SH27 BE Y B5t =237

Journal of The Korea Society of Computer and Information
Vol. 31 No. 6, pp. 67-80, June 2026
https://doi.org/10.9708/jksci.2026.31.06.067

High-Fidelity Face Swap via Prompt-Driven Inpainting and

Pixel-Level Background Preservation

Moonsung Kang*, Jihoon Lee*, Seungwon Jang**, Suin Kim*, Doheun Cha*, Sangtae Ahn***

*Student, School of Electronic and Electrical Engineering, Kyungpook National University, Daegu, Korea
*+xStudent, School of Electronics Engineering, Kyungpook National University, Daegu, Korea
*xxAssociate Professor, School of Electronic and Electrical Engineering, Kyungpook National University,
Daegu, Korea

[Abstract]

In this paper, we propose a novel pipeline that integrates mask-weighted loss and a face-aware text
adapter to address the unrealistic painterly textures and unstable text guidance inherent in existing latent
diffusion models during high-resolution face swapping. To restore fine facial details and photorealistic
textures, we first employ a fine-tuning strategy for the U-Net using a mask-weighted loss. While this
optimization enhances visual fidelity, it often leads to a degradation of semantic information or
unintended background distortions. To mitigate these issues, we introduce a face-aware text adapter that
dynamically calibrates the intensity of text embeddings based on the spatial proportions of the facial
region, ensuring robust semantic control. Furthermore, to circumvent the inherent background information
loss caused by the variational autoencoder reconstruction process, we implement a pixel-level blending
strategy that directly integrates the generated face with the original background in the pixel space.
Experimental results demonstrate that our proposed model significantly outperforms baseline methods
across key metrics, including FID, PSNR, LPIPS, and PickScore, successfully achieving both
high-quality, prompt-driven face synthesis and perfect background preservation.
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II. Related Works
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2.2 Diffusion Models & Latent Space Reconstruction
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Fig. 1. Proposed Architecture. The pipeline is designed to transform only the facial region under text guidance while
strictly preserving background integrity. To this end, it precisely isolates the facial area from the input image I,
concentrates the learning signal on this region in the latent space, modulates text conditioning according to the

facial-area proportion, and finally composes the output in pixel space. Specifically, the semantic face mask M extracted

by BiSeNet is expanded into a soft mask A,,, via Gaussian blur, simultaneously serving as a weighting map for training
and a blending matte for inference. During denoising of the latent representation Z,, a mask—weighted loss prioritizes

facial fidelity, while the Face—aware Text Adapter A rescales the text embedding E into E using a scale factor G derived
from the facial—area ratio, balancing text guidance with spatial relevance. Training is restricted to this adapter and the
cross—attention key/value projections, leaving the pre—trained generative prior intact. The denoised result 1, is then

linearly blended with the original image I in pixel space using M, as an alpha matte, explicitly bypassing VAE decoding

of the background and thereby producing the final output I, with consistent background texture and color.
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Fig. 2. Binary Face Image using BiSeNet[30]



72 Journal of The Korea Society of Computer and Information

o]X OfAIL ZAAIJA 01} 10o] F43] AgtgL
hard edgeZ 7IX|B2, J0|2 ARRS 4L shA O
A 7 geat B 2asyo] wAs] 4k o2 Uat
517 9J5 otA 3 Ao Gaussian smoothingS -85}

of ATLE OtAF(soft mask) M,,, & A&

2 7

s()ft G M (2)

PIN G BERA 0F e 7F9AI Aol *
A

L P A ook o] Aae E4) oraa B
+ 01 AEAQ 32 7HRAl =i ol%

inference 234 TAoA] 41} UfE(alpha matte)2 2
L) ¥ £o] ARAoR Kol

Target text: She looks attractive.
She has pointy nose, oval face and
is wearing necklace, earrings.

Target text: This person appears to
be attractive, young. She is with
brown hair and is wearing heavy

makeup.

Target text: This person looks and is
with arched eyebrows. The woman is |
wearing earrings, lipstick.

Fig. 3. Face Editing Results with Mask—weighted Loss

3.3 Face-focused Fine-tuning Strategy

7]& Stable Diffusion 7]8F Inpainting 2@ o
B Zu7E AR ARl 22 AR 242 eds] Al
SASHA] XotaL, elebA] A7ho] Yefhs HAI7E EAfsH.
ol2|gt AIE &etstr] flsll Aside AAF D= ElolH
Aol CelebA-HQE  shgo ARERIt:h AR CZ,
BiSeNet[30]= o]&5t QJu|&A &2 &l d= ka3
£ s & sAlol, 7 ojulxof] tish AlsE=
oj-Eo]d MHE 7jgtoz oF 107]je] HIAE mE2IE
FUE Yot AR oS T8 F ShtE A
sto £21% o] % o B% S .
F4 AV doleler chastel EAE 5712
A2, Inpainting 2PgollA A== 1
7Wdsta,  AAl dlolg  distributiont} G4
SwapZ 7HssH| @it

