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Facial Image Generation Based on Collaborative Control of Text and Key Points

LIU Yu-Tong, WANG Yi-Ding
(School of Information Science and Technology, North China University of Technology, Beijing 100144, China)

Abstract: Face image generation requires high realism and controllability. This study proposes an algorithm for face
image generation that is jointly controlled by text and facial key points. The text constrains the generation of faces at a
semantic level, while facial key points enable the model to control the generation of facial features, expressions, and
details based on given facial information. The proposed algorithm improves the existing diffusion model and introduces
additional components: text processing models (CM), keypoint control networks (KCN), and autoencoder networks
(ACN). Specifically, the diffusion model is a noise inference algorithm based on the diffusion theory; CM is designed
based on an attention mechanism to encode and store text information; KCN receives the location information of key
points, enhancing the controllability of face generation; ACN alleviates the generation pressure of the diffusion model and
reduces the time required to generate samples. In addition, to adapt to generating face images, this research constructs a
dataset containing 30000 face images. In the proposed algorithm, given prerequisite text and a facial keypoint image, the
model extracts feature information and keypoint information from the text, generating a highly realistic and controllable
target face image. Compared with mainstream methods, the proposed algorithm improves the FID index by about
5%—23% and the /S index by about 3%—14%, which proves its superiority.
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JIEA A ERFER.

FEREM LB, 5K 22 R 2 R S N (KRR A 1B 0
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2 SEREER 550
2.1 ¥R
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Hit 10000 4 4E2 50144 A+ 20 J5ak LB NG B
B X LB G &5k AR R 2 T B bR 2, MY
ALHE IR X 3 (A, AR BE), thAL RS — e Xt G
FISC R (A THERTER). N TERA
SCEE, AR RIA ) CelebA Hdi 3T T TH, M
HE L 30000 TR K MR, [ I Xk 326 AR N G Pl A5 gk
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bearded, smiling, eyes, no beard, high golden curly hair,
inch head, - expressionless, forehead, - earring, "

K7 Bl G
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AL SEE P IR AT DLy o 3 ANH B AR A AL
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(1) 5 RE I S B 7 2450 B 3810 0 2 R Bl 4
3T CLIP 77 A5 2 (AR i3 Rk DA S g — sk Ak 1
BIfHE G B, RFBATIGIA, X BB 1S
Bogan ™ N 7 BT A REERCR, [R5 48 1125
IFIE], W B REA 2r HER resolution SN 256x256, fx Kl 25
P # max_train_steps 4 15000, BT 3RAT&7E KA
AT O, #E S BAE A &, % E learning_rate N
1E-5, RN L, 15 B IR &4 F mix_precision N
fpl6, MR RIRAEA ckpt 2 SO

2) BRI ER 42 5 N inference SCAF, T4
PR 75 BN RE A 1) o7 B EAT 43 BT IS L, Wtk A 1 oK
TR R, W BN 512x512, HEHPHWID 5 e
N 50, TEZ S5 SR E0 H, BRATTRET W A0 2 AR fh gt
1T T IERLSEG. SRAE 75 DDIMPY, 2 B 5 3K
IR T RFEEFE; N T8 T 5 MR A o AT VA,
FREARRRIE Y 1250, Bt EHGEE R E Dy 8, [l —
HeA % 10000 3K EIZ.

(3) XFAE B EUR AT € 1t o3 A, IR B & IR AR AR VT
(RSN I TIE
2.3 FERDIER

T RS AR SR AR A N R AR P 3 S B AT
P 1 7 T )V R, IR DA N R AR T VR A,

FID (Frechet inception distance): & — W iFEA B4
LS R RTE HLRE (R AR, B R A s E B S J
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Horb, p, RoR S E R BRHIEIE, e 27 A I R 1Y
FRAESSME, Tr () FsRITERAE.

