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1. Detailed network architectures
In this section, we give details of the network architec-

tures of the different components in our zoom-to-inpaint
framework.

1.1. Coarse network

The coarse network in our framework has an encoder-
decoder-based architecture with gated convolutions [16]
and ELU activation [2]. Different from the coarse network
of [16], we add residual connections at each encoder and de-
coder level, and insert batch normalization (BatchNorm) [5]
to every layer. We find that the residual connections help
to propagate the information at each level and help conver-
gence in training. For downscaling the feature resolution,
we use max pooling with a 2 × 2 window, and for upscal-
ing we use nearest neighbor upsampling by a factor of 2
with an additional convolution layer to avoid checkerboard
artifacts [12]. At the bottleneck, the gated convolutions are
applied with dilation rate set to 2, 4 and 8 like in [16], for
an enlarged receptive field. All gated convolution filters are
of size 3× 3, and the number of output channels is denoted
at the top of each level in Figure 3. The network output is
computed by blending with the input as mentioned in Equa-
tion 2 in the main paper.

1.2. Super-resolution network

The super-resolution (SR) network in our framework is
shown in Figure 1. It has four cascaded residual blocks,
each composed of two convolution layers with ReLU ac-
tivation [3]. We employ pixel shuffle [13] at the end so
that most computations are performed at low resolution
(LR), to increase the size of the effective receptive field of
the network, as well as to reduce computational complex-
ity. All output channels are 64 except for the layer before
pixel shuffle, which is 256, and the last convolution layer,
which is 3, for reconstructing RGB channels for the output.

†This work was done during an internship at Google Research.
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Figure 1. Architecture of the SR network in our zoom-to-inpaint
framework.
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Figure 2. Architecture of the PatchGAN discriminator used during
training.

We add a global residual connection with bicubic upsam-
pling as in [7] so that the network can focus on recovering
the missing high-frequency components rather than on low-
frequency components that are already present in the input.
All convolution filters are of size 3× 3.

1.3. Refinement network

The architecture of our refinement network is shown in
Figure 4. The refinement network is similar to the coarse
network except that a contextual attention [15] module is
added to the bottleneck. The contextual attention module
copies patches from the surrounding known regions into the
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Figure 3. Architecture of the coarse inpainting network in our zoom-to-inpaint framework.
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Figure 4. Architecture of the refinement network in our zoom-to-inpaint framework.

regions to be inpainted based on the computed similarity.
For memory-wise efficiency, the attention map is computed
on ×1/2 downscaled feature maps of the bottleneck, and
applied on the original resolution of the bottleneck features.
The resulting feature maps after contextual attention are
concatenated with the feature maps of the main pass at the
bottleneck so that proceeding layers can merge both infor-
mation sources as needed. In our complete zoom-to-inpaint
framework, the refinement network works at high resolution
(HR) of 512×512 for enhanced refinement with magnifica-

tion (zoom). Note that the output of the refinement network
is blended with the HR label when calculating the losses as
mentioned in Equation 4 in the main paper.

1.4. Discriminator

The network architecture of the discriminator used for
training is shown in Figure 2. We use a hinge GAN loss with
a PatchGAN [6] discriminator that aims to discriminate be-
tween the HR label and the HR prediction generated by the
refinement network (blended with the HR label). 5×5 con-



Mask Number of Length of Thickness Angle a for each vertex Every other angle Invalid pixel ratio (mean / max
vertices piece-wise stroke of stroke for each vertex from 10K random masks)

n = 1 U{1, 12} U{1, d/12} U{5, 30} U{0, 2π} a+ U{7π/8, 9π/8} 5.61% / 19.16%
n = 2 U{4, 12} N{d/8, d/16} U{12, 40} 2π/5 + U{U{−2π/15, 0},U{0, 2π/15}} 2π − a 15.12% / 50.24%

Table 1. Probability distributions of mask generation parameters for masks at n = 1, 2. d denotes the diagonal length of the image.

Method HiFill [14] Pluralistic [18] DeepFill-v2 [16] EdgeConnect [11] Ours
Number of Parameters 2.7M* 6M* 4.1M* 21.53M 4.5M

Inference Time 127 ms (60 ms) 37 ms 71 ms 21 ms 293 ms
*Values copied from the publication.

Table 2. Comparison of the number of parameters and average inference time in milliseconds (ms) on 100 images. The inference time for
HiFill is measured on crops enlarged to 512× 512. Other methods are measured for 256× 256 crops. Value in brackets denotes the time
measured without pre- and post-processing for HiFill.

volution filters with stride 2, and leaky ReLU [9] activation
are used. Spectral normalization [10] is applied at every
layer for stable training of the GAN framework.

