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Vector-Matrix Tensor Ring Radiance Fields for Novel View Synthesis

LI Yingge', LONG Zhen', GOU Yixin', LIN Xinyu®, ZHU Ce"
(1. School of Information and Communication Engineering, University of Electronic Science and Technology of China, Chengdu, Sichuan

611731, China; 2. School of Microelectronics and Communication Engineering, Chongqing University, Chongqing 401331, China)

Abstract: Tensor-based radiance field methods established a mapping between inputs (3D spatial positions) and out-
puts (volume density and appearance features) via tensor regression. These methods relied on compact scene representations
and significantly improved the efficiency of novel view synthesis while maintaining high-quality rendering results. Howev-
er, existing approaches, whether based on conventional tensor decomposition or tensor train (TT) decomposition, are unable
to fully exploit structural information in 3D scene space, thereby limiting the representation of deep-level features. To ad-
dress this issue, we introduced tensor ring (TR) decomposition into the vector-matrix (VM) decomposition framework and
proposed a vector-matrix tensor ring radiance fields (VMTR-RF) model for novel view synthesis. Unlike existing tensor ra-
diance field methods, VMTR decomposition adopted a hierarchical modeling strategy: VM decomposition was first used to
represent the scene as a combination of outer products of multiple vector and matrix factors, enabling an initial compact rep-
resentation of the 3D scene. The vector-matrix factors were then reorganized into high-order tensors and further decom-
posed using TR decomposition, resulting in a tensor ring network composed of multiple core tensors, thereby enabling more
effective capture of deep-level features in 3D scenes. Benefiting from the VMTR decomposition, VMTR-RF exhibited
stronger modeling capability in volume density estimation and appearance feature learning. Finally, novel view synthesis
was performed using volume rendering by combining the learned volume density and appearance features. Experimental re-
sults demonstrated that VMTR-RF outperformed existing state-of-the-art methods, particularly in detail preservation, en-
abling better reconstruction of sharp edges, complex structures, and natural textures, while achieving higher-quality novel
view synthesis with a compact scene representation.
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Table 1 ~Comparison of our method’s performance with previous methods across the three datasets
Size Synthetic-NeRF NSVF TanksTemple
Method BatchSize | Steps

(MB) | PSNR | SSIM | LPIPS | PSNR | SSIM | LPIPS | PSNR | SSIM | LPIPS
NeRF"! 4096 100k | 5.00 | 31.01 | 0.947 | 0.081 | 30.81 | 0.952 | 0.043 | 25.78 | 0.864 | 0.198
TensoRF-CP? 4096 30k 3.8 | 31.71 | 0.950 | 0.075 | 34.58 [ 0.972 | 0.044 | 27.88 | 0.899 | 0.177
TensoRF-VM™! 8192 30k | 12.0 | 32.23 | 0.955 | 0.060 | 35.31 | 0.976 | 0.034 | 28.14 | 0.909 | 0.155
PurT? 4096 80k | 10.6 | 31.43 | 0.950 | 0.067 | 35.32 | 0.976 | 0.033 | 28.14 | 0.910 | 0.156
VMTR-RF 8192 30k | 11.6 | 32.54 | 0.958 | 0.056 | 35.97 | 0.979 | 0.031 | 28.50 | 0.915 | 0.150

IR AEZ TS AR HE A F RIS RS
F£2~F 48R T VMTR-RF 5%} e 7 875 3 44K

Kot £ Ry 5 PSNR A5 bn R 2 HE4 50—, Aoy

S —

PEAE I PSNR XT LS . AORT , VMTR-RFFEAR 75—
2 Synthetic-NeRF 83 &£ &7 = PSNR 31 Lk
Table 2 PSNR comparison of each scene on Synthetic-NeRF dataset
Method Chair Drums Ficus Hotdog Lego Materials Mic Ship Avg
NeRF"” 33.00 25.01 30.13 36.18 32.54 29.62 3291 28.65 31.01
TensoRF-CP?! 34.10 25.26 30.78 36.31 34.34 30.17 33.95 28.78 31.71
TensoRF-VM™ 34.68 25.34 32.88 36.66 35.37 29.16 33.75 2997 | 32.23
PuTT®! 33.61 25.20 31.70 36.27 33.33 29.24 33.24 28.84 31.43
VMTR-RF 34.68 25.66 33.23 37.15 35.57 29.80 34.20 30.03 32.54
T ML R A% I bR e 22 S — , DRI FR 7 A
£ Synthetic-NeRF Fil NSVF ${ # 4£ I , VMTR-RF T AE T . 454 R W VMTR-RF 76 A [R1 504 45 5 2 4%

