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Abstract: Hair reconstruction in three dimensions remains a fundamental challenge in computer vision and computer
graphics due to the intricate geometric structure and complex appearance of hair. lts highly anisotropic geometry, fine-
scale strand organization, and sensitivity to illumination variations make accurate reconstruction from images particularly
difficult in real-world scenarios. These challenges are further amplified under non-ideal lighting conditions, such as under=
exposure or backlighting, where multi-view images often exhibit inconsistent photometric properties. Moreover, complex
hairstyles—including curly, wavy, and afro-like patterns—pose additional difficulties, as existing methods frequently suf-
fer from sparse geometric coverage, missing fine details, and unreliable directional cues, resulting in incomplete or visu-
ally implausible reconstructions. Recent progress in 3D reconstruction has introduced anisotropic Gaussian representa-
tions, most notably 3D Gaussian Splatting (3DGS), which model scenes as collections of oriented Gaussian ellipsoids and
enable efficient rasterization-based rendering with adaptive density control. While these representations provide a flexible
framework for general scene reconstruction, they are insufficient for hair-specific challenges. In regions affected by poor
lighting, sparse geometric signals lead to holes in reconstructed hair volumes, and conventional density control mecha-
nisms lack the adaptability required to handle varying hairstyle complexity. Furthermore, the strong coupling between
geometry and texture under complex illumination is often overlooked, limiting photorealistic hair reconstruction. To over-
come these limitations, we propose a novel multi-view hair reconstruction pipeline that integrates visual-language models
(VLMs) as an intelligent guidance module for 3D Gaussian-based reconstruction. The key insight is that VL.Ms can provide
high-level semantic and photometric understanding across multiple views, enabling informed decisions on where and how
Gaussian ellipsoids should be densified. Our method leverages VLMs to guide reconstruction through three core tasks.
First, the VLM evaluates the lighting quality of multi-view images using a dedicated prompt, identifying views prone to geo-
metric degradation due to unfavorable illumination. This enables targeted densification only in necessary regions, improv-
ing geometric completeness while avoiding redundant computation. Second, for views affected by underexposure or back-
lighting, we trigger a three-stage adaptive density control strategy that generates denser Gaussian ellipsoids, leading to
more reliable 2D orientation maps and more accurate hair direction supervision. Third, the VLM estimates hairstyle com-
plexity from multi-view inputs and dynamically determines the maximum Gaussian density required. Complex hairstyles
such as tight curls or afro patterns are assigned higher density to capture fine geometric details, while simpler hairstyles are
reconstructed with fewer Gaussians. In addition, we introduce a decoupled geometry—texture optimization strategy to miti-
gate color biases introduced by lighting enhancement. Geometry and color are jointly optimized using enhanced images to
ensure stable geometric reconstruction. Geometry is fixed while color is refined using original images, allowing the recovery
of natural hair color and illumination effects. This strategy ensures both geometric precision and visual realism. Our pipe-
line further incorporates refinement inspired by prior Gaussian-based hair reconstruction methods. Adaptive Gaussian repli-
cation and splitting are applied selectively to balance hole filling and over-densification. Training is supervised using a com-
bination of L1, SSIM, mask, orientation, perceptual, and edge losses, enabling accurate modeling of geometry, texture,
and fine structural details while maintaining training efficiency. We evaluate our method on both self-built and public datas-
ets, comparing against state-of-the-art approaches such as Gaussian Haircut, Im2Haircut, and DiffLocks. Experimental
results demonstrate that our method produces more detailed, coherent, and realistic hair reconstructions, particularly
under challenging lighting conditions and for complex hairstyles. Quantitative evaluations show consistent improvements
over Gaussian Haircut, with PSNR increased by 0. 54dB, SSIM improved by 0. 004, and LPIPS reduced by 0. 01. Abla-
tion studies further validate the effectiveness of VLM-guided densification, lighting-aware adaptation, and decoupled opti-
mization. In summary, we present a VLM-guided 3D Gaussian hair reconstruction framework that robustly handles non-
ideal lighting and complex hairstyles. By integrating semantic analysis, adaptive densification, and decoupled optimiza-
tion, our method advances the state of the art in photorealistic 3D hair reconstruction and provides a promising direction for
future research.
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Fig. 1 3D reconstruction results under challeng-
ing conditions such as high-curvature hairstyles. .
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W PSR A T AR T | T oA B 1 — G vy S DA A
RUR 400 ) R AR SRR A8 5 R v v Bk 5 2 {1
max_points, R BE ) v SO AR BRI A0 S R
(B A U A2 JR FEHE BRI 5 . FEDG PR DI IR i
e 25 AR A IS, AR = B B A 3 07 28 5 4 1l i
FERT DL LR i Sk ) 52 i R 23 = PR 7 el T 1]
5 5 2 2 T 2000 23 TR A AR Ak, DA TTAS DA SR AR
23T, AR AL REAS S AR . BB H R LY
RS 2 R

