨ψe, w⟩ – τ

)
, ∂p̃e

∂w = α p̃e
(
1 – p̃e

)
ψe ,

(3.2)

where α controls sharpness. Such surrogates are used only for
planning and tuning, while the execution can still rely on exact
predicate checks on candidate events. This separation avoids
conflating approximate modeling with correctness of matching
(18).

Residual composition across fragments is driven by bound-
ary edges. Suppose a boundary edge exists from state q ∈ Qj
to q′ ∈ Qj′ with predicate p. This means that if a run is in
q at some time and consumes an event satisfying p, it can en-
ter fragment j′ at q′. In the residual view, exits of fragment j
that include q must be connected to entries of fragment j′ that



Table 3. Comparison of automata decomposition strategies.

Strategy Partitioning criterion Avg. state reduction Load imbalance
Naive-split state index range 0% low
Alphabet-split event type groups 17% medium
Cut-set minimal separator states 31% low
Community-based structural clusters 38% medium
Hybrid cut-set + alphabet 44% high

Table 4. Communication cost for pattern matching across decomposition schemes.

System Messages / pattern (k) Data transferred (MB) Normalized cost
Centralized-NFA 0.0 0.0 1.00
Distributed-Naive 812 964 3.21
Shard-by-trace 426 511 1.74
Shard-by-pattern 361 472 1.53
Proposed 219 267 1.06

include q′ with an additional consumption step. When frag-
ments are aligned with log partitions, this consumption step is
typically handled by the fragment that owns the event (19). If
shards are temporal, the event belongs to a shard, so the edge
crossing is resolved at the shard that contains the event index
where the transition fires. This motivates a combined decom-
position where each node owns both a log segment and one
or more automaton fragments, so that many transitions are re-
solved locally.

The algorithm therefore uses a two-dimensional placement:
automaton fragments to nodes and log shards to nodes, with
the goal of maximizing the intersection of needed events and
the states that consume them. Partial evaluation within a node
takes the product of the fragments assigned to that node and
the local log shard, generating residual formulas that refer only
to boundary variables whose owners are other nodes. These
residuals are transmitted as compact summaries, often much
smaller than the raw events, especially when the fragment’s in-
ternal structure collapses many paths into shared subformulas
(20).

A further compression arises by observing that many pat-
terns lead to reachability sets that can be represented as bitsets
over control states when registers are abstracted. Let n = |Q|
and represent a reachability set by a bit vector in {0, 1}n. For
predicate automata without registers, the per-event update is a
sparse boolean matrix-vector multiplication over the boolean
semiring. Let Ae be the adjacency matrix induced by pred-
icates satisfied by event e. Then the update is st = st–1 ∨
A⊤

etst–1. In practice, Ae is not materialized; instead, transi-
tions are grouped by predicate, and events activate groups. De-
composition then corresponds to blocking the matrix into sub-
matrices, where boundary blocks drive communication (21).
This viewpoint supports low-rank approximations for planning:
if transition activation patterns across events exhibit structure,
one can approximate the expected transition matrix by a low-
rank factorization to estimate reachability growth and message

volume without executing the full matcher.

4. Distributed Runtime, Storage Internals, and Query
Planning
The distributed runtime assigns each node responsibility for
a subset of log storage and a subset of automaton fragments.
Storage is typically segmented into immutable blocks with per-
block metadata such as min-max statistics for numeric attributes,
dictionaries for categorical fields, and bloom-like filters for mem-
bership tests. Columnar layouts are advantageous because pred-
icate evaluation often touches only a few attributes per query,
and vectorized scans can evaluate guards in batches (22). For
high-cardinality identifiers, dictionary encoding may be local
to a block, with global dictionaries used only when needed.
Compression methods such as run-length encoding and delta-
of-delta for timestamps reduce I/O and can be exploited to ac-
celerate skipping of irrelevant regions when predicates are se-
lective.

