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ABSTRACT
Monitoring continuous data streams for meaningful signals increas-
ingly requires long horizon, stateful reasoning over unstructured
content. Existing large language model frameworks are primarily
designed for stateless, one-shot interactions, while traditional Com-
plex Event Processing systems support temporal pattern detection
over structured and typed event streams. This leaves a critical gap
for applications that must detect evolving semantic phenomena in
free text streams.

To bridge this gap, this paper introduces sem_pattern, a semantic
event pattern operator that extends CEP capabilities to unstruc-
tured text. Implemented within the VectraFlow streaming dataflow
system, sem_pattern avoids requiring predefined structured input
schemas by using language models to materialize atomic semantic
events from raw documents. It then evaluates these extracted sig-
nals against user-specified temporal patterns using a deterministic,
automata-based runtime.

By decoupling semantic extraction from temporal state progres-
sion, the system efficiently compiles natural language monitoring
goals into executable operator graphs and maintains intermediate
temporal states across continuous inputs. Ultimately, sem_pattern
provides a principled, interpretable, and scalable execution model
for detecting complex event sequences over long-running unstruc-
tured streams.

1 INTRODUCTION
Large language models have emerged as a powerful tool for in-
terpreting unstructured data, including few shot reasoning and
structured information extraction from text [7, 10]. Nevertheless,
most existing pipelines remain stateless and episodic by evaluating
isolated prompts over static corpora without supporting persistence
or reasoning that unfolds over time. Many real world applications
require the detection of signals emerging across sequences of events
rather than single documents. For instance, identifying a deteriorat-
ing patient, flagging escalating compliance violations, or detecting
multistep fraud patterns requires long horizon stateful reasoning
over unstructured streams. This capability remains largely inac-
cessible to both single prompt evaluations and modern agentic
models.

Existing systems address only part of this challenge. Frameworks
such as Palimpzest, LOTUS, and DocETL introduce semantic oper-
ators for unstructured data but primarily operate in batch settings
with limited support for cross record state [17, 21, 23]. In contrast,
complex event processing systems enable long horizon temporal
reasoning over streams through event pattern matching, automata
based execution, and formal event semantics [2, 8, 12, 24]. Pro-
duction systems such as FlinkCEP and Esper further demonstrate
the practical importance of event pattern operators in streaming

engines [6, 11]. However, these systems assume structured event
streamswith predefined schemas and event types. Neither approach
suffices when events must first be inferred from unstructured text
before being reasoned over temporally.

To address the disconnect between unstructured text compre-
hension and rigorous temporal state tracking, this paper presents
the semantic pattern operator. This architecture unifies semantic
interpretation with complex event detection in a single framework,
building on recent efforts to integrate semantic and vector-based
processing into streaming dataflows [9, 18]. Specifically, VectraFlow
extends traditional event recognition to unstructured text by exe-
cuting across three coupled layers. First, a semantic extraction layer
maps the input stream of documents to explicit atomic events, re-
solving structured metadata directly while usingmodels to populate
unstructured attributes. Second, a rule specification and compilation
layer allows users to define patterns via a domain-specific language
or a natural language interface. This layer translates intent into an
executable nondeterministic finite automaton governed by explicit
transition semantics. Third, an event time execution layer manages
concurrent partial matches over partitioned event streams, using
watermark buffers to reconcile discrepancies between ingestion
time and event occurrence [3].

This design fundamentally separates semantic uncertainty from
temporal rule execution. Unlike monolithic classifiers that attempt
to predict complex satisfaction in a single pass, sem_pattern materi-
alizes intermediate atomic events and delegates reasoning to a deter-
ministic automaton. This approach makes detection compositional
and auditable while supporting standard streaming mechanisms
such as keyed state isolation and temporal pruning.