BT VIM P&t RR Ak 1 ek . R
B T ARG A Z R EUR B — AT 40T,
SPEAL B0 A B 2 B 52 2% B max_complexity DG
HE 5T & min_quality, Jf 12 5% ' IR T & i 22 B4 A
worst_frame . AR & 7 & 2% 3 1+ 55 A pRBUHE RE
S0 b 3K 14 B KA % AL K0 max_points (4 b & B %)

7 2R BB | TR0 46 1 =2 o S R 25 A ALY G .
=B A E N B S AR LA - (D) AT SR =4
e T A ) 1 7R A A ol S R 2 LI
P57 50T 7 1) = 4 i i DRSS G5 (2) B0 24 iy
B A SR Ol B BT e 22 L AR HL v 0 A R ECRE D T
max_points/2 I}, fish % 55 By Be R Ak LAY G )
7 W06 BR B K F 55 F max_points ; (3) HR45 3k & 43
PRAEGE TSk K DX Il S AR R K, PR AR G A9 g 2
WEER 025 BEU/IN T densify_points BFHRAT 2 — i BL A
WAL, BEARL G oY I W Bk B & R T %% T den-
sify_points (W ER BECHY L0600 ) o AR L5 B 01k
JE RIBERL G, M ARAS 1 e 0 R 4% & 22 %60 55 HE S
8 = 4 e S D D A AR Y BT G 2y % R 2
R AU E TG 20 A 22 4005 A R ) LA

B AT VLM B AL Rk

A Z I ER Images, MLAETE F AL VLM

i < ARAC S A =4 i TR R 2 R AR T G

1) max_complexity <— 0, min_quality < INF,
worst_frame <— NULL

2) for each image € Images

3) complex_level <— VLM. Evaluate(image, Com-
plexityPrompt)

4) quality_level <— VLM. Evaluate (image, Light-
ingQualityPrompt )

5) max_complexity <— max (max_complexity,
complex_level )

6) if quality_level < min_quality

7) min_quality, worst_frame <— quality, image

8) max_points <— ComplexityToPoints (max_com-
plexity)

9) Mip AL m T G

10) DensifyAndPrune_Stagel(G)

11) if current_frame == worst_frame and
G_sum < max_points / 2

12) DensifyAndPrune_StageZ( G)

13) label sum < CountGaussians (G_sum,
hair_segmentation_label >= 0. 5 )

14) if G_sum + label _sum <= 1_300_000

15) DensifyAndPrune_Stage3(G)

16) return G

H S, AR SCOR 1 = 4 ey i e M ASE 28 v oy ST

BRI BI040, itk 1 AR B0 e 5 R 19 — 4k
© h[E KR KL AR
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S0y DR I ASE AR e e SRR 3K A 1 25 3l ) R
2. 1.5 JUfar-Sr B
TE Gaussian Haircut 5 s (Zakharov 45, 2024) [
Behth b ASCHAT U B S LA, f 4 e 22
RANG IR LAGA G o TER 22 FL R A G R R 2 h
MG INGRZ 6], A — 2B 5 AT — Al iy
(] LA A0 B, B SR JH 300 451 2R AT LA 1) JLART 4
PALA , BT Sk S TUAR] 45 4 154 7 5 oo s T ) Jea 0 9
PRI E A AR A A B SR ]
OGRS B EUR T FEA TN R, BRSO
WHT 32 B 57, REAS AR BB R 1 T LT 401, (RO
S 25X 50105 AR B 2 B 4
JeEE R UERATE o Ry AR SCHRE HS TUART - SO ik 3R
me E O i B B L S BE S 5P S
E SE
G={uRSad).C={sh) (1)
A w RS a3 3R e M LT i L B e L 4
B, d ol R 224 BET7 6], sh N BRI BRECR AL
TE U5 B EERS Pe At 72 b, DUIOGHE 5 B8N
WEAR S, X U 53 a2 B T IS AL -
{G'.C"} = arg rrélcn Lhm,(f(g,C),I”'h) (2)

AP L, W EIKRRE, % 2.2, U SBIEG
B2 5 R T, RS R RE i DAIOG RS SR KR b
FeorE 2 R AL LA 23 [ 454 5 R Ay . ZEBI
AR R b, U S8 i RO RTER T, LUEUAR ]
B R WGBS B BRI SRR BGHEA T
C" =arg m}n Lhair(f(g*,C),I“‘“' )stV,=0 (3)

AHPLSE | R Y Y T LA Ja Pk B & 22 6 B
] (AT AE 2 S A, AR KRS PR R Bl sho AL
fad R AE LT 5 B I A O AL 2 il 4k 2231 %5, LA
TR ER A IE FE ST FEAG B L I 2 R 2 |, BeZE
YeZE Bt LT 5 B I A AL S R TR LT S S
0L R Al DR T A5 B0 0 S U B TR

" =R(G'.C") (4)

T IR FERE R W, AR SORE LTS B2 A9 R U (M1
Sk MR ) 5 B Ok B R TE (R 4R K15 85X
O TE G S AR B R 2 U 25 R I TR sE AT
RE5 H L KRG ARAF— 2t S Eia LM, L -
SUPR R RE AN 2 s o
2.2 BETAR444MARNMEEEZIT