1F Wineholder #l Palace 7 5c 4 HE 44 58 — 10 )7 32 7+
1.00 dB F10.88 dB, 1 7£ HAh K 257 s h HEA 55—
TE 5 2% %) TanksTemples 3045 4E I+, VMTR-RF 7£ i f7
Y5 ¥ M5 i 5 PSNR, s T Hx 2 443 5k 75

FE S5 T ¥ 6E SE B R i A, B E T AR B
BB AT 55 i R 438 I

*R5~FK TR T A [F Ji i 78 Synthetic-NeRF |
NSVF LA} TanksTemple %54 5 45 1% 5t T 9 SSIM X L,
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Table 3 PSNR comparison of each scene on NSVF dataset
Method Bike Lifestyle Palace Robot Spaceship Steamtrain Toad Wineholder Avg
NeRF 31.77 31.08 31.76 28.69 34.66 30.84 29.42 28.23 30.81
TensoRF-CP 36.83 32.77 36.46 36.09 37.27 35.84 31.45 29.96 34.58
TensoRF-VM 38.01 33.87 36.30 37.16 36.92 36.70 33.19 30.35 35.31
PuTT 38.48 34.19 36.16 36.40 38.44 34.55 33.76 30.56 35.32
VMTR-RF 38.64 34.25 37.34 37.60 38.35 36.56 3347 31.56 35.97
T LR TR IR bR 24 S — , N RIZ IR
4 TanksTemple H#E 5 £ 15 = H PSNR Tt
Table 4 PSNR comparison of each scene on TanksTemple dataset
Method Ignatius Truck Barn Caterpillar Family Avg
NeRF 25.43 25.36 24.05 23.75 30.29 25.78
TensoRF-CP 28.20 26.30 26.88 25.39 32.62 27.88
TensoRF-VM 28.28 26.81 26.81 25.52 33.27 28.14
PuTT 28.11 26.88 27.07 25.57 33.08 28.14
VMTR-RF 28.33 26.93 217.55 26.13 33.54 28.50
TE IR R B R R 2 — , N R FR 25
5 Synthetic-NeRF 1B & & 37 =9 SSIM Xf bb
Table 5 SSIM comparison of each scene on Synthetic-NeRF dataset
Method Chair Drums Ficus Hotdog Lego Materials Mic Ship Avg
NeRF 0.967 0.925 0.964 0.974 0.961 0.949 0.980 0.856 0.947
TensoRF-CP 0.977 0.921 0.965 0.974 0.972 0.950 0.983 0.855 0.950
TensoRF-VM 0.979 0.925 0.976 0.978 0.978 0.938 0.984 0.880 0.955
PuTT 0.972 0.924 0.972 0.976 0.968 0.942 0.982 0.862 0.950
VMTR-RF 0.979 0.931 0.979 0.979 0.979 0.948 0.985 0.880 0.958
TE HLFRORTE AR R 2 — N R FoR A5
R6 NSVFEUREEIHZHISSIMRTEL
Table 6 SSIM comparison of each scene on NSVF dataset
Method Bike Lifestyle Palace Robot Spaceship Steamtrain Toad Wineholder Avg
NeRF 0.970 0.946 0.950 0.960 0.980 0.966 0.920 0.920 0.952
TensoRF-CP 0.988 0.953 0.973 0.990 0.985 0.986 0.951 0.948 0.972
TensoRF-VM 0.990 0.961 0.972 0.992 0.983 0.988 0.968 0.950 0.976
PuTT 0.991 0.964 0.970 0.991 0.988 0.983 0.971 0.952 0.976
VMTR-RF 0.991 0.964 0.978 0.993 0.988 0.989 0.969 0.960 0.979
VLR AE T AR TR 44—, T RIS R4 5
R 7 TanksTemple {155 & 17 = 19 SSIM X bk
Table 7 SSIM comparison of each scene on TanksTemple dataset
Method Ignatius Truck Barn Caterpillar Family Avg
NeRF 0.920 0.860 0.750 0.860 0.932 0.864
TensoRF-CP 0.937 0.885 0.841 0.884 0.949 0.899
TensoRF-VM 0.943 0.901 0.846 0.898 0.958 0.909
PuTT 0.941 0.901 0.851 0.900 0.956 0.910
VMTR-RF 0.945 0.904 0.863 0.904 0.959 0.915