2 RELATEDWORK
Complex Event Processing. Complex event processing engines
are designed to detect high-level situations from low-level event
streams based on precise temporal and logical constraints [5, 8,
12]. While foundational systems excel at stateful pattern matching
[6, 24], they rigidly assume that input streams consist of typed,
machine readable tuples. This structural assumption is limiting
in domains such as clinical analytics where evidence for an event
is often distributed across heterogeneous free text. sem_pattern
builds upon the formal execution models of traditional engines but
extends them to operate over unstructured documents via upstream
semantic materialization.
Information Extraction with LLMs. The extraction layer of
sem_pattern treats large language models as schema guided extrac-
tors to transform unstructured text into structured records. This
strategy aligns with recent advancements that leverage the few-
shot reasoning capabilities of models to populate complex schemas
from domain-specific literature and records [7, 10]. By isolating the



Table 1: Core operators in the declarative CEP DSL.

Operator Semantics

Seq (𝐴 → 𝐵 → 𝐶) Ordered, discontiguous occurrence of subpatterns.
Or (𝐴 ∨ 𝐵) Match of either subpattern.
And (𝐴 ∧ 𝐵) Match of both subpatterns in any order.
Not (¬𝐴) Absence of a subpattern within a bounded interval.
Within (within Δ𝑡 ) Event-time bound on a subpattern.
Times (times(𝑛)) Exact repetition of a subpattern.

extraction phase, our system bounds the workload of the model
to per-document interpretation rather than forcing it to manage
multi-document temporal logic, which often leads to context win-
dow exhaustion.
Semantic Parsing and Synthesis. The ability to compile natural
language into executable pattern representations shares lineage
with the broader semantic parsing literature, which traditionally
translates natural language intent into executable queries such
as SQL [25]. However, rather than targeting relational algebra,
our compilation targets stateful automata. Furthermore, the use of
critique and refinement loops to detect structural errors andmissing
temporal bounds reflects modern test time refinement strategies for
model outputs [19], ensuring the synthesized patterns are logically
sound.
Stream Processing Semantics. Handling out-of-order data is a
fundamental challenge in distributed stream processing. Modern
engines manage this via watermark buffers, which provide a mech-
anism to track progress in event time despite ingestion delays [3].
The sem_pattern integrates this temporal processing model into
its runtime. This integration ensures that the delayed ingestion of
unstructured text does not compromise the correctness of sequence
matching or negation timeouts, even when a note processed today
describes an event that occurred days earlier.

3 METHODOLOGY
3.1 Declarative CEP DSL and NFA-Based Pattern

Execution
The sem_pattern operator exposes semantic event rules through a
declarative domain-specific language. The goal of the language is to
specify the temporal condition to be detected, while leaving physical
execution to the compiler and runtime. The language operates over
a stream of atomic events extracted via the semantic extraction
layer (Layer 2 of Figure 1). Each event carries an entity key, an
event timestamp, an event type, and a set of attributes. An atomic
predicate 𝐸 (𝜙) matches an input event when the event satisfies the
type constraint and the attribute predicate 𝜙 .

Table 1 summarizes the core operators. These operators express
complex event rules as logical patterns rather than procedural state-
machine code. For example, a rule requiring event𝐴 followed by the
absence of event 𝐵 within thirty days is represented as a structured
pattern expression (depicted as the Compiled Pattern AST in Layer 1
of Figure 1) and compiled into an executable automaton.

Formally, a pattern 𝑃 is defined inductively as follows:

𝑃 ::= 𝐸 (𝜙) | Seq(𝑃1, . . . , 𝑃𝑛) | Or(𝑃1, 𝑃2)
| And(𝑃1, 𝑃2) | Not(𝑃) | Within(𝑃,Δ)
| Times(𝑃,𝑚)

where Δ denotes an event-time interval and𝑚 denotes an exact
repetition count. Sequence semantics are discontiguous: unrelated
events may occur between two matched subpatterns as long as
ordering and time constraints are preserved. This choice is impor-
tant for long-horizon monitoring, where relevant events are often
separated by many irrelevant stream records.

