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This supplementary material presents the following additional information to complement the paper:

Sec. 1: a set of ablation experiments on our multi-resolution loss function as well as the normalized gradient descent optimizer;

Sec. 3: more details on the entire FFHQ-X test set (see sec. 6.1 of the main paper);

Sec.
Sec.
Sec.
Sec.
Sec.

Sec.

4:
: details on the selection of hyperparameters for the PULSE [4] and L-BRGM [1] baselines;

illustration of the degradation levels used in our benchmark (sec. 5.1 of the main paper);

: quantification of the impact of our 3-phase latent extension approach;

: compares our method to the baselines under the Natural Image Quality Evaluator (NIQE) [5] score;
: additional qualitative results to complement figs. 4 and 5 from the main paper;

9:

results on other datasets;

Sec. 10: high resolution results to better see the differences;
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1. Ablations
Accur. (LPIPS) | Fidelity (LPIPS) | Realism (pFID) |,
MR 256 1024 MR 256 1024 MR 256 1024
Upsampling (bilinear, bicubic or Lanczos)
Xs 414 432 397 313 323 278 170 28.8 16.1
M 472 507 454 172 214 101 223 413 251
XL 514 534 492 .090 .080 .023 21.3 620 219
Denoising (clamped Poisson and Bernoulli mixture)
XS 425 430 433 156 167 147 185 264 210
M 446 476 466 130 154 (128 19.8 418 278
XL 474 529 519 .084 .103  .102 179 558 269
Deartifacting (JPEG compression)
XS 432 428 478 349 344 392 148 212 286
M 445 450 504 357 360 413 154 248 351
XL 490 535 584 412 446 510 187 634 726
Inpainting (random strokes)
Xxs 378 385 .356 348 354 326 129 177 170
M 39 406 387 206 213 195 145 196 17.6
XL 422 437 410 132 141 125 159 225 172

Table 1. Ablations comparing performances on all metrics for single degradations, comparing our multi-resolution loss function
(columns labeled MR) against an LPIPS loss applied at resolution 256 X 256 (columns labeled 256) and 1024 x 1024 (columns
labeled 1024). In all cases, an L1 loss with a weight of 0.1 was also used. For upsampling tasks, column 1024 instead shows
LPIPS applied at the maximal resolution after downsampling, and column 256 after another 4x downsampling when applicable.
The multi-resolution loss function is critical for performance on denoising and deartifacting. For upsampling and inpainting, its
use results in a small loss in accuracy in exchange for a (sometimes large) gain in realism. Results are color-coded as best and

second best .

Figure 1. Final predictions during XL denoising with the LPIPS loss applied at different resolutions (from top to bottom: MR, 256,
0.9; MR is the multi-resolution loss function proposed in our method). While the prediction with our multi-resolution loss function is
not artifact-free, it is much less blurry then the prediction at 1024.

Table 1 shows ablations on our multi-resolution loss function. We compare our proposed loss single degradations at (XL, M,
XS) compared to a more standard (VGG) perceptual loss applied at a full resolution and at a fixed (256) resolution (the latter is
commonly performed because it is close to VGG’s native resolution 224 x 224). It shows that our multi-resolution loss function is
critical for denoising and deartifacting: this is somewhat unsurprising because these degradations damage the high frequencies while
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mostly preserving the low frequencies; JPEG compression was explicitly designed with this intent. But, it also shows that such losses
retain good performance for other degradations: it is robust.

Accur. (LPIPS) | Fidelity (LPIPS) | Realism (pFID) |,
0.0 0.5 0.9 0.0 0.5 0.9 0.0 0.5 0.9
Upsampling (bilinear, bicubic or Lanczos)
Xs 414 397 375 313 282 236 170 19.8 22.6
M A72 473 484 172 135 106 223 332 502
XL 514 492 495 090 .074 .055 21.3  18.8 209
Denoising (clamped Poisson and Bernoulli mixture)
XS 425 413 409 156 143 131 185 21.6 269
M 446 444 452 130 120 114 198 254 372
XL 474 471 489 084 .077 076 179 21.8 388
Deartifacting (JPEG compression)
Xs 432 414 391 349 324 291 148 157 181
M 445 432 417 357 332 300 154 173 215
XL 490 491 500 412 392 381 18.7 266 45.1
Inpainting (random strokes)
xs 378 353 319 348 325 293 129 13.0 138
M 396 382 355 206 190 .170 145 153 176
XL 422 405 392 132 124 105 159 173 209

Table 2. Ablations comparing performances on all metrics for single degradations, comparing our optimizer without (columns
labeled 0.0) and with momentum at values 0.5 and 0.9 (columns labeled 0.5 and 0.9, respectively). Results are color-coded as best

and second best . While momentum improves fidelity and, in many cases, accuracy, it results in a severe degradation in realism,
especially for non-linear tasks such as inpainting and denoising.

