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fidelity Novel Views with Video Diffusion Models)
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4 32L& (Experiments)
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4.1 FMAT (Implementation Details)
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3. Tanks-and-Temples [21]. RealEstate10K [7l] #1 CO3D [39] $iEEE F B A MM A MBETLL, %%IE%TL:PE%E?E] , EEFIALT

42 FEHBHMAEMIILL (Zero-shot Novel View Syn-

thesis Comparison)

BIEH 5 PEH 5 bR (Datasets and evaluation met-
rics), In our study, we employ three real-world datasets of
different scales as our zero-shot novel view synthesis evalua-
tion benchmark, which includes the CO3D [BY] dataset, the
RealEstate10K [H] dataset, and the Tanks-and-Temples []
dataset. For CO3D \ consisting of object-centric scenes, we
evaluate on 10 scenes. RealEstatel 0K [] comprises video clips

of indoor scenes, we adopt 10 scenes from its test set for evalua-
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Tanks-and-Temples [21]. RealEstatel0K [7] #1 CO3D [39] #EE ESHAMUASMBEEI L, BT ZeroNVS [12] M LucidDreamer [14]
SEBEAEG, BITEITEESIERN, 1847575 MotionCtrl [13] ERMFIMARIEESEN1NTT.

BiEe (ML PRIxESE

Jiik LPIPS | PSNR 1 SSIM 1 FID | R 4 Tuit 4 LPIPS | PSNR 1 SSIM 1 FID | Rt 4 Tuist 4
Tanks-and-Temples

LucidDreamer [14] 0413 1453 0362 4232 6137 5695 0558 1169 0267 2008 8998 9.305
ZeroNVS [12] 0482 1471 0380 7460 8810 6.348 0569  12.05 0309 131.0 8.860 8.557
MotionCtrl [13] 0400 1534 0427 703 7299 8039 0473 1329 0384 1968 9.801 9.112
ViewCrafter (A3) 0.194 2126 0655 2718 0471 1.009 0283 1807 0.563 3892 1.109 0.910
RealEstatel 0K

LucidDreamer [14] 0315 1635 0579 56.77 5821 1002 0400 1413 0511 7143 7.990 10.85
ZeroNVS [12] 0364 1650 0.577 9618 6.370 9.817 0431 1424 0535 1058 8562 10.31
MotionCtrl [13] 0.341 1631  0.604 89.90 4236 9.091 0386 1629 0587 70.02 8.084 9.295
ViewCrafter (A3Z) 0.145 21.81  0.796 33.09 0380 2888 0.178 2204 0.798 24.89 1.098 2.867
CO3D

LucidDreamer [14] 0.429 1511 0451 7887 1290 6.665 0.517 12.69 0374 1578 1643 8.301
ZeroNVS [12] 0467 1515 0463 93.84 1544 8872 0524 1331 0426 1432 15.02 10.22
MotionCtrl [13] 0393 1687 0529 69.18 1687 5131 0443 1546 0502 1127 1881 5575
ViewCrafter (A32) 0243  21.38 0687 2463 2175 1.033 0324 1896 0641 3696 2.849 1.480

TERF R A, FRATR A =S [F) R Y B S 5 40048
TN BT A S AP B E, B4 CO3D [3Y).
RealEstatel0K [[] A Tanks-and-Temples [21] #(#E £, Xt
F AR L) CO3D [39], FRATAE 10 3= _EIEM,
RealEstatel0K [[7] H128 N7 5t B RS, FRATTA K
FEAIEE 10 DR EN, N T EE R EING ENT 5T
Tanks-and-Temples 21], FAMEHEE 9 Mas. XA
HE,  FRATES SR H BRI S EOE, RS S5 AR A 0 A [
AOSRAER, K&, i (easy) MRS FHHEUINH
WA, NS EE, MATEEARR; X (hard)
N FHERISRIE KA K, VUSSR, WA TEE K,

