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We introduce more details about network architectures
and additional experiments of our paper.

A. Evaluation Metrics

In addition to MSE and PSNR, we also report foreground
MSE (fMSE) and foreground PSNR (fPSNR) to measure
how well the foreground is harmonized. MSE and PSNR es-
sentially evaluate harmonization performance over all pix-
els across the dataset (dataset-level), while fMSE and fP-
SNR measure the harmonization over each single image
(with different sizes of foreground) averaging on the dataset
(image-level). We argue that image-level fMSE and fPSNR
are more suitable to evaluate the harmonization generaliza-
tion ability since many pixels (background) are unchanged
and the sizes of foreground are different in terms of each
image. Given the real image H and the harmonized image
H, we provide the details of these four metrics as follows.

A.1. MSE vs. fMSE
We compute MSE by:
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where K is the pixel number of image (k is the pixel index),
N is the image number of dataset (n is the image index),
and 3 means three RGB channels of image.
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And we compute our fMSE by:
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where K ](CZ) is the foreground pixel number of n-th image,
and M denotes the foreground mask.

A.2. PSNR vs. fPSNR
We compute PSNR by:
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where M AX is 255.
And we compute our fPSNR by:
. MAX?
fPSNR(H, H) = 10 - log, (1) )
fMSE(H, H)
B. Operator Symbols

Symbols of used operators are listed as follows:

e Conv(Cin, Couts k, S, p): convolution with c;, input
channels, ¢, output channels, kernel size k, stride s,
and padding p.

» ConvTranspose2d(c;y,, Cout, ks S, p): convolution with
Cin, input channels, c,,; output channels, kernel size &,
stride s, and padding p.

e Linear(f;;, fout): linear transformation with f;,, input
features and f,,; output features.

¢ ResBlock(cin, Couts k, S, p): residual block [4] with
¢;in, input channels, c,,; output channels, kernel size k&,
stride s, and padding p.

e Upsample(s): nearest-neighbor upsampling with a
scale factor of s.

¢ IN(n): instance normalization [ 10] with n dimensions.
e LN(n): layer normalization [!] with n dimensions.

e LReLU(«): Leaky ReLU [7] with a negative slope of
.
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* AdaIN: Adaptive Instance Normalization (AdalN) [5]
layer with residual block.

* TR(h, I, dtoken, dffrn): transformer encoder-decoder
with h attention headers, [ layers, token embedding di-
mension dyyken, and feed forward network dimension
dffn. TRE denotes transformer encoder and TRD
denotes transformer decoder.

C. Harmonization Transformer
C.1. Baselines and HT

The network architectures of our baseline encoder-
decoder U-Net [9] (E-D U-Net), baseline encoder-decoder
CNN (E-D CNN), and our harmonization Transformer (HT)
are shown in Table A, Table B, and Table C, respectively.

C.2. Transformer Input

The network architecture for analyzing Transformer im-
age input on harmonization is listed in Table D.

C.3. Transformer Encoder/Decoder

The network architecture for analyzing Transformer En-
coder/Decoder on harmonization is listed in Table E.

C.4. Transformer Head and Layer

The network architecture for analyzing Transformer
head and layer on harmonization is listed in Table F.

D. Disentangled Harmonization Transformer
D.1. D-HC

The network architecture of our disentangled harmoniza-
tion CNN (D-HC) is listed in Table G.

D.2. D-HT

The network architecture of our disentangled harmoniza-
tion Transformer (D-HT) is listed in Table H.

Additional qualitative comparison results of image har-
monization are shown in Figures A and B. Additional har-
monized results with normal masks and inverted masks are
shown in Figure C. Additional light latent representation re-
sults by changing light latent code are shown in Figure D.
And additional visual results transferring the light from one
source image to another target image are shown in Figures E
and F.

E. Results on Real Composite Images

All visual comparison results of different methods to har-
monize 99 real composite images are shown in Figures G—

Q.

F. Image Inpainting

Additional qualitative comparison results of image in-
painting are shown in Figure R.