IS (inception score): H K fi &A= B 5 H S
B o 22 5, FLAE B v R AR i R ) o R
IS Bt 5 AKX

IS (G) = eFrrg PkLPOIONIPY) 6)

Forp, p(ylx) TR BT A UG I 2% A8 045, p(y) A& 3k
FFRF 8 S A BIA 2 3 A, D R~ AR
2.4 XFEEIRIE

PATEIL T 2 FhA [F) S 04T A gt R e,
f.4: stable diffusion, Z%HEZ & 5T 30 A8 il G 1 4
30, HSCHR[16]11 BB W A2 1M >K; TediGAN, YR 3¢
BR[26], & —FoCA S BUE — 4, niridtir sh e
w5 1 —F GAN B4%; collaborative diffusion, J§ T
SCHR[27], 72 — P AEAS [F 9 B 2 i 5] & VR R 284, 1%
ZRH e A AR RN K DR AR5 428 ) 2% A 10 e B — Bk BA
JATSCE . FRAME AN [F) B4 5 10 000 5K Fr, 431
T FID $8H5A0 IS $8 47, 15 B R0 He SEat 25 SRk 1
Fi7R.

£ 1 XIS

B FID IS
Stable diffusion 45.69 5.89+0.19
TediGAN 52.61 6.17+0.23
Collaborative diffusion 37.12 6.53+0.15
Ours 35.32 6.77+0.09

MR AT LUE X F FID 4845, ATE M &
158458 35.32, % stable diffusion ] 45.69, $£ T+ T
2] 30%; X T 15355 LU L I collaborative diffusion
(FHAF934 37.12), AVEIEWA 5% 45 FI5eTt. 3
TARFEA BEME S S R R AE AR ABL B B A
IS $84R 53 1T, TediGAN )3 B2 FE 3, FHoAth 3 st
AU B R B2 35 8, 3 il 0.19, 0.23, 0.15, T AL
FE R 0.09, 3 HIR AR 1S E A F] 6.86, Ui A
SR AR R R R B 1. 2R G DA g IRAR Y, A
B HA D51, A7) FID $aks 0 IS Fabr AR
75, R AR SO AR R NI G S S B o i, M5
WNATEMEE, Ao

8 JEIL T AN A A ) A Bl 1.

25 HEILERFIH

TR ASARIY AR R B B8 FE AT i — P R

I, BAVEE T W R 525 UL FID 43 80/E e oy Hrda

b, M 46 04 e A 43 i B2 5L 10 000, 15000, 20 000,
30000 7k A B8, H bR ic B — 5k EUE IR SCAS bR 25 A
D R, DAZAR RN DG AR S N AR A (R B 1
REFUN K, 5 43 B 1) 0 SI 0040 0 R U0 K080 1) R A
9 Fi7R.

B A 2 A R R

He is a young B .
adult. This man -~ L9
has a rough growth !' A i ?J? /
of stubble. - A
This woman /
looks extremely - ’\ f
young. There is "2 % v‘ -
no beard. / X

Stable TediGAN Collaborative  Ours
diffusion diffusion

8  ATFIRLRY A B A R SR

This is a man who is smiling
and not wearing glasses. He
has medium length black
hair and a little stubble

Ko FSEERHOR AN R MR S

B v SR LI P S A UL R Bdls 1) FID
TRPR, HE PP 2 BN 20 A5 5 B8 3 A A AL L.
13RI S8 Am 1L SR ANk 2.

K2 ARG S R (A EFEAKD

BiE FID (H5E) FID (JE#)) VCHCE (%)
10000 57.91 61.52 94.13
15000 54.32 57.13 95.08
20000 62.17 64.52 96.35
30000 49.85 50.34 99.02

X #dE 24 10000, 15000, 20 000, 30 000 f17
B, AT L B R B 43 A0 5 1 SR 4 A K DL G 4y
SIEF] T 94.13%, 95.08%, 96.35%, 99.02%, X 7873 Ut
B TR AR E AR G C A BE TIRmER
FERVEL S, HE— BB T A SCREVE B

Software TechniquesAlgorithm #1F4 AR« 5%: 179


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20244F 5533 % 5103

2.6 AEMRFRE

N TR FEANETY RE T34 AR T R 2% 1 IO 0L
G, BAT T RO S B R R AN A
B R Rl & B, Zad B an 10 Fos. & 5, B0 G
G EWNC RPN i oV A O\ A AN EE 1 VO AU B S
B BB, BLJRUG SG B e PO R AU G 1) S B e 1
BAE A, ATt —ik & K. ke Eh, At
DX SRS P A X 7 1 G 798 0 e AT A R, TR DX AR
FORREE R LA E A, BEXIER T RE B XK.