ARICHIA T B I FN b e 5 e R vk, LA

HE— A5 4 T Sk S Il 7 R I O 338 L R
FEHR 2 5 0 K B P M i
SRR T VGG W12 A S A
JIR K 0 BUAS O PRI R 2 T Ot
MSE 454 bR -5 78 2 PR 1 1 205 PR AT 25
IS AR (5)FI(6). RpF, FIF, 435
v e PR GO LA P (G0E I VE VGG 2 BURIE ] L (-
VR I VGG I T 6 R A3 A NV A
fE 2 AL
Fo = b ) Fo = d(1,,.) ()

1 n
Lper(‘epiual N N 25 =1 (Finpu[.l, - F!arget(i )2 (6)

Xt F i gk, K Canny 8 FHE RS 0 2%,
HitB AR AL () F(8) . A 1, EE R ER,
1, 5E BB E,  F1E 43 3 ITE e EHZOR B AR
1% H 45 2 1) Canny 3 2% & E, ... .ME,. ., il
JEVE YLD 2% A bR il G B 0926 AT IE B A
JEFNEE kAN TEBE OB IE, € x H x Wi EMR B
ES 188

E. . = Canny([md ), E, = Canny(lg') (7)

1 . p v

b = T w 2 200 2 ()

E i = E )

AN, 4G 3DGS (Kerbl 25 ,2023) i 75 % , YIl 45

r 0 L 52k pR B (Tsola %5, 2017) B L, 514K R
£ (Wang 55,2004, DA A7 15t 75 % ok i B S i
A B Z ) i 22 5%, 0051 5 = 2 s s A G A
1t . EE Gaussian Haircut (Zakharov 45, 2024) ) fif
e S B Ny 13- S | DAY e RS = R = B w1
BE Lo FH T W S 2 T 1) o AR SCHR AR S AR
PR L., PT VS B R B

Ly = ALy 4 L + Al + Al ()

FAL eepua + AL
AP A,=208,4,=0.2,A,=2,=0.1, A\g=A, =
0.2. BUAEMKSE IRIGZE, in E/NERE R, 2
BB AT 1 R A B B A B

glijk

3 SKWRERS

3.1 XWigE
3.1.1  SEJdny

AR BV B H BE T PyTorch 52 B, I 7 A~
NVIDIA RTX 4090 GPU L #4714, 1Ak
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Adam , JLR/INA 1, W) 4527 2] 3R E 6 0 34 A
3DGS (Kerbl 5% , 2023) fl Gaussian Haircut (Zakharov
85 ,2024) BB o AR BITE RS AL A0 A 25 7 Al 2
30000 % UK, A 22 BLGLAUS YN 5 40000 52 1K, K 22K
214805 VIl 25 50000 #E V¢, 76 51> NVIDIA RTX 4090
ESEMINGRR AT E 13/ o ARSCIE 4T I 3DGS
(R FRITA Ji , JF 45 T JLART 9 2 M X L A
PR EME S E R . RPIMRTE =4k R EHd K
= A P g )z WL B B 4N Gaussian
Haircut ( Zakharov 55 ,2024) T AE R, JLAA] 4 22 PE L B2
ROR B E U
3.1.2 XFIiks

A SCHA SO R S PR ek Sk R B vk
HEAT TR PPAL . EZ R A AR SO RE T4
Gk At 2 5 X055 2 = 4 TR IR s i 2 40
& 3k k& 2 7 ¥ Gaussian Haircut (Zakharov 2% ,
2024)VE Ry 2k, X M5 ok F 2 L 1R GOk g
Sk R = AR, A X T A A Sk S it LR AL
Fa AN AL o AR SRR Sl 5 T HX AN ) 40 A FITAS
)6 B SRAETT Sk R A ) AR ), DA AR L5
L8752 HiUE. ST

TEFALIE 7 vk AR SO 1 AR B AR
(1) e A 7 5 HEAT L . — J& Im2Haircut (Sklyarova
85,2025) , 1% 05 ik 45 A 5 S BRI ZRY
JRANSEG A P i Ve G BRI ST S K 1 AR R
PNTRASH o XA J7 AR E A R R B IRE IR
SRR Y Sk R SCHAE A . 2 DiffLocks (Rosu
4,2025) , 1% 7 A8 L ER S 4 HH Transformer
BTN SR o 3@ X Fh )7 X, DiffLocks 7842 Sk
DR TS R L e B A AR TR B T
fE  JUHIETEAL A J R RN b BA i
3.1.3 Mgk

AR SO B B E S AR SRy s R 2 T vk
AT T ATV . S T 3T E ST A SR 2
AR BT T I A4S A ARG A R
R (Sklyarova % ,2023) . [ B HUHE 2 = N = AN
Bt i3 R BE LR % N 3 A 2% A ARG IR
R A08%  FA8E T35 T UL RSk 75, 72 [ — K
S THT SRR A Sk T 56 BE A B — 18] (RS 73 B 3% 1080
1920, A5 30 T, B 2920 85) . A A A 25 A )
R AR PORE R BUREE R