T IR TR IR bR e 5 — T RIS A S
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Yy ot 45 ¥ 10 3 AU AR BE 1 o 7E TanksTemple 55 45 45
e R A SSIM UK A3 i R B, VMTR-RF 5 £ 55
R 34, W HLAE 2 2% ) B S0 37 5 v [RI AR BRI A 4K
Hi A 2 S g A A0

F8~F 10 JB/R T VMTR-RF 5 X} He )5 816 3 4k

P 5 1 Y LPIPS X b 45 A (B BRI 3 7o JER R o ot B
If) . SR FW], VMTR-RF 76 3 D8R 4 1 ¥ A T
B AR A F- 2 LPIPS , B AAfE T HAl U5 7% o 7 Synthetic-
NeRF #(¥5 4 [, 1% 5 I 7F Drums . Ficus DA} Hotdog 5%
Yy 5% vh B f AR 50T 91 f ik LPIPS B 5 £ NSVF £
4E I+, 7F Bike . Palace . Robot L J&2 Wineholder 37 5 7 &
A 5 7F TanksTemple #HE 4 |-, 7F Ignatius  Barn LA
K Family 3 5t o [F] UG 5 AIC LPIPS fi, (R 30 1 HAE
ANF 5 RGBT AR R )

%8 Synthetic-NeRF ##E & &7 = LPIPS Rtk
Table 8 LPIPS comparison of each scene on Synthetic-NeRF dataset

Method Chair Drums Ficus Hotdog Lego Materials Mic Ship Avg
NeRF 0.046 0.091 0.044 0.121 0.050 0.063 0.028 | 0206 | 0.081
TensoRF-CP 0.041 0.111 0.059 0.051 0.036 0.068 0033 | 0197 | 0.075
TensoRF-VM 0.029 0.096 0.035 0.039 0.026 0.079 0021 | 0.56 | 0.060
PuTT 0.040 0.092 0.035 0.044 0.042 0.075 0024 | 0.184 | 0.067
VMTR-RF 0.030 0.084 0.027 0.039 0.024 0.067 0020 | 0.157 | 0.056

T R TE IR IR e 5 — T RIZSFR A S

R9 NSVFHIEERIHRHILPIPS XL
Table 9  LPIPS comparison of each scene on NSVF dataset

Method Bike Lifestyle Palace Robot Spaceship Steamtrain Toad Wineholder Avg
NeRF 0.019 0.047 0.031 0.038 0.016 0.031 0.069 0.096 0.043
TensoRF-CP 0.022 0.079 0.029 0.016 0.028 0.031 0.065 0.081 0.044
TensoRF-VM 0.015 0.058 0.028 0.013 0.027 0.023 0.046 0.064 0.034
PuTT 0.014 0.056 0.032 0.013 0.020 0.033 0.039 0.059 0.033
VMTR-RF 0.013 0.057 0.023 0.011 0.021 0.023 0.042 0.055 0.031
T IR TE IR bR T e 58— R RIS A S
%10 TanksTemple HIHEE 17 T K LPIPS KT tL
Table 10 LPIPS comparison of each scene on TanksTemple dataset
Method Ignatius Truck Barn Caterpillar Family Avg
NeRF 0.111 0.192 0.395 0.196 0.098 0.198
TensoRF-CP 0.098 0.203 0.281 0.220 0.084 0.177
TensoRF-VM 0.084 0.165 0.276 0.179 0.072 0.155
PuTT 0.087 0.169 0.270 0.177 0.077 0.156
VMTR-RF 0.081 0.169 0.248 0.182 0.069 0.150

