—fAEIAA BT EREEYR [EES 2
THE INSTITUTE OF ELECTRONICS, IEICE Technical Report
INFORMATION AND COMMUNICATION ENGINEERS

< IVFE— X IOVIBTEZEE] 28 U Tz
DEIR S ERRD T2 DT RIFE R IERL
R SRAEAT AR RESLT pRE b AN | b o= asi
T BLRUBERAIERPE T2 T182-8585 A MM 7 f— 1T H 5 & 1

E-mail: {matsuura-f,nakamizo-y,tanabe-h} @mm.inf.uec.ac.jp, ¥ Tyanai@cs.uec.ac.jp

H5EL DEERD S OFHMARAERL, Bohimmr oy S nBmBROAEHWGE, BERNE—EED
AREDWTHEET I, HEKTFEO T —T 4 7 727 bR ET 2 ZehZ0. KK TIE, <L FE—XILKHE
SFEETILTH S BLIP3-0 ZIEH L7z, #7272 NeRF 7L — A7 — 27 2R T 5. KB AT 28 CLIP £
MEZHUS L, Z75% NeRF 0¥ F AR, BARINICIX, (1) AN&ESR% CLIP &> a— X THRLL, ) F
XZEBRARECDEMEELTF AN 7 M XD BLIP3-o I HERBHIMR S OBEWR M Z Tl ¥, 3) FTHlf
& NeRFDIL VXV ¥ 7 LHE{EHD CLIP FE OB E2HEL L UTHR#ELT 5. E 51T DietNeRF HZRD L > &
VY 7EAB X UER—EEEEZOH L, SERERE - L8 TV - FEEOERMKICREE TICRBIHIRAIO b -
L5 LWABHOBEBREZAEL 5. FEFT—X bty hTOEMNFHMEC LY, BEFEIEH Y —T 47727 b
ZRNRINHNHI U722 R Lz, X O IIERFHET, MmN - MBSO m ERER L. £, 77
L—>a YERICKD, AoRERESFEORERICHET 2HEDHO L ko7

¥—7J—F 3 XXTHEHEAK, Neural Radiance Fields, /L FE— XNV KHESEE T L

Predictive Semantic Regularization for Few-Shot View Synthesis

through Multimodal Latent Spaces

Fumiaki MATSUURAT, Yuto NAKAMIZO', Hikaru TANABE', and Keiji YANAI'

T School of Informatics and Engineering, The University of Electro-Communications 1-5-1 Chohu-gaoka, Chohu-si,
Tokyo, 182—-8585 Japan
E-mail: T{matsuura-f,nakamizo-y,tanabe-h} @mm.inf.uec.ac.jp, yanai @cs.uec.ac.jp

Abstract Neural Radiance Fields (NeRF) enable high-quality novel view synthesis. However, few-shot training with bi-
ased viewpoints often produces artifacts in unobserved regions. Prior solutions mainly rely on geometric regularization or
depth-related priors, which often fail to align with human semantic understanding. In this paper, we present BlipNeRF, a
NeRF training framework that injects view-specific semantic priors predicted by a multimodal large language model (MLLM).
Given a single observed image and a viewpoint-conditioned prompt that encodes relative camera rotation, we use MLLMs to
predict intermediate CLIP features corresponding to the target view. We then introduce a semantic-prediction loss that aligns
NeRF renderings with these predicted features, complementing standard rendering objectives. Experiments on few-shot object
reconstruction from front-facing images demonstrate that BlipNeRF reduces semantic artifacts and improves the plausibility
of novel views, particularly for unseen regions. Moreover, prompt manipulation enables language-guided appearance control
for unseen surfaces, suggesting a practical direction for controllable few-shot 3D reconstruction.
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1: ?FE—XIVAHIRLFFEE 7/ (Multimodal Large Lan-
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Bz &t 3 ROUHHEAFIREZTEZRET 2. BEHARRE
HWTHEE OFEZIT o TV AIERFETIE, THEHhzAK
FELEROHREDPEREINTWD 28015,

(NeRF) [1] -+ 3D Gaussian Splatting (3DGS) [2] 5VEH Z 5T
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DEPOBYBEEEHEL, RV a2a—2L Yy XV 7EELT
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PHDAINTH L, FICEHD & 5 ZARBHEHTEZ L D7 —
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BOYMAERBERO AT1H 6, RERTERS SDHBEANLD
5LWRBE 22 &5k BHEHAEAMGO MR E BT

AWZED EREBIILL T O@ED TH 3.

o DB av b 3IXTEHERDZDD SR & Bk
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Z % 7% BLIP3-o(B) % W Tl L 7z CLIP F## B(I, prompt)
DHEMELR/MLT 3 kO RiBREERT 5. Mk, RELE
Semantic prediction loss £ L, XORTEHEZbN2bDL T 3.

