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Q TFFR-Net architecture
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Different rate offsets guide attention through overlapping TF masks. = 5"

69.00% in 2-D — 6.12% in 3-D

Unresolved trials':‘3§49/§,000_ vs. 306/5,000. Monte Carlo: K = 2—6,

Training objectives ——

® Hungarian matching with £1-pixel frequency alignment assigns

N = 256. Resolution thresholds: ef = 1s/N and er = 1s*/N*. queries to ground-truth ridges. Unmatched queries are inactive.
€) Benchmark results L =2.0Ljps + 1.0 L + 0.1 L,
Synthetic chirps: K = 1-6 components, 0—25 dB SNR. Lins = 0.2 Dice + 0.8 BCE. Lifr uses smooth-L1 on GT ridge pixels.
Errors use Hungarian matching. Lower is better. Lcls balances active and inactive queries. Bat echolocation (143 kHz sampling), power oscillation,
- = _ and earthquake floor vibration. Qualitative STFT overlays.
IF MAE (Hz) B F=T=256. Hidden 256, 2 heads. RMSprop, LR 1e-4, batch 8. No ground-truth IF labels are available for these signals.

SNR ACMD VNCMD IVGNMD RPRG TFD-Net Ours Ablation at 25 dB Queries specialize along the rate axis

500 signals, 1,750 matched pairs. Four queries prefer
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+ |FR feedback 0.198 1.66 1.97 Frequency-rate lifting resolves most finite-resolution
20 dB 10.93 11.13 23.44 11.32 2.40 2.02 | | - crossing ambiguities. Across all tested SNR levels,
25 dB 10.00 10.98 23 14 11 17 196 1.66 Backbone IFR 0.201 1.82 2.25 TFFR-Net improves IF MAE by at least 5.8% and Dice
| | | loss by at least 5.4% over TFD-Net.
RPRG denotes RPRG+ICCD. Backbone seg. | 0.910 18.56 18.98
Current output: component ridges. Future work:
At 25 dB vs. TFD-Net: IF MAE 1.66 Hz (15.3% lower), IFR supervision prevents instance collapse. Query feedback time-domairF: reconstF;uction an% broader real-signal validation

Dice loss 0.198 (20.2% lower), IF Std 1.97 Hz (26.8% lower). further reduces IF MAE by 11.2% over IFR prediction alone.