Table 2 shows ablations for our normalized gradient descent optimizer. Recall that the Adam optimizer takes steps proportional to
the value obtained by normalizing an elementwise running average the gradient’s first moment (momentum) with an elementwise
running average of its second moment. We show show that including just momentum (at values 0.5 and 0.9) leads to a degradation in
realism. In other words, even a minimal attempts at moving our optimizer closer to Adam results in a severe degradation in realism.

Figure 2. Final predictions during XL deartifacting for different momentum levels (from top to bottom: 0.0, 0.5, 0.9; 0.0 is the value
proposed in our method). Adding momentum results in a severe degradation in realism.
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2. Additional comparison to denoising diffusion restoration models (DDRM)

The main advantage of image restoration with StyleGAN inversion is that, since the latter is gradient based, it can handle non-
linear degradation easily while DDRM cannot. Besides, this section gives some additional comparisons to DDRM for uncropping,
and attempts to explain its high accuracy scores. For inpainting we can decompose the accuracy into two parts, provided that it is
measured with an L1 norm: the fidelity (measuring if the degraded prediction matches the target), and its complement that we will
dub the authenticity (measuring if what is absent from the target is correctly inferred by the prediction). More concretely, authenticity
measures the distance between the masked part of the ground truth and the prediction. Recalling that & c;cq» denotes the prediction
and that y,.,,, denotes the ground truth, for a (linear) masking degradation H we have:

accura’CYLl(wClean7 yclean) = |m€l€a" - yclean| = ﬁdelitYLl(mClﬂ”H yclean) + authentiCityLl (mClE‘"H yclean)

where
ﬁdentyLl (a:clean, yclean) = ‘Hmclean - Hyclean'

a“uthentiCitYLl (mcleany yclean) = |(I - H)mclean - (I - H)yclean‘ .

Results for uncropping are shown in table X with these new metrics. These results show that DDRM obtains high accuracy
because it fidelity is excellent, but that it struggles with authenticity, meaning that it fails to infer beyond this. In figure Y, we give
more results on uncropping, which shows this well: DDRM perfectly reproduces the provided crop, but struggles to infer the missing
part. In contrast, StyleGAN-based image restoration is much better at doing so.

Accuracy (L1) | Fidelity (L1) | Authenticity (L1) |
DDRM Ours DDRM Ours DDRM Ours

Uncropping (top left corner unmasked)
0.16721  0.12120 0.00101  0.00826 0.16620  0.11343

Table 3. Quantitative comparison to DDRM [3] on L1 accuracy, fidelity, and authenticity. Results are color-coded as best .
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482 Figure 4. DDRM has near-perfect fidelity when degradations are low but yields unrealistic (blurry) predictions under high 536
483 degradations (top: XS additive gaussian noise, bottom: XL addititive gaussian noise). StyleGAN generates a realistic image but 537
484 poorly fitting image. 538
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940 3. Dataset collection 594
541 595
542 The pretrained FFHQ networks are trained on all 70k FFHQ images, leaving none for testing. For this reason, we collect an 596
543 additional 100 images (50 men and 50 women) by scraping Flickr for portrait images uploaded after 2020 (ensuring that they were 597
544 not part of the original training set). In detail, we scraped 1k images using the query “portrait man” and 1k images using the query 598
545 “portrait woman”. After running the facial alignment script, we discarded all images with: low resolution, noise, blur or visible JPEG 599
compression; extremely unnatural lighting; pure white or pure black background; facial obstructions; black and white coloration;
546 . . . L . . . 600
547 nudity; too little paFldlng arqur}d the head. Of the remaining images, we kept 50 for each class by manually selecthg er diversity. 601
Diversity  As with the original FFHQ dataset, where 69.2% of all images are of white people [2], our dataset is biased by the
548 distribution naturally present in Flickr images. Our method also inherits the bias present in StyleGAN; refer to PULSE [4] and for a 602
549 more in-depth discussion. 603
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591 Figure 5. All 100 test images of our FFHQ-X test dataset. All images were scraped from Flickr and have a resolution 1024 x 1024. 645
592 646
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648 4. Degradation levels oz
649 703
650 Fig. 6 below illustrates the degradation levels used in our benchmark. 704
651 705
652 706
653 707
654 708
655 709
656 & 710
657 = 711
658 & 712
659 5 713
660 714
661 715
662 716
663 717
664 " 718
665 8 719
666 2 720
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673 g 727
674 g 728
675 A 729
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677 731
678 732
679 733
680 o 734
681 2 735
682 & 736
683 B 737
684 Figure 6. All degradation levels used in our benchmark (from left to right: XS, S, M, L, XL; from top to bottom: upsampling, 738
685 denoising, deartifacting, and inpainting). Please note that all images have native resolution 1024 x 1024; inlays (bottom-left of each 739
686 image) magnify 4x a small 32 x 32 crop near the left eye. Please zoom in to better appreciate the levels. 740
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5. Hyperparameter search
5.1. PULSE