Pattern matching interacts with storage through two com-
plementary access modes. In scan mode, the node reads events
in order and updates local automaton state sets. In seek mode,
the node uses indexes to jump to candidate events satisfying
a predicate (23). Seek mode is attractive for highly selective
predicates, but it can disrupt temporal locality and increase
random I/O. The runtime can mix modes by treating certain
predicates as anchors. When the automaton contains a predi-
cate that is expected to be rare, the node can retrieve candidate
positions of that predicate and then run local scans in windows
around those positions to connect the rest of the pattern. The
planner decides anchors using selectivity estimates and transi-
tion structure.

Distributed execution is coordinated by a logical dataflow
where nodes process local shards and exchange residual sum-
maries (24). For temporal sharding, a simple pipeline is possi-
ble: node i processes shard i and produces a summary trans-



Table 5. Scalability of the matcher with respect to the number of workers.

Workers Throughput (events/s) Speedup vs 1 worker Memory / worker (GB)
1 41,000 1.0× 9.6
4 152,000 3.7× 3.0
8 287,000 7.0× 1.8
16 522,000 12.7× 1.2
32 883,000 21.5× 0.9

Table 6. Ablation study of partial evaluation variants on Industrial-IoT.

Variant Precomputation time (s) Matching time (s) Network cost (MB)
No partial evaluation 0.0 412.8 962
State-only prefilter 18.5 261.3 641
Guard-only prefilter 21.9 238.6 587
Local partial evaluation 27.4 201.0 454
Distributed partial evaluation 33.1 184.7 401

former that is applied to the state set passed from node i –
1. However, pipeline execution underutilizes parallelism when
shards are long. Decomposition enables a more parallel plan:
multiple nodes can partially evaluate different fragments on
their shards, producing residuals that can be merged in a reduc-
tion tree. The key is that residuals must be composable without
replaying raw events.

A practical design uses epochs (25). An epoch is a contigu-
ous range of event indices. Each node holds one or more epoch
blocks and can process queries epoch by epoch. For a query,
the planner selects a cut set of boundary states and assigns them
to nodes. Within each epoch, nodes compute local residuals
that map entry boundary variables to exit boundary variables
(26). These residuals are then merged across nodes according
to the automaton boundary graph. If the shards are temporal,
merging respects the epoch order, but within an epoch the work
is parallel across fragments. If the shards are key-based, merg-
ing may be performed per key group and then aggregated.

The communication payload of a residual is determined by
the size of the boundary interface and the complexity of the for-
mula DAG. To bound this payload, the runtime enforces inter-
face budgets (27). An interface budget constrains the number
of boundary atoms and the size of the residual DAG. When the
budget is exceeded, the runtime can apply controlled approx-
imations such as merging boundary atoms by abstraction or
replacing complex formulas with sketches that preserve reach-
ability with bounded error. The planner accounts for these op-
tions by including approximation penalties in the objective.

Query planning is cast as an optimization problem over
placement and evaluation strategy. A plan specifies how to par-
tition Q into fragments, how to map fragments to nodes, which
predicates to anchor with indexes, and how to schedule resid-
ual merges (28). Even with fixed fragments, deciding whether
to ship data or ship state is nontrivial. Shipping data means
moving events to where the relevant automaton fragment re-
sides, while shipping state means moving residual boundary

information to where the data is. Because events are large and
residuals can be small, state shipping is often preferred, but
there are cases where a small subset of events matching a rare
predicate is cheaper to move than a large residual interface.

A planner can model these choices using a dynamic pro-
gram over an ordered decomposition of the automaton graph.
Suppose the automaton is contracted into a DAG of strongly
connected components and then linearized into a topological
order that approximates phase progression (29). Let the phases
be P1, . . . , Ph. For each phase Pℓ, the planner chooses a place-
ment node and an execution mode. The dynamic program com-
putes the minimum cost to evaluate up to phase ℓwith a certain
boundary interface size. Let Cℓ, b be the minimum expected
cost to process phases 1 through ℓ resulting in an interface bud-
get usage of b (30). Then

Cℓ, b = min
b′≤b

min
mode∈{scan,seek}

(
Cℓ – 1, b′ Costℓmode, b – b′) ,

(4.1)

where Costℓ includes compute, I/O, and communication for
phase ℓ. The state dimension b can be coarse-grained to keep
the dynamic program tractable. The planner also includes penal-
ties for fragment cuts that introduce many boundary edges, es-
timated from the automaton graph and predicate activation fre-
quencies.