BATRA PSNR. SSIM [73]. LPIPS [r4] 1 FID [75] 1
NV G PR I FERR, Hd, PSNR 2 T HiR E G AHE L
JERIEGTfahR; SSIM (73] Al LPIPS [[r4] WA T PEfh A s & %
5EEE Bz R PERUEEE I, XM ERE
TS5 NREHAME IV &, S8 3], (4], B, ATk



—H 4 FID NI TSR & & i PR FEIPAE S
AR BRI S S DR RN RN, FID U AR 1
Ab, O PEAE AR U OALRE E,  FRATIG T AR BT A Y
MNUALEH S HAEMN A L AL, B [BY], FAHEMETHAIE
IR LA PR AR S A DR T35 — 1ot FF A BRIz ot A R A
—tt. e, BADSEFRARIFARS, HEES BEbE
PR 2 AIRITEREEE B (Raise), A

tr(R:, RiT) — 1

e )

n
Rgist = Zarccos( )

i=1

Hot RY, 5 R, 52 LA RS AR R 2 B P R
B, Bl A5 FTA WU BE B SRR et e RO
BB (T, 250

n
Taist = Z HT;t - T;en“z' (6)
i=1

EFERENZ, BT COLMAP [76] A —ZHRHIER
N, B 5 TCIEMNE A AL PR B 2, FRATTSH
DUSt3R [19] #EATE &AL T,

Xt HE LR (Comparison baselines),

TERN—DETYHL Al Z AR B A G RHESR, AT
KATTES =D ET Y BRSBTS ZeroNVS [12],
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MotionCtrl [13] 1 LucidDreamer [14], BAKE, ZeroNVS
[12] M Zero-1-to-3 [L1] AR, RERSLAZH BRI
WAL N SR AL BT LA AL AL BN CLIP [62] SC
AR, HIEL AR EE N TEAY HL U-Net, MotionCtrl [[13]
B SVD [[L7] SRR TR AU AU, RERSIRYE
FNFS % B BRI MR ZE 7 51 A i — BT R X2
R AN RFERAEFE N s Z RN, I8 2 TER AR
P 8L U-Neto LucidDreamer [[14] F] & TR E R EG R
BRHLA, FERRABUNZRAIE TP R E AR [43] k(&
AT A R ERR DI, (ETAEA LA & O Eerh, B
XL REA T B AT LA SR, BRATTR T SR A
TTIEHRE Bk 255 RGN i Ao

& Tk X b (Qualitative comparison),

et | R, HhsBEga TR, MM
AN T BRG], LucidDreamer [[14] PGSR B E A5,
K0 e BT IR A AR TE R A O A, FEAC AR LA
SARMIE SN GINUHE 5 A, SRR, 1
Gb, BRI BAMER U3] RBITEFEER, FTE
JRIENAE GBHNEZEGIAAR—E ZeroNVS [12] AL
LA B AR B A B, B SRR B8 SRR A
AN Z AT S Y B, e Bl O AL iR SE RS
T, TS EIRIEE R, 20, MotionCtrl [13] BRAEAE
FRERELFE AT AR A, AHE DU RS 45 @ AR ML AR AR RE ON
FHUFTALA, XZE VB RAER A & EAEYLER AR HIAEL



DNGaussian
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Ground Truth

B 4. Tanks-and-Temples [21] SUBSE EiHRERIEMFLL, HITAS MIRMN 2 KEEISEGHTIIE, FHERFNAHSAEHIA (BE7)

[n

R, MM &R R, MEEZ T, ATTERME TR
R BIehe S HUERY, 45 RERIAATTIRAE N LR
JERIA BRI A RO B i AR SR — %5

B L (Quantitative comparison), The quantitative
III. Since ZeroNVS
{J and LucidDreamer J can only handle squared images, we
crop the generated novel views of our method and MotionCtrl
[B} to align with ZeroNVS and LucidDreamer when computing

the quantitative metrics. In terms of image quality, it can

comparison results are reported in Table.

be observed that our approach consistently outperforms the
baselines in all the metrics. Specifically, the higher PSNR and
SSIM values indicate that our method maintains better image
quality and similarity to the ground truth. The lower LPIPS
score further demonstrates that our approach generates more
perceptually accurate images, while the significantly improved
FID score suggests that our method captures the underlying
distribution of the data more effectively. In terms of pose accu-
racy, the reduced Rgist and Tyist demonstrate the effectiveness
of our model design, which enables more accurate pose control

in novel view synthesis.