2. Mask generation

Table 1 shows a detailed configuration of the parameters
used for generating masks at n = 1 (masks) and n = 2
(large masks). Each mask generation parameter is drawn
from a probability distribution shown in Table 1, and a ran-
dom mask is generated using those parameters following
the mask generation scheme in DeepFill-v2 [16]. A mask is
generated by drawing random strokes on a 256 × 256 ten-
sor filled with zeros. First, a random starting location (x, y)
and a random number of vertices is chosen for each stroke.
Then for each stroke, a piece-wise stroke is drawn between
the vertices with a randomly chosen length of piece-wise
stroke (distance between two vertices) and a random an-
gle. A random thickness is fixed for each stroke. The large
masks (n = 2) are generated with the original parameters
used in [16], and masks (n = 1) are generated using ad-
justed parameters, modified so that the invalid pixel ratio is
smaller and the generated masks are more confined.

3. Complexity analysis

We compare the number of parameters and inference
time of HiFill [14], Pluralistic [18], DeepFill-v2 [16], Edge-
Connect [11] and Ours in Table 2. The average inference
time in milliseconds (ms) is measured over 100 center crops
of size 256 × 256 of the DIV2K validation dataset for Plu-
ralistic [18], DeepFill-v2 [16], EdgeConnect [11] and Ours,
which were all trained on 256×256 images. For HiFill [14],
which was trained on 512 × 512, we enlarge the mask by
nearest neighbor upsampling and the image by bicubic up-
sampling to match the resolution it was trained on, and mea-
sure the inference time, same as the way we performed the
qualitative and quantitative evaluations.

Image file I/O (read and write) times are excluded and
we only measure the time it takes to run inference on the
CNN for all methods except HiFill. For HiFill, we mea-
sured the inference time both with and without pre- and
post-processing, which includes their proposed residual ag-
gregation module. For our model, we measure the time it
takes to process the input image through the entire pipeline
including the coarse network, SR network, refinement net-
work and bicubic downscaling. Because our refinement net-
work handles higher-resolution images to generate better
high-frequency details, the inference time is longer com-
pared to other inpainting methods. However, an average
inference time of 293 ms still allows interactive inpaint-
ing with users. The inference time was measured on an
NVIDIA Tesla T4 GPU.

4. Extended quantitative evaluations

4.1. Ablation study

We provide an extended ablation study result in Table 3
on 256 × 256 center crops of the DIV2K validation set on
both mask sizes. It includes the four ablation models intro-
duced in the main paper: (i) No zoom, (ii) Bicubic zoom,
(iii) SR zoom, and (iv) SR zoom+L∇. For (i) No zoom,
we replace the SR component with an identity transform
that simply copies the coarse output without an upsampling
component, so that refinement is applied at the original res-
olution like in other conventional 2-stage inpainting frame-
works. For (ii) Bicubic zoom, we replace the SR component
with bicubic upsampling, and for (iii), we add back the SR
zoom. (i), (ii) and (iii) are trained without the gradient loss,
L∇. Lastly, (iv) SR zoom+L∇ is our final framework with
gradient loss.

The SR zoom models, (iii) and (iv), contain an addi-
tional trainable component – the SR network. These mod-
els have 4.48M trainable parameters, compared to No zoom
and Bicubic zoom with 4.03M trainable parameters at the



Ablations ch. Masks Large Masks Number of
PSNR ↑ SSIM ↑ MS-SSIM ↑ L1 Error ↓ PSNR ↑ SSIM ↑ MS-SSIM ↑ L1 Error ↓ Parameters

No zoom 64 32.12 0.9714 0.9812 0.00441 25.89 0.8977 0.9180 0.01747 4.03M
Bicubic zoom 64 32.80 0.9753 0.9832 0.00391 26.09 0.9016 0.9219 0.01657 4.03M

No zoom 70 32.72 0.9723 0.9818 0.00432 26.00 0.8993 0.9195 0.01761 4.82M
Bicubic zoom 70 32.78 0.9730 0.9833 0.00413 25.99 0.9000 0.9212 0.01685 4.82M

SR zoom 64 33.40 0.9770 0.9853 0.00363 26.95 0.9080 0.9307 0.01497 4.48M
SR zoom+L∇ 64 34.08 0.9787 0.9886 0.00329 27.07 0.9094 0.9346 0.01462 4.48M

Table 3. Extended ablation study results including models with 70 output channels for No zoom and Bicubic zoom. The SR zoom models
still outperform No zoom and Bicubic zoom models even with less number of trainable parameters, signifying that the benefits of SR zoom
come from the framework design rather than network capacity. Values in bold denote best performance and ch. denotes the number of
output channels at each convolution layer.