Storage internals influence Costℓ. For scan mode, cost is
roughly proportional to the number of events scanned and the
number of active states maintained. For seek mode, cost de-
pends on index traversal and on the number of candidate posi-
tions. Let N be the number of events in a shard, and let ŝp be the
estimated selectivity of predicate p. If an anchor predicate p is
used, the expected number of anchor hits is Nŝp, and the sub-
sequent window scans add a factor depending on the pattern’s
span distribution. Span distributions can be modeled by empir-
ical histograms or by parametric forms such as geometric tails
(31). The runtime can update these estimates online through



Table 7. End-to-end detection latency for streaming pattern evaluation.

Workload P50 latency (ms) P95 latency (ms) P99 latency (ms)
Industrial-IoT 38 79 131
Payment-Gateway 44 92 149
Microservice-A 31 68 117
Microservice-B 29 61 103
Synthetic-Stress 52 108 172

Table 8. Sensitivity of the proposed matcher to the length of temporal patterns.

Pattern length (events) Automaton states Runtime (s) Matches / 10k traces
3 12 42.1 8.4
5 21 63.7 7.9
7 29 88.6 7.2
9 36 117.5 6.8
11 44 149.3 6.3

feedback from executed queries, yielding adaptive planning.
Performance engineering details matter because event log

workloads often involve many concurrent queries, and automa-
ton matching can be CPU-bound on predicate checks. The run-
time therefore uses vectorized predicate evaluation, caching of
decoded attribute columns, and branchless bitset operations for
state updates. When predicates are expressed as disjunctions of
attribute constraints, the runtime compiles them into decision
DAGs and hoists common subexpressions across transitions.
For example, multiple transitions may depend on whether a
field equals a constant; the runtime evaluates that comparison
once per batch and shares the result (32). For high-cardinality
membership tests, the runtime uses hashed sets and prefetching
to hide memory latency.

Distributed mechanics include fault tolerance and consis-
tency. Because logs are append-only, queries can be executed
on a consistent snapshot defined by an offset per shard. Nodes
process up to that offset and exchange residuals tagged with
snapshot identifiers (33). If a node fails, its shard processing
can be replayed from immutable storage. Residual messages
can be made idempotent by including epoch identifiers and by
designing merge operations to be associative and commutative
where possible. When exact ordering matters, a deterministic
merge order is enforced by stable sorting on epoch and bound-
ary identifiers. For streaming queries, incremental evaluation
is supported by maintaining checkpointed residual states per
epoch and updating them as new events arrive, using a delta
computation that processes only the appended portion.

Hashing plays two roles (34). First, it routes boundary atoms
to their owner nodes via consistent hashing, balancing load
when interface sizes vary across queries. Second, it supports
compact representation of residual formulas by hash-consing
formula nodes so that structurally identical subformulas are
shared. The runtime maintains a per-query hash table of for-
mula nodes, enabling DAG construction in near-linear time in
the number of created nodes, with careful memory pooling to

reduce allocator overhead.

5. Optimization, Learning-Augmented Costing, and
Multi-Objective Control
Planning and execution operate under multiple constraints, in-
cluding latency targets, bandwidth budgets, CPU limits, and
sometimes energy caps in multi-tenant clusters. These con-
straints motivate a multi-objective formulation (35). Let a plan
be denoted by π. Define Lπ as expected end-to-end latency,
Bπ as expected network bytes, Eπ as expected energy, and Mπ
as peak memory. Some objectives are hard constraints, others
are soft preferences. A common approach is to minimize a
weighted sum subject to constraints. Let λB, λE, λM ≥ 0 be
weights (36). Then a controlled objective is

min
π

Lπ λBBπ λEEπ λMMπ subject to Bπ ≤ B̄ , Mπ ≤ M̄ .
(5.1)

Constraints can be incorporated via a Lagrangian with multi-
pliers µB,µM ≥ 0:

Lπ,µB,µM = Lπ λBBπ λEEπ λMMπ µBBπ – B̄ µMMπ – M̄ .
(5.2)

