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o SwiftBrush : One-Step Text-to-Image Diffusion Model
with Variational Score Distillation (
https://arxiv.org/abs/2312.05239)
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Method Steps | FID-30K | | CLIP-30K 1
Guided DistillationT 1 37.3 0.27
Lcmt 1 35.56 0.24
Instaflow 1 13.101 0.28%
BOOT? 1 48.20 0.26
Ours 1 16.67 0.29
SD2.1* 25 13.45 0.30
SD2.1* 1 202.14 0.08

Table 1. Comparison of our method against other works based
on FID metric and CLIP score on the COCO 2014 dataset. T
means that we obtain the numbers from the corresponding pa-
pers. § means that we obtain the numbers using the provided pre-
trained models of the corresponding papers. ¥ means that we re-
implement the work and report the numbers. ™ means that we
report the number using the pretrained models. We use DPM-
Solver [21] with guidance scale 7.5 to sample for SD. Bold and
underlined numbers are best and second best for one-step models.

Models Human Preference Score v2 1
Anime Photo Concept Art Paintings
LCMf 22.61 2271 22.74 22.91
InstaFlow! | 25.98  26.32 25.79 25.93
BOOT? 25.29 25.16 24.40 24.61
Ours 26,91 27.21 26.32 26.37
SD2.1* 27.48  26.89 26.86 27.46

Table 2. Comparison of our method against other works based on
HPSv2 score in -step regime. t means that we obtain the score
using the provided pretrained models of the corresponding papers.
¥ means that we re-implement the work and report the score by
ourselves. ™ means that we obtain the score from [47]. Bold and
underlined numbers are best and second best, respectively.
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o NVRC:Neural Video Representation Compression
(https://arxiv.org/abs/2409.07414)
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Figure 3. Approximating the round(z) function during Stage 1 of optimization. COOL-CHIC adds uniform noise u, whereas C3 uses
soft-rounding sy with varying temperatures 7" and Kumaraswamy noise of different strengths, uyum. We plot the mean and 95% interval.
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Table 1: BD-rate results on the UVG dataset.

Color Space Metric X265 (veryslow) HM (RA) VTM (RA) DCVC-HEM DCVC-DC HiNeRV C3 HNeRV-Boost
RGB 4:4:4 PSNR -74.02% -51.00% -24.34% -41.30% -32.05% -50.73% -67.93% -66.78%
o MS-SSIM -80.79% -67.61% -50.08% -7.91% -12.58% -44.69% - -78.21%
YUV 4:2:0 PSNR -62.71% -34.83% -1.03% - -62.28%
MS-SSIM -59.49% -38.45% -15.38% - -70.23%
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Figure 3: Average rate quality curves of various tested codecs on the UVG datasets.
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o Speech Foundation Model Ensembles for the Controlled Singing Voice
Deepfake Detection (CtrSVDD) Challenge 2024
(https://arxiv.org/abs/2409.02302)
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EER of Datasets EER of Different Attack Types Pooled EER?

Layer .
Index Frontend Aggreéation Augmentation = ver Kising A09 Al0 ALl Al2  AI3  Ald  AOSAIL  A0S-ALD
BO1[10] LFCCs - - - - - - - - - 11.37
B02[10] Raw waveform - - - - - - - - - - 10.39
BOI [8] LFCCs - - - - 535 292 5.84 2947 3.65 [24001 16.15 -
B02([8]  Raw waveform - - - - 672 (096 3.59 | 26.83 1095 19.03 13.75 -
B02f Raw waveform - - 10.77 1073 6.14 | 1.01  3.76 | 2443 1.8 1855 1275 9.45
M1 wav2vec2 - - 555 1397 221 184 5.02 9.11 2.62 19.07 9.87 4.80
M2 wav2vec2 - series: (1)+(2) 6.83 9.71 2.16 2.03 871 695 234 1357 7.94 5.99
M3 wav2vec2 - parallel: (1)+(2) 3.94 1000 159 117 3.19 737 181 13.70 6.88 3.55
M4 WavLM Weighted Sum  series: (1)+(2) 4.68 8.81 221 146 5.62 577 1.66 1298 6.66 4.10
M5 WavLM Weighted Sum  parallel: (1)+(2) 3.40 8.85 135 098 3.70 578 | 1.07 1252 591 3.16
M6 WavLM AttM [24] series: (1)+(2) 472 1147 168 129 6.44 644 151 14.67 7.63 4.26
M7 WavLM AttM [24] parallel: (1)+(2) 348 1073 119 0.72 3.1 6.02 | 0.87 13.70 6.51 322
M8 WavLM Proposed SEA  series: (1)+(2) 381 853 132 093 372 595 115 12.83 6.16 332
M9 WavLM Proposed SEA  parallel: (1)+(2) 2.84 836 1.62 123 235 524 [ 132 1246 5.66 2.70
M10 WavLM Proposed SEA  parallel: (1)+(2) 326 954 152 106 266 598 116 1291 5.94 3.02
Ml11 WavLM Proposed SEA  series: (1)+(3) 6.57 503 247 179 9.53 510 197 1235 7.36 577
Mi12 WavLM Proposed SEA  series: (2)+(3) 7.24 5.00 271 226 870 6.66 246 13.56 7.76 6.08
Table 3. Performance in EER (%) on the evaluation set of CtrSVDD for ensemble systems.
Index Ensembling Details ]‘iflsemble EER of Datasets EER of Different Attackers Pooled EER?
Adjustments . 4Gneer  kising A09 A10 All Al2 Al3  Al4  A09-Al4  A09-AL3
El M5 + M7 + M8 + M9 + M10 - 2.71 8.40 1.03 0.74 256 477 0.88 1233 5.39 2.50
E2 M3 +MS5 +M7+ M8 + M9 + MI0 +M3 2.41 7.19  0.82 056 2.17 424 069 1200 501 221
E3 M3+ M5 +M7+M9 +MI10 -M8 2.30 721 079 055 2.00 417 070 1194 496 2.13
E4 M2 + M3 + M5 + M7 + M9 + M10 +M2 2.09 6.47 0.68 048 196 3.83 0.63 1180 4.78 1.95
E5 M2 + M3 + M7 + M9 + M10 -M5 1.93 6.02 058 044 1.67 3.82 0.56 11.84 4.76 1.79
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o GaussianShader: 3D Gaussian Splatting with Shading Functions for
Reflective Surfaces (https://arxiv.org/pdf/2311.17977)
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Table 1. The quantitative comparisons (PSNR / SSIM / LPIPS) on NeRF Synthetic dataset [32].