Frequency Range Models Difference
(a) No zoom (b) Bicubic zoom (c) SR zoom (d) SR zoom+L∇ (b)-(a) (c)-(a) (d)-(a)

Low Frequency 0.9858 0.9870 0.9888 0.9907 0.0012 0.0030 0.0049
Mid Frequency 0.9730 0.9756 0.9772 0.9793 0.0026 0.0042 0.0063
High Frequency 0.9674 0.9717 0.9727 0.9743 0.0043 0.0053 0.0069

Table 4. SSIM values measured for different frequency ranges using Laplacian pyramids in [1] on ablation models. It can be observed that
the SSIM gain increases for higher-frequency components on models (b), (c) and (d) over (a). The difference in SSIM is plotted as a bar
graph in Figure 6 in the main paper. Highest values denoted in bold.

same number of 64 output channels. To test the effect of the
network capacity on performance, we increase the number
of output channels from 64 to 70 in the coarse network and
the refinement network of the No zoom and Bicubic zoom
frameworks so that they have more parameters (4.82M) than
the SR zoom models. The quantitative results along with the
number of parameters are provided in Table 3. As shown in
Table 3, the SR zoom models still outperform the No zoom
and Bicubic zoom models even with less number of param-
eters and we can conclude that the benefits of our SR zoom
framework are not from the increased number of parame-
ters.

4.2. Numerical values for frequency analysis

In Table 4, we provide the raw numerical values of SSIM
used for plotting the bar graph in Figure 6 of the main
paper. For this experiment, Laplacian pyramids [1] were
constructed for the four ablation models ((a) No zoom, (b)
Bicubic zoom, (c) SR zoom, (d) SR zoom+L∇) and the
ground truth using a traditional 5-tap Gaussian kernel, and
SSIM values of the ablation models were measured for each
frequency range to examine the performance gain at differ-
ent frequency ranges. Low, mid and high frequency ranges
each correspond to level 2, 1 and 0 in the Laplacian pyra-
mid, respectively, with the last level (level 2) being the re-
maining blurred image. As shown in Table 4, the absolute
SSIM values tend to be higher for lower frequencies, which
are easier to reconstruct. However, the relative SSIM gain
of (b), (c) and (d) over (a) is higher for higher frequencies,
showing the benefits of the HR refinement models in gener-

Method Places2 (256× 256)
PSNR ↑ SSIM ↑ MS-SSIM ↑ L1 Error ↓

Values copied from the publications
HiFill [14] - - 0.8840 0.05439

Pluralistic [18] - - - -
DeepFill-v2 [16] - - - 0.09100

EdgeConnect [11] 27.95 0.9200 - 0.01500

Our measurements – Masks
HiFill [14] 31.12 0.9586 0.9742 0.00744

Pluralistic [18] 33.23 0.9670 0.9807 0.00558
DeepFill-v2 [16] 34.03 0.9719 0.9834 0.00485

EdgeConnect [11] 33.98 0.9718 0.9841 0.00388
Ours 34.78 0.9755 0.9863 0.00357

Our measurements – Large Masks
HiFill [14] 24.94 0.8891 0.9134 0.02034

Pluralistic [18] 26.17 0.9022 0.9191 0.01784
DeepFill-v2 [16] 26.77 0.9158 0.9326 0.01536

EdgeConnect [11] 27.61 0.9166 0.9382 0.01328
Ours 27.71 0.9202 0.9415 0.01314

Table 5. Extended quantitative comparison on Places2. Values
copied from the original publications are denoted in gray for ref-
erence, but they are not directly comparable to our measurements
as they were all tested under different settings, as summarized in
Table 6. Values in bold denote best performance.

ating high-frequency components in the inpainted results.

4.3. Quantitative comparison

We provide an extended table on the quantitative com-
parison with other inpainting methods [11,14,16,18] in Ta-



Method Testing conditions in original publications

HiFill [14] Tested on Places2 validation set, randomly cropped by 512× 512.
Used random masks from [8] as well as their own random object masks.

Pluralistic [18] Only provided quantitative evaluations on ImageNet (256× 256).
Proposed own random masks with random lines, circles and ellipses.

DeepFill-v2 [16] Tested on Places2 validation set (256× 256). Proposed random brush stroke masks
that can be generated on-the-fly during training (same as our large masks).

EdgeConnect [11]
Tested on Places2 (256× 256) but no mention on which images were used.

Used random masks from [8].