E3t, AF WY A

2
HJII:I

4>
T o
rot
£
\] _04
§ =
oL my
ol rlo
oL
mo > kI ol rn

RERESERSEEERS

Y1t 7.95F EXJo|c}. SHX|FF BZ& LDM 8+ 1A ofjA
L nE oMo] =Ust Qw2 FFE o], 2d9 sHH
mH0] A2} Hjo] 5ol BAElo] A2 oJelo]

Lysp=FE, ;. [LNE(EG(Zﬁtw)rei)Q] (3)

i=1

oA7IM ¢ (2 .t.c)= U-Neto] o5t wo]= 3, e
EPAl 0] %2 LT o] 54517] 9J5] BiSeNet{30]
o7 dF upA3d M FE3H 9§, latent level?l A,
2 Waislol 22 Qo] o ge s AEE AFAPIE
0fA 3 71% Lo|= o|& £&Al(Mask-Weighted Loss)2
xgat} 3t oAl J15A wE EQ3 75 MSE &
A Ly ot

w= MLatent ta (4)

Lyse= E.'L‘”A,t#e

1 & )
[W;wiQ(Ea(ztvtvc)i*Ei) ] (5)

o714 O Q@49 F(element-wise product) 2j0]
St} Al(4)9] Latent 0FAT M, = B2 GA 1, v
73 QoA 09 3h2 7HEInt 2 ARoA 712 7154] a s
0.052 AA3ich TetA 2E 7H5A] we E2 FGolA
1.05(1+a), ¥173 FAoA 0.05(a)7t P} 87 d9e
w=~00=2 A7gsto] Hi7do] oigt vtest x| AslE mjst
A @8] FAIEA] Ees St52 FAIRH o] = vl
durt d= OE‘OE‘J o= & Q& oA os HA
o 2 H9E]E 2osto] U-Neto] &=, 7, o, S} 4o
st qEﬂ%ﬂ% O =2 FA=2 Fgdstes fmsit

d7gof] oigt Hhest 2AEHE wotHA LRs] FAIE

oR rEru

=

A olw2 sk2S  xgelW ]2 MSE  Losset
Mask-weighted LossS H|wdh= AlSS 488t T
ZAx}, AQkst Mask-weighted LossZ X85S mj A=
He|L} AP0l F3stA Een, S5 Ad 4
I} Fig. 304 mgtAio 2 BAJE JAS Fofl d= 7MY

AR, = o 22 €= 78 E4A 7

=
fol
<
LI

Qg ApHoz, oiAd b 2US WY 2
de 22 golo] 94 FYo K LEA A2 0|y
A2}

A2 Agstol, olF T B S
ol9je] eig AT

3.4 Face-aware Text conditioning Strategy
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3.5 Pixel-level Blending Strategy
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Fig. 4. Visual Continuity of the Boundary Region. The
1D intensity profile demonstrates that the proposed
blending strategy ensures a smooth transition at the
boundaries, effectively eliminating the spikes and
artifacts observed in the non—blended version.
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Fig. 5. Background Preservation and Structural Integrity.
The proposed blending strategy effectively suppresses
artifacts outside the target mask, maintaining the
structural integrity of the original background.

Fig. 7 ¥ Fig. 89] &3 A1} Table. 19] A 4
Al Akt B 47 299 AeY fa4e Aud
7| SRt} PSNR & Fig. 704 £319 0]A&-8(No
Blend)of ofe] 5315 A& Al(Blend) Hlo]E| #27} G
e SA|(02%)2 EHoP] oS AL HAY 4 9
o} o] v Aol Y2 olu|x]e} vlwsty FH A
glo] 1oz HEES @%ﬁi et LPIPS #2
Fig. 89A] Blend A-8A Blend thH] W& LPIPS %f
(=)o) WYY 2x2 %w, Table. 1] 525 %
xJo] ofse wide] Azt Al TS TS e A7}
A FUER BESD 9SS A

Background LPIPS Distribution

0005 0010 0015 0020 0025
LLLLL

PSNR (8)

Fig. 7. Quantitative Fig. 8. Quantitative

Comparison of Background Comparison of Background
PSNR Distribution. LPIPS Distribution.

a0 0] 240 4 Gl U-Neto] 4
275} Target Text7} A|A|5H= =2 dofjut A

P



High-Fidelity Face Swap via Prompt-Driven Inpainting and Pixel-Level Background Preservation 75

4
e
i
c
2}
m 4
lo
rio
C
1o
B
ol
ox e
r oX
o &

|

(¢}

0w

o2 x|
ng Harmonization)

2 9lc

kﬂoo

UH”& 7ol 2744

Table 1. Background Preservation Results

LPIPS
0.0142 + 0.004
0.0134 .

PSNR
3459 + 058
35.04 .

No Blend
Blend

0.63 0.004

IV. Experiments
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Table 2. Quantitative Comparisons results
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Fig. 10. Visual Comparison with face detail prompt.

V. Conclusions
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