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Abstract

Background and Objectives: Transformation of text into images is gaining widespread popularity
because such transformation offers benefits in various fields, including in investigations requiring
sketching of suspects or even in the search for missing persons. However, most researches on text-to-
image transformation tend to focus on such simple objects or common items as flowers or birds.
Studies on human faces are still relatively rare, partly because facial databases are incomplete. Such
databases as Labeled Faces in the Wild and MegaFace contain only images without descriptive text.
The present research aimed to develop an automatic suspect face sketching system using only

textual descriptions of physical characteristics as input.

Methodology: The present research used CelebA HQ database, which contains both images and
descriptions. BERT Sentence Encoder and CLIP Text Encoder were employed to encode the text,
converting the descriptions into vocabulary and eventually transforming them into numerical values.
These numerical values were tested on four models: StyleGAN3+CLIP, StyleGAN3+CLIP (Fine-Tuning),
DC+CLIP (Fine-Tuning), and DF+CLIP (Fine-Tuning).

Main Results: Based on the experimental comparison of the four models using the quantitative
indicator FID, we found that the model using StyleGAN3 as the Generator exhibited the highest

performance in generating high-quality images that matched the descriptions. The best results were
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obtained when StyleGAN3 was paired with the CLIP model, which had been further fine-tuned with
the CelebA HQ dataset.

Conclusions: To facilitate and enhance the efficiency of the process of sketching suspect faces in
investigations, the present research developed a system for generating suspect face sketches based
solely on textual descriptions of the suspect's physical features. The experimental results, which were
obtained through the combined use of Generative Adversarial Networks (GAN) and CLIP model, revealed
that the combination of StyleGAN3 and CLIP produced the highest quality and most accurate face

sketches based on the descriptions.

Practical Application: The present research can be further developed to create a system for gene-
rating suspect face sketches from textual descriptions to aid in investigations. It can also be used in

similar contexts, such as designing new model faces for advertising media creation.
Keywords: Deep Learning, Text-to-face Synthesis, StyleGAN3, Contrastive Language-Image Pre-training
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Target

The woman has an oval face.
Her hair 1s black and straight.

She looks attractive, young and has heavy makeup.
She 1s wearing lipstick.
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Generate
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Figure 1 [Model 1] Architecture of StyleGAN3 + CLIP

Model 2: StyleGAN3 + CLIP (Fine-Tuning)
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Face Images
Descriptions

Her hair is brown.
She looks

attractive, young
and has pale skin.

o ieases Generator
lipstick. (.512) (128,128, 3) Total Loss )
| N Reconstructi Jli
ok CLIP Text L j on Loss
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Figure 2 [Model 2] Architecture of StyleGAN3 + CLIP (Fine-Tuning)

n1seNaeu Generator fiauandlu Figure 2 W 33811 CLIP AiNUNNS Fine-tuning 1114 lag
Wdunedadudernuusseednvazandneie CLIP text tokenizer wagthwadnwsiilaidng CLIP
text encoder Winidsudoyalinaraidunnmesvunn 512 figmiousanisdsdn Generator lu

o v W

aRuinll nadnsa nuuin 128 x 128 inwaitai1931n Generator gnianldauiaileidugaydy

=

Faduanadowi q fusswinemsaiuan 2 dau lein @aun1sAuand Reconstruction loss Wigu
Aunntnung (Wllsuiuimde Model 1) wagdiun1sA1uand Cosine similarity laglun1sAuao
| a ] ::l' o, = a s ! a o v v [N
gl 2 duununsiunisSeuigunnmesseninanin 2 aileuiuluide Model 1 {33

a <, ~ a i ¢ s v ::II
Waruuun1 U3 suiisussninannnosuIn NLaz N SUBIToANLLIY LaanInil Gener-
ator @35197uazgniiluNIu CLIP image encoder wiatlinanaidunninesuazgniiluiieuduin