PULSE’s main regularization hyperparameter is the geocross term A4, which constrains the geodisc distance between all 18
latent codes in W . To account for our change of the network and the introduction of new tasks we first increased the number of steps
from 100 to 250 and adjusted the learning rate to 0.8 after manual inspection on validation data. We then ran our benchmark on a
range of 8 hyperparamter values A\, = {0.0,0.001,0.01,0.05,0.15,0.3,0.5, 1.5} directly on the test set, retaining the parameter
values with the best accuracy for each (task, level) pair. Note that the original paper proposes the value 0.05 and but that most
retained values were in {0.001,0.01}.

Ageo 0.0 0.001 0.01 0.05 0.15 0.3 0.5 1.5

upsampling/XS 0.5059  0.5011  0.4926  0.4958 05049  0.5079 05119  0.5222
upsampling/S 0.5041 04966  0.4920 0.4972 05043  0.5104 05132 0.5240
upsampling/M 0.5036 04979 04953 04999 05063  0.5124  0.5192  0.5251
upsampling/L 0.5102  0.5058  0.5028  0.5015 0.5103 05182  0.5206  0.5274
upsampling/XL 0.5223  0.5153 05121  0.5151 05199 0.5208  0.5209  0.5306
denoising/XS 0.5083 ~ 0.5008  0.5051  0.5113 05191  0.5244 05313  0.5615
denoising/S 0.5085 04989 05025 0.5129 05198  0.5241  0.5326  0.5621
denoising/M 0.5100 ~ 0.5000 0.5033  0.5141  0.5210  0.5251 0.5339  0.5645
denoising/L 0.5103  0.5015  0.5043  0.5101 0.5217  0.5316  0.5391 0.5743
denoising/XL 0.5208  0.5044 05110  0.5209  0.5293  0.5487  0.5587  0.5991

deartifacting/XS ~ 0.5057  0.4984  0.4994 05041  0.5145 05187  0.5235  0.5427
deartifacting/S 0.5055 04975 0.4996  0.5059 05173  0.5206  0.5245  0.5402
deartifacting/M 0.5096  0.5003  0.4981 0.5087 05176  0.5215  0.5239  0.5443
deartifacting/L 0.5131 0.5005  0.5018  0.5113  0.5176 05225  0.5276  0.5419
deartifacting/XL ~ 0.5233  0.5129  0.5085 0.5166  0.5246  0.52890  0.5302  0.5457

inpainting/XS 0.5079  0.5048  0.4981  0.4997 05077  0.5123 05155  0.5230
inpainting/S 0.5145  0.5057  0.5009 0.5034 05120 0.5143  0.5203  0.5303
inpainting/M 0.5231  0.5125 05088  0.5122 05143  0.5204  0.5245  0.5380
inpainting/L 0.5278  0.5182  0.5128  0.5148  0.5234  0.5286  0.5266  0.5452

inpainting/XL 0.5378  0.5238  0.5246  0.5253  0.5301 0.5331 0.5345  0.5519

Table 4. Accuracies (LPIPS) in single tasks for PULSE at all hyperparameter values. Best accuracies are marked as best and default
hyperparameter values as default .

Ageo 0.0 0.001 0.01 0.05 0.15 0.3 0.5 1.5
NA 0.5289 05167  0.5225  0.5311 0.5402  0.5536  0.5704  0.6038
AP 0.5227  0.5129 05108  0.5186  0.5278  0.5335  0.5380  0.5624
UA 0.5254  0.5151 05097  0.5165  0.5239  0.5269  0.5302  0.5488
NP 0.5234  0.5109 05110  0.5220  0.5311  0.5406  0.5509  0.5922
UN 0.5148  0.5006  0.5018  0.5132  0.5195  0.5303  0.5407  0.5690
UP 0.5275 05136 0.5105 0.5135  0.5185  0.5239  0.5276  0.5405

UNP 0.5290  0.5098 05163  0.5273  0.5312  0.5414  0.5535  0.5867
UAP 0.5380  0.5279  0.5253  0.5299  0.5387  0.5389  0.5418  0.5672
UNA 0.5427  0.5212 0.5284  0.5392  0.5484  0.5592  0.5744  0.6059
NAP 0.5384  0.5258  0.5329  0.5422  0.5553 05719  0.5878  0.6228
UNAP  0.5573  0.5330 05384  0.5496  0.5614  0.5799  0.5939  0.6245

Table 5. Accuracies (LPIPS) in composed tasks for PULSE at all hyperparameter values (composed tasks). Best accuracies are
marked as best and default hyperparameter values as default .

