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(1) T8 SCHATA: 2400 I RIS B, 7 41 “Look
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R 5 B i
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YT AR 1
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NetfI 25 NG LLSE I NG S A8 e 1m). (R 440,
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Figure 1 (Color online) By leveraging dual conditioning with control
maps and textual Prompts, the model achieves both identity preservation
and pose transformation simultaneously.
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IR TR) 22 T 1 s 30T e aed R DA R — AN I R ) 2
W28, BT B T F A i o B HE 3 24 I SOTA/K .

FEDDPMHEZL [ JL M |, Stable Diffusion'®5| N7
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cross-attentionz{ ControlNet) S £ FH &5 2 ).

224 AXFHEHREME RS

A% T Stable  Diffusion, F7EH MR B
HEP% 5] N ControlNet, SEPL“ = G4 N (x, x,,p): J&
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BRI, fEMulti-PIEEHE S b, ASCIEFR0515
TGHL BRIE AR aa s N R, ARSI A Xt
R R AE 9 B AR IR, BT I SRRl A pldi e %
B TANK. EVISEIEE D, ACRHaZE M EEIR
TENRINEG, Fe SRR A FE BUR /R AR 75 B4R
B H bR EIHE.

N T HEAH RG] S Stable  Diffusiont il 77 & H
PRERNREE, AR A BB S HirE
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30 degrees to the left. "8 “Look left. ”. 15 Promptf
RAFAE SCIE R, IR RS 7 B E B, Multi-PIEAT
VISH & H ML) SCASC A,

AL, AR RN EE . B A BRI XT R )
Prompt =& BEATHCXS, B ALY SR 7 1 =4l
(x,x,,p), RHPXRRELGEERER, x NEHREESEIR,
pEREFIRTIPrompt. PLXFh =7, ¥xtk
AControlNet, 4 pf& A\ Stable Diffusion, H-H4x /£~ H
b EURBEAT I 5. BT 0, ARSI 7 — Fh e ia )
R 2, A REAE 7E IR FF 5t — BUK AT 32
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RS0 HE T B 0 B T Zhang % A0
GitHub b JFEIH R K. A5 LR AR s T i,
FINT A ESE: 058 (strength, 12 A)F5]
SR (scale, 129y). B4 A T sl 8 55 30
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cond __
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KA, 26— EU-Neth =l EIER . HRE
5 DR B R T LT 25 M (anfe B0 AR, %2 U2
RN A (S 10%). pEGIE 5 R RTRE:
FAEBROR, BB A SCARTE R, H ] BEHI S5 L —
B, S AR Ok B P il Bl 2, AP S e BT
KFERAEWT.

B, A\ Binput imaget 4t — B N THE R
~Jimage_resolution, JE¥EH# Ay =IMIEM K. bEER &
BIA—HR[0, 117G, 2 pedz i Eldetected_map. %45
#l B o 2 #lnum samplesik, I & HE MY 4k 5k
Hcontrol € R”™ W AR BRI 5% AFIN.

NS EIRAEEE R, KA A e LA 1. B
Ja, REAUAY A G 65 2% 43 7916 OE [A) $2 7R prompt
+a_promptHl 71 [ #7~n_promptiE (T 4ufis, 132X [
T M ERE SN [ Hc_crossattn, F145 & UG 45 1) 2514
c_concatt) {5 A 1) 5 . [R] IR A 2 ARG SR A
N, HEDDIM KA 2348 .

B K B AR TEAR (4, HI/8, W//8), XA
AR R B AS I EAE 2 . 132 HIAE 4 — W oNA.
DDIMR A 25 i Hi 17 28 S samples B Aty B4 23 1]
For. LR E L decodeSEH, A EMRGBE
Bx sample € R®>™V . BB AHHOR LB A HE,
e Juint8FE Y, 1 i .

3.3.5 Prompti%ifit 2

(1) WI%a75 545 I 2
ENTFNSRE S S @ NP E AN PN v £
[ IR A, TR REAT B DR B 4 — Bk S5 401 o
Rk, PromptAI W TH MY BRI R IE W M >, b7
R RFE BRI LR i SC— B0 XUtk
B R Slrh, SO [ ChatGPTHR Bt 5%
84, AT W FPromptzsfl: “Turn+ /5 [a)+ i .
Extremely detailed portrait of the same people, set
against the same background, with no blurry, pixelated,
or distorted details. The portrait should have a realistic
style with no exaggerated cartoonishfeatures. Ensure that

all textures on smooth surfaces are consistent, realistic,
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and refined. Avoid overly simplified, abstract, or
cartoonish elements.”