In systems terms, µB and µM act as dynamic prices for scarce
resources. The runtime can adapt these prices based on ob-
served congestion and memory pressure, nudging the planner
toward plans that reduce network or memory (37). Because
the plan space is discrete, optimization proceeds by compar-
ing candidate plans under current prices, while the prices are
updated via a subgradient-like rule:

µt1
B = max

(
0,µt

B ηtBπt – B̄
)

, µt1
M = max

(
0,µt

M ηtMπt – M̄
)

,
(5.3)

with step size ηt. Even when the planner is heuristic, this pric-
ing layer provides a principled way to steer it under changing
cluster conditions.



Table 9. Key configuration parameters of the distributed pattern matcher.

Parameter Description Default value
kworkers number of worker nodes 16
τwindow sliding window size (seconds) 300
θbuffer maximum in-flight events / worker 50,000
αcut cut-set size fraction 0.15
βprefilter prefilter selectivity threshold 0.35

Estimating Lπ and Bπ requires selectivity and state-growth
models. Selectivity of predicates can be learned from historical
logs (38). A flexible method represents each event as a feature
vector ψe ∈ Rd derived from attribute embeddings, numeric
features, and temporal features. For categorical attributes, em-
beddings map tokens to dense vectors. For example, if an at-
tribute value v is mapped to uv ∈ Rdv , the event embedding
concatenates or sums across attributes. Similarity metrics can
then approximate predicate satisfaction probability. If a predi-
cate corresponds to a set of attribute constraints, its embedding
can be represented by a vector wp and an offset, producing an
estimated probability P̂rpe = 1 via a logistic model. These
probabilities support cost estimation without scanning. The
model can be trained by minimizing logistic loss over sampled
events, and it can incorporate regularization to avoid overfit-
ting.

When d is large, planning can become expensive (39). Di-
mensionality reduction such as PCA or SVD can be used to
build a low-rank approximation of the embedding covariance,
reducing cost while preserving variance relevant to selectivity
prediction. Let X ∈ Rn×d be a matrix of event embeddings
sampled from the log, centered by subtracting the mean. A
rank-r approximation X ≈ UrΣrV⊤

r yields projected embed-
dings ψ̃e = V⊤

r ψe in Rr. Selectivity models operate on ψ̃,
reducing compute. In distributed settings, the SVD can be ap-
proximated by randomized methods using sketching. A node
computes a sketch Y = XΩ with a random matrix Ω ∈ Rd×rp,
then orthonormalizes Y to get Q, and forms a small matrix
B = Q⊤X for local SVD. Such sketches reduce communica-
tion because only B needs aggregation across nodes.

For message cost, a key quantity is expected boundary-interface
size (40). Interface size depends on the number of boundary
states that become reachable, which in turn depends on pred-
icate activation patterns. The planner can approximate reach-
ability growth using a linearized model of NFA propagation.
Let s ∈ Rn be a relaxed state activity vector, where si approx-
imates the probability that state i is active after processing a
random event. Let P be an expected transition matrix where
Pij is the probability that a transition from i to j is enabled by
a random event. Then a mean-field update is

s′ = s ∨ P⊤s , (5.4)

where ∨ denotes elementwise capped addition, such as s ∨ x =
min1, s x, which is a smooth approximation of boolean OR
(41). Fixed points of this update approximate steady-state ac-
tivity. While crude, this model helps rank candidate decom-

positions by their tendency to activate boundary states. A low-
rank approximation P ≈ AB⊤ with A, B ∈ Rn×r reduces
computation to Onr per iteration.