R HULE Z TP AL N R4 3 A S i

BEA] - 35 BERE i T 29 300 - 500 lux, 284
NP5 T 7SR B N SR, TR 5 T R
B A5 ) 26 B B 7 34 IEOEE S0 R 2
20000 Tux. i 23X P2 B 45 , RE RS B0 4 1T
i A SC7 v W38 LR R, X T R A A
O FORAMN G, B UEA SCOT 2 B BRI IR 15 =
BRI 114 B o IO, o 3 e S A AR S M A
SE PGS T ) 3CHE IR R TR SO e S
Brnz AT
3.2 EMIT

I T =48k A T OCTE S A 5 B 5 e

SR, B R F AR AR ME LA A T S ey MR
PRI, A SC[R]I 25 5 2 i 5 e PSS R T 27 B 1P AG
5 Gaussian Haircut(Zakharov %5 ,2024) J7 A Fb , A%
SCFEEAREE IO 38 5 09 R 27 2T JLAT 485 ok

FEFHHIURIRAR o AR SCE il o i i — 4k i
TR AT AR LA AN S, 2R P I 265 7 4 8 4 1l Ofe
2SI AR5 T A A A U SR R AT X Sk e IRk
32507 28 4 o A 48 TH IO B2 3D g 0 A I A 2 114
K RE o A SO EE 2 R R i IS T 427,
WAL E 3 5K 4 BT s . Gaussian Haircut fii 1]
TOI 5 EHG AR T RARTT (4 3k K (X T 8 52 4
JEE 118 S 2R T D ke = A A4 100 240 5 R 1 E R R
I3RSk R 22 TOk T HE R 5 1 AR L AR
T ARSI 2 RE A S A b e O AR B Y Sk K A e
it HaE H Ak k22

TESCPRR S 7 T8, A8 3CT5 125 ) A JR 9 1 AR AL T
Gaussian Haircut (Zakharov 55 , 2024) {53, an &l 5
PR o AR T IEAENZRd B A TGS 58

ARG 5 JUART 27 > 1R 1, (HL i i 4 e 1 JL
o] -SC PR AR AL SR, e 2 2 ) SOBAE Y IR —3K
P S EE FLE X SRR R e S, b
T, Gaussian Haircut 75 2 BE 4 [ X' HE AR fb i) i
IO RE 1A B, T A SC 5 5 R A8 78 DR 47 L 92k ) 1) 4
THERE G TR . S8R A A T IR TE SR AT 1Y
Fase 5 My —2erE LT Gaussian Haircut,

A5 2 5 2 B Se Y B IR 7 v Im2Hair-
cut (Sklyarova 4§ , 2025 ) F DiffLocks (Rosu 5% , 2025)
P8 R VA 7 T #E AT T X L, S5 R E 6 BN .
Im2Haircut(Sklyarova 55 , 2025 ) 7 1E ALK HRE W 4 4F-
Mk I3k e B REAAT IR S5 50 5, SR AR 5 AR v, Sk
RFEI N HE K W E T 546 & B J7 (8 5 10 Dif-
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! .",._1,'
_i,.;"'"a“" AT
S s S

fLocks (Rosu 55 , 2025) A AR TE 56 S0 A5 A4 4 21 v S22 )
th—E A i B B A ity 1) 5 SRR EARAT HL
AN TR T 0 265 T B 22 S AN K, 5 2 A S J AR 0 3% ffv
Bk R RS &M, ML A7
AL RBAE PR 5 i (R & B B 1 — B0 iR gt
e o b, o i VR 1 Sk 2 T v s R, DT 3K 3] 3
M E RSO ZRIETR, B2 ma g S 0
M RL
3.3 EEiITMH

HY T L 52 3k R JU AT BB HE DA AR, B F2 0083k

T AT O g 2 G — 1 e LR . R R T
SIS BRI 5 AT B AR SCH A 3DGS ik
Iz R i AL bR T R E & PE AL 2 HUPSNR
(PeakSignal-to-Noise Ratio) | LPIPS (Learned Percep-
tual Tmage Patch Similarity ) Fl1 SSIM (Structural Simi-
larity Index Measure ) {4 #% 0> & f #8 b1 o PSNR ffif
Ve Y BRS Dan  BRR 2 R) A 3 G T R
25, LA U7 158 25 (MSE) Jhy e fil | Sz e #& ARG g — 3K
PE. BRI PSNR 278 AR AR 3R 22 5 A SR 4 1
TR . SSIM M SE B 6 HEE 5 SR — AN 5 T EA
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PG B S5 A AR BLE | A LU A5 3R 158 25 T A A4 LU R —
vk, B SSIMACK A5 IR B . LPIPS
ot FH R B2 190 2% PR iE 22 S A AT o PR {4 A R B
AR A NS XT SO 40 25 5 0 I B SEARAY
LPIPS 3Rn B 4523 AR W2 i IR i, 7ETC
HAEY 5T, FRIEAR ] WEUA PR ELEE (B0 58 Bk
55 W0 M — B 2 A4 BE 2R G VRN Sk Kk T
i, N ITEA RS AW R AR . A SRS,
RIBIAEZ S,