The compiler lowers each pattern into a nondeterministic fi-
nite automaton (illustrated in Layer 3 of Figure 1), following stan-
dard automata-based execution models for complex event recogni-
tion [8]. The compiled automaton is defined as N = (𝑄, 𝑞0, 𝐹 , 𝑇 ),
where𝑄 is the set of states, 𝑞0 is the initial state, 𝐹 ⊆ 𝑄 is the set of
accepting states, and 𝑇 is the transition relation. The sem_pattern
operator uses three transition types. A Take transition consumes
the current event when its guard predicate is satisfied. A Proceed
transition is an 𝜀-transition that advances the automaton without
consuming an event. An Ignore transition preserves a partial match
while skipping an event that is irrelevant to the current subpattern;
this is the mechanism that implements discontiguous matching for
sequence patterns.

Negation requires bounded event-time semantics because the
absence of an event cannot be established from a single input record.
For a pattern containing Not, the compiler creates a monitoring
state with an Ignore loop guarded by the complement of the for-
bidden predicate. If the forbidden predicate is satisfied before the
temporal bound closes, the corresponding partial match is discarded.
If the negated subpattern appears at the end of a rule, the runtime
defers emission until the event-time boundary has elapsed. Thus,
negative matches are produced only when the watermark indicates
that no earlier event within the configured lateness bound can still
arrive.

At runtime, the automaton enginemaintains a set of active partial
matches. For each incoming event, the engine first creates any new
runs enabled from the initial state and then advances existing runs
through all enabled transitions. Each partial match records its cur-
rent state, consumed events, entity key, and start timestamp. Unless
a rule specifies a more restrictive selection policy, the sem_pattern
operator applies all-matches semantics, meaning that multiple valid
partial matches may coexist and emit independently. As illustrated
on the right side of Figure 1, keyed streams are routed to per-key
NFA rule detectors that emit complex event detection results in real
time.

For partitioned streams, the sem_pattern operator evaluates
each entity key independently while sharing the same compiled
automaton topology. This ensures that events from different entities,
for example Patient 1 in Layer 3 of Figure 1, never contribute to
the same complex event instance. Event-time execution is handled
through a watermark buffer, following standard stream-processing
semantics [3]. The runtime processes events in timestamp order up
to a configured lateness bound and prunes partial matches whose
temporal windows can no longer produce valid completions.
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Figure 1: Event Processing Architecture.

3.2 Natural Language to DSL Compilation with
Self Refinement

The sem_pattern operator allows users to describe monitoring
goals in natural language. Executing these descriptions directly
with a language model would make the detection logic opaque and
difficult to verify. To preserve transparency, the operator translates
each natural language intent into the structured DSL used by the ex-
ecution engine. This follows the semantic parsing paradigm, where
a natural language utterance is mapped to an executable logical
form [25]. In our setting, the logical form is a typed CEP pattern
AST built from the operators supported by sem_pattern.

The compiler accepts free-form rule text describing events, order-
ing, absence, repetition, and temporal bounds. Instead of allowing
the language model to emit arbitrary code, the generation target is
constrained to a typed intermediate representation whose construc-
tors correspond directly to the supported DSL operators, including
Seq, And, Or, Not, Within, and Times. The generated pattern is
therefore inspectable before execution and can be lowered by the
same compiler used for manually authored sem_pattern rules.

The operator adopts a pattern-first compilation strategy. The
initial model call constructs the pattern AST and assigns descrip-
tive names to the atomic event types referenced by the rule. The
compiler then extracts these referenced event types and issues a
second model call to define only the corresponding event catalog,
including event descriptions, attributes, and extraction prompts.
This ordering keeps the event catalog tightly coupled to the exe-
cutable pattern, avoids unused event definitions, and provides the
semantic extraction layer with schemas aligned to the downstream
runtime query.

After initial generation, the compiler performs a critique phase
before accepting the DSL representation. Deterministic structural

checks verify that each operator is well formed and that every event
referenced by the pattern has a corresponding catalog entry. Static
analysis flags unsafe or underspecified constructs, especially un-
bounded negation and missing temporal constraints. An optional
model-driven alignment check compares the generated pattern and
event catalog against the original rule, identifying missing condi-
tions, extra assumptions, ambiguous intent, and low-confidence
translations.