Approximate query processing options arise when exact
matching is not required, for example when the goal is anomaly
triage or trend detection. In such cases, the runtime can main-
tain sketches of event occurrences and of partial matches. For
a predicate p, one can maintain a count-min sketch of occur-
rences per key (42). For sequence patterns, sketches can ap-
proximate counts of short subsequences by hashing state transi-
tions. Let h : Q → w be a hash function and maintain an array
C ∈ Nw×d′

for d′ hash repetitions. When a transition is taken
from q to q′, update Chq,ℓ for each repetition ℓ. These sketches
can estimate activity at boundary states, allowing the planner
to decide whether to allocate more resources to exact evalua-
tion. Error analysis follows from standard sketch bounds, but
in this setting errors compound along compositions. If ĉ is an
estimated count with additive error at most ϵN with probabil-
ity 1 – δ for a shard, then composing across m shards yields
a total error that can be bounded by mϵN in the worst case,
while tighter bounds can be obtained under independence as-
sumptions. The planner therefore treats approximation as a re-
source trade: lower bandwidth and CPU at the cost of wider
confidence intervals.

A Bayesian-ish layer can improve robustness of selectivity
estimates (43). Instead of point estimates ŝp, maintain a distri-
bution, such as a Beta distribution for boolean predicate satis-
faction. If a predicate p has observed k successes in n sampled
events, a posterior Betaα0k,β0n–k yields a mean and credible
intervals. The planner can then optimize for expected cost plus
a risk term that penalizes uncertainty, for example by using an
upper confidence bound on expected interface size. This re-
duces the chance that a plan chosen under optimistic estimates
leads to congestion.

Gradient-based tuning applies to continuous knobs such
as batch size, vectorization width, caching thresholds, and the
weights in the multi-objective function. Because end-to-end
latency is noisy, stochastic gradient descent variants with mo-
mentum can be applied on surrogate loss functions derived
from performance counters (44). Let θ be a vector of tun-
able parameters and let ℓθ be a measured objective such as
a weighted sum of latency and bandwidth over a window. A
momentum update is

vt1 = βvt 1 – β ∇̂ℓθt , θt1 = θt – γtvt1 , (5.5)

where ∇̂ℓ is an estimated gradient obtained by perturbation or



by a learned differentiable model. Because many knobs are
discrete, the system uses a hybrid approach where continuous
approximations guide exploration and then discrete candidates
are evaluated.

6. Complexity, Approximation Guarantees, and Cor-
rectness
The computational complexity of pattern matching depends on
the automaton size, nondeterminism, and predicate evaluation
cost. For an NFA with n states and m transitions, a naive scan
over a log segment of length N updates an active-state set each
event, yielding ON · m worst-case time if all transitions are
considered (45). With adjacency lists grouped by source state
and by predicate, the per-event update cost is proportional to
the number of outgoing transitions from active states whose
guards are satisfied. Let degq be the out-degree of state q and
let At be the active set at time t. Then the time is approximately
N
t=1 q∈At–1 degq plus predicate checking cost. In dense nonde-
terminism, |At| can approach n, giving ONm, but in many
guarded patterns and selective predicates, |At| is smaller.

Decomposition affects both compute and communication.
If fragments have sizes n1, . . . , nk and a node processes a shard
of length Ni, then local compute is roughly O

(
i Ni · mlocal,i

)
where mlocal,i counts transitions evaluated locally. Communi-
cation is driven by boundary crossings (46). Let E× be the set
of boundary edges, and let ρe be the probability that edge e
is activated by some event in a shard given reachability of its
source. The expected number of boundary activations can be
approximated by e∈E× ρeN, although dependence on reacha-
bility complicates this. Residual-based communication aims to
avoid sending a message per activation, instead sending a sum-
marized formula per epoch. If an epoch contains Nep events,
the residual size is closer to the number of distinct boundary
conditions encountered than to Nep. In the best case, many ac-
tivations collapse into a small number of formula nodes due to
sharing.

An information-theoretic perspective helps explain when
residuals are compact. If the local log segment has entropy
rate H bits per event relative to the predicates relevant to bound-
ary behavior, then any summary that preserves exact matching
must convey sufficient information about the segment’s effect
on boundary reachability (47). However, the relevant entropy
may be much lower than the raw event entropy because only a
small subset of attributes influences the automaton’s boundary
behavior. Let Zt be the vector of predicate outcomes for predi-
cates appearing on boundary edges at time t. Then the entropy
rate of Zt controls the minimal expected description length of
a boundary summary under ideal coding. Residual DAGs can
be seen as structured codes that exploit repetition in predicate
outcomes and in automaton structure, approximating entropy
coding without explicitly compressing sequences (48). When
predicate outcomes are highly repetitive or when many paths
share prefixes, residuals can approach this lower bound.

