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Abstract

Stream processing systems are widely used to calculate market microstructure metrics in real time,
but most observability tools monitor only infrastructure indicators and therefore cannot reveal
semantic correctness errors in the computed values. This work proposes a three-level observability
model for such computations. The model separates infrastructure monitoring, computation-state
monitoring, and semantic monitoring based on invariants derived from formal metric definitions.
Using Order Flow Imbalance as the main example, the study shows that the mathematical
specification of a metric can be transformed into runtime checks for spread validity, quote-update
consistency, and agreement between matched trade volume and buy/sell volume. A taxonomy of
streaming operators for financial metrics is also introduced, distinguishing windowed aggregates,
order-dependent state machines, temporal joins, online estimators, and path-dependent volume-
time operators. The proposed approach is evaluated on an OFI streaming pipeline with injected
duplicate, reordered, lost, and frozen events. The experiments demonstrate that standard
infrastructure indicators may remain normal while semantic invariants reveal data quality failures
with constant per-event overhead. The model can support real-time financial analytics systems that
require correctness guarantees beyond latency and throughput monitoring.
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AHHOTAUA

CucremMbl MOTOKOBOW 00pabOTKM HIMPOKO HCIOIB3YIOTCS I pacueTa METPUK PHIHOYHON
MUKPOCTPYKTYPBl B pEAJbHOM BPEMEHH, OJHAKO OOJBIIMHCTBO CpPEICTB HAOII0JaEMOCTH
KOHTPOJIMPYET TOJILKO HHMPACTPYKTYPHBIC MMOKA3ATEIHN U IIOATOMY HE BBISBIISICT CEMAHTHUECKUE
OMMOKKM B BBIYHCICHHBIX 3HAYCHUAX. B paboTe mnpemnokeHa TpPEeXypoBHEBas MOJETh
HAOIII0IAEMOCTH ISl TAKUX BBIUMCICHHNH. Mojens pa3aenseT nHQPacTpyKTypHBI MOHUTOPHUHT,
MOHUTOPUHI COCTOSIHUSL BBIYMCICHHMM H CEMAHTUYECKUM MOHUTOPUHI, OCHOBAaHHBIM Ha
WHBapHaHTaX, BBIBOJUMBIX W3 (OpMaNbHBIX OINpeaencHuil meTpuk. Ha mpumepe mucOamanca
MOTOKAa 3as{BOK I[IOKA3aHO, YTO MaTeMaThyeckas CrernupuKanus METPUKA MOXKET OBITh
mpeoOpa3oBaHa B MPOBEPKH BPEMEHH BBINOJHEHUS: KOPPEKTHOCTH CIpea, COTIaCOBAHHOCTH
OOHOBJICHUN KOTHPOBOK M COOTBETCTBHE 00BEMa MCIOIHEHHBIX CICIIOK CyMMapHBIM OObeMaM



MOKYIIOK M MpoJiax. Takxke MpenokeHa TAKCOHOMHSI IIOTOKOBBIX OIIEPaTOpPOB /sl (PMHAHCOBBIX
METPHUK, BKJIIOYAIOIIAsl OKOHHBIE arperarbl, MOPSAAKOBO-3aBUCHUMBIE aBTOMAaTbl COCTOSHM,
BPEMEHHBIC COCIUHEHUs, OHJIAWH-OLICHUBATEIN U IIyTh-3aBUCHMBIC OIEpaTOPbl C OKHAMU II0
oobemy. Ilogxon nmpoBepeH Ha MOTOKOBOM KoHBelepe pacuera OFI mpu BHeceHuu ay0nuKkaTos,
NIEPECTAaHOBOK, MOTEPh U 3aMOPO3KU COOBITHHA. DKCIEPUMEHTHI MOKA3bIBAIOT, YTO CTAHAAPTHHIC
MHPPACTPYKTYpPHbIE HHIMKATOPHl MOTYT OCTaBaTbCsi B HOpPME, TOTAa Kak CEMaHTUYECKHE
VMHBapHaHThI BBISBIIAIOT HAPYILLIEHUS KA4eCTBA JaHHBIX C IOCTOSSHHBIMU HAaKJIaJHBIMU PAcX01aMu
Ha coOblTHe. Mojenp NpUMEHHMa MPH MPOSKTUPOBAHUU CHCTEM (DPUHAHCOBOM aHATUTHKH,
KOTOPBIM TPEeOYIOTCSI TapaHTHH KOPPEKTHOCTH CBEPX MOHUTOPHHIA 3aJCPKKH U MPOIYCKHOM
CIIOCOOHOCTH.

