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P =0 6. Methodology: Leapfrog Inference 7. Experiments & Wash-Out Analysis

ik, Method BrainWeb (20% Count) In-House (1% Count) ~ UDPET Brain (1% Count)
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y 4 t k) el OSEM (Hudson & Larkin, 1994) 0.9078 2835  0.0447 | 0.7456 2359  0.0745 | 0.7607  19.87  0.1108
g L"-v‘: AutoContextCNN (Xiang et al., 2017) | 0.9816  33.64  0.0233 | 0.9339  33.66  0.0226 | 0.8794 2629  0.0541
: — DeepPET (Hiiggstrom et al., 2019) 0.9746  30.08  0.0331 | 0.8820 3224  0.0263 | 0.8218 2528  0.0581
Information V- 0<0) Volume- ) CNNBPnet (Zhang et al., 2020) 0.9560  30.62  0.0329 | 0.9240 34.62  0.0200 | 0.7750 25.06  0.0621
Wash-Out Preserving P = Potential ot FBPnet (Wang & Liu, 2020) 0.9327  33.62  0.0231 | 09592 3419  0.0210 | 0.8907 27.36  0.0463
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breserving signal mass by construction Pt 2 FourierPET (Zhang et al., 2026) 0.9859 3536  0.0198 | 0.9740 35.19  0.0188 | 0.9083 27.98  0.0437
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Separable H enables explicit time-staggered updates. Unlike RK4, Leapfrog SOTA on all three datasets. On In-House 1% count: 36.35 dB PSNR, 0.9811 SSIM (+0.58 dB over DREAM).
Hy(t,z,pry) = Uyp(t, z;y) + Ko (¢, p;y). Separability ensures the Jacobian preserves symplectic structure exactly — no numerical dissipation. Wash-out analysis confirms sustained lesion recovery vs. premature saturation in dissipative solvers.
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4. Conjugate Phase-Space Boundaries
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. T Po embeds data fidelity as a restoring
po =7 A (y—Axo).
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