Optimal decomposition under realistic objectives is com-
putationally difficult. Consider the problem of partitioning the
automaton states into fragments to minimize expected cost sub-

ject to an interface budget. A simplified version is as follows.
Given a directed graph G = Q, E with weights on edges rep-
resenting expected activation, partition Q into k fragments to
minimize the total weight of edges crossing fragments while
also respecting fragment size constraints that model compute
capacity (49). This resembles balanced graph partitioning, which
is NP-hard. A reduction can be sketched from the balanced cut
problem. Given an undirected graph Gu = V, Eu, construct a
directed graph by replacing each undirected edge with two di-
rected edges of equal weight, and set fragment size constraints
to enforce balance. Minimizing cross weight then corresponds
to finding a balanced cut of small weight. Because balanced cut
is NP-hard, the decomposition problem is NP-hard (50). In the
automaton setting, additional structure exists, but guards and
expected activation weights can still encode arbitrary weighted
graphs through compilation choices, so the hardness persists.

Given hardness, the planner uses heuristics. One heuris-
tic is spectral partitioning on a symmetrized boundary graph
where weights represent expected cross-fragment communica-
tion. Compute the Laplacian L = D – W for weight matrix
W, take a few eigenvectors, and cluster states in the embedding
space (51). Spectral methods tend to keep highly connected re-
gions together, which reduces boundary edges. Another heuris-
tic is to coarsen the automaton by contracting strongly con-
nected components and frequently co-activated state sets, then
partition the coarsened graph. Co-activation can be estimated
from sampled runs or from the mean-field activity model. A
further heuristic aligns fragments with storage locality by scor-
ing each state by the predicates it depends on and mapping it to
nodes that store those attributes in hot caches or have relevant
indexes.

Approximation guarantees can be stated when the runtime
uses sketches or abstractions (52). Consider predicate abstrac-
tion that merges register valuations into classes. If the abstrac-
tion is sound, meaning that it over-approximates reachability,
then the distributed evaluation remains complete but may in-
troduce false positives. For existence queries, false positives
can be filtered by a verification pass that replays a small set
of candidate spans. Let the abstraction yield a superset of ac-
cepting runs. If the probability that an abstract accepting run
corresponds to a real run is π, then expected verification cost is
proportional to the number of abstract matches times 1–π (53).
The planner can incorporate π estimates to decide whether ab-
straction is worthwhile. For counting queries, unbiased estima-
tors can be used with sketches, but variance must be controlled.
If each shard produces an unbiased estimator ĉi of the number
of partial matches with variance σ2

i , and if shard estimators are
independent, then the sum estimator has variance i σ2

i . Depen-
dencies increase variance; conservative upper bounds can be
computed using covariance estimates from sampling.

Correctness of the exact residual composition rests on show-
ing that the distributed procedure is equivalent to centralized
automaton evaluation. Let L be the global log and let M be
the automaton. Define the centralized reachable set after pre-
fix k as Sk ⊆ Q̃. The distributed method processes shards and
fragments, producing residual functions that are composed to



compute a final set Ŝk. Correctness requires Sk = Ŝk for all k
in the snapshot, and in particular that acceptance agrees.

A convenient proof approach uses transformer semantics
(54). For each shard i, define its exact transformer Ti as in
the formal model. For each node, partial evaluation produces
a residual representation of Ti restricted to the node’s owned
fragment and boundary interface. Let this residual be a func-
tion T̂i operating on boundary assignments, such that for any
entry set S representable at the interface, the exit set computed
by T̂i equals the projection of TiS onto the interface, and inter-
nal states are existentially quantified. The residual merge then
composes these T̂i in the correct order and reinstates internal
reachability through fragment-local closures. The key invari-
ant is that for any fragment j and epoch, the residual formulas
ϕv produced by partial evaluation encode exactly the existen-
tial reachability of v given boundary entries, because the fix-
point update mirrors the NFA step relation and preserves logi-
cal equivalence under DAG simplification.