KiroueBsble ciioBa

[TorokoBass 00paboTka, HaOIIOJAEMOCTb, CEMAaHTHYECKash KOPPEKTHOCTb, MPOBEPKA BpPEMEHH
BBITOJIHEHUS], PHIHOYHASI MUKPOCTPYKTYpa, AUCOaaHC MOTOKA 3asBOK.

Stream processing systems are increasingly used to compute market microstructure metrics
in real time: Order Flow Imbalance (OFI), Volume-Synchronized Probability of Informed Trading
(VPIN), Trade Flow Imbalance, and others [1]. These metrics require maintaining state between
events, strict processing order, and window semantics, making them sensitive to failures typical
of distributed systems: event duplication, reordering, and data loss. Stanford, Kallas, and Alur
demonstrated that advances in stream processing performance have not been matched by adequate
attention to computation correctness: an error in a streaming application immediately produces
wrong results for downstream consumers [2]. Existing observability tools — OpenTelemetry,
Prometheus, consumer lag monitoring — track infrastructure metrics (latency, throughput, error
rates) but cannot detect a situation where all system indicators are normal while computed values
are incorrect. Batch validation tools (Great Expectations, dbt tests) operate post-hoc on
materialized data. Academic Stream Runtime Verification systems (RTLola, MonPoly) provide
formal guarantees over event streams but have not been applied to domain-specific financial
streaming computations [3]. Thus, a gap exists between three fields — stream processing, financial
mathematics, and runtime verification — each solving an adjacent but non-overlapping problem.

This work proposes a three-level observability model for streaming computations. Level 1
(infrastructure) covers standard monitoring: latency, throughput, consumer lag, implemented via
OpenTelemetry and Prometheus. Level 2 (computation) covers state store size, checkpoint
duration, and watermark progress — partially available in Apache Flink and Kafka Streams as built-
in metrics. Level 3 (semantic) introduces domain-specific correctness invariants derived from the
mathematical definition of the computed metric — absent from existing systems and constituting
the main contribution of this work. The key insight is that a formal metric specification defines
not only the computation algorithm but also a set of runtime-checkable invariants. For OFI [1],
defined as the sum of contributions from consecutive changes in best bid/ask prices in the order
book, the definition yields invariants: (a) in the absence of quote update events, the OFI increment
equals zero; (b) the spread (ask minus bid) is non-negative at all times; (c) the total buy and sell
volume matches the total matched trade volume. Violation of any invariant indicates data
corruption: event duplication, reordering, or message loss. The PGVal study confirms that even
exactly-once semantics does not guarantee semantic correctness: Flink silently drops late events
in join operations, and Kafka Streams discards all late events in multi-stream topologies [4].

To systematize semantic monitoring requirements, a taxonomy of microstructure metrics
by streaming operator type is proposed: (1) windowed commutative aggregates, order-insensitive
within a window (Trade Flow Imbalance, Realized Volatility); (2) order-dependent state machines
where each event’s contribution depends on the previous state (OFI); (3) join operators with
temporal shift requiring delayed reference lookups (Spread Decomposition); (4) online estimators
based on rolling regression (Kyle’s Lambda); (5) path-dependent operators with volume-time
windowing where bucket boundaries depend on cumulative volume (VPIN). Each class exhibits a



specific set of semantic invariants and different sensitivity to ordering violations and data loss.
The taxonomy enables determining the minimum set of runtime checks for each computation type.

Experimental verification is conducted on an OFI streaming pipeline. Under controlled
fault injection scenarios — duplicate quotes from a feed provider, event reordering due to network
disruption, reprocessing after Kafka partition recovery, and frozen data feeds — infrastructure
metrics remain within normal bounds while semantic invariants detect correctness violations.
Invariant checking executes with constant per-event overhead, ensuring minimal additional cost
for high-throughput systems.

The proposed semantic observability model detects correctness violations invisible to
standard infrastructure monitoring. The approach is technology-agnostic: invariants are derived
from the metric’s mathematical definition and applicable to architectures of varying scale — from
lightweight pipelines to distributed frameworks. The results can be applied in designing online
financial market analytics systems requiring real-time correctness guarantees. Future work
includes developing adaptive invariants calibrated to market regime from historical data, and
formalizing automatic invariant derivation from arbitrary streaming metric specifications.
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