ERMEERNE [l BT ZeroNVS [12] A Lucid-
Dreamer [@] HEeLHIET R EIE, RAVET B E &R
B, B 7535 MotionCtrl [13] 42 BT L f1 B30 £ 5
ZeroNVS, LucidDreamer X 7%, f£E{G &5, 7] LB RIA
TIEAERT A faRs LR LT 24 BE ) PSNR #1 SSIM

RIAATTERRR T A A EEPUR DU S BERAEEUE; B
fIRE LPIPS M — 2 U WA T3 225 ) G AR R b S8l
1M FID Kk MR HATS T A RO T8RRIz 2>
fiio TERCLRIETTH, /N Raise M Taise WERA T AKERR
THIARENE, ERTILA & R A R il AR

4.3 IHREEIMLL (Scene Reconstruction Comparison)

a5 - fEbR (Datasets and evaluation metrics),
In the scene reconstruction comparison, we use 6 scenes from
the Tanks-and-Temples dataset [ for evaluation. We create a
challenging sparse-view benchmark that contains only 2 ground
truth training images for each scene, and use 12 views for
evaluation. We employ PSNR, SSIM } and LPIPS [H} as

the evaluation metrics for image quality assessment.

TE s EENEH, FATI#EH Tanks-and-Temples (&
% [21) Y 6 DMHEITIEM, FATHIE T —A B Pk
HIFRGRAL A B, SRS 2 sKkEMEIZGEG, A 12
AAEATIEI, TR PSNR. SSIM (73] %1 LPIPS [74]
1EN EHG B PG FE AR,
X HEFHELR (Comparison baselines), Ve compare our method
with three 3D-GS representation-based sparse view reconstruc-
tion methods: DNGaussian | FSGS
frd. Specifically, DNGaussian [1J] and FSGS [d] utilize point
cloud produced by COLAMP [} as initialization, and leverage

and InstantSplat



x2
Tanks-and-Temples [21] EHSERMNEEM L. KIS MISER
2 SKEEVIGELR, HXRA 12 MIAHITIEN.

Jiik LPIPS | PSNR 4 SSIM 1
DNGausian [[/7] 0.331 15.47 0.541
FSGS 78] 0.364 17.53 0.558
InstantSplat [[79] 0.275 18.61 0.614
ViewCrafter (A3) 0.245 21.50 0.692

BATEARTT RS =MET 3D-GS B b i 5 2
Ji TS : DNGaussian [77]. FSGS [78] #1 InstantSplat
[79] BRI S, DNGaussian [12] #1 FSGS [7§] % H COLMAP
[76] ZE BRI RV EAAIAAAL, FF RN A 1] G B RO TR TE
AT M A EE, InstantSplat [79] MIRZERAH DUSt3R
[19] AR R A VEARIAGML, M RE RS AR BT (5 = 250 25
3D-GS,
5E Pk X e (Qualitative comparison)s

I

TE N g SR E H Firo AIDAEZE], DNGaussian [77]
25 R R N, LU, FSGS (78] Y45 RAE B
B REUG A IR, InstantSplat [79] & H
DUSt3R [19] MR =1, BERAT AR B EAE IR E G A9
W, HETEE TREMIRE 2], TEREENXE, S5
FLA NI ESR, 2R, ATTIAME B B
R Ses, AT 2 sk EAEIZRIE G BITA] A s IR BT LA
E B (Quantitative comparison),
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%3
(IR EIBAERR. FREMHEE, Plicker BEEFIZRMFNINILREE
B85 ViewCrafter 22—,

