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A. Appendix

This document first provides the proof of Proposition 1.
Then, we present additional results on the LN-COCO [4]
dataset under the unsupervised T2I generation task based
on StyleGAN2 [2]. We also evaluate the performance of
the T2I results using a diffusion-based text-to-image gener-
ative model [6] to validate the generality of the proposed
approach. Finally, we demonstrate additional qualitative
results supplementing Figure 3 of the main paper, which
visualizes the synthesized results on the MS-COCO [3]
and Conceptual Captions 3M [8] datasets given by CLIP-
GEN [9], LAFITE [10], and VDL based on StyleGAN2 un-
der the unsupervised setting.

A.1. Proof of Proposition 1

Proposition 1. Let z,,, be the sample obtained by the pro-
posed sampling strategy Sypy, based on z;,. Then, the fol-
lowing inequality always holds for G(-; %) with arbitrary
values of its parameter ¢%~:
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Proof. The inner product can be expressed as
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where gimg is equivalent to Normalize(G(2img)). In addi-
tion, the denominator in (19) is given by
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Based on the two equations, we have
~T Z;]r:qg(zimg +r- gimg)
ZixiZimg =
\/1 + 2r - z?;nggimg 4 72
B 1+7- zfnggimg
\/1 +2r - 2] Gimg + 72
(27 2 Gimg +77) + (1 —77)
2\/1 +2r 2z img + 12

Z V17T27

where the last inequality is derived by using the inequality
of arithmetic and geometric means. O

A.2. Experiments on LN-COCO

We compare the proposed method with CLIP-GEN [9]
and LAFITE [10] on the LN-COCO [4] dataset using Style-
GAN2 under the unsupervised setting. As presented in
Table 5, our method outperforms existing approaches by
large margins. Figure 7 depicts synthesized images given
by VDL and CLIP-GEN [9], where the results of LAFITE
are not provided since its pre-trained model is not publicly
available.

A.3. Ablation on T2I models

We remark that our approach is model-agnostic; any type
of conditional image generation network is applicable to our
framework. To validate the effectiveness of the proposed
method without carefully designing the T2I network, we
replace StyleGAN?2 [2] with a diffusion model, Latent Dif-
fusion Model (LDM) [6], and perform experiments on the
MS-COCO [3] and Conceptual Captions 3M [8] (CC3M)
datasets under the unsupervised setting.

A.3.1 Implementation Details

For the second-stage training, we optimize LDM [6] for
150k and 300k iterations on the MS-COCO [3] and Con-



ceptual Captions 3M [8] datasets using the Adam opti-
mizer with a batch size of 64 and an initial learning rate of
6.4 x 1072, We set the resolution of the latent space to 64,
where a pretrained Vector Quantized GAN [1] is selected
as a latent perceptual compression network without an ex-
tra fine-tuning. Following the latent conditioning strategy
used in [5], we inject CLIP features to the noisy predic-
tions of the backbone network based on U-Net [7] inside
the LDM framework [6]. Specifically, we replace the last
group normalization layer in each residual block of the U-
Net with an adaptive group normalization layer whose scale
and shift parameters are computed by applying a single fully
connected layer to the temporal positional embeddings. For
conditioning given sentences, the outputs of the normaliza-
tion layer are further multiplied with the projected CLIP
features using a single fully connected layer.

A.3.2 Results unser Unsupervised Setting

We present quantitative results in Table 6 while the gener-
ated images on the MS-COCO [3] and Conceptual Captions
3M [8] datasets are provided in Figure 5 and 6, respectively.
These results show that VDL archives superior performance
when combined with the diffusion based LDM [6] for the
T2I model, and the proposed method is agnostic to the types
of the T2I network.

A.4. Additional Qualitative Results

Figure 7 and 8 visualize additional qualitative results
from the proposed approach compared to existing methods.
The results clearly show that VDL generates visually more
faithful and realistic images considering the given text de-
scriptions and the natural image distribution while the other
two methods often fail to meet text conditions and/or gen-
erate natural images.
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Table 5. Results of unsupervised text-to-image generation on the LN-COCO [4] dataset using StyleGAN?2 [2]. Methods with asterisks (*)
report the results of our reproduction. A bold-faced number denotes the best performance in each column.

T2I Model Dataset Method IS(H) FID{) Simy (1)  Simip (1)
CLIP-GEN* [9] 12.12  83.87 0.2750 -
StyleGAN2 [2]  LN-COCO [4] LAFITE [10] 18.49  38.95 0.0872 —
VDL (Ours) 2155 31.33 0.6118 0.7025
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Figure 4. Qualitative results on the LN-COCO dataset using StyleGAN2. VDL generates visually higher-quality images than CLIP-GEN.

Table 6. Results of unsupervised text-to-image generation on the MS-COCO [3] and Conceptual Captions 3M [8] datasets using LDM [6].

T2I Model Dataset Method IS() FID{) Simy (1) Simipg (1)
CLIP-GEN* [9] 12.96  48.14 0.3042 -
MS-COCO [3] LAFITE* [10] 16.53  23.92 0.0965 -
LDM [0] VDL (Ours) 23.25 13.68 0.6104 0.7655
CLIP-GEN* [9] 10.08  47.53 0.2896 -
Conceptual Captions 3M [8]  LAFITE* [10] 10.98  33.98 0.0912 -
VDL (Ours) 15.09  23.03 0.6237 0.7105
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Figure 5. Qualitative results on the MS-COCO dataset using LDM. VDL generates visually higher-quality images than LAFITE and
CLIP-GEN.
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Figure 6. Qualitative results on the Conceptual Captions 3M dataset using LDM. VDL generates visually higher-quality images than
LAFITE and CLIP-GEN.



MS-COCO

i 'y
z S " .
o5}
Q
£
=}
O
m
=
<
G
=
e
=
a
>
There is a small Two men walking A clock mounted  Italian blood An experimental A group of people A harbor with two people riding
bus with several through a field next near a city light on  oranges for sale in ~ airplane flying riding skis downa many boats and motorcycles on a
people standing to a large jet liner ¢ 1oad a market through a cloudy  snow covered street city in the city street
next to it blue sky background

Figure 7. Additional qualitative results on the MS-COCO dataset using StyleGAN2. VDL generates visually higher-quality images than
LAFITE and CLIP-GEN.
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Figure 8. Additional qualitative results on the Conceptual Captions 3M dataset using StyleGAN2. VDL generates visually higher-quality
images than LAFITE and CLIP-GEN.