G. Image Enhancement

Additional qualitative comparison results of image en-
hancement are shown in Figure S.
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Encoder-decoder Connection  Output Size

Conv(4, 64,4, 2,1) 1 128

LReLU(0.2)
Conv(64, 128, 4, 2, 1)
IN(128) 2 64

LReLU(0.2)
Conv(128, 256, 4, 2, 1)
IN(256) 3 32

LReLU(0.2)
Conv(256, 512, 4, 2, 1)
IN(512) 4 16

LReLU(0.2)
Conv(512, 512, 4,2, 1)
IN(512) 5 8

LReLU(0.2)
Conv(512, 512, 4,2, 1)
IN(512) 6 4

LReLU(0.2)
Conv(512, 512, 4,2, 1)
IN(512) 7 2

LReLU(0.2)
Conv(512, 512, 4,2, 1) 1

ReLU
ConvTranspose2d(512, 512, 4, 2, 1)
IN(512) 2

ReLU

ConvTranspose2d(1024, 512, 4, 2, 1) 7

IN(512)

Dropout(0.5) 4

ReLU

ConvTranspose2d(1024, 512, 4, 2, 1) 6

IN(512)

Dropout(0.5) 8

ReLLU

ConvTranspose2d(1024, 512, 4, 2, 1) 5

IN(512)

Dropout(0.5) 16

ReLU
ConvTranspose2d(1024, 256, 4, 2, 1) 4
IN(256) 32

ReLU
ConvTranspose2d(512, 128, 4, 2, 1) 3
IN(128) 64

ReLU
ConvTranspose2d(256, 64, 4, 2, 1) 2
IN(64) 128

ReLU
ConvTranspose2d(128, 3, 4, 2, 1) 1
Tanh— output 256

Table A. Network architecture of our baseline encoder-decoder U-
Net (E-D U-Net).

Encoder Output Size
Conv(4, 64, 7, 1, 3) + IN(64) + LReLU(0.2) 256
Conv(64, 128, 4, 2, 1) 4+ IN(128) + LReLU(0.2) 128
Conv(128, 256, 4, 2, 1) + IN(256) + LReLU(0.2) 64
Bottleneck Output Size
ResBlock(256, 256, 3, 1, 1) X6 64
Decoder Output Size
Upsample(2) 128
Conv(256, 128, 3, 1, 1) + LN(128) 4+ LReLU(0.2) 128
Upsample(2) 256
Conv(128, 64, 3, 1, 1) + LN(64) + LReLU(0.2) 256
Conv(64, 3, 7, 1, 3) + Tanh — output 256

Table B. Network architecture of our baseline encoder-decoder
CNN (E-D CNN).

Encoder Output Size
Conv(3, 64, 7, 1, 3) + IN(64) + LReLU(0.2) 256
Conv(64, 128, 4, 2, 1) + IN(128) 4+ LReLU(0.2) 128
Conv(128, 256, 4, 2, 1) + IN(256) + LReLU(0.2) 64
Bottleneck Token Number
TRE(2,9, 256, 512) 4096
Decoder Output Size
Upsample(2) 128
Conv(256, 128, 3, 1, 1) + LN(128) + LReLU(0.2) 128
Upsample(2) 256
Conv(128, 64, 3, 1, 1) + LN(64) 4+ LReLU(0.2) 256
Conv(64, 3,7, 1, 3) + Tanh — output 256

Table C. Network architecture of our harmonization Transformer
(HT).