5.2. L-BRGM

L-BRGM main regularization hyperparameters are \;o¢ and Ap,qp, Which respectively constrain the optimization to stay near the
mean in Z space and the YW™ extension to be as minimal as possible. To account for our change of the network and the introduction
of new tasks we first adjust the learning rate to 0.05, again after manual inspection on validation data. L-BRGM uses best-of-k
random initialization; because initialization is difficult under high degradations, we doubled the number of samples from 100 to
200 and added a 0.8 truncation to avoid outliers. L-BRGM also performs early-stopping by inspecting the ground truth; for a fair
comparison, we instead fixed the number of steps to 500, the value used in BRGM. We then ran our benchmark on the full test set for
12 hyperparameter value pairs

() = (6) - oon) - (o0r) + Coon) - o)+ (o) - (o) (02) - (02) - (04) - (0%) - (V&)
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retaining the parameter values with the best accuracy for each (task, level) pair.

Amap 0.0 0.01 0.1 1 1 5 5 15 30 30 60 90
Alat 0.0  0.0001 0.001 .001 0.01 0.01 0.05 0.2 0.2 0.4 0.8 1.6
upsampling/XS 0.4123  0.4097 04074 04122 04112 04269  0.4241 0.4430  0.4518 04538 04644 04718
upsampling/S 0.4157 04157 04125 04149 04155 04268 04303 04442 04577 04547 04683 04735
upsampling/M 0.4662 04621  0.4607 04591 04583 04596 04613 04719 04792 04782  0.4876  0.4902
upsampling/L 0.5160  0.5107 05089  0.4925  0.4978  0.4885 0.4892 04875 0.4932 04922 04956  0.5014
upsampling/XL 0.5596  0.5582  0.5437  0.5287  0.5324  0.5196  0.5125 0.5095  0.5060 0.5106  0.5144  0.5172
denoising/XS 0.4429  0.4434 04402 0.4488  0.4496  0.4651 0.4652  0.4827 04942 04975 05072  0.5157
denoising/S 0.4561  0.4538 04501 04572 04554 04736 04734 04892  0.5007 05017  0.5120  0.5213
denoising/M 0.4696 04666  0.4653 04660  0.4648 04803  0.4828 04977 05084  0.5089  0.5195  0.5273
denoising/L 0.4931  0.4897 04853 04815 04814 04940 04928  0.5066  0.5198  0.5235  0.5327  0.5444
denoising/XL 05252 05212 05173 05108 05107 05255  0.5245  0.5381  0.5519  0.5490  0.5669  0.5756
deartifacting/XS ~ 0.4417  0.4429 04422 04513 04520 04729 04763 04864 04959  0.4974  0.5066  0.5101
deartifacting/S 0.4510 04500  0.4482 04569 04577 04781 04777 04915 04954  0.5008  0.5098  0.5151
deartifacting/M 0.4658 04616  0.4612 04636  0.4662 04822 04829 04959 05058  0.5026  0.5118  0.5191
deartifacting/L 0.4877  0.4824 04755 04770 04776  0.4922 04925 0.5023 05078 05105  0.5179  0.5219
deartifacting/XL ~ 0.5265  0.5283  0.5179  0.5044  0.5032  0.5074  0.5046  0.5114  0.5237  0.5250  0.5303  0.5351
inpainting/XS 0.4130  0.4121 04088 04136 04112 04278 04251 04408 04533 04545 04670 04727
inpainting/S 0.4268 04249 04249 04278 04299 04378 04387 04518 04606 04633 04735 0.47%
inpainting/M 0.4400 04389  0.4384  0.4402 04412 04506  0.4480 04609 0.4670 04706  0.4810  0.4847
inpainting/L 0.4551  0.4564 04522 04552 04522 04594 04584 04712 04763 04781  0.4867  0.4925
inpainting/XL 0.4697  0.4691 0.4626  0.4653 04601  0.4693 04673 04779 04870  0.4847  0.4930  0.5006

Table 6. Accuracies (LPIPS) in composed tasks for L-BRGM at all hyperparameter values (single tasks). Best accuracies are marked

as best and default hyperparameter values as default .