When the critique reports errors or insufficient confidence, the
sem_pattern compiler invokes a bounded self-refinement loop.
The refiner receives the original rule, the current AST, the event
catalog, deterministic error messages, alignment feedback, and any
user clarifications collected through a callback mechanism. It then
produces a repaired pattern representation under the same typed
schema constraints. Clarifications are accumulated across rounds so
that the system does not ask redundant questions. This procedure
is similar in spirit to iterative language model refinement [19], but
the feedback is grounded in DSL validation and CEP specific static
checks.

The loop terminates when validation succeeds, when the re-
paired pattern no longer changes, when required user input is
unavailable, or when a fixed round limit is reached. The final out-
put is a verified runtime DSL pattern together with its event catalog.
The pattern is passed to the sem_pattern compiler for NFA lower-
ing and stream execution, while the catalog guides the upstream
semantic extraction layer. By restricting natural language to the
construction and refinement of an explicit intermediate representa-
tion, the sem_pattern operator preserves interpretability, enables
deterministic validation before execution, and allows generated
rules to run on the same runtime as manually written patterns.
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3.3 Ground Truth Synthesis Pipeline

Figure 2: The ground truth synthesis pipeline, illustrating
the progression from raw clinical notes to aligned document
and entity level labels.

Evaluating the sem_pattern operator requires ground truth at
two granularities. The system must know whether each document
contains a target atomic event, and whether the ordered document
sequence for an entity satisfies a complex temporal rule. Manual
annotation of such labels is expensive and difficult to audit, while
direct synthetic generation may produce unrealistic clinical narra-
tives. We therefore construct a controlled benchmark that preserves
real clinical context from MIMIC IV notes while assigning deter-
ministic labels for both atomic events and complex event patterns.
Figure 2 illustrates the overall architecture of this synthesis pipeline.

The pipeline consists of three stages. First, as shown in Step 1
of Figure 2, we construct a clean baseline corpus in which target
events are absent. Given a set of atomic event definitions, an LLM
based screener examines each note and identifies whether it con-
tains any event trigger. Notes without target signals are retained.
Notes with localized triggers are rewritten to remove the event
specific content while preserving the surrounding clinical narra-
tive. Notes dominated by target event descriptions are discarded
because neutralization would substantially alter their meaning. To
reduce residual leakage, each rewritten note is passed through a
second verification loop. A lenient validator checks whether any
target signal remains, and notes that fail validation are rewritten
again with neutral descriptions rather than simple deletion. This
process produces an event free baseline while maintaining realistic
document structure and clinical context.

Second, as depicted in Step 2 of Figure 2, we assign ground truth
labels through a hierarchical configuration process. Patients are
divided into a control group with no target events and an exper-
imental group assigned to complex event rules. For each patient
in the experimental group, the assigned rule determines which
atomic events must be injected into which notes. Events required
by positive rule paths are labeled as present, events forbidden by
negation constraints are forced to remain absent, and unrelated
events are labeled as absent. These document level labels are then
aggregated into patient level complex event labels by evaluating
the rule semantics over the labeled sequence. A patient is positive
for a complex pattern only if the sequence satisfies all predicate,
ordering, negation, and event time constraints.

Third, corresponding to Step 3 of Figure 2, we convert the logical
labels into unstructured text through targeted event injection. For
each positive atomic event label, an LLM generates a short clinical
style snippet that implies the corresponding event. Instead of regen-
erating the entire note, the snippet is appended to the neutralized
baseline note as an addendum. This additive construction preserves
the original clinical narrative, limits hallucination, and ensures that
each injected signal corresponds exactly to the predefined label
assignment. Negative notes are left unchanged after neutralization.