NeRF Synthetic [32]
Chair Drums Lego Mic Materials Ship  Hotdog Ficus Avg.

PSNRT
NeRF [32] 3300 2501 3254 3291 2962 2865 3618 30.13 31.01
VoISDF [52] 30.57 2043 29.46 3053  29.13 2551 3511 2291 2796
Ref-NeRF [45] 3398 2543 3510 3365 27.10 2924 37.04 2874 31.29
ENVIDR [27] 3122 2299 2955 3217 2952 2157 3144 2660 28.13
Gaussian Splatting [21] | 35.82 26.17 35.69 | 3534 3000 30.87 37.67 3483 3330
Ours 3583 2636 3587 3523 3007 3082 3785 3497 3338

SSIMT
NeRF [32] 0967 0925 0961 0980 0949 0856 0974 0.964 0947
VoISDF [52] 0949 0.893 0951 0969 0954 0842 0972 0.929 0.932
Ref-NeRF [45] 0974 0929 0975 0983 0921 0864 0979 0954 0.947
ENVIDR [27] 0976 0.930 0961 0984 = 0968 | 0.855 0963 [0.987 0.956
Gaussian Splatting [21] | 0.987 0.954 0983 0.991 0960 0907 00985 0.987 0.969
Ours 0987 0949 0983 0991 0960 0905 0985 0.985 0.968

LPIPS],
NeRF [32] 0046 0091 0050 0028 0063 0206 0.121 0044 0081
VoISDF [52] 0056 0.119 0054 0191 0048 0191 0043 0.068 0.096
Ref-NeRF [45] 0029 0073 0025 0018 0078 0158 0028 0056 0.038
ENVIDR [27] 0031 0.080 0054 0021 0045 0228 0.072 [0.010 0.067
Gaussian Splatting [21] | 0012 0.037 _ 0.016 | 0.006  0.034  0.106 0.020 0.012 0.030
Ours 0012 0040 0014 0006 0033 0098 0019 0013 0.029
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o Anomaly Detection via Reverse Distillation from One-Class Embedding
(https://arxiv.org/abs/2201.10703)
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Image Size 128 256
Category/Method | MKD[')] Ours | GT[I)] GN[]] US[] PSVDD[ ] DAAD[(] MF[/] PaDiM[:] CutPaste[ '] Ours
Carpet 79.3 99.2 43.7 69.9 9L.6 92.9 86.6 94.0 99.8 93.9 98.9
s | Grid 78.0 95.7 61.9 70.8 81.0 94.6 95.7 85.9 96.7 100 100
2 | Leather 95.1 100 84.1 84.2 88.2 90.9 86.2 99.2 100 100 100
% | Tile 91.6 99.4 417 79.4 99.1 97.8 88.2 99.0 98.1 94.6 99.3
& | Wood 94.3 98.8 61.1 83.4 97.7 96.5 98.2 99.2 99.2 99.1 99.2
Average 87.7 98.6 58.5 77.5 91.5 94.5 91.0 95.5 98.8 97.5 99.5
Bottle 99.4 100 744 80.2 99.0 98.6 97.6 99.1 99.9 98.2 100
Cable 892 97.1 78.3 75.7 86.2 90.3 84.4 97.1 92.7 81.2 95.0
Capsule 80.5 89.5 67.0 73.2 86.1 76.7 76.7 875 913 98.2 96.3
Hazelnut 98.4 99.8 359 78.5 93.1 92.0 92.1 99.4 92.0 98.3 99.9
2 | Metal Nut 73.6 99.2 81.3 70.0 82.0 94.0 75.8 96.2 98.7 99.9 100
= | Pill 827 933 63.0 74.3 87.9 86.1 90.0 90.1 933 94.9 96.6
O | Screw 833 91.1 50.0 74.6 549 81.3 98.7 97.5 85.8 88.7 97.0
Toothbrush 922 90.3 97.2 65.3 953 100 99.2 100 96.1 99.4 99.5
Transistor 85.6 99.5 86.9 79.2 81.8 915 87.6 94.4 97.4 96.1 96.7
Zipper 93.2 94.3 82.0 74.5 91.9 97.9 85.9 98.6 90.3 99.9 98.5
Average 87.8 95.4 71.6 75.5 85.8 90.8 88.8 96.0 93.8 95.5 98.0
Total Average 87.8 96.5 67.2 76.2 87.7 92.1 89.5 95.8 95.5 96.1 98.5
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