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Streaming decision support systems increasingly rely on multimodal time- series
data, where both non-stationarity (concept drift) and temporary modality degra- dation
(missingness, noise, scale shifts) may co-occur and confound the interpreta- tion of
error growth. This work proposes to represent modality reliability as a causal
probabilistic estimate of a modality being in a non-degraded state and to treat this es-
timate as a unified control interface that consistently governs three online procedures:
reliability-adaptive fusion for forecasting, drift-initiated budgeted micro-adaptation,
and false-alarm-rate (FAR) constrained anomaly detection. The approach is evalu- ated
in a prequential protocol on controlled streams with deterministic injections of drift,
degradations, and anomalies, and is additionally validated on real datasets. Re- ported
results indicate that calibrated reliability scores provide an interpretable con- trol signal
with low latency and improve robustness of downstream modules under stress regimes.

In streaming intelligent decision support systems, the same rise in forecasting
error can be caused either by a genuine change of regime (concept drift) or by a
temporary deterioration of one or more data sources (e.g., sensor outages, increased
noise, scale shifts). Without an explicit representation of modality quality, online
pipelines tend to overreact (unnecessary adaptation) or underreact (late recovery),
while anomaly detection may produce systematic false alarms during degraded
segments. These issues become critical when the pipeline must satisfy low-latency
constraints and an explicit bound on the false alarm rate (FAR) in operational
monitoring.

The proposed idea is to introduce a single probabilistic quantity - modality reli-
ability - and use it as a shared control signal across the pipeline. Reliability is
interpreted as a causal probability score (between 0 and 1) indicating that a given
modality is currently in a non-degraded state (given only past and current obser-
vations). To support interpretability and stable downstream control, the reliability scale
is post-hoc calibrated and monitored using the expected calibration error (ECE). At the
pipeline level, reliability is used in three roles: (i) to transform per-modality scores into
smoothed dynamic fusion weights for streaming forecasting (reliability- adaptive
dynamic fusion, RADF); (ii) to trigger event-driven micro-adaptation only when
changes are consistent with drift rather than with data-quality degradation, while
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keeping update costs within a fixed budget; (iii) to constrain anomaly scoring and
thresholding so that the decision-making layer can maintain a predefined FAR budget.

Evaluation is performed in a prequential (test-then-train) setting on controlled
streams where degradations, drift, and anomalies are injected deterministically to
enable causal interpretation of effects. In these experiments, the calibrated online
reliability model separates degraded and non-degraded states with ROC-AUC
0.86 £0.07 and achieves ECE 0.08 £+ 0.04, providing a stable probabilistic control
scale. In a microbenchmark, lightweight reliability scales require 9.29 ps and 19.19
us on av- erage, while the online model achieves an average latency of approximately
150 ps. For anomaly detection with a fixed FAR budget of 0.05, the reliability-
constrained procedure attains Recall@FAR = 0.34 + 0.09 on degraded segments of a
controlled stream, compared to 0.10 + 0.06 for naive multimodal scoring. In a system-
level stress test with segment missingness rate 0.90, an integrated decision support pro-
totype reduces MAE by approximately 35% on a controlled energy domain and by
approximately 93% on real BTC/USD data compared to naive fusion.

Table 1. Key empirical findings for reliability as a control interface (streaming evaluation).

Aspect Result (mean + dispersion, where reported)
Ezzi?ﬂlty separability (degradation vs. ROC-AUC 0.86 + 0.07
Reliability calibration quality ECE 0.08 = 0.04

g . ~150 us (online model); 9.29 us, 19.19 us
Reliability latency (microbenchmark) (lightweight scales)
Anomaly detection under FAR budget 0.05 Recall@FAR = 0.34 + 0.09 vs. 0.10 £ 0.06 (naive
(degraded segments) scoring)
System-level stress (segment missingness MAE reduction =35% (controlled energy), ~93%
0.90) (real BTC/USD) vs. naive fusion

The presented results support the feasibility of treating reliability as a single,
auditable control interface for streaming multimodal decision support. At the
methodological level, the interface provides a consistent way to distinguish data-
quality degrada- tions from drift-related regime changes, reducing the risk of unstable
updates and unnecessary alarms. At the engineering level, the interface enables
transparent bud- get accounting (latency, update budgets, FAR constraints) and can
be integrated into a decision layer that generates operator-facing recommendations.

Reliability used as a unified control interface
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Figure 1. Reliability as a unified control interface in a streaming multimodal decision-support
pipeline.
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METO/J KVIBKICHOI OIIIHKHY 3BYPEHb
KOHTEMHEPA

Bopucenko Ipuna IBaniBHa

CTapIlUi BUKJIaaa4

Kadenpa kibepOe3neku Ta nporpaMHOro 3a0€3MneueHHs
Hamionaneuuit yaiBepcuteT «Oiecbka MoiTexHika», YKpaiHa

B xommuiekcHUX cucTemMax 3axucty iHdopmarlii mmpoke 3aCTOCYBaHHS 3HAUIILTH
cTeraHorpadgiyHi MeTOJ{, MPUHIIUI POOOTH SKUX MOJATa€ B CTBOPEHHI CKPUTUX
KaHaJiB 3B’SI3Ky y BXKE ICHYIOUMX TMOTOKax JaHuX B 1H(popMaliiHO-
TEJIEKOMYHIKAI[IHHUX CHCTEMaX.

B sxiit Ou oOnacti (CreKkTpalibHiM, MPOCTOPOBIM 1 T.1.) HE MNPOBOIAUIOCS
creranoneperBopeHHs (CII) marpui koHTEHHEpa 11e 000B’A3KOBO IIPU3BEAC 10 3MIHH
3Ha4YE€Hb €JIEMEHTIB B MPOCTOPOBIii 001acTi. AHasi3 30ypeHb KOHTETHEepa IMoKa3as, 1110
B 3aJIKHOCTI BiJl TOrO0 3HAYEHHS SKHUX EJIEMEHTIB Oynu Monau(]ikoBaHi pIBEHb
30ypeHHsI MaTpulll KOHTelHepa OyJie HeoJHaKOBUM. PO3risiHeMo 11 CTBEp/IKEHHS Y
(dbopManbHOMY BUTJISIL.

B sikocTi koHTelHEpa Oyaemo BUKOpUCTOBYBaTH IdpoBe 300pakenHs (113) 3
MaTpULIEr C =[c,] PO3MIpHOCTI mxn, c;€[0;255]. Posrnsmemo nBa mikcemi 3i

3HaYeHHsSIMH K, 1 K, Takux, mo K, > K,. 3MIHMMO 111 3HaueHHs Ha +1 koxkHe (ToOTO
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