WP 26 AT

CUAR+RAE )

She looks very
young.

AR G
PRI KB A

.

B 10 A EGAEEE EAE b
ZJa, BATHE T 254 10004 2000 5000 LA
J2 10000 5K G 8 2T 5 2 28, 1 HL ) O il & 2R
Z5E SR H AR ARG T 5 A G R I A AR
HE AW T:

EApE

e

I
Li = 100% — 7’; (7)

Horp, B3R R R E A X, U RaniA R4
X, H T FRAT ) 25 A R SR AL T 70 AN G B A,
X TR — AR BN R Rl P, SR OCEE SR R,
FEMCEER EREATHT 20 FE G T AN [R50 B s N4
SRJETHE AN A 4 BB 40 L. 49 3 1 ST H il
K 3 Fis.

# 3 AEMRIUER A R (R REEAED

I HIFE I OCHE i 5 2 A O A AR T 3%, X2 —
NN T IR
2.7 HRRSELE

N T X SR REHEAT 3 — 2B AR R AR AL, BT
TR RS R TS A LD BN S IR 4 IR s
Wi, W B HEE B0 50N 300 40, 50, 60; FR AR
[ RIA AR DG &, Bk, W& T #M%+CM,
FHUN Z8+CM+KCN, B 25+CM+ACN, 4 #9425+
CM+KCN+ACN F0f LUy Rl s ie . s 25 Ran sk 4 i
#* 5 PR,

£ 4 THRSEIR R O EHEEE D

Step FID IS

30 38.62 6.2+0.12
40 37.13 6.33+0.11
50 35.64 6.73+0.09
60 36.98 6.49+0.10

RS HESEIREE R (NABRA S

R FID IS
Diffusion+CM 63.15 5.93+0.10
Diffusion+CM+ACN 53.17 6.15+0.09
Diffusion+CM+KCN 43.98 6.2140.09
Diffusion+CM+KCN+ACN 35.64 6.730.09

KAt E (%)

FEA%L FRE FRE FRE FRE
0,5%] (5%, 10%]  (10%,20%]  (20%, 1]
1000 95.37 371 0.78 0.14
2000 94.98 2.53 1.37 .12
5000 94.32 2.73 0.58 2.37
10000 94.29 3.01 2.08 0.62

ST 3 AT AR I, FEARAFE A KO v AR AR 1
DR, BRFMZENIFAR, BT8R N4 SR
A REHLYE, 152 AT LU ZE R I KRR e hs LR,
AT 0-5% Z R A M A LR ZIRFFAE 95%, Ui
A R e Ay 3t ) P 4t PR G R A I, R D

180 {4 ARH 1% Software TechniquesAlgorithm

RYEE 4 o7 LAE i, 7R H R SR SR AT 48 T,
KAE A HOT 45 R RN, LU step 4 30, 40, 50,
60 I [ FID $8 %5, KHETE 50 25 /2 A4 i GEHLAS FID
B /IME. 7T AR H S50, SRFE D HOE /N Bl T K
S A R T

MRYEFR 5 1R SLUG A AT LAy M 45 Y, 7 JR 69
BTN ACN F KCN Z5 #4585 0t 32 = A i 15
M. fEIN ACN S5 HL R, FID fabrH 63.15
TREEIT 53.17, AT UL ACN fgf 20 B G 2088 11
REZR A3 A (5 25 FEIN KCN 5K 0L R, 1S F6 45 A
5.93 EFHEIT 6.21, I HIEANMRE NFE 7 10%, A7 W,
KCN 504505 1 5 R 285 SR i) A e PR BB BRI 34, ()
N0 2 4R A ) P AR ME SR AL S B ZE RIS I ACN 4
PRI KCN 25/ B RTHE N, FID $abr A IR G 7 R %
T 27.51, IS #5 5 ETF T 0.80, iX EL BN ACN £ 4
5 KCN S5t 42 7+ Z W %, 7T W, ACN #1 KCN A
AR HANPIFE, 35 45 BRIA B e I AR,