T Im2Haircut (Sklyarova 55 , 2025) Al Dif-
fLocks (Rosu %, 2025 ) A $& b 2 3 it 45 21, A SCHE

2 PR 7 1 4 Y5 Gaussian Haircut (Zakharov 45,
2024) FEHATX L . 5 Gaussian Haircut # LY , A%
SCJ7 I PSNR 55 1 0. 54dB, SSIM AR &5 17 0. 004,
LPIPS &I 17 0. 01, GXSEE5 SRR W], AR SCT5 AR 4]
G o TR AL T Gaussian Haircut, 551 J& 76 B3
G Bdi e v R WIAS SCRA RS A R KR
AR BE — S RN A5 R A 0 RE | [R] N o/ B R b 1) 24
W25 . M Z R Gaussian Haircut 7£ X 2638 b5 I
RIE, U BRI RT . X EREIR T
Or R T A SO A Z R b
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3.4 HREAKE

ASCIFAG T 77k G B BT R PR S R A P 7
TP 8 F7R o XF T ILATE H2 1 5, B8 BR ARG 4 5 A
MR AR K e i EA R, S EBEL R F
ISR TR . R 24 S H 28 A5 Bk R
B 2 LS B A B RN JRURE o A SRS HEAT Sk Ak
P, R 22 RS 2 A ASERYY , ol = i BT O 240 ek
DR R AT BT, A RAE R 22 B ARAS

ey T HR BRAN [R] (R 1B A , JE A e 224 4 DX Ik
52 AR BRI, 75 5t B ke 225 1) A — B0 ) et
e S 2 i DX ke 22 S8 R X3, i ) et 2 B Oy
WL, 2R s 22 LT L AL RO BCR . WARAE VIM
RET 1T, 1 AOG MR IE T 19 45 F A A Xof i [X sk
SNk Z 51 RSP EA LS LR EREN M
%) 22 %85 B2 R 5 [0 3 B 35 1 B R R A2 0l
W5 R E AR 5T A eI S &
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NEZ, K, D, =R
BENSHHIKESERLREBNINBBRIREE

(E RO REITE 3 N I i D W T = o Y T 1]
FHEEZ T ST e B A A i AR SO RERS 1E
240 A A 2 Ak 815 AT I8 B e O A RCR: , DT 52 3
SIS FR A AR A K 22 FE A X T AR R T
Mo BREUBIPK S A 3R, S i SCHLRDIE 8 1 -5 D
NPT, BECL R BUEAE AR, AR IRSCR B34
B, 522 A G 3 AT B8 R LS R . > o AT AL o
SEAI AR ST L RERS A RORAZ SO, DT 22
SN A AR LSRR, 6 RS AR AT . P, 5E
R 05 RE 0 S92 IR SEORS 1 1) L e o S R D B g
A SCHIRAT, 0 e AR A B I

AR SCR 7 T R B BT B S AR AR AT TR

0
|
-

5

e
o4

fili, G0 4 R o FEAS S ROGHG 53 5 8 25 AL i 1 2l
T BRI GO AT BT R % PSNR M 33. 344dB fE &
32.163dB, % 1..181,SSIM M 0. 908 [ % 0. 904, [
i LPIPS M 0. 089 | J1 % 0. 093, % B Sr 3 -1 45+
— SRR RN T A PR . 32T AR AR R A
N BB TE BRI R 5 2 A SR B R AL T L A5
ARG — 5 1 J LA B PR R L (BB R PERB AR T o8 B
B ki — 25 IR TG 3 5 18 2% fL SR s g

P T O B T Y U] B A 5 R 2k 2
B N RO S e 2E e i it . Y BBl G dit ok

A, AP BE B — 2 FR T [, PSNR M 33. 344dB
[% % 33. 328dB, SSIM M 0. 908 [% % 0. 907, LPIPS M\
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£R3 ZAXF%5 Gaussian Haircut 7£ B 2 EEFN N H #4E & (Sklyarova £ ,2023) FHE S LR

Table 3 Quantitative comparison of CURL and Gaussian Haircut on self—built data and public dataset.

