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This document provides supplementary material for the paper “Each Attribute Matters:
Contrastive Attention for Sentence-based Image Editing” published on the British Machine
Vision Conference (BMVC) 2021. In this material, we provide the further discussion and
illustration of some details, and show more examples of SIE.

1 Evaluation Metrics

In our experiments, we use the Fréchet Inception Distance (FID) [2] and the Learned
Perceptual Image Patch Similarity (LPIPS) [4] as the evaluation metrics.

The FID of an edited image compared to its origin is evaluated by passing it through a
pre-trained Inception-v3 [1] and computing the distribution difference on the average pooled
features. FID can be computed by

1
FID 3, = [t - i[5 +Tr(21 +34 - 2(2121)2), )

where yy and y; represents the feature mean of the real image and the generated image. Xy
and X; represents the covariance matrix of the features of the real image and the generated
image. The smaller the FID value, the closer the distribution between generated image and
real image.

We also use LPIPS to calculate the perceptual distance of two images. Traditionally,
Perceptual distance [4] refers to the visual similarity of two images, the purpose of which is
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to evaluate the similarity of two images by imitating the human visual senses. We extract
feature from the /-th layer and unit-normalize it in the channel dimension, which we desig-
nate as v/ and ¥/ € R Jy; w; is the feature size in different layers. wy is equivalent to
computing cosine distance. LPIPS can be computed by
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2 Sentence Parsing Strategy

In this paper, we propose a strategy to effectively parse sentence into different attributes, thus
to facilitate the subsequent data augmentation and the construction of contrastive learning.
After the POS tagging of sentence S, we put the corresponding lexical case of each
sentence in P. To classify the different attributes in a sentence, we have the following 5-step
strategy. 1) Screening words for attributes; 2) Determine the adjective attribution of "bird
has" case, divide “bird” into attributes and set the state of fi, f> to 0; 3) If the word is a noun
and not bird, the f; status is set to 1; 4) If the word is an adjective and is not followed by
a conjunction, the f, status is set to 1; 5) When f| X f, = 1, the attribute is divided. The
detailed algorithm can be seen in Algorithm 1. Finally, we get the divided attributes S.

3 Discussion of hyperparameters

The generator and discriminator have trained alternatively by minimizing both the generator
loss L and discriminator loss Lp. In generator, Lg;r control different attributes, Lper control
the invariance of the background, Lpamsm control text-image matching. In discriminator,
L discriminate the existence of attribute-level information.

1 a
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The proposed algorithm is governed by four hyperparameters: A;, 4> and A3 are used
in the generator to balance the generation of different attributes and to preserve irrelevant
backgrounds. Our model is based on the AttnGAN [3] model, so for the hyperparameter A3,
we follow its initial value and do not adjust it. In the discriminator, A4 to control whether
each attribute is present in the image or not. Table 1 shows the sensitivity analysis for
hyperparameters using the CUB dataset. As a rule of thumb, we try from 1 and calculate the
FID and LPIPS values for each model. We found that the models work better when in the
range of 0.5 to 1.
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At A A3 A4 FID| LPIPS|
1 1 1 1 2397 0.7085
05 05 1 05 2275 0.7073
05 05 1 1 2126 0.7046

05 1 1 1 2209 0.7067

1

1

0.7 0.6 09 20.08 0.6893
1.5 15 1.5 24.08 0.7091

Table 1: Hyperparameter analysis.

4 Additional SIE Examples

In Fig. 1 2 3, we show a qualitative comparison of the models on the COCO, CUB dataset.
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Two peaks tower
above the yellow grass.

A yellow sign that is on
the sidewalk.

At dusk, there was a
man sliding in the
desert

A pillar with a clock on
the top, the
background is night

A red plane is flying in
the sky.

A brown horse
walking across a grass.

Text Original TAGAN ManiGAN Ours

Figure 1: Additional comparison results between TAGAN, ManiGAN, and Ours on the
COCO dataset.
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A man rides down a
snow-covered
mountain at night on
skis.

Green trees growing
on the roadside.

A batch of yellow
bananas still attached
to atree.

A young man with
white clothes.

A white street sign.

A large white bus ona
city street.

Text Original TAGAN ManiGAN Ours
Figure 2: Additional comparison results between TAGAN, ManiGAN, and Ours on the
COCO dataset.



6 ZHAO, ET AL.: EACH ATTRIBUTE MATTERS

The bird's head and
wings are blue and
its belly is black.

This bird has a
yellow head, a

black eyes, and
green wings.

A small bird has
yellow eyes and
green heads.

This bird has a white
head, a white back

A bird has white 1
breast, grey wings. i

A small bird with an
orange head, a grey
belly and black
wings and eyes.

This bird has white
head ,breast and
orange beak.

This bird has crown
that are blue and has
grey wing.

A

Original SISGAN TAGAN DMIT ManiGAN Ours

Figure 3: Additional comparison results between SISGAN, TAGAN, DMIT, ManiGAN, and
Ours on the CUB dataset.



ZHAO, ET AL.: EACH ATTRIBUTE MATTERS

Algorithm 1: Sentence Parsing method

Input: Sentence S = {wy,---,wy}, Status control symbols f; =0, f> = 0, Counters

n=0m=0.

Output: Parsed Sentence S={A1,--, Ay}, A= {w.

1 P=A{a,---,ay} « POS tagging (S);
2 for i < 0 to len(S) do
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// 1.Screening words for attributes

if P; € {NN, NNS, JI} or w; € {*has”, “with”, “and”} then

// 2.Judging the adjective attribution in the subject case
if w; = “bird” and w;y € {*“has”, “with”} then

Ap —{wi,- %
f1<0,/2«0;
n=n+1;

end

// 3.Judging the noun case

if P; = “NN” or P; = “NNS” and w; # “bird” then
Ay = wis

fie 1

end

// 4.Judging the adjective attribution in conjunctive cases
if P; =“J)” and w;;; # “and” then

Ay —wis

fe 1

end

// 5.Classifying attributes

if fi X f,=1then

Ap —{wis---};
Si<0,f2 < 0;
n=n+1
end
end
Sm<_~An
m=m+1

30 end