3 S REY
RS Tl b S A A 3 e s R L £
DI B A i, % 0 UL BB R S SR, A


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

20244F %5334 5101

http://www.c-s-a.org.cn

i H AR G N A

CM S5 K5 A SCAE B BEAT Z %, KCN 45 R S BB A
P EAF S, ACN S5H N PR R R RAFE R . 72X Sk
Korp, JA15 3 FhERUTEBAT TR, 8 S5 E W
A B PR RS N G Pl A5 R A v D37 A S8 R A
ALV TE 7 FCSL B T F bk Py T KR TS, IR
AR S5 28R SRR 2 T T e AR A
THRLSEG AT DAAS 4508 B B — @ R L L REZ I
AR, — BAE R EN 2 510 KON 458 F] Bl
A BRI B R EAR S, KRIN5E 16 A O R ) W]
FEVE, A ACN G540 EHG 0 B 2 18] 45 2 2847 4
B, i 1 HOL AR I AR s 0, AR AR R S5 03 B R 1
B2 AT T R G RE 1 I 8] FRATTEE 3 S 86 (1 AN
PEANVEAE IR AT 1 3E— B 0he, BB SCRIAE R
STy B A R BR I, 14, B Bl S s i A AR
e YL TRl R N A A B i 1), SR T 4 N (R,
e A T A AR N AN 2 NI I RBOR, 11X — 5
T, FATHEAG 2 GRBIRATETT. 25 b, A CEIEE IR
NI A A AR (1 S P A R 4R T T, O — R AR
A, o AT b A A 0 22 RS A AT B Rk, HoA —
SE ISR L

SEH

Blanz V, Vetter T. A morphable model for the synthesis of

—

3D faces. Proceedings of the 26th Annual Conference on
Computer Interactive
Angeles: ACM, 1999. 187-194.

2 Goodfellow I, Pouget-Abadie J, Mirza M, et al. Generative

Graphics and Techniques. Los

adversarial networks. Communications of the ACM, 2020,
63(11): 139-144. [doi: 10.1145/3422622]

3 Radford A, Metz L, Chintala S. Unsupervised representation
learning with deep convolutional generative adversarial
networks. Proceedings of the 4th International Conference on
Learning Representations. San Juan, 2016.

4 Isola P, Zhu JY, Zhou TH, et al. Image-to-image translation
with conditional adversarial networks. Proceedings of the
2017 IEEE Conference on Computer Vision and Pattern
Recognition. Honolulu: IEEE, 2017. 5967-5976.

5 Zhu JY, Park T, Isola P, et al. Unpaired image-to-image
translation using cycle-consistent adversarial networks.
Proceedings of the 2017 IEEE International Conference on
Computer Vision. Venice: IEEE, 2017. 2242-2251.

6 Park T, Liu MY, Wang TC, ef al. Semantic image synthesis

with spatially-adaptive normalization. Proceedings of the

o0

11

14

2019 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach: IEEE, 2019. 2332-2341.

Ho J, Jain A, Abbeel P. Denoising diffusion probabilistic
models. Proceedings of the 34th International Conference on
Neural Information Processing Systems. Vancouver: Curran
Associates Inc., 2020. 574.

Dhariwal P, Nichol A. Diffusion models beat GANs on
image synthesis. Proceedings of the 35th International
Conference on Neural Information Processing Systems.
Curran Associates Inc., 2021. 672.

Sohl-Dickstein J, Weiss EA, Maheswaranathan N, et al.
Deep unsupervised learning using nonequilibrium
thermodynamics. Proceedings of the 32nd International
Conference on Machine Learning. Lille: JMLR.org, 2015.
2256-2265.

Song Y, Sohl-Dickstein J, Kingma DP, et al. Score-based
generative modeling  through stochastic  differential
equations. Proceedings of the 9th International Conference
on Learning Representations. OpenReview.net, 2021.
Avrahami O, Lischinski D, Fried O. Blended diffusion for
text-driven editing of natural images. Proceedings of the
2022 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). New Orleans: IEEE, 2022.
18187-18197.