Amap 0.0 0.01 0.1 1 1 5 5 15 30 30 60 90

Aat 0.0 0.0001 0.001 .001 0.01 0.01 0.05 0.2 0.2 0.4 0.8 1.6

NA 0.5068  0.4990  0.4848 0.4875 04876 0.5068  0.5072  0.5217  0.5357 0.5354  0.5504  0.5560
AP 0.4903 04871 04807 04784 04796 04913 04916 05077 05168  0.5132  0.5212  0.5292
UA 0.6237  0.6235 0.5893  0.5316  0.5301  0.5185 0.5207  0.5206  0.5248  0.5265 0.5328  0.5374
NP 0.4933 04908 04856 04798 04816 04898 04946  0.5100 05206 0.5188  0.5363  0.5397
UN 0.5589  0.5531  0.5407 0.5195 05190 0.5250  0.5246  0.5378  0.5471  0.5480  0.5638  0.5753
UP 0.4958 04922 04870 0.4814 04778 04857 04847 04917 05013 04951 05040  0.5094
UNP 0.5823  0.5744  0.5511  0.5318  0.5258  0.5347  0.5338  0.5520 0.5676  0.5683  0.5765  0.5876
UAP 0.6305  0.6219  0.5834  0.5364  0.5346  0.5265 0.5231  0.5307 0.5348  0.5374  0.5451  0.5546
UNA 0.6235  0.5999  0.5662  0.5353  0.5351  0.5498  0.5490  0.5643  0.5759  0.5760  0.5927  0.6022
NAP 0.5257  0.5128  0.5029  0.5016  0.5018  0.5178  0.5201  0.5407  0.5523  0.5499  0.5655  0.5717
UNAP  0.6372  0.6026  0.5668  0.5463  0.5488  0.5651  0.5712  0.5847 05987 0.5972 0.6167  0.6188

Table 7. Accuracies (LPIPS) in composed tasks for L-BRGM at all hyperparameter values (composed tasks). Best accuracies are

marked as best and default hyperparameter values as default .

400, 0.0F

Figure 7. Visualization of the hyperparameter search: the first row shows the ground truth and the target; the second row gives
the predictions for PULSE at all hyperparameter values; the third row gives the same for L-BRGM. The predictions with the best
accuracies for both methods are bordered in orange while the predictions obtained with the default hyperparameters are bordered in
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oz 6. Robustness of latent extension 1026
973 1027
974 See fig. 8 for qualitative results on denoising. 1028
975 1029
976 Accur. (LPIPS) | Fidelity (LPIPS) Realism (pFID) |, 1030
977 w wt wt+ w wt wt+ w wt wtt 1031
978 Upsampling (bilinear, bicubic or Lanczos) 1032
979 XS 480 457  A4l4 423 387 313 184 171 170 1033
980 S 496 479 449 360 318 239 18.6 194 22.0 1034
M 507 493 A72 291 246 172 182 19.1 22.3
981 L 523 508 490 230  .186  .127 198 187 209 1035
982 XL 540 525 514 168 130 .090 228 204 21.3 1036
983 Denoising (clamped Poisson and Bernoulli mixture) 1037
984 XS 484 464 425 221 199 156 18.1 17.7 18.5 1038
985 N 488 469 434 201 179 140 182 179 19.1 1039
M 492 476 446 189 168 130 183 18.2 19.8
986 L 500 484 457 164 143 110 186 178 192 1040
987 XL 515 498 474 A21 0 .107 .084 19.1 179 17.9 1041
988 Deartifacting (JPEG compression) 1042
989 Xs 489 470 432 421 398 .349 179 165 14.8 1043
990 s 491 474 437 421 400 350 177 160 154 1044
091 M 495 478 445 427 407 357 175 159 15.4 1045
L 500 485 460 434 415 374 18.6 16.6 16.0
992 XL 519 507 490 469 453 412 188 17.1 187 1046
993 . 1047
Inpainting (random strokes)
994 Xs 462 433 378 430 402 348 165 142 129 1048
995 S 464 436 .387 332 308 264 173 154 14.2 1049
996 M 468 442 396 264 243 206 175 151 145 1050
997 L 475 450 409 212 194 .163 175 15.6 15.3 1051
XL 483 460 422 173 159 132 18.0 163 15.9
998 1052
999 . . . — 1053
Table 8. All metrics for all single degradations for each phase. Results color-coded as best and second best . The VW™ phase
1000 consistently obtains the best accuracy and fidelity, although it leads to a slight degradation in realism in certain cases (namely 1054
1001 denoising and upsampling). Interestingly, in inpainting, realism consistently improves across phases. 1035
1002 1056
1003 1057
1004 Accur. (LPIPS) Fidelity (LPIPS) | Realism (pFID) | 1056
1005 w W+ W++ w wt W++ w W+ W++ 1059
1006 2 degradations 1060
1007 NA 500 486 459 362 338 290 182 166 173 1061
1008 AP 504 487 457 253 238 204 20.1  18.1 17.0 1062
1009 UA 534 523 .508 392 356 287 212 194 19.7 1063
1010 NP 502 484 458 .097  .085 .062 194 18.0 19.2 1064
UN 536 524 S11 218 192 153 223 20.8 21.1
1011 uP 515 502 485 A57 134 089 198 183 207 1065
1012 3 degradations 1066
1013 UNP 532 519 507 084 070 051 21.8 200 201 1067
1014 UAP 534 524 513 178 158 119 222 203 20.5 1068
1015 UNA 548 540 533 360 333 290 253 227 228 1069
1016 NAP 509 493 470 212 194 .160 204 184 18.5 1070
1017 4 degradations 1071
1018 UNAP 543 533 525 180  .160 131 243 221 21.8 1072
1019 . . 1073
1020 Table 9. All metrics for all composed degradations for each phase. Results color-coded as best and second best . The W™ phase 1074
1021 consistently obtains the best accuracy and fidelity. Realism is mostly preserved across all tasks (the W™ scores are very close to 1075
the W scores), except for composed upsampling and denoising.
1022 ) P P psamping & 1076
1023 1077
1024 1078
1025 1079
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Figure 8. Predictions for denoising (left column: XS, right column: XL) at the end of each phase, for a hand-picked image. The first