This synthesis pipeline yields a benchmark with aligned docu-
ment level atomic labels and entity level complex pattern labels
(Benchmark Output in Figure 2). The resulting data supports quan-
titative evaluation of extraction quality, temporal pattern detection,
and end to end performance using precision, recall, and F1 score.

3.4 Embedding-Based Similarity Filtering for
Extraction Efficiency

The semantic extraction layer invokes an LLM over clinical notes to
materialize atomic events. Input text often contains some sentences
that are unrelated to the event detection task, so applying extrac-
tion to the entire document can waste tokens and increase latency.
This part adds an optional embedding-based filtering stage before
LLM extraction. The filter is used as a lightweight retrieval step: it
reduces the textual context passed to the extractor while preserv-
ing sentences that are semantically close to the event definitions
used by the active rules. Specifically, this filtering mechanism in-
vokes a privately deployed instance of the text-embedding-3-small
model [20] on Azure to generate dense vector representations for
both the event descriptions and the document sentences.

For each rule, the system first constructs query texts from the
registered atomic event definitions. Concretely, each event is con-
verted into a short natural language description containing the
event name and its semantic description. These descriptions are
embedded once and reused as rule level targets. For each input
document, the source text is split into sentence level candidates
using a deterministic sentence chunker that removes very short or
noninformative fragments. The candidate sentences are embedded
in batch, and the system computes cosine similarity between every
candidate sentence and every target event description.

Let Q = {𝑞1, . . . , 𝑞𝑚} denote the embeddings of event descrip-
tions and let S = {𝑠1, . . . , 𝑠𝑛} denote the embeddings of candidate
sentences in a document. A sentence 𝑠𝑖 is retained if

max
𝑞 𝑗 ∈Q

𝑠⊤𝑖 𝑞 𝑗

∥𝑠𝑖 ∥2∥𝑞 𝑗 ∥2
≥ 𝜏,

where 𝜏 is a configurable similarity threshold. The implementation
performs this operation as a matrix computation by normalizing
target and candidate embeddings and taking the maximum similar-
ity across all event targets. The retained sentences are concatenated
to form a filtered document. Documents with no retained sentence
are skipped for the corresponding extraction pass.

This filtering stage is applied before the LLM sees the document.
It only changes the evidence context supplied to the semantic ex-
tractor. The threshold 𝜏 controls the tradeoff between efficiency and
recall. A lower threshold keeps more context and reduces the risk
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of discarding weakly phrased evidence; a higher threshold sends
fewer tokens to the LLM but may remove indirect mentions.

The design follows the same intuition as dense retrieval meth-
ods, where semantic similarity in an embedding space is used to
select candidate passages before expensive reasoning or generation
steps [15]. In VectraFlow’s sem_pattern operator, retrieval is not
used to answer the rule itself. Instead, it serves as a transparent
preprocessing phase that restricts the extraction context before
pattern construction.

4 EVALUATION
4.1 Datasets
The sem_pattern operator is evaluated on two document stream
sources that stress different parts of the pipeline. The first source
is MIMIC IV discharge reports. MIMIC IV is a deidentified elec-
tronic health record resource collected from Beth Israel Deaconess
Medical Center, and MIMIC IV Note provides deidentified free text
clinical notes linked to the clinical database [13, 14]. Discharge
reports are utilized because they are long clinical narratives that
describe the reason for admission, hospital course, diagnoses, pro-
cedures, medications, discharge instructions, and follow up plans.
They provide realistic unstructured evidence for evaluatingwhether
semantic event definitions can be materialized into atomic events
from clinical text.

The second source is TCELongBench, a benchmark for temporal
complex events over online news [27]. TCELongBench defines a
temporal complex event as a collection of related news articles that
unfold over an extended period, and evaluates temporal and long
context understanding through reading comprehension, temporal
sequencing, and future event forecasting tasks. The benchmark
contains 2289 temporal complex events and 88821 question an-
swering pairs. For these experiments, TCELongBench articles are
converted into the exact document stream schema utilized by the
sem_pattern operator, where each article functions as a times-
tamped document keyed by a complex event identifier. This setting
is suitable for evaluating long horizon complex event detection
because relevant evidence may be distributed across many articles,
timestamps, and semantic event types.