Encoder Output Size
Embedding d Conv(3, 64, 7, 1, 3) + IN(64) + LReLU(0.2) 256
FC: Conv(64, 128, 4, 2, 1) + IN(128) + LReLU(0.2) 128
Linear(8*8*4, 256) 256 Conv(128, 256, 4, 2, 1) + IN(256) + LReLU(0.2) 64
Conv:
Conv(4, 256, 8, s, 0) 256 Bottleneck Token Number
MLP: TRE(h, 1, 256, 512) 4096
Linear(8*8%*4, 512) 4+ LN(512) + LReLU(0.2) 512
Linear(512, 256) + LN(256) 4+ LReLU(0.2) 256 Decoder Output Size
(C;Hi N): Upsample(2) 128
Conv(4, 64, 4, 2, 0) + LN(64) 4+ LReLU(0.2) 64 S‘;ﬁ:ﬁ;ﬁi’(;)z& 3,1, 1) + LN(128) + LReLU(0.2) ;gz
Conv(64, 128, 4, 2, 0) + LN(128) 4+ LReLU(0.2) 128
Conv(128, 256, 4, 2, 0) + LN(256) + LReLU(0.2) 256 g"“v(li& 6‘71’ i’ L 1)T+ EN(M) + LReLU(0.2) 356
(T ~ 4AN): onv(64, 3, 7, 1, 3) + Tanh — output 56
Conv(4, 128, 4,2, 0) + LN(128) + LReLU(0.2) 128 Table F. Network architecture for analyzing Transformer head and
Conv(128, 256, 4, 2, 0) + LN(256) + LReLU(0.2) 256 laver
(T ~ 16N): yer.
Conv(4, 256, 4, 2, 0) + LN(256) + LReLU(0.2) 256
Transformer Token Number
TRE(1, 3, 256, 512) T
Decoder Output Size
ConvTranspose(256, 256, 8, s, 0) 256 Psendo-reflectance
IN(256) + LReLU(0.2) 256 Encoder Output Size
Conv(256, 3, 3, 1, 1) + Tanh — output 256
Conv(3, 64, 7, 1, 3) 4+ IN(64) + LReLU(0.2) 256
. . . Conv(64, 128, 4, 2, 1) + IN(128) + LReLU(0.2) 128
Table D. Network architecture for analyzing Transformer image Conv(128, 256, 4, 2, 1) + IN(256) + LReLU(0.2) 64
input. d means output dimensions, 7" means token number, N =
1024, and s = {2, 4, 8}. Bottleneck Output Size
ResBlock(256, 256, 3,1, 1) X6 64
Decoder Output Size
Upsample(2) 128
Conv(256, 128, 3, 1, 1) + LN(128) + LReLU(0.2) 128
Upsample(2) 256
Conv(128, 64, 3, 1, 1) + LN(64) + LReLU(0.2) 256
Conv(64, 3,7, 1, 3) + Tanh — output 256
Encoder Output Size Pseudo-illumination
Conv(3, 64,7, 1, 3) + IN(64) + LReLU(0.2) 256 Encoder Output Size
Conv(64, 128, 4, 2, 1) + IN(128) + LReLU(0.2) 128
Conv(128, 256, 4, 2, 1) + IN(256) + LReLU(0.2) 64 Conv(3, 64, 7, 1, 3) + IN(64) + LReLU(0.2) 256
Conv(64, 128, 4, 2, 1) + IN(128) + LReLU(0.2) 128
Bottleneck Token Number Conv(128, 256, 4, 2, 1) + IN(256) 4+ LReLU(0.2) 64
TRE(L, 3,256, 512) 4096 Bottleneck Output Size
TRD(1,1, 256, 512) 4096
ResBlock(256, 256, 3, 1, 1)+AdalN x6 64
Decoder Output Size
Decoder Output Size
Upsample(2) 128
Conv(256, 128, 3, 1, 1) 4+ LN(128) + LReLU(0.2) 128 Upsample(2) 128
Upsample(2) 256 Conv(256, 128, 3, 1, 1) + LN(128) + LReLU(0.2) 128
Conv(128, 64, 3, 1, 1) + LN(64) + LReLU(0.2) 256 Upsample(2) 256
Conv(64, 3, 7, 1, 3) + Tanh — output 256 Conv(128, 64, 3, 1, 1) + LN(64) + LReLU(0.2) 256
Conv(64, 3, 7, 1, 3) + Tanh — output 256

Table E. Network architecture for analyzing Transformer Encoder
and Decoder.

Table G. Network architecture of our disentangled harmonization
CNN (D-HO).



