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Abstract. Streaming forecasting models based on multimodal data must remain 
robust when individual modalities undergo temporary degradation [1, 2]. This paper 
investigates Reliability-Adaptive Dynamic Fusion (RADF), a method that adjusts 
fusion weights in real-time based on calibrated reliability signals [4]. We present a 
stress-testing protocol involving alternating missingness and scale shifts and report 
practical findings from controlled benchmarks and real-world domains (Energy, 
Crypto) in a prequential setting [6]. Results show that RADF reduces Mean Absolute 
Error (MAE) by up to 93% in severe stress scenarios compared to naive fusion, while 
maintaining optimal performance in clean regimes via a “safety gate” mechanism. 
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Multimodal forecasting offers the potential for higher accuracy but also 
introduces the risk of performance collapse if one source degrades. Naive fusion 
strategies (e.g., early fusion or equal averaging) propagate noise from degraded 
channels to the final prediction. We propose Reliability-Adaptive Dynamic Fusion 
(RADF) to mitigate this by explicitly weighting modalities by their estimated 
reliability. 

RADF Method and Stress Protocol. RADF computes dynamic weights wt
(m) ∝

w0
(m) ⋅ rt

(m), where w0 is a base weight and rt is the online reliability score. A key 
feature is the clean-safety gate: when all modalities are reliable, RADF locks weights 
to the optimal static configuration w0, ensuring no performance loss in normal 
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conditions. We tested RADF under an “alternating stress” protocol (T = 8000) where 
Modality 1 and Modality 2 degrade sequentially (missingness p = 0.7, scale shifts). 

Empirical Results. In controlled experiments with alternating missingness, 
RADF achieved MAE 0.64 ± 0.11, significantly outperforming Early Fusion (0.68 ± 
0.08) and approaching the theoretical oracle performance. More importantly, in applied 
domains with severe degradation (p = 0.90 missingness in one modality), the benefits 
were drastic: 

− UCI Appliances Energy: RADF reduced MAE from 0.4015 (Naive) to 0.2608 
(-35%); 

− BTC/USD: RADF reduced MAE from 0.3453 (Naive) to 0.0239 (-93%). 
In the BTC/USD case, the naive model failed catastrophically due to noise 

propagation, while RADF effectively “switched off” the degraded channel, relying on 
the stable modality. 

 
Table 1. Robustness comparison (MAE) under severe degradation. 

Domain Method MAE (Stress) MAE (Clean) 
Energy Naive Fusion 0.4015 0.3427 

 RADF (Ours) 0.2608 0.2781 
BTC/USD Naive Fusion 0.3453 0.0222 

 RADF (Ours) 0.0239 0.0221 
 

These findings confirm that reliability-based weighting is a practical necessity for 
deployment in uncontrolled environments. The «safety gate» ensures that this 
robustness does not come at the cost of accuracy during normal operation. 

 
 

 
Figure 1. RADF weight dynamics: weights automatically shift away from the degraded modality 

(red zones) and return to baseline in clean segments. 
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Abstract. This paper presents performance-focused addition to multimodal 

neuro-motor analysis software that integrates electroencephalography (EEG) and 
motor deviation signals (ΔR). While traditional diagnostic approaches rely on static 
session-based evaluation, this work introduces computational complexity evaluation of 
core analytical modules, a scalable serverless cloud architecture for streaming 
biomedical data signals, and a transition from static indicators to time-resolved 
dynamic diagnostic parameters. 
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