VE LR TE IR bR T S TR IR

Ak, 1F Bam 3 5 b, VMTR-RF 4148 F PuTT J5
P LPIPS Tl 3, 358 1 0.022, i — DRI T
HESZ R 50h %, 5E B, i F Tanks-
Temple £ 52 B (A 52 % B2 45 L 45 7 15 1 LPIPS 45
Y e B TE . SR, 4R I VMTR-RF J7 2% A 45 H:
b 7 35 ATY BUAS B KK S 25 LPTPS {8, U % i &=
Z& FLSL Y PR SR R R G I LA AR e SR T A
PRI . DL g5 Rk — 20 B UE T B4 7 v R AR
ZAkBE ST

3.3 ESH

AR SCXF T R[] 7 % 7E NSVF £ 45 4E I Palace
Yy 50 (43 #2800 x 800) Ay Il 25 ik i) 5 v e o BE
(Frames Per Second, FPS) , UN3& 11 i/~ . LI 45 R %
B, VMTR-RF £ % 37 5t 1 I gk isf (8] 25 4 0.76 b, T
TensoRF-CP | TensoRF-VM 5 PuTT 43 %1l 25 & 0.37 h.
0.34 h F12.65 h, 7 {5 4% # B J7 i , VMTR-RF 2
0.27 FPS, TensoRF-CP . TensoRF-VM 5 PuTT 43 %1 2] K
0.30 FPS.0.36 FPS #10.15 FPS,
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Table 11  Efficiency comparison on the Palace scene

Method Training Time/h FPS
TensoRF-CP ~0.37 ~0.30
TensoRF-VM ~0.34 ~0.36

PuTT ~2.65 ~0.15
VMTR-RF ~0.76 ~0.27

VB I R T TR AR P HE A S, FRI R4

AT LLE A SCO7 s AE I 4545 v g oy BE A A T
TensoRF-VM £l TensoRF-CP %R AT fF F M. i hg b ik
225 FEFRATE T TR 5 05| AFE— R 13
TR R 22 . R AR SO EAERCR A I T
W% , {H7F PSNR . SSIM H1 LPIPS 2545 b5 b ¥ H4E T 54 &
PETE o L5 I AR SCRT R Oy VA A B TR R 23K 5 ) 1 [
B,k T —E MBI AY .
3.4 HRRSEIE

R 55 UE VMTR 43 i B & B 4 B 5 HF (High-order
Reshaping, HR) W A 20 A58 T IH Al SE 50,

T FE 5

TE NSVF £04i 48 1 09 52 50 45 R an 5% 12 1€ 13 fir
TN EAEL NI (2) 5 (1) AL S8 VM 3 i B 4k
9 VMTR 43 f# J , °F ¥ PSNR 4% 7} 0.48 dB, SSIM I
LPIPS 347 FT 035 , 5137 5% PSNR #x /= #2271 0.96 dB.
) B, 55 750 2 i M 12.0 MB f& % 11.6 MB, o 3iF T
VMTR 43 fift 76 $2& 7t 3857 00 16 & B 5T i 7 1T A9 A7 30k o
W ATk (3) 5 (2), 51 A = B 4 B 5 HE R
J&  FEDRFER A S0 K/ IME TR ) 28, F- 2 PSNR
#— L HEF 0.18 dB, 37 5t PSNR fx = $2 7+ 0.61 dB.
IX 7% W vy B A 3 T HE SR W B8 08 AE N HG I S BT RS
AT, R S R . ST S A
SCy kil B VMTR 43 55 8 B 2t B T HESR S, 7 NSVF
B AL LA e Ry B