SR, A2 RS2 R I, DA L Prompt B AR TE A
RV, (HSEBR A CR I ANEAE. a2 AR 1
N, EBRHPHIL T EENE . RSO A —F
. ML, ASTRANM T T Prompt 5 IR AL i
F] (R R IBCHL 1, JF 456 SCER[2 1AW S0, CLIPSCAR
Yl 2% B 2 A FRT5~T7 1 H R Token. K Prompt2>fil

& TokenB W7 822N, 5 2805 #5285 2 (W “same
people” B “refined texture”)Mike. HLEITZ BB
Promptfii4t..

(2) BYBt—: ¥ Fknegative prompt

H T S Prompt JF E BBk O R N4, T2 1E
J& Wdiffusion & PR AH SR 5 5 AE AR AL R, 72
AT T AT BEAR 540, Stable DiffusionfJ3CA 5| §
T classifier-free guidancefi A, H R FEIFEENE LT

Prompt Target Initial

Reduce
Replace :
Remove semantically Replace Turn
low-frequen o .
n_prompt similar with Look
cy words o
adjectives

Look 15 degrees
to the left.

Look 30 degrees
to the left.

Look 45 degrees
to the left.

Look 60 degrees
to the left.

Look left.

B2 (W8 RROR D) 25 it A4S Prompty Hi 475 R

Figure 2 (Color online) Output results of Prompts across versions.

F 1 HBRAPromptE bR T 45 1Y

Table 1 Evaluation results of Prompt metrics across versions

Prompt PSNR{ SSIM?t LPIPS| APD| cos(O)
Prompt 0 15.01 0.505 0.406 7.428° 0.9367
Prompt 1 23.03 0.797 0.127 0.600° 0.9589
Prompt 2 24.08 0.819 0.106 0.648° 0.9525
Prompt 3 25.80 0.825 0.108 0.600° 0.9597
Prompt 4 24.54 0.819 0.110 0.602° 0.9597

a) 1R BUEBORRET, |F7R BB/ INBT (GR3[FIBE). B BB AE AN A Prompt I (SRR RERIL.
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M 5 Ak

Zguided = (1 + CO) “Equi T @ gneg’ (4)

I, &, BB B F] Prompt O TN 25 5. 21 |,
71 7] Prompt/E 152 1Y B R ke 1) SRR AR, (R R & F
blurry. pixelated55ia], A5 ALK ) T4 fr A 5
FR AR DX I, B0 4 BB B A7 LE I S0 = IS 5,
T s A o P AR 1 35 WA R i R

DAL, A58 4 ¥ Brnegative_prompt, 1Y f& B 1E 7]
WAVE TN, £ ER LS I Prompt 1. M E2A] UL, A=
BRI AT R R, R AR ESIE
AR EERIEM . B NGB,

(3) BB —: B

HE—25 0 HrPrompt 1)5 & B, H iP5 Wi “extre-
mely” “refined” “textures on smooth surfaces” %51 B
1A, IXEIEFECLIPHIERHI Rt IR K, &
FOH AR ) B B 3 TR ], AMUE XA RRE,
W] R B RAE SRR,

ARG BIBPE(Byte-Pair Encoding) 73 id] #5 4%
Prompt 1454 AToken, FHM%EH Token ID4;4ii:
[49406, 2105, 1823, 274, 271, 8000, 269, 6519, 12609,
5352, -],

T 4m 5 HAR AR 7 10 Token F: £E %o AR A9 sl 26 4]
245 T R BRI B, Fextremely, refined, textures
on smooth surfaces% & it Ay =491 1A (Wlphotorealistic,
sharp, clean skin), 15 %||Prompt 2. SZI6PEAd & L& M §5
FR(PSNR/SSIM/LPIPS)iE A $2 7+, HERE L5 H s
EG A i 225

4) BrE=: &I RILE

Prompt 28 H T 2 4N XU JE 45 18] (Wirealistic,
sharp, soft, refined), 1X 7] §¢ 5 #Cross-Attention)Z =2k
HRAES . K4 prompt-to-prompt”>*! 5 Dynamic Prompt