MIMIC IV discharge reports evaluate atomic semantic event ex-
traction from real clinical documents. TCELongBench evaluates
whether extracted events can be composed across document bound-
aries and time into complex temporal patterns. Together, these
two benchmarks span the full execution pipeline, from raw text
to atomic event extraction to automaton-based temporal pattern
matching.

4.2 Benchmark Construction
Both datasets are used with the ground truth synthesis pipeline
described in Section 3.3. In total, the evaluation benchmark contains
256 MIMIC-IV discharge reports and 505 TCELongBench article
documents. This scale is sufficient to exercise both document-level
extraction and entity-level temporal pattern detection while keep-
ing repeated LLM-based evaluation tractable.

An event-free baseline is first constructed by screening and neu-
tralizing documents that contain target event evidence. Labels are
subsequently assigned through a hierarchical configuration process

detailing which atomic events must occur in each document and
which entity-level complex rules must be satisfied. Finally, targeted
event injection converts these logical labels into unstructured text
by inserting short natural language evidence into selected docu-
ments.

This construction gives two aligned label spaces. At the docu-
ment level, it provides labels for evaluating atomic event extraction.
At the entity level, it provides labels for evaluating whether the
sem_pattern runtime detects the intended temporal rule over the
ordered document stream. For MIMIC-IV, the injected evidence is
placed into realistic discharge report contexts. For TCELongBench,
the same procedure produces long article sequences in which re-
quired and forbidden events can be separated by substantial tem-
poral distance.

4.3 Baselines
The sem_pattern operator is compared against multiple baselines
implemented within the experimental harness.

The direct LLM baseline receives the rule description, event defi-
nitions, and source text, and directly predicts whether the complex
rule is triggered. It does not expose intermediate atomic events
and does not use automaton based temporal matching. In the multi
document setting, the implementation supplies cumulative entity
history to the model before producing the final entity level decision.

The direct LLM with retrieval baseline applies the embedding
filter before the direct decision prompt. It uses the same rule and
event descriptions as retrieval queries, keeps only relevant text
fragments, and asks the LLM to decide the complex event label
from the reduced context. This baseline tests whether retrieval
alone can compensate for long contexts without explicit event state
or temporal automata.

The offline batch LLM baseline simulates periodic monitoring.
At fixed time intervals, it evaluates each rule over the cumulative
context available for an entity and stops after a positive decision
when configured to do so. This baseline uses the same direct detec-
tion prompt semantics as the direct LLM baseline, but changes the
execution policy from per document evaluation to scheduled batch
evaluation.

The sem_pattern system first extracts atomic events with the
semantic extraction layer and then applies the compiled pattern
over a keyed event stream. The retrieval variant inserts the embed-
ding filter before extraction, reducing the text passed to the LLM
while preserving the same downstream automaton. The separated
extraction variant runs rule specific extraction passes before the
same pattern runtime. These variants isolate the effect of retrieval
and extraction organization while keeping the automaton based
execution semantics fixed.

4.4 Online Streaming sem_pattern Detection
Online complex event detection is first evaluated under four exe-
cution settings: Direct LLM, Direct LLM with embedding filtering,
sem_pattern, and sem_pattern with embedding filtering. All set-
tings use the same rule text, event definitions, input documents,
entity keys, timestamps, and ground truth labels. The only differ-
ence is the execution strategy. Direct LLM asks the model to decide
whether a complex event is triggered by the available document
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Figure 3: Overall F1 scores on MIMIC-IV and TCELongBench
across four execution settings.

context. Direct LLM with embedding filtering first reduces the con-
text using the sentence filtering method described in Section 3.4
with a threshold of 0.3, and then applies the same direct decision
prompt. This filtering step is embedding based and does not con-
sume LLM inference tokens. In contrast, sem_pattern first materi-
alizes atomic semantic events from documents and then evaluates
the compiled rule with the NFA runtime described in Section 3.1.
Finally, sem_pattern with embedding filtering applies the same
sentence filter before atomic event extraction, while preserving the
downstream automaton-based execution. This controlled compari-
son isolates the effect of explicit event extraction and automaton-
based temporal matching from differences in task specification or
data construction.