and second rows give the ground truth and target images, while the last three rows give the predictions for each phase (top to bottom:

WHH WT, W). As shown in this figure, the earlier phases give realistic but inaccurate predictions—they are unable to closely
match the target even when the degradation levels are very low, while the W' extension finds a close albeit imperfect match. With
our proposed optimizer and loss function, YW extension remains realistic even when the levels are very high (third row, second
column).
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7. NIQE scores
NIQE |
PULS L-BRG OURS
Upsampling
XL 346975 299718 3.07367
L 3.09940 3.13561  3.06486
M 296611 3.08266 2.98017
S 2.87300 3.12542  2.89456
XS 273831 3.05527 2.84786
Denoising
XL 3.65306 3.38110 3.03496
L 3.66355 3.38293 3.00178
M 3.68114 3.25477  3.05595
S 3.60475 3.21669  3.02591
XS 3.50100 3.10698  2.99727
Deartifacting
XL 3.31883  3.21646  3.01557
L 3.25669 3.21580 3.01792
M 3.11149  3.14421 3.01310
S 3.20801  3.08838  2.98830
XS 3.05744 298699 2.89791
Inpainting
XL 3.61890 3.01630 3.14573
L 3.52034 3.00967 3.14987
M 348374 3.05570 3.15512
S 3.32579 296624 3.16195
XS 3.38315  3.05658  3.16246