ik LPIPS | PSNR 1 SSIM 1 FID | Rt 4 Thist 4

Pliicker #%  0.370 1751  0.546 49.33 2.688 2.570

R FT 0270 2025 0.649 3817 0.552 0.983
x4

FEINFEXBEERLL, HANDRERTNFRIAER U-Net Z(EIR
SREENERE, URkAm=iIZRIsHIEE 2 iR,

MERIER LPIPS | PSNR 1 SSIM 1 FID |

ElERaE) = 0.301 1882  0.595 42.30
HEEE 576x1024 EIIIZE 0314 1855  0.582  41.01
16 MyiAsE sy 0280  19.07 0.610 3843
VN @RS 0280 1952 0615 37.77

ERA A RN, ATDUES, A7 EERTE fEhR L
FRE LT FEARER, #E— W ENIE T AT IRAE MR A 37 57 B
A R,

4.4 HRMERS (Ablation Study)

7 3% 2% fF SR B 18 3 i€ (Discussion on pose condition
strategy).



PVDiffusion Point Cloud

5. RGHRHFNEIEE. LTRTATERER, TIER ViewCrafter HMAEMKFMNA (RAMERRRE) .

Reference Image Plucker Model Ours . Ground Truth

6. MERCFEBEHEIERRL, BRFEMESI, KINL Plicker BWAMZRMANIILAHREES ViewCrafter T2—o

Estimated Pose —Ground Truth Pose = Translation Distance

60

N&QJgﬁé TEATTIE, BRI S S G R R BB 2.
KRG, MITHEBTILA A p - S0 i R RS B Rl —

S W T A (57, [80) SR % B 5 AR [81) 1F B0 &3k

7. (PR TR T TR EAHAIE S M ViewCrafter. Plicker 1611 PRI ZEHIIIIE e I HLRRBA BT ORI ML 5 A
KB R R A PRI I R Z B TR E. RIE S ETE B L RPN RS RIS N RN E EE R
AT T — AN DA 5 55 A8 bR A 4 P B LS B R (e

Bk Plicker BIY) | B 1252 % B 5 A BRI 0 25 15K & BT

fio W B ANREIRZ R EINEF): MAE N —0 RGB &

G RFLANLOL, H B AR5 1% RGB MU H A [ 23

RS, FHESMEBEMEBES 6 MEE, AE— KL

] B, FefT A BEA 3  58 A PR R 5 B e 2 IR R ST 5,
B G M R, RO SRS S, FATIE Plicker

BRI RS ViewCrafter 522 —5, H4%% [L1] W

i [ REIUIZATS, 18 320 x 512 SR FUIZRZEI, Bl
ViewCrafter (320 x 512 23¥¥%) 5 Pliicker #5542 AT

FEAFTIM SR L, El S e R R anm el %




Reference Image

(a) Ours + Predefined era trajectory

(b) Ours + Camera trajectory pIanning -

8. HMMTHREHRAR. AREXEANNTERZNR LA
BRI 2EHXE; HEZT, ELHENOBNNTRNEEZER

MR EERMBTIRNERKE, RARCHNEFEERE,

] ViewCrafter R BT R BN 2 56 PF RIS E BT A &
PRSI T ST A T . FRATTIEWIERE, Pliicker 17
W RMAN R, & [ At— e, HehRiltk
BEMEMLALZE S A O LA G T H R 28 2 TR 57 AR
o 5RER, M ViewCrafter 42 BHHLA M TN L S
EEMEXNFHRERE, Pl T RANET R alAE
FAF RIS R AR

MaFKE &% (Robustness for point cloud con-
dition),

17
ViewCrafter DA =~IE RS RIE N &M, NMLH &S E
FERA AL, SR, IXEETE QAT RE S A DA LTI A2,
|t —AMF BTN, (RS IS ATE
EFSFNER I IR, DA AT FOL SUL R S LIRS 28 —AT R
ViewCrafter AR A SATHTHLA, RITEREMSEAN S RIFA IE
AHERARY LT, IXBERA ViewCrafter ELFE RN = 4EHE SR 2
TR, (EHRERE MNATERISME RN m &AM, I
X R BSRI S,
EREMTHRE (Ablation on training paradigm)s