3 ¥ .Y ::l' ¥ & o = ldy ¥ :ﬂ' 1 U
Wo3URIlaAINNUTIENEANYAEN AN CLIP text encoder Handuaadsuuulnsitignldiiedsndu
(Backpropagate) AnAugadeiidnualaluuiulse Generator Tafanmamnnavunnsaiv
ToANUUTIIIEANvEIINTY NatlinsHnaeuiliidely Batch size Wi 16 wavvinsinaeut)

9uUA 50 epochs

Model 3: Deep Convolution (DC) + CLIP (Fine-Tuning)
nsmeaesilfidelfussunalantain Heusel wazane [19] Tnegduldudeudu Discrim-
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BERT uladlifunnmesiifiouin 768 fRudeiuiade Model 1 ndunninesiazgnaadn
Fu Linear layer ioflavudasiidvesinmedan 768 Wu 256 Gamuil Generator Tunisvnas
ii#oen3 Tneftasdinnsvin Batch normalization wald Leaky ReLU duilsridunszdusne ioth
nnwesTildimTmiunnmes Noise vunm 100 fffias1duiarl¢dunmiingoudslsiu Generator
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Figure 3 [Model 3] Architecture of DC + CLIP (Fine-tuning)
Table 1 Architecture and parameters of DC’s generator
Layers Input Output Kernel Stride Padding Activation
size function
Convolutionl 356 1024 ax4 1 0 LeakyRelLU
Batch
1024 N/A N/A N/A N/A N/A
normalization1
Convolution2 1024 512 4*q 2 1 RelLU
Batch
512 N/A N/A N/A N/A N/A
normalization2
Convolution3 512 256 4*4 2 1 RelLU
Batch
256 N/A N/A N/A N/A N/A
normalization3
Convolution4 256 128 4*q 2 1 RelLU
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Table 1 Architecture and parameters of DC’s generator (Continued)

Layers mput | Output | €Ml | syige | padding | Activation
size function
Batch
128 N/A N/A N/A N/A N/A
normalization4
Convolution5 128 128 ax*q 2 1 RelLU
Batch
128 N/A N/A N/A N/A N/A
normalization5
Convolution6 128 3 4*q 2 1 Tanh

Parameters Learning rate: 0.0002 Loss function: Reconstruction Loss and

Batch size = 64, Epochs = 100
Betas = (0.5, 0.5)

Spherical Loss

Optimizer: Adam

Model 4: Deep Fusion + CLIP (Fine-Tuning)

nsnnaesilauusiunalaveinlaseadnsann Deep Fusion Generative Adversarial 99
Tao wawaniy [12] Tnefideldlaseans Deep Fusion dufuanuuussamslugu Discriminator
Tnggf3d1i CLIP (Fine-Tuning) lUunudl Discriminator fanudialdoonundulnseadhs Deep Fusion
+ CLIP (Fine-Tuning) Asuanslu Figure 4
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Figure 4 [Model 4] Architecture of DF + CLIP (Fine-Tuning)
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flayun ntiu Semantic vector daggniiluidh Linear layer iiioanuunnain 768 fiflvivde 256 17
uaitldgninlusiudunnnes Noise 1unm 100 i uda3aind Linear layer Snafaroufiargndadily
Tudanves Upblocko aufls Upblocks anudndiu snnsvineuaes Upblocko 83 Upblocks Hasiidves
Semantic vector u1a 768 T@dildan BERT Wuleulvuszneulunsviiese nadwsann
Upblock 1 5 azgnasluaradiudoyaves Image feature dmiuldasranmluminesnan awd
a¥ulfaedivunn 128 x128 x 3 finwa Veineldnszuiumsusiag Upblock aldiflaidunszdude
ReLU uazldf Adam optimizer if1mun Betal = 0, Beta 2 = 0.9 Inefid1uiusounsiinaousyd
10 epochs usiaz Epoch dmsilnaew 5,000 iterations wiazassldsnunmilnaou 4 am @
Learning Rate f® 0.0001

Table 2 Architecture of DF’s generator

Kernel . . Activation
Layers Input | Output Stride | Padding Remark
size function