Table 10. Quantitative comparison of the NIQE [5] scores on individual tasks against baselines (“PULS” [4] and “L-BRG” [1]).
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1295 8, Additional results 1350
1297 1351
1208 7 7 7 i} 7 i} 1352
1299 ' ' ' ’ 1353
1300 1354
1301 1355
1302 1356
1303 ' 1357
1304 : & 1358
1305 - ! , 2 ,S S - 1359
1306 A _ ) a 1360
1307 1361
1308 g g 1362
1309 S s S s S 1363
1310 — 4 e LEd Al 1364
1311 % % 1365
1312 £ £ 1366
1313 = = ﬁ ﬂ - ! A q 1367
1314 /‘/‘ B _},—\‘) — 1368
1315 2 1369
1316 £ 1370
1317 ! :‘ﬂ * .“ 2 1& I8 A 3 f‘ 1371
1318 Denoising 1372
1319 1373
1320 1374
1321 1375
1322 1376
1323 1377
1324 o o 1378
1325 g 3 1379
1326 = s 1380
1327 1381
1328 1382
1329 1383
1330 1384
1331 1385
1332 2 2 1386
1333 E E 1387
1334 1388
1335 1389
1336 g g 1390
1337 & & 1391
1338 = - 1392
1339 Deartifacting Inpainting 1393
1340 1394
1341 Figure 9. Additional results for all single restoration tasks showing all degradation levels. Each figure shows the same 128 x 128 1395
1342 crop at the top left of a randomly selected FFHQX images image. 1396
1343 1397
1344 1398
1345 1399
1346 1400
1347 1401
1348 1402
1349 1403
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1404 1458
1405 1459
1406 1460
1407 1461
1408 1462
1409 1463
1410 1464
1411 1465
1412 1466
1413 1467
1414 1468
1415 1469
1416 1470
1417 1471
1418 1472
1419 1473
1420 1474
1421 1475
1422 1476
1423 1477
1424 Figure 10. Overview of StyleGAN image restoration on composed upsampling and deartifacting with a hand-picked example. From 1478
1425 left to right: ground truth y;.,,,, target y, error | — y|, degraded prediction x, prediction Zcican. 1479
1426 1480
1427 1481
1428 1482
1429 1483
1430 1484
1431 1485
1432 1486
1433 1487
1434 1488
1435 ' . 1489
1436 1490
1437 1491
1438 1492
1439 | 1493
1440 8 1494
1441 21 1495
1442 1496
1443 1497
1444 1498
1445 1499
1446 _ 1500
1447 1501
1448 @ 1502
1449 1503
1450 1504
1451 1505
1452 [ 1506
1453 1507
1454 Figure 11. Additional results for composed degradations, where the same ground truth was used for all targets. 1508
1455 1509
1456 1510
1457 1511
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1912 9, Other datasets 1966
1513 1567
1514 1568
1515 ' 1569
1516 1570
1517 1571
1518 1572
1519 1573
1520 1574
1521 1575
1522 1576
1523 1577
1524 1578
1525 1579
1526 1580
1527 1581
1528 1582
1529 1583
1530 1584
1531 1585
1532 1586
1533 1587
1534 1588
1535 1589
1536 1590
1537 1591
1538 1592
1539 1593
1540 1594
1541 1595
1542 1596
1543 1597
1544 1598
1545 1599
1546 p b 1600
1547 1601
1548 Figure 12. Qualitative results on all composed degradations ("UNAP”) for five images of AFHQ cats (left), AFHQ dogs (middle), and 1602
1549 AFHQ wild (right). In all cases, we used the StyleGAN2-ada networks pretrained on each respective dataset with no hyperparameter 1603
1550 adjustment. Please note that these generative models were trained on both the training and the test sets; as such the ground truths for 1604
1551 these targets were seen during (pre)training. 1605
1552 1606
1553 1607
1554 1608
1555 1609
1556 1610
1557 1611
1558 1612
1559 1613
1560 1614
1561 1615
1562 1616
1563 1617
1564 1618
1565 1619
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162010, High resolution 16
1621 1675
1622 See the figures below for results shown in high resolution to better show details. 1676
1623 1677
1624 1678
1625 1679
1626 1680
1627 1681
1628 1682
1629 1683
1630 1684
1631 1685
1632 1686
1633 1687
1634 1688
1635 1689
1636 1690
1637 1691
1638 1692
1639 1693
1640 1694
1641 1695
1642 1696
1643 1697
1644 1698
1645 1699
1646 1700
1647 1701
1648 1702
1649 1703
1650 1704
1651 1705
1652 1706
1653 1707
1654 1708
1655 1709
1656 1710
1657 1711
1658 1712
1659 1713
1660 1714
1661 1715
1662 1716
1663 1717
1664 1718
1665 1719
1666 1720
1667 1721
1668 1722
1669 1723
1670 1724
1671 1725
1672 1726
1673 1727
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1728 1782
1729 1783
1730 1784
1731 1785
1732 1786
1733 1787
1734 1788
1735 1789
1736 1790
1737 1791
1738 1792
1739 1793
1740 1794
1741 1795
1742 & 1796
1743 E 1797
1744 ) 1798
1745 1799
1746 1800
1747 1801
1748 1802
1749 1803
1750 1804
1751 1805
1752 1806
1753 1807
1754 1808
1755 1809
1756 1810
1757 1811
1758 1812
1759 1813
1760 1814
1761 1815
1762 1816
1763 1817
1764 1818
1765 1819
1766 1820
1767 1821
1768 1822
1769 1823
1770 1824
1771 1825
1772 1826
1773 1827
1774 1828
1775 1829
1776 - 1830
1777 2 1831
1778 = 1832
1779 1833
1780 1834
1781 Figure 13. Additional results for upsampling shown in high resolution (images were restored normally then sliced horizontally) on 1835

random FFHQX images. Top: extra-high (XL), middle: medium (M), bottom: extra-small (XS).
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TARGET

L-BRGM

€3]
e
=

L-BRGM

Figure 14. Additional results for denoising shown in high resolution (images were restored normally then sliced horizontally) on
random FFHQX images. Top: extra-high (XL), middle: medium (M), bottom: extra-small (XS).