Table 6. Descriptions on quantitative evaluations performed in the original publications, which were used for obtaining the values in gray
in Table 5 that were copied from the original publications.

Method Places2 (256× 256) DIV2K (256× 256)
LPIPS ↓ FID ↓ LPIPS ↓ FID ↓

Masks
HiFill [14] 0.0306 24.71 0.0258 12.85

Pluralistic [18] 0.0236 82.43 0.0219 128.21
DeepFill-v2 [16] 0.0178 16.58 0.0172 8.61

EdgeConnect [11] 0.0177 16.41 0.0171 8.51
Ours 0.0175 14.32 0.0147 7.14

Large Masks
HiFill [14] 0.0889 56.86 0.0989 56.65

Pluralistic [18] 0.0745 62.73 0.0810 150.28
DeepFill-v2 [16] 0.0585 38.22 0.0636 33.89

EdgeConnect [11] 0.0554 35.41 0.0611 32.57
Ours 0.0603 38.85 0.0628 42.25

Table 7. Quantitative comparison using perceptual metrics, LPIPS
and FID. Values in bold denote best performance.

ble 5. For reference, in addition to the values measured
on our Places2 test set, which were also reported in the
main paper, we have added the metric values from the orig-
inal publications measured on Places2. Note that they were
evaluated under different settings in their original papers,
as summarized in Table 6, and are not directly comparable
to the values we have measured on masks and large masks.
Furthermore, we provide a comparison on perceptual met-
rics – FID [4] and LPIPS [17] in Table 7. Our model out-
performs all other methods for masks, and is 2nd or 3rd best
for large masks. The results on perceptual metrics seem to
correspond to those of the user study shown in Section 5,
where we also provide an analysis on large masks.

5. User study

As mentioned in the main paper, we conducted a user
study, in which 13 users evaluated the inpainting results.
Each user compared 300 image pairs, where one is gener-
ated by our method and the other is generated by one of
the inpainting methods in [11, 14, 16, 18]. The appearing
order of methods (whether ours comes first, or the com-

Figure 5. Screenshot of user study presented to participants.

pared method comes first) and the appearing order of image
pairs was randomized for each user. A screenshot of the
user study is shown in Figure 5. Participants could toggle
between the two compared images and select a preferred
version before proceeding to the next image pair for com-
parison. No time limitations were given. The raw number
of counts obtained from the user study is shown in Table 8,
from which we calculated the percentage of users that pre-
ferred our method in Table 2 of the main paper.

Results on large masks and failure case analysis. In Ta-
ble 8, we show the results on large masks that were addi-
tionally evaluated on another 15 users. Although our ap-
proach outperforms all other methods for masks, for large
masks, more users preferred DeepFill-v2 [16] and Edge-
Connect [11]. As briefly explained in the Conclusion sec-
tion in the main paper, some examples with large masks
contain sizeable missing regions, on which both the com-
pared method and ours tend to generate severe artifacts.
Figure 6 shows some of the example pairs (DeepFill-v2
vs Ours, or EdgeConnect vs Ours) containing artifacts that
were presented to the users. In these extreme cases, it be-
comes difficult to compare the quality of the inpainted re-



HiFill [14] vs. Ours Pluralistic [18] vs. Ours DeepFill-v2 [16] vs. Ours EdgeConnect [11] vs. Ours Total
Masks

Counts 239 vs. 736 106 vs. 869 300 vs. 675 349 vs. 626 3900
Prefer Ours 75.49% 89.13% 69.23% 64.21% 74.51%

Large Masks
Counts 412 vs. 713 322 vs. 803 780 vs. 345 738 vs. 387 4500

Prefer Ours 63.38% 71.38% 30.67% 34.4% 49.96%

Table 8. Raw counts of the user study results on masks (top) and large masks (bottom). The values at the top were used to compute the
preference rate in Table 2 of the main paper. 13 and 15 users participated in the user study with masks and large masks, respectively, and
each user compared 300 image pairs.