Convolution1 512 512 3 1 1 N/A Upblock
Convolution2 512 512 3 1 1 N/A (N=0,1,2,3,4,5)
Linear 1 256 256 N/A N/A N/A Relu affine0 -
Linear 2 256 512 N/A N/A N/A N/A §amma
Linear 3 256 256 N/A N/A N/A Relu

affine0 - beta
Linear 4 256 512 N/A N/A N/A N/A
Linear 5 256 256 N/A N/A N/A Relu affinel -
Linear 6 256 512 N/A N/A N/A N/A gamma
Linear 7 256 256 N/A N/A N/A Relu

affinel - beta
Linear 8 256 512 N/A N/A N/A N/A
Linear 9 256 256 N/A N/A N/A Relu affine2 -
Linear 10 256 512 N/A N/A N/A N/A gamma
Linear 11 256 256 N/A N/A N/A Relu

affine2 - beta
Linear 12 256 512 N/A N/A N/A N/A
Linear 13 256 256 N/A N/A N/A Relu affine3 -
Linear 14 256 512 N/A N/A N/A N/A gamma
Linear 15 256 256 N/A N/A N/A Relu

affine3 - beta
Linear 16 256 512 N/A N/A N/A N/A
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Tuduvesnisaaudas Discriminator 1AxuLTU CLIP (Fine-tuning) tnei3dein Weight vos
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1 feff3deldifins CLIP image encode iiloutasnmila3nsnn Generator uazamimnglsinans
Junnwes mﬂﬁ?u?quﬂ']wﬁgaaaamﬁmmﬂaﬁ%’uqﬁylﬁaLﬁauﬁué’aﬂ Spherical Distance Loss
waz Reconstruction Loss Wuifeniuiita Model 1

Experimental Results

’Lumﬁﬂﬂmmwsuaqmwﬁa%fmnﬂLwiaw,w{f']aaqﬁ?u Fréchet Inception Distance (FID) 019
Hunislususaduusydvinmittenlitueginhendunudde dmsumadetudiisehns
SanaleUSinasiean FID Tngthnnineg1a7iad 99 nusas i us1aessnuuusaetas 16 nn
Tieuidsusunmidmnefidunmauagduin FID Wkaagus Table 3 ngagiifuiwuy
$1a0siivindn FID Iéeindign (Ffign) Sufuil 1 uag 2 #o StyleGAN3+CLIP (Fine-Tuning) Lag Style-
GAN3+CLIP snudsiu Seiinanuunnsneee1auna1nea FID 489 Deep Fusion+CLIP (Fine-Tuning)
ez Deep Convolution (DCO)+CLIP (Fine-Tuning) dlefinnsanansedly Figure 5 auiiuds
AIULANANNTBINNTIAE 199 NUUUS a0 StyleGAN3 1y Generator Network fu8n 2 wuu
Fraesfivdesteiaau

Table 3 FID scores of the four experimental models

Model FID
StyleGAN3 + CLIP 242.45
StyleGAN3 + CLIP (Fine -Tuning) 193.70
Deep Convolution (DC) + CLIP (Fine -Tuning) 328.94
Deep Fusion + CLIP (Fine -Tuning) 309.15

Bold font represents the best score (the minimum FID score)
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StyleGan3+ StyleGan3+ DC+ DF+

Description

The gentleman has pretty high cheekbones. He
sports a goatee. He seems young

Her hair is brown. She looks attractive, young
and has pale skin. She is wearing earrings and
lipstick.

"‘The woman has an oval face. Her hair is black
and straight. She looks attractive, young and
has heavy makeup. She is wearing lipstick.

" She has blond hair. She has a pointy nose. The |
lady is attractive and young. She is wearing
lipstick and a necklace,

“'The man has a chubby face and has a double
chin. His hair is gray, receding and he is going
bald. He has a big nose. The gentleman has pale
skin. He is wearing a necktie.

The gentleman has high cheekbones. His hair is
black and straight. He has a big nose and a
slightly open mouth, The man is smiling and
looks young.

Figure 5 Comparison among facial images of individuals from each model. The solid pink
frame in each row indicates the image selected as the best match to the description,
based on the summary of an online opinion survey of 36 volunteers
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