A\ Gaussian Haircut CURL
E PSNR T SSIM 1 LPIPS | PSNR 1 SSIM 1 LPIPS |

curly_0 31.9196dB 0.8992 0.0993 33.2780dB 0.9074 0.0899

curly_1 27.5743dB 0.8863 0.0796 28.6927dB 0.9019 0.0715

AR curly_3 31.7389dB 0.9403 0.0699 32.3197dB 0.9369 0.0752
jenya 30.9684dB 0.9028 0.0740 31.0920dB 0.9068 0.0641

ksyusha 25.0173dB 0.7947 0.1417 25.9699dB 0.8071 0.1201

person 26.8145dB 0.8321 0.1350 27.2134dB 0.8417 0.1212

evgenia 31.2495dB 0.9108 0.0745 31.2613dB 0.9082 0.0636

APISEE S igor 30.7001dB 0.9224 0.0805 30.5147dB 0.9136 0.0782
nastya 24.9644dB 0.7401 0.1772 25.4628dB 0.7391 0.1529

FHME 28.9941dB 0.8699 0.1035 29.53384B 0.8736 0.0930

TE IR R R A AT e L4 2R

mml> 5 55 7

AR AR T AR IR T LT i e Y b . ASSCOTIEAE D BIREA DARRRIE A T R, 2R RE TAEE R st B T
JUAAT 2 R A 7 B 3R AR A A /N B A T 550 Al A B 2 S AR e B Bk BIAR RS o M) vR 35T 40 A0 1) ) 4 25 [ A
XA B ZETR A4 BRI RGOS, G EEIE T B AR AR B AR R iR T B A X T i R (A P AR R T K
Ao FESIRBEA (AN A5 i R B BUB A K ) LA FOCIRAEAT R A SO EAE J U 45 R IR A2 5 v o Jr T B R AL R 4, o
E T R R SE R () AR (D IEREERG (O AN ERIRE IR (D) AR EAGAR () A FIBEHK (AT
VLM% (¢) CURLFIZ AL 8BS T
7 Uy E AT MR () Fi AR 5 (b) OS5 B (BN 2 %) 5 () A EOG AL IR %54 ; (D A3 34
BT s (DA VIM B BES] T 5 (@) AR ik CURL B A 45 0L, SRAE XA R ik 4

Fig. 7 Ablation experiments for geometric reconstruction. (a) Input image; (b) low-light enhanced image (reference only); (c¢) w/o

Gk ;s (e) N

illumination processing and densification; (d) w/o edge loss; (e) w/o perceptual loss; (f) w/o VLM-guided densification; (g) the pro-

posed CURL reconstruction results. Green boxes show zoomed-in regions for detail comparison.

0.089 [ F+ % 0. 091, AR T MR 4 /N, R BN & 7 0.072dB, SSIM F % 1 0.001, LPIPS B8 & | T} .

22 31 5 DX SR AR 1 i 553 A0 Jey 0 23 A e S AN, 1 A T
G R AL =4 S 22 LA BGE AR v RES BRI AT Y
LER LI, G 5 e 22 10 500 T IR A S 4R THE
PP B AT RILAE ST, Bk 1 1 S0 R AERS 4k
22T P A EEAE ] . RS BRI e, BT Y
LU VERERS A R AR L SERE T ik PSNR T

X R WA R BB AE — TR L 4R TSR & T
i, i 22 JU eSS R E Rt R SRR 2 T i
B RS . TEERVIM B 25 B PSNR H
33.344dB [ % 33.259dB, LPIPS 1 0.089 J} &
0. 090, SSIM - FF 0. 908 ANAF, SI5G 45 R KRB, it
> VLM WG BE i 5 % AU A 2% P i S 5 | 5, 45
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Table 4 Quantitative evaluation of ablation experiments

WIRrS PSNRT  SSIMT TLPIPS|
AEOLmSHEd.  32.163dB 0.904  0.093
UNBUE SES 33.328dB 0.907  0.091
AN R 33.272dB 0.907  0.090
AEVIMERES S 33.259dB  0.908  0.090
ANE B E 15.054dB  0.786  0.172
ARSI 33.344dB 0908  0.089

E R RS %5 fe (LS5

TCVEME W E ARG OGS LA, o IARYE &
ARG 2R B A0 4 T v 0 B . X 2 R BOG Rk A
DX 3 3 i A AN R R A R R LA AR 3 43, T
foi AN S 25 A I BT RS A TR BE T VLM
HES | AR TS JO IR e 1k 5 e 2R3 W P T )
KHEVEH . B BR LA - SO AR AR AL T =R A58 78 1
AE 52 i % My 5 3, PSNR M 33. 344dB K IE T [ &
15.054dB, SSIM M 0.908 [# % 0.786, LPIPS M
0.089 b F% 0. 172, KW E G it i 1 IR 1k, 503
IR S —BOPE 5 I8 T 2 34 W 3 T B, il Dk =
SR SZ AL B, AR XE DL AE A S AR LA B
I, B0AIE 1 U ART- S0 A Ak 4 T S0 B i B T Y
FEARPLH
3.5 BRM%E