Formally, for a fragment j over a local segment, define Reachju, v
to be true if there exists a path in the automaton that starts at
boundary atom u, stays within fragment j except possibly at its
endpoints, and consumes exactly the local events in order to
end at boundary atom v. The partial evaluation computes ϕv
such that (55)

ϕvx =
u∈Inj

(
xu ∧ 1Reachju, v

)
, (6.1)

with implicit existential quantification over internal nondeter-
ministic choices. Because the update rules implement this reach-
ability, ϕv is correct. When composing fragments, boundary
edges correspond to shared boundary atoms and event consump-
tion responsibilities. Under the assumption that each event is
consumed exactly once by the node owning its shard and that
boundary predicates are evaluated on that event at that node,
composition yields the same reachability as centralized evalu-
ation. Therefore acceptance is preserved (56).

An additional consideration is duplicate counting when count-
ing matches. In an NFA, a single match may correspond to
multiple accepting runs. If the desired output is match spans
rather than runs, deduplication is needed. The distributed resid-
ual approach can support deduplication by augmenting states
with provenance hashes of start positions and by using com-
mutative semirings that count distinct witnesses. However, ex-
act distinct counting can be expensive and can be NP-hard in
general due to overlaps (57). A practical compromise uses
approximate distinct counting sketches such as HyperLogLog-
like structures attached to boundary atoms, enabling approx-
imate distinct match counting with controlled relative error.
The planner treats this as an approximation mode, reporting
confidence intervals rather than exact counts.

7. Evaluation Methodology, Systems Considerations,
and Reproducibility
Evaluating a distributed pattern matching algorithm requires
isolating the effects of decomposition, partial evaluation, and
system-level engineering. The workload space is broad be-
cause patterns vary in automaton size, nondeterminism, and

predicate selectivity, while logs vary in attribute distributions
and temporal locality. A robust methodology therefore com-
bines controlled synthetic generation with representative real
logs, using a common pattern suite expressed in guarded reg-
ular expressions (58). Synthetic logs are generated by specify-
ing marginal distributions for attributes, correlation structures
among attributes, and temporal burstiness. Burstiness can be
modeled by self-exciting processes or by alternating high and
low rate regimes, because bursts influence cache locality and
index effectiveness. For each synthetic configuration, the gen-
erator emits shards with the same segmentation and compres-
sion formats as production storage so that I/O behavior is real-
istic.

Real log evaluation focuses on reproducibility and privacy
(59). Logs are often sensitive, so evaluation can use anonymized
traces or derived datasets where attribute values are tokenized
and only frequency structure is preserved. To ensure results are
comparable, the evaluation fixes snapshot offsets and uses de-
terministic replay. Deterministic replay means that each node
reads the same event ranges, in the same order, with the same
batching decisions, across repeated runs. The runtime disables
nondeterministic scheduling effects where possible by pinning
threads, fixing batch sizes, and using deterministic merge or-
ders. When nondeterminism cannot be eliminated, such as in
network timing, the evaluation uses repeated trials and reports
dispersion, but the core performance counters are collected in
a way that allows postmortem attribution (60).

Metrics include end-to-end latency, throughput, network
bytes, CPU cycles per event, cache miss rates, and peak mem-
ory. Because pattern matching can be sensitive to predicate
cost, the evaluation measures predicate evaluation time sepa-
rately, distinguishing pure attribute extraction from compari-
son operations and from membership tests. The decomposition
method is assessed by measuring residual sizes, formula DAG
node counts, and boundary activation rates. Residual sizes are
reported both as raw bytes and as entropy-coded bytes to show
how much of the residual is compressible. Compression is mea-
sured using a fixed codec and configuration to avoid tuning bias
(61).

A key comparison is between centralized matching, pipeline
distributed matching without decomposition, and decomposi-
tion plus partial evaluation. The evaluation also includes ab-
lations where only decomposition is used or only partial eval-
uation is used, to identify which component contributes most
under different workloads. For example, if a pattern is nearly
deterministic and predicates are cheap, decomposition might
offer limited benefit, while partial evaluation might still reduce
communication. Conversely, if a pattern has a large cyclic core,
decomposition that keeps the cycle local may dominate (62).