Figure 3 evaluates execution accuracy, demonstrating that the
sem_pattern operator consistently outperforms monolithic full-
context reasoning. This architectural advantage is most pronounced
on MIMIC IV, where accumulating evidence across lengthy clinical
notes overwhelms direct language model judgment. For instance,
the Qwen 3 4B [22] full context baseline achieves a 0.606 F1 score.
While embedding filtering improves this to 0.812, sem_pattern
with filtering attains the highest observed score at 0.822. The same
phenomenon occurs with GPT 4o mini [1] on MIMIC IV, where
filtered sem_pattern reaches 0.848 compared to the 0.680 baseline.

Results on the longitudinal news articles of TCELongBench cor-
roborate these findings. The sem_pattern architecture with embed-
ding filtering achieves the highest Qwen F1 at 0.934, significantly
improving upon the 0.876 baseline. While GPT 4o mini exhibits a
narrower performance gap due to stronger baseline capabilities, the
filtered sem_pattern configuration still delivers the peak F1 score
of 0.891. Ultimately, decoupling atomic semantic materialization
from stateful temporal execution substantially improves detection
performance. Embedding filtering further contributes by pruning
irrelevant context before extraction, suggesting that explicit au-
tomaton based matching can offer advantages for long-horizon
complex event detection.

Figure 4 quantifies the token cost of different execution strate-
gies. The full context baseline is expensive because each decision
requires the model to reread accumulated entity history, averaging
15.2M tokens on MIMIC IV and 9.6M tokens on TCELongBench.
Embedding filtering reduces this cost by pruning irrelevant text
before prompting, lowering the averages to 7.0M and 6.2M tokens,
respectively. However, filtering alone still leaves the LLM responsi-
ble for complex event reasoning over the remaining context.

Figure 4: Total token consumption across datasets and exe-
cution settings.

Figure 5: Average Token Usage and F1 Across Experimental
Settings

The sem_pattern operator changes the cost structure more fun-
damentally. Without embedding filtering, it reduces average token
consumption to 5.7M on MIMIC IV and 2.3M on TCELongBench,
corresponding to reductions of 62.5% and 75.8% relative to full con-
text execution. With embedding filtering, the averages further drop
to 3.1M and 2.0M tokens, giving roughly 80% reduction on both
datasets. The result shows that most of the efficiency gain comes
from removing temporal composition from the LLM path: the model
is used for bounded semantic materialization, while long horizon
state progression is handled by the automaton runtime.

Figure 5 summarizes the efficiency and accuracy tradeoff across
execution strategies. The monolithic full-context baseline has the
highest token cost and the lowest overall F1 in this comparison, with
an average F1 score of 0.785. By moving temporal reasoning to an
explicit state machine, sem_pattern reduces token consumption by
nearly 68%while improving the overall F1 score to 0.879. Embedding
filtering provides an additional complementary optimization. When
combined with sem_pattern, it reduces total token usage by 80%
relative to the baseline and achieves the highest overall F1 score
of 0.884. These results suggest that pruning irrelevant context is
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Figure 6: Interval delay tradeoff.

helpful, while separating temporal state progression from LLM
inference accounts for the larger efficiency gain.

4.5 Periodic Batch Baseline
This section evaluates a periodic batch LLM baseline under long-
horizon monitoring settings. This baseline groups documents by
entity and evaluates each rule only at fixed batch ticks. At each tick,
the LLM receives the cumulative entity context observed so far,
together with the same rule definitions and event descriptions used
by the other settings, and directly predicts whether the complex
event has occurred.