18




CVPR 2023 Submission #8084. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

TARGET

L-BRGM

€3]
e
=<

L-BRGM

L-BRGM

Figure 15. Additional results for deartifacting shown in high resolution (images were restored normally then sliced horizontally) on
random FFHQX images. Top: extra-high (XL), middle: medium (M), bottom: extra-small (XS).
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-
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=
2
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TARGET

L-BRGM

Figure 16. Additional results for inpainting shown in high resolution (images were restored normally then sliced horizontally) on
random FFHQX images. Top: extra-high (XL), middle: medium (M), bottom: extra-small (XS).
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2160 2214
2161 2215
2162 2216
2163 2217
2164 2218
2165 2219
2166 2220
2167 2221
2168 2222
2169 2223
2170 2224
2171 2225
2172 2226
2173 2227
2174 2228
2175 2229
2176 2230
2177 2231
2178 2232
2179 2233
2180 2234
2181 2235
2182 2236
2183 2237
2184 2238
2185 2239
2186 2240
2187 2241
2188 2242
2189 2243
2190 2244
2191 2245
2192 2246
2193 2247
2194 2248
2195 2249
2196 2250
2197 2251
2198 2252
2199 2253
2200 2254
2201 2255
2202 2256
2203 2257
2204 2258
2205 2259
2206 2260
2207 2261
2208 2262
2209 2263
2210 2264
2211 2265
2212 2266
2213 Figure 17. Additional, high resolution results for three composed tasks (images were restored normally then sliced horizontally) 2267

on random FFHQX images. From top to bottom: denoising with deartifacting; deartifacting with inpainting; upsampling with
deartifacting.
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TARGET

L-BRGM

€3]
e
=<

TARGET

L-BRGM

Figure 18. Additional, high resolution results for three composed tasks (images were restored normally then sliced horizontally) on
random FFHQX images. From top to bottom: denoising with inpainting; upsampling with denoising; upsampling with inpainting.
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TARGET

L-BRGM

=
=)
<]
<

L-BRGM

Figure 19. Additional, high resolution results for three composed tasks (images were restored normally then sliced horizontally)
on random FFHQX images. From top to bottom: upsampling with denoising and inpainting; upsampling with deartifacting and
inpainting; upsampling with denoising and deartifacting.
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2484 2538
2485 2539
2486 2540
2487 2541
2488 2542
2489 2543
2490 2544
2491 2545
2492 2546
2493 2547
2494 2548
2495 2549
2496 2550
2497 2551
2498 2552
2499 2553
2500 2554
2501 2555
2502 2556
2503 2557
2504 2558
2505 2559
2506 2560
2507 2561
2508 2562
2509 2563
2510 2564
2511 2565
2512 2566
2513 2567
2514 2568
2515 2569
2516 2570
2517 2571
2518 2572
2519 2573
2520 2574
2521 2575
2522 2576
2523 2577
2524 2578
2525 2579
2526 2580
2527 . . . X . . . 2581
2508 Figure 20. Additional, high resolution results for two composed tasks (images were restored normally then sliced horizontally) on 0582
2599 randgm EFHQX i.mag.es._ From top to bottom: denoising with deartifacting and inpainting; all four tasks (upsampling, denoising, 0583
deartifacting, and inpainting).
2530 2584
2531 2585
2532 2586
2533 2587
2534 2588
2535 2589
2536 2590
2537 2591
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2592 2646
2593 2647
2594 2648
2595 2649
2596 2650
2597 2651
2598 2652
2599 2653
2600 2654
2601 2655
2602 2656
2603 2657
2604 2658
2605 2659
2606 2660
2607 2661
2608 2662
2609 2663
2610 2664
2611 2665
2612 2666
2613 2667
2614 2668
2615 2669
2616 2670
2617 2671
2618 2672
2619 2673
2620 2674
2621 2675
2622 2676
2623 2677
2624 2678
2625 2679
2626 2680
2627 2681
2628 2682
2629 2683
2630 2684
2631 2685
2632 2686
2633 2687
2634 2688
2635 2689
2636 2690
2637 2691
2638 Figure 21. Restoration for selected examples (left half: target, right half: prediction) show in high resolution (in reading order: 2692
2639 upsampling, denoising, deartifacting, and inpainting). 2693
2640 2694
2641 2695
2642 2696
2643 2697
2644 2698
2645 2699
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Figure 22. Full resolution composed restoration of all four degradations (upsampling, denoising, deartifacting, and inpainting) for a
selected example (left half: target, right half: prediction).
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