22 BT VLM AL B )5, Sk & LA 4548
(1 IR S AT 2 T ek, AR T & BB BB 2415 R e T
UG FL AR . X E 2R T A5k I 2545 20 1%

1 -ﬂ"
\ ﬁa ¢ i- L

4 JH S AL

5 E 3D (e U Tk WA B A 5| 5 e 22 BRI 2 4005
FE AT BE 3D Ry TR A Y N A7 AE AN VE TR A )

%

N

ARSCHR A VIM P ER G153/ 8 10 e 307 3k & 3
FEAELR, Sy S 2R 0 IR 5 g R 2 B A AR = o o 3
TR A G E T T Y 3D i Bk
R AL SRS, 51 =B B Ay 3 N R 4 ) RO R
AR VAL, A SR B g T A2 505 15 AR AR L
A L -5 7 i) PET AN e ) R, DA T S B 1 B D
FURI AR S R B ROR . SEse 4l /R W], AR S0T7
TEAEENE S E PP TP L T B B R e T ik,
JEHAEAL BRI 2% A R (NSO 4 AR I
RENS B4 3t DR Sk B 20715 R0 o) — Bk o B A1,
ARSIt B8 T LA -0 PR R A L AL SR, A 80
i T LS B VS B B W R T iR ZE Y
FARIE . S It A SO kAT A — 2 R IR,
Plnfe R L 52 A e A 25 i BE L& LA A R Tt o
AR TAE AT Lt — P B HORG 4 i A sk i, L
L S R 1) 01 FEEE LML, 34 I st 2 Sk e AR i
P Ko Bl v v B A5 18] DA SN2 2% R 22 A8 (Y A
Sirp S KRSk R A . SR BRTIR AT
WFFE Sk B A BRIt 1T ) SR RN T 04 Y
PRI T H B, WO AR R RIS RIIR AR T
HEMSHNH.

© h[E KR KL AR

15



16

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

2 % 3Lk (References)

Beeler T, Hahn F, Bradley D, Bickel B, Beardsley P, Ghosh A | et al.
2012. High-quality single-shot capture of facial geometry. ACM
Transactions on Graphics, 31(4): 1-9 [DOI: 10.1145/2185520.
2185529

Fan L, Xu P, Zhang Z and Wang X. 2025. VLM-3R: visual-language
models for 3D reconstruction reasoning//Proceedings of the IEEE/
CVFE Conference on Computer Vision and Pattern Recognition
(CVPR). Nashville: IEEE(to appear)

Guan S, Li S and Wu Z. 2025. Normal-anchored gaussian representa-
tions for stable 3D reconstruction//Proceedings of the IEEE/CVF
International Conference on Computer Vision (ICCV). Paris: IEEE
(to appear)

Isola P, Zhu J Y, Zhou T and Efros A A. 2017. Image-to-image transla-
tion with conditional adversarial networks//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition (CVPR).
Honolulu: IEEE: 1125-1134 [DOI: 10.1109/CVPR.2017.632]

Kerbl B, Kopanas G, Leimkiihler T and Drettakis G. 2023. 3D gaussian
splatting for real-time radiance field rendering. ACM Transactions
on Graphics, 42(4): 139:1 - 139:14 [DOI: 10.1145/3592433 ]

Lin Y, Lin Q, Tang F, Tang L. and Wang S J. 2011. Realistic 3D head
reconstruction based on feature points matching between photo
images and 3D generic model. Journal of Image and Graphics, 16
(10): 1876-1882 (ARUR, Mt %, S5, £k, 2011, JL
FL 8 5 3 i BURRAIE A5 Y B SR R 3 Ak Sk e . b [l I R IR
2F4R, 16(10) : 1876-1882) [DOI: 10.11834/4ig.20111012 ]

LiuHT, LiCY, Wu QY and Lee Y J. 2023. Visual instruction tuning
[EB/OL]. [2023-04-17].
https://arxiv. org/abs/2304.08485 [DOI: 10.48550/arXiv. 2304.
08485

Mai A, Hedman P, Kopanas G, Verbin D, Futschik D, Xu Q, et al.
2025. EVER: exact volumetric ellipsoid rendering for real-time
view synthesis//Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision (ICCV). Honolulu: IEEE: 4930-4939
[DOLI: 10.48550/arXiv.2410.01804 |

Mai S, Zhang H and Sun J. 2025. Ellipsoid volume rendering for

=

improved gaussian splatting//Proceedings of the European Confer-
ence on Computer Vision (ECCV). Milan: Springer(to appear)

Mildenhall B, Srinivasan P P, Tancik M, Barron J T, Ramamoorthi R
and Ng R. 2021. NeRF': representing scenes as neural radiance
fields for view synthesis. Communications of the ACM, 65(1): 99
=106 [DOIL: 10.1145/3503250]

Nichol A, Dhariwal P, Ramesh A, Shyam P, Mishkin P, McGrew B,
et al. 2022. GLIDE: towards photorealistic image generation and
editing with text-guided diffusion models//Proceedings of the 39th

International Conference on Machine Learning (ICML). Baltimore :

PMLR: 16784-16804 [ DOI: 10.48550/arXiv.2112.10741 ]

Pan Y M, NieBner M and Kirschstein T. 2025. HairGS: hair strand
reconstruction based on 3D gaussian splatting//Proceedings of the
36th British Machine Vision Conference (BMVC 2025). Sheffield:
BMVA [DOI: 10.48550/arXiv.2509.07774 ]