This setting differs from the sem_pattern operator in its execu-
tion semantics. It does not materialize atomic events or maintain
automaton states over a keyed stream. Instead, each invocation re-
peats direct rule detection over an expanding textual history. This
baseline quantifies the cost–latency tradeoff of periodic full-context
monitoring relative to online event-driven execution.

Figure 6 illustrates the effect of the batch interval on LLM in-
vocation count and detection delay. Across these configurations,
LLM invocations decrease from 933 at the 7-day interval to 788
at the 30-day interval, a 15.5% reduction. This reduction is more
pronounced on TCELongBench, where the average number of calls
drops from 574 to 340 because fewer batch ticks are evaluated over
the shorter time horizon. The clinical dataset shows a smaller re-
duction, from 1292 to 1236 calls on average. Reducing the number
of model invocations leads to higher detection latency. On average,
latency increases by 50.1 percent across all settings. The effect is
especially clear on TCELongBench, where average latency rises
from 3.0 to 15.1 days as the batch interval grows from 7 to 30 days.

These results show that periodic batching offers only modest
invocation savings while delaying detection. Short intervals re-
duce latency but require frequent repeated evaluation, whereas
long intervals reduce invocation frequency but still require each
LLM call to reason over accumulated entity context. This tradeoff
supports the motivation for decoupling semantic materialization
from temporal state progression. By using the language model for
per-document atomic event extraction and delegating sequence
evaluation to a deterministic automaton, sem_pattern reduces
reliance on repeated full-context rule detection over continuous
streams.

5 DISCUSSION
The architectural contribution of the sem_pattern operator lies
in the separation of semantic materialization from temporal state
progression. Guiding large language models to natively manage
state across expanding context windows tightly couples correct-
ness, inference latency, and financial cost within a single opaque
execution step. This architecture realigns semantic monitoring with
foundational stream processing principles, ensuring that temporal
correctness and resource costs remain transparently tunable at the
runtime layer [4]. Furthermore, this explicit design creates a natural
path toward declarative query optimization, allowing model selec-
tion, prompting strategies, and operator placement to be planned
dynamically rather than hardcoded [17].

The primary limitation of this decoupling is that upstream se-
mantic hallucinations immediately translate into persistent stateful
errors. Because the underlying automaton is strictly deterministic,
a misclassified event type or hallucinated timestamp permanently
corrupts downstream pattern matching. While augmenting the
pipeline with retrieval mechanisms mitigates context exhaustion
and localizes evidence [16], it concurrently introduces ranking
volatility and expands the privacy attack surface when querying
sensitive histories [26]. Consequently, robust deployment demands
more than formal automaton correctness. It requires calibrated se-
mantic extraction, principled abstention under uncertainty, and
sophisticated mechanisms to revise state when subsequent docu-
ments contradict prior classifications.

One future direction is to make semantic event streams trans-
actional rather than merely append only. Instead of committing
each extracted event as the final state, the runtime should attach
confidence, provenance, and version metadata to every semantic
event, allowing uncertain matches to remain tentative until cor-
roborated by later evidence. This would enable rollback, selective
re-extraction, and replay when prompts, models, or event schemas
change. The next generation of LLM-augmented stream proces-
sors should treat model calls as adaptive physical operators: the
system should choose when to retrieve, when to invoke a small
or large model, when to abstain, and when to verify based on la-
tency budgets, uncertainty, and downstream state impact. Such an
architecture would move beyond using LLMs as isolated extractors
and toward a principled runtime for approximate, auditable, and
revisable semantic state.

6 CONCLUSION
sem_pattern highlights a core design principle for semantic stream
processing: semantic event materialization and temporal state pro-
gression should be handled by separate components. The operator
keeps LLM inference focused on bounded per-document extrac-
tion and delegates long-horizon rule evaluation to deterministic
automata. In the benchmark, this design achieves higher overall
F1 with lower token cost than direct full-context reasoning base-
lines. These results suggest that combining approximate semantic
extraction with formal stream semantics provides a practical foun-
dation for auditable and scalable analytics over unstructured event
streams.
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