OursMasked Image Ground Truth Masked Image Ours Ground TruthEdgeConnectDeepFill-v2

(a) Examples with artifacts for DeepFill-v2 vs. Ours (b)   Examples with artifacts for EdgeConnect vs. Ours

Figure 6. Failure case examples with large masks shown during the user study. As both the compared method and our method contain
artifacts in these extreme cases with very large masks, it is difficult to compare the quality of the generated results, and users select images
containing less objectionable artifacts. Our method tends to produce a repetitive high-frequency pattern that is displeasing, resulting in
more users preferring DeepFill-v2 [16] and EdgeConnect [11] for large masks. Note that these are not average results and more typical
results are shown in Figure 4 (b) of the main paper and Figure 8 (b).

sults, and users select the result with a less objectionable ar-
tifact. As shown in Figure 6, our method tends to produce a
repetitive high-frequency pattern that is displeasing in these
cases. We consider this artifact pattern to be a highly likely
reason as to why users preferred DeepFill-v2 or EdgeCon-
nect over ours when the inpainted regions are very large.
Note that these are failure cases on extreme cases, and not
average results of our method on large masks. More typical
results on large masks are shown in Figure 4 (b) of the main
paper and Figure 8 (b) of this Supplementary Material.

6. Analysis on different scale factors

In the main paper, refinement is performed at double
(×2) the resolution of the coarse output. To analyze the ef-
fect of scale factors on our zoom-to-inpaint framework, we
retrain the SR zoom model (without gradient loss) on three

different scale factors (×2, ×3, ×4) and report the results
on the validation set of DIV2K (256 × 256 center crops)
in Table 9. To avoid out-of-memory errors during training
due to larger scale factors (×3 and ×4 compared to ×2 in
the original model), all models are trained on 128 × 128
patches instead of 256×256 in the original zoom-to-inpaint
framework. As in the original framework, each component
(coarse, SR and refinement network) is pretrained first, be-
fore the end-to-end progressive learning. We empirically
find the loss coefficients (λ) on the model with ×2 and
use the same values for models with ×3 and ×4. We also
compare with the No zoom model retrained on 128 × 128
patches, which can be considered as scale ×1. Figure 7
shows a graph with SSIM and MS-SSIM values plotted for
the four models in Table 9 for both mask sizes. As shown
in Table 9 and Figure 7, all SR zoom models (×2, ×3,
×4) outperform the No zoom model (×1), demonstrating



Models scale Masks Large Masks
PSNR ↑ SSIM ↑ MS-SSIM ↑ L1 Error ↓ PSNR ↑ SSIM ↑ MS-SSIM ↑ L1 Error ↓

No zoom ×1 29.91 0.9382 0.9608 0.00955 23.54 0.8186 0.8555 0.03066

SR zoom
×2 30.85 0.9439 0.9658 0.00855 24.23 0.8273 0.8700 0.02821
×3 30.70 0.9433 0.9648 0.00868 24.36 0.8290 0.8710 0.02739
×4 29.92 0.9404 0.9625 0.00932 23.91 0.8265 0.8664 0.02963

Table 9. Experiment on different SR scale factors trained with 128 × 128 patches. The No zoom model can be considered as a ×1 scale
version of the framework. The best performing model is ×2 scale model for masks and ×3 scale model for large masks. Best values
denoted in bold.

(a)  Masks (b)    Large Masks

Figure 7. Graphs showing SSIM and MS-SSIM performance plotted for models with scale factors ×1, ×2, ×3 and ×4, for (a) Masks and
(b) Large Masks.

the benefits of refining at higher resolution. The best per-
forming model is the×2 scale model for masks, and the×3
scale model for large masks. There is a trade-off with the
scale factor increase, as more information can be learned
from HR labels with higher scale factors possibly leading
to better reconstruction quality, but at the same time, the
refinement network has to handle larger holes, which be-
comes highly challenging. We expect there would also be
a correlation with the network capacity when searching for
an optimal scale factor for HR refinement, which would be
related to the ability to learn from HR labels.

7. Additional visual results

7.1. Comparison to other inpainting methods

We provide additional comparisons to existing inpaint-
ing methods, HiFill [14], Pluralistic [18], DeepFill-v2 [16]
and EdgeConnect [11], in Figure 8. Four rows at the top are
results on masks, and four rows at the bottom show results
on large masks. Our zoom-to-inpaint model is able to gen-
erate accurate structure information (1st row, 5th row, 6th
row) as well as high-frequency details (2nd row, 3rd row).

7.2. Ablation models

In Figure 9, we further provide additional results gener-
ated by the four ablation models: No zoom, Bicubic zoom,
SR zoom and SR zoom+L∇. As shown, SR zoom improves
the generation of high-frequency details compared to No
zoom and Bicubic zoom models, and gradient loss improves
them even further.

7.3. Intermediate results

Our zoom-to-inpaint model is a 4-stage framework, and
the intermediate output of each stage can be extracted. Fig-
ure 2 in the main paper shows the actual intermediate results
produced by our framework. In Figure 10, we provide ad-
ditional examples of intermediate results, specifically Xm,
Xc, X̃SR, X̃r and Xr, along with LR and HR labels X and
X̃ .
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