Pseudo-reflectance

Encoder Output Size
Conv(3, 64, 7, 1, 3) + IN(64) + LReLU(0.2) 256
Conv(64, 128, 4, 2, 1) 4+ IN(128) 4+ LReLU(0.2) 128
Conv(128, 256, 4, 2, 1) + IN(256) + LReLU(0.2) 64
Bottleneck Token Number
TRE(2,9, 256, 512) 4096

Decoder Output Size
Upsample(2) 128
Conv(256, 128, 3, 1, 1) + LN(128) + LReLU(0.2) 128
Upsample(2) 256
Conv(128, 64, 3, 1, 1) + LN(64) + LReLU(0.2) 256
Conv(64, 3,7, 1, 3) + Tanh — output 256
Pseudo-illumination

Encoder Output size
Linear(8*8+*3, 256) 256

Bottleneck

Token Number

TRE(2,9,256,512)
TRD(2,9, 256, 512)
TRD;(2,9, 256, 512)

1024
27
4096

Decoder Output Size
Upsample(2) 128
Conv(256, 128, 3, 1, 1) + LN(128) + LReLU(0.2) 128
Upsample(2) 256
Conv(128, 64, 3, 1, 1) + LN(64) + LReLU(0.2) 256
Conv(64, 3, 7, 1, 3) + Tanh — output 256

Table H. Network architecture of our disentangled harmonization

Transformer (D-HT).



Real Coh{posité DIH SQAM ‘ DoveNet Ours(rD-HT)
Figure A. Qualitative comparison across HCOCO and HAdobeSk sub-datasets of iHarmony4 [2]. Red boxes in composite images mark
foreground.
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Real Composite DIH S2AM DoveNet Ours(D-HT)
Figure B. Qualitative comparison across Hday2night and HFlickr sub-datasets of iHarmony4 [2]. Red boxes in composite images mark
foreground.



Real Composite Normal Inverted Real Composite Normal Inverted
Figure C. Additional qualitative comparison results of image harmonization with normal masks and inverted masks. Red boxes in composite
images mark foreground.
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Light Latent Representation
Figure D. Additional qualitative light latent representation results by changing light latent code.
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Figure E. Additional qualitative results transferring the light from one source image to another target image.



Figure F. Additional qualitative results transferring the light from one source image to another target image.



Composite DIH S?AM DoveNet Ours(D-HT)

Figure G. Visual comparison results on real composite images. Red boxes in composite images mark foreground.



Composite DIH S°AM DoveNet Ours(D-HT)

Figure H. Visual comparison results on real composite images. Red boxes in composite images mark foreground.



Composite DIH S?°AM DoveNet Ours(D-HT)

Figure I. Visual comparison results on real composite images. Red boxes in composite images mark foreground.



Composite DIH S?AM DoveNet Ours(D-HT)

Figure J. Visual comparison results on real composite images. Red boxes in composite images mark foreground.
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Composite DIH S.2AM DoveNet Ours(D-HT)

Figure K. Visual comparison results on real composite images. Red boxes in composite images mark foreground.



Composite DIH S°AM DoveNet Ours(D-HT)

Figure L. Visual comparison results on real composite images. Red boxes in composite images mark foreground.
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Composite

Figure M. Visual comparison results on real composite images. Red boxes in composite images mark foreground.




Composite DIH S’AM DoveNet Ours(D-HT)

Figure N. Visual comparison results on real composite images. Red boxes in composite images mark foreground.



Composite DIH S°AM DoveNet Ours(D-HT)

Figure O. Visual comparison results on real composite images. Red boxes in composite images mark foreground.
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Composite DIH S?AM DoveNet Ours(D-HT)

Figure Q. Visual comparison results on real composite images. Red boxes in composite images mark foreground.
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Input RFR-Net  Ours(HT) Ground Trut Input RFR-Net ~ Ours(HT) Ground Truth
Figure R. Visual comparison of image inpainting on CelebA [6] (left) and Paris StreetView [3] (right).



Input DeepLPF Ours(D-HT) Ground Truth Input DeepLPF Ours(D-HT) Ground Truth
Figure S. Visual comparison of image enhancement on MIT-Adobe-5K-UPE [£].