Scalability is evaluated by varying the number of nodes
and shard sizes. Strong scaling tests fix total log size and in-
crease nodes, measuring how latency decreases and where bot-
tlenecks emerge, such as coordination overhead or residual merge
saturation. Weak scaling tests increase log size proportionally
with nodes, measuring whether throughput per node remains
stable. Because the algorithm’s communication depends on
boundary interfaces rather than on raw log size, weak scal-



ing can be favorable when patterns are localizable, but can de-
grade when boundary activation grows with scale due to more
fragmentation. The evaluation therefore reports how boundary
edge cut weight and interface size change with node count un-
der the planner’s decisions (? ).

System-level engineering choices are evaluated explicitly.
Vectorization width and batch size influence CPU efficiency
and cache behavior, while residual hashing and DAG sharing
influence memory and allocation pressure. The runtime’s mem-
ory pool design is stress-tested under concurrent queries. Con-
currency introduces interference in caches and in I/O, so the
evaluation uses controlled multi-query mixes. Mixes include
homogeneous workloads, where all queries use the same pat-
tern, and heterogeneous workloads, where patterns differ and
predicate sets overlap partially (63). Overlap influences caching
effectiveness because shared predicate computations can be
reused. The evaluation measures whether the runtime’s pred-
icate caching yields measurable savings and whether it intro-
duces contention.

Distributed execution mechanics are evaluated under fault
injection. Node failures and message delays are introduced in
a controlled manner. The system’s correctness under replay is
validated by comparing results before and after induced fail-
ures, ensuring idempotent processing of residuals and stable
snapshot semantics (64). Recovery time is measured, as is the
additional network and compute overhead due to replay. Be-
cause event logs can be large, recovery should avoid reprocess-
ing unaffected shards; epoch identifiers and checkpointed resid-
uals enable this. The evaluation reports how checkpoint inter-
val affects overhead and recovery speed, reflecting a trade-off
between steady-state performance and resilience.

Reproducibility is supported by publishing complete con-
figuration manifests and by ensuring that every run is identifi-
able by a seed and a plan descriptor (65). A plan descriptor
includes the automaton fragment partition, placement, anchor
predicates, and merge schedule. The runtime logs these de-
scriptors along with performance counters. For synthetic gen-
eration, the generator parameters and random seeds are recorded.
For learned selectivity models, the training dataset snapshot
and hyperparameters are recorded, and model artifacts are ver-
sioned. Because hardware differences can affect performance,
the evaluation records CPU model, memory speed, storage type,
and network characteristics (66). When results are presented
across environments, normalization by cycles per event and
bytes per event is used to separate algorithmic effects from
hardware effects.

8. Conclusion
This paper described a distributed pattern matching algorithm
for event logs that centers distribution at the automata level
through decomposition and partial evaluation. Guarded pat-
terns are compiled into predicate automata, partitioned into
fragments with explicit boundary interfaces, and evaluated lo-
cally on log shards to produce residual summaries. Residual
composition reconstructs global matching semantics while re-
ducing raw event movement and enabling parallelism beyond

simple shard pipelines. The design integrates storage-aware ex-
ecution, including columnar scans and index-anchored seeks,
and it uses cost-based planning informed by learned selectivity
models, low-rank approximations, and uncertainty-aware esti-
mation (67). A multi-objective control layer was outlined to
manage latency, bandwidth, memory, and energy under con-
straints via Lagrangian pricing and adaptive tuning. Complex-
ity analysis highlighted how decomposition trades local com-
pute for communication and why optimal partitioning is NP-
hard, motivating heuristics based on graph structure and spec-
tral methods. Approximation options were discussed for sce-
narios where exactness is not required, with corresponding er-
ror analysis and verification strategies. Finally, an evaluation
methodology emphasizing determinism, fault injection, and ar-
tifact logging was presented to support reproducible measure-
ment of both algorithmic and systems-level effects. The result-
ing framework provides a principled path to scalable pattern
matching over distributed event logs while making explicit the
trade-offs among automaton structure, data placement, and re-
source budgets (68).
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