Gu SY, Chen D, Bao JM, et al. Vector quantized diffusion
model for text-to-image synthesis. Proceedings of the 2022
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). New Orleans: IEEE, 2022.
10686-10696.

Kawar B, Zada S, Lang O, et al. Imagic: Text-based real
image editing with diffusion models. Proceedings of the 2023
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Vancouver: IEEE, 2023. 6007-6017.
Kim G, Kwon T, Ye JC. DiffusionCLIP: Text-guided
diffusion models for robust image manipulation. Proceedings
of the 2022 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). New Orleans: IEEE, 2022.
2416-2425.

Nichol AQ, Dhariwal P, Ramesh A, et al. GLIDE: Towards
photorealistic image generation and editing with text-guided
diffusion models. Proceedings of the 39th International
Conference on Machine Learning. Baltimore: PMLR, 2022.
16784-16804.

Rombach R, Blattmann A, Lorenz D, et al. High-resolution
image synthesis with latent diffusion models. Proceedings of

the 2022 IEEE/CVF Conference on Computer Vision and

Software TechniquesAlgorithm FX AR 5% 181


https://doi.org/10.1145/3422622
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

20244F 5533 % 5103

17

18

19

20

2

—_

22

Pattern Recognition (CVPR). New Orleans: IEEE, 2022.
10674-10685.

Saharia C, Chan W, Saxena S, et al. Photorealistic text-to-
image diffusion models with deep language understanding.
Proceedings of the 36th International Conference on Neural
Information Processing Systems. New Orleans: Curran
Associates Inc., 2022. 2643.

Wang WL, Bao JM, Zhou WG, et al. Semantic image
synthesis via diffusion models. arXiv:2207.00050, 2022.
Wang TF, Zhang T, Zhang B, et al. Pretraining is all you
need for image-to-image translation. arXiv:2205.12952,
2022.

Cheng SI, Chen YJ, Chiu WC, et al. Adaptively-realistic
image generation from stroke and sketch with diffusion
of the 2023 IEEE/CVF Winter
Conference on Applications of Computer Vision (WACV).
Waikoloa: IEEE, 2023. 4043-4051.

Ramesh A, Dhariwal P, Nichol A, ef al. Hierarchical text-
conditional image generation with CLIP latents. arXiv:2204.
06125, 2022.

Radford A, Kim JW, Hallacy C, et al. Learning transferable

visual

model. Proceedings

models from natural language supervision.

Proceedings of the 38th International Conference on Machine

182 {4 AR H 1% Software TechniquesAlgorithm

23

24

25

26

27

Learning. PMLR, 2021. 8748-8763.

Ronneberger O, Fischer P, Brox T. U-Net: Convolutional
networks for biomedical image segmentation. Proceedings of
the 18th International Conference on Medical Image
Computing and Computer-assisted Intervention. Munich:
Springer, 2015. 234-241.

Zhang LM, Rao AY, Agrawala M. Adding conditional
control to text-to-image diffusion models. Proceedings of the
2023 IEEE/CVF International Conference on Computer
Vision. Paris: IEEE, 2023. 3813-3824.

Song JM, Meng CL, Ermon S. Denoising diffusion implicit
models. Proceedings of the 9th International Conference on
Learning Representations. OpenReview.net, 2021.

Xia WH, Yang YJ, Xue JH, et al. TediGAN: Text-guided
diverse face image generation and manipulation. Proceedings
of the 2021 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Nashville: IEEE, 2021. 2256-2265.
Huang ZQ, Chan KCK, Jiang YM, et al. Collaborative
diffusion for multi-modal face generation and editing.
Proceedings of the 2023 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Vancouver: IEEE, 2023.
6080-6090.

(B e FhEHE)


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 算法设计及理论
	1.1 扩散模型
	1.2 关键点控制网络(KCN)
	1.3 文本处理模块(CM)
	1.4 自编码网络(ACN)

	2 实验结果与分析
	2.1 数据集
	2.2 实验步骤
	2.3 结果分析指标
	2.4 对比试验
	2.5 真实度探究实验
	2.6 可控性探究实验
	2.7 消融实验

	3 结论与展望
	参考文献