Lsps, (I 1y,) = |B(I, prompt) — ¢ (B, )| 3)
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LRI D &S5 IR RZ 250 205 RADH IS
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Please generate image based on the following caption:
Envision the central object rotated by {yaw:.0f}° to the right, {pitch:.0f}°
upward, and {roll:.0f}° clockwise; describe its overall appearance—

including shape, color, and texture—and specify any objects or features

that would be absent, hidden, or not included from this viewpoint.
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AR, MR ICH O < PSNR, RGO LE %
2 SSIM[21], HERHICHE D MR EEHE LPIPS [22] Z W
T, WINHFHITHWTWAR test BN L THEH L7
4.1.3 EBRIX—-XOBE

FERIZIEH D NeRF, DietNeRF, DietNeRF (eva-clip) (CLIP %
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S EMEL T 2 2 210H B 7=, RMANLHEERRN 2 L 7 Dt
DEAULZ & FF, BERR— 2 D%EFEE DR & & BT
LTW3 DietNeRF ZRX—2 74 > L CERL. R 1I1TR
FTHEBDIL, Ae =01 ZELTRTDONA =0T X=X T
DietNeRF ICEHE TRRE LTz, B A 7L —> a VidFEYRE
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NeRF Adam - - -
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4.2.1 JE 1 T i

M5, METF—&ty MCAFEEEALEROFITD
%. DietNeRF TRV 2 ADHEHEICHBOHSLORED 7 —
%4777%ﬁ$b1m5®uﬁb,%%%&f@%hﬁ%é
LT0WARWZ 229, 5%. —5 T, BLIP3-o TFilllX#17= CLIP
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HTZeBTETVWEH00, FFOME 1IR3 Bm»FE
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4.2.2 JE & ¥ ffi

ZFNZNOFEEHVT, BHEEEFRVETHT—205,
BHHEZEGT A M7 — 2 CEEFHEERE 2L 2. 8%
ToledRTOT—4% JET %L GSO 7T—&X &2 &b¥T:,
28 FEHD T — &) I L TOFHEIZR 2 D@D L o7,

7 2 RO PE L 2Dl (FRTOF—& L v b
D))

Method PSNRT SSIMT LPIPS|
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HEND ] Lo MDY, REFHETIIMHEA TV

BT, MEEN - RN RESEom ETH 5. EREIT
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BLIP3-0 23 F#ll 3" % CLIP K &ED, WAROERIFHRELIEZ 2
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ALV DFEER—EEDD, BEHRNRT—T 4777 LD
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XORWRNRZEFELEAT S, ZoKMHcky, Bl
FRDANL 7 ITER T 2 EMET —7 4 7 7 7~ OFEAZ
LR k3.

5.2 PSNR D{ETF

#£2 &b, FEEFIEE SSIM=0.927, LPIPS=0.092 % Z¥ L,
FISERY - MEERHEIE I FiE% R 57—/ T, PSNR X
24.2 ¥ DietNeRF (25.6) & bW, Ziui, P ¥ yAEER
ST B W TIE, BLIP3-o 23ERLT % CLIP RE DA 72
BEHFEEEZERL TOARWIEEZREBLTWS., LT,
BT I AF v O—EHEEHR T2 2 2 BETHE, Lo &
FELENERE LTTdRL, SHERMIES (bbb, /N
7% Ap ZHND) L LTHDOLNBZRETHS. B ELLAR
NDFERZRERR L D B E L VIR BRI A DR & 5
JeL72Z &A%, DietNeRF & i LT PSNR 23bH 32K R L
FRERTHS. LrL, KiFZEOFHIMNIEMZE 711X
NTOFMBEOR EEERT 2 Z 2Tl <, RBIAIER
WKBIE7—T4 777 VEMRETEZ2HZ720, ZOh
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Z2a7 DAL, PSNR AMEWVIZ S 20bh 53, HERIFEK
WKEDLDBL LW I ZEMIF TS,

5.3 HEIXb+
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SEEBEBLMRE GRS 2 FIEL LT, BiNa Xk 2KL
MZ 2 TETWS. NeRF fllic DT PyTorch T
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£V (VRAM) IZ2WT, NeRFH|O MLP & =>a—X, BX
U BLIP3-o il 4 75 4 VR BT 2R ENH B Z b,
50GB #®D VRAM Z R E 3%, KIZFERIZOWT, NeRF
DL YR Y IFTERES 225 2 v, %72 BLIP3-o ®
HEFRIC DRI 2202 5 Z ¥ 55, NVIDIA RTX A6000 GPU %
2BV 210 Mo RIET 5 B, EBRER (K5 %
18 % 7= 1B 72 20,000 [\ O K18 TLEAT 3 i 0 228 IRl %
REY 2. L YEIEM NeRF & — > OFEMEEITS 729012
i, & DERICTAARERE PRS2 OER Y, BIHFOE
3 NeRF R FiEr ORADHEY 125,
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AW TIE, PBERSANRCRE T 2ER T —74 7 7
7 Mizxt L, MLLM % W TSR & o kR Z Tl
L, NeRF ¥ B ZiFE T 2 FELIRE L. Bl kb 7 —
T4 777 oWl E#RL, ERIHMETL 2T —XFHT
SSIM B X F LPIPS DeiE #HEFR L 7=.
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