F£ 2 {ESiToken Fr B 4 HT 7 1

Table 2 Example analysis of low-frequency Token segments

Optimizing[zs]mﬁﬁﬁ, Z A~ B 5 5] SRCE KRR 1A
WO U-Netd fift i 2 10 AN [F133: 5 75 77 190, 7T g H Blat-
tention overlap, BT A IR 2355 — B0, £ BUG A lugs R
“ BN <R

Ak, ASCTEPrompt 3FUK AT A AR HSE X
AR 25 1) 4 460 i v AL 52— 1Y) i) same,  portrait of
the same person, set against the same background, PA{R
RIS SRR, 25 53R, RE 1% Prompt/E & WPEAL Fa bR
LRI, (B e M EE EARFE N RS

(5) BrELPY: iR RIE

Prompt 379 Fl“Turn left 30 degrees” KFTiA L
$84, (B “Turn”—1AZECLIPH ] B8 5| 2 SC: 1% L
T4 BRI AR OCTE b, AR A iR BT R
o G A BUEE, MR 25 ControlNet i $2 (it T head-
posedz il . A AR SOR H & #4“Look 30 degrees to
the left”, 1ZFRIET HAR. EMWHAMFER, 15 CRE
FEMA T A% b, TSR % Prompt 4. IXHAFE
human perception 5 5 1] T-“Look KA Sk B4 2, 1M
JE“Turn”.

Prompt 1: Turn left 30 degrees.

Realistic style. All textures on smooth
surfaces are consistent, realistic, and refined.
Prompt 2: Turn left 30 degrees.
Photo-
realistic. Skin texture is clear, clean, and sharp.

Prompt 3: Turn left 30 degrees.
Prompt 4: Look 30 degrees to the left.

R 1A A R B R AR B A — Bk, A
S8 AR R (32 10 B IR B BO 1 D B 4 PR 1R 1) 2

Token ID Original Token Characteristics
12609 Extremely Long-tail word, highly abstract, not core to image description
7965 Detailed Medium frequency, strongly descriptive, but less common than realistic or sharp
28063 Textures Particular nouns appear less frequently in the training set than face, skin, or light
20746 Refined Abstract, literary-style vocabulary, generally a low-frequency Token in CLIP
26098 Surfaces Technical term, low frequency
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fth. R, SEIS A 0 B $0R 17 (Prompt) 3] AR AL A
FCEA R E 7 R AR B ) NI R, T SE BN 3
PR VR A28

BA-Prompt 1, ZLE BN TR 1 TR SIS, B
SKERB LA T [ AN L R 8 ) R 7 1] A7 DT 4 e
o R PR D AT BE . B UEE SUEE A T A AL
SRR B A7 BT B ORRREE A, SR ORER <R — A
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Table 3 Evaluation results of face pose transformation across different models

Model PSNR?1 SSIM1 LPIPS| APD|
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TP-GAN 13.2 0.56 0.42 4.7°
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Ours 245 0.82 0.11 0.6°
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Figure 3 (Color online) Multi-Pose face generation results.
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Figure 4 (Color online) Frontalization results of multi-pose faces.
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Pose-controllable face synthesis via Prompt and ControlNet
collaboration

LIU HanQing, LIAO HaoRan, XIAO MinHua & PANG Meng

School of Mathematics and Computer Science, Nanchang University, Nanchang 330031, China

With the increasing demand for cross-pose and cross-angle face understanding and generation in applications such as identity
recognition, human-computer interaction, and virtual avatars, high-fidelity and multi-view face synthesis has become a key research
direction in generative vision models. Although traditional GAN-based methods (e.g., DR-GAN) enable multi-angle face generation
in 2D image space while partially preserving identity, they often suffer from training instability, mode collapse, and a lack of fine
details. To address these limitations, this paper proposes a face pose redirection method based on a more stable and fast-converging
Diffusion model by integrating Stable Diffusion and ControlNet. Furthermore, a collaborative optimization strategy is introduced for
Prompt and ControlNet, allowing the two to complement each other. Through extensive experiments, we identify a short, semantically
effective Prompt that outperforms those generated by ChatGPT in guidance quality. The proposed method enables accurate
frontalization across a wide range of poses. Quantitative results on the combined Multi-PIE and VIS datasets demonstrate that our
approach achieves superior identity preservation and pose accuracy compared to existing methods, with consistent improvements in
image quality, identity consistency, and angular alignment.

face pose manipulation, Prompt engineering, diffusion model, generative model
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