AR RS R TR AR B R A R
SR M U-Net HMBMEBREIERE, FATEEANZRZS H
BERNIGEREZMNTFE (K775 BT S R
=, %%ﬁ?%ﬂ%#ﬁo NG ZRRO B M, ATk
BEIETE 576 x 1024 73 PR R IZRER 5 R A 2R
WEIZREERE (RSCT718), SRWAE H BAT, M, FRATM
23| ViewCrafter HIHERRKE S REMMFT LA S AT E: 75
AR AR AR AT R N, P B 22 ot R 2 A2 Bt A I e — B
Mo, NEWREFHES & RREZ MBS, AT T™
AL HEPR 16 Ml A ERRIASTA S HERE 25 WAy B aR AR (O
XTI Vﬁﬁ‘*ﬁ’ﬂﬁ@tlﬁﬁﬁ?@ﬂ%zﬁo IR R T
SEMNZRE A R
HIHLPL BRI {5 Ml (Ablation on camera trajectory

planning),
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Consistent Novel Views

= ” A

An orange-adorned vanilla chocolate ice cream.

9. X&Z 3D EREAR. RETIBTHANSRTUR T2| BEERNHEESR, HREFIBT ViewCrafter EFZEREGAFEN—E0
Ao

(4] 200 HEAFEARKMA B, 5 —FAIATAH L
RIBLE, BE—kBEEGH— S E, RITRA—A
DRI 55 75 it AR 2R B A FPL 19 Y 53— BR T 4 2223
EERNSHE GIRRITRE, R REERE A
PR, MU SE0E R N = 3. K =5, © = 0.6
MR, BT E . NBEREIE, [HEREE
(/AT ST ML=, SUah 20 B, BES, (1
MRS EIR RSB SANAEX, REE RIS ZME BQ)
i Hoo) Fim. 28 Hla) HATAB S, FIBUE XEAHLEL
] ST 1 25 Z AR AE A R BN X 8 A R, & Bb)
q 0 FER T R AT B AT R e, B e &
BAERKY, ZEEREB AR R SR, $ETHE
{7 BB AL

4.5 #AEF 3D %RE (Text-to-3D Generation)

AT R I FRAT 19 E AL MR R TR A48
PURIRN A AT AR, ] At — A, Hep it
MATE AR R — MR R BETEAREE (5



Front LS SR EUR & TR Ab,  BATIER R K AHEZE
H5EAUNRNXAZEG (T2D) §H#lERgs, AT AR
3D i, HfRR: HE—BOSURRR, BAEH T2I A
RO NV B, B ViewCrafter & —E0IH A, &R0
i | o

5 i5/KMR (Conclusion and limitation)

AR ViewCrafter, — PMEHEMAY LS A
. AT ERE BASHBHIA S BMESR, A7 IR T
AITENRR: BLREz B 2K 5, XREIEAC B KA B
EIGmAERA, BINTEFA TR LR — S SR, it
Hb, BATHEH — kA A & T R —E& B IE M AT
IERITRE, SHERKIERHIA AR, H A&y R a4
TN, BTl & h, BATERR T =ik 3D-GS
FORPAEIISEIN . @i AH M mES, A AREZRIERS
FIAF 3D A,
Ji Bl (Limitations),

REAEZME, KRN EGTRR, H— =4
%%ﬁ@%FRTA&m%ﬁEWk%%MQN AT7 %]
BB AAE, BN — K e R AR RRAT LR, H =, FA]
umzﬁﬁmﬁ%%,#%ﬁ?$ﬁ%ﬁﬁﬁ%ﬁz%@%
P (BAESRM R BRI R, WXERREIRIATE .

H=
5%”%, HRIT AR .
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