Ramesh A, Dhariwal P, Nichol A, Chu C and Chen M. 2022. Hierarchi-
cal text-conditional image generation with CLIP latents [ EB/OL].
[2022-04-13].
https://arxiv. org/ahs/2204.06125 [DOI: 10.48550/arXiv. 2204.
06125]

Rosu R A, Wu K'Y, Feng Y, Zheng Y Y and Black M J. 2025. Dif-
fLocks: generating 3D hair from a single image using diffusion mod-
els//Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). Nashville: IEEE: 10847-10857
[DOI: 10.48550/arXiv.2505.06166 |

Schonberger J L and Frahm J M. 2016. Structure-from-motion revisited//
Proceedings of the IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR). Las Vegas: IEEE: 4104-4113 [DOI:
10.1109/CVPR.2016.445 |

Sklyarova V, Chelishev J, Dogaru A, Medvedev I, Lempitsky V. and
Zakharov E. 2023. Neural haircut: prior-guided strand-based hair
reconstruction//Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision (ICCV). Paris: IEEE: 19762-19773
[DOI: 10.1109/1CCV51070.2023.01810]

Sklyarova V, Zakharov E, Prinzler M, Becherini G, Black M ] and
Thies J. 2025. Im2Haircut: single-view strand-based hair recon-
struction for human avatars//Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV). Honolulu: IEEE:
10656-10665 [ DOL: 10.48550/arXiv.2509.01469 |

Sun FY, LuW Y, GuSY, Lim D, Bhat G, Tombari F, et al. 2025.
LayoutVLM: differentiable optimization of 3D layout via vision-
language models//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Nashville:
IEEE : 29469-29478 [ DOI: 10.48550/arXiv.2412.02193 |

Sun X Y, Lee J C, Rho D, Ko J H, Ali U and Park E B. 2024. F-
3DGS: factorized coordinates and representations for 3D gaussian
splatting//Proceedings of the 32nd ACM International Conference
on Multimedia. Melbourne: ACM: 7957-7965 [DOI: 10.1145/
3664647.3681116]

Wang Z, Bovik A C, Sheikh H R and Simoncelli E P. 2004. Image qual-
ity assessment: from error visibility to structural similarity. IEEE
Transactions on Image Processing, 13 (4) : 600-612 [DOI: 10.
1109/T1P.2003.819861 ]

Wei Y Y, Mao TY, Li BA, Wang I, Li F and Zhang Z, et al. 2025.
Visual and large multimodal models promote image restoration and
enhancement: research progress. Journal of Image and Graphics,
30(5): 1197-1219 (&%, BR—, B, LK, 28, &
., 45 . 2025, PLBERIHL K A IR I RS2 JRUR SR T 50
HERE . A EELETE AR, 30(5): 1197-1219) [DOI: 10.11834/

© h[E KR KL AR



NER, K, D, Fm
BENSHHKESERALREENSNB=HIREE

jig.240436 |

Wu H N, Zhang Z C, Zhang W X, Chen C F, Liao Land Li C'Y, et al.
2024. Q-Align: teaching large multimodal models for visual scoring
via discrete text-defined levels//Proceedings of the 41st Interna-
tional Conference on Machine Learning (ICML). Vienna: PMLR
[DOI: 10.48550/arXiv.2312.17090 ]

Yan Q S, Feng Y X, Zhang C, Pang G S, Shi K B and Wu P, et al.
2025. HVI: a new color space for low-light image enhancement//
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). Nashville: IEEE: 5678-5687 [ DOI:
10.1109/CVPR52734.2025.00533 |

Yang H, Chen R, An S P, Wei H and Zhang H. 2023. The growth of
image-related three dimensional reconstruction techniques in deep
learning-driven era: a critical summary. Journal of Image and
Graphics, 28(8): 2396-2409 (#fi , Wi, LH:MG, 852, 5K
i . 2023, PPE: 5 5T I EHR =4 B R R SRR . [

B4 RIE4, 28(8): 2396-2409) [DOI: 10.11834/jig.220376 ]

Zakharov E, Sklyarova V, Black M'J, Nam G, Thies J and Hilliges O.
2024. Human hair reconstruction with strand-aligned 3D Gauss-
ians//Proceedings of the European Conference on Computer Vision
(ECCV). Cham: Springer: 409-425 [DOI: 10.1007/978-3-031-
72640-8_23]

Zhou Y, Hu L W, Xing J, Chen W K, Kung H W and Tong X, et al.
2018. HairNet: single-view hair reconstruction using convolutional
neural networks//Proceedings of the European Conference on Com-
puter Vision (ECCV). Munich: Springer: 235-251 [DOI: 10.
1007/978-3-030-01252-6_15]

Zheng Y J, QiuY D, Jin L'Y, MaCY, Huang H B and Zhang D, et al.
2024. Towards unified 3D hair reconstruction from single-view por-
traits//Proceedings of ACM SIGGRAPH Asia 2024 Conference
Papers. Tokyo: ACM [DOI: 10.1145/3680528.3687597

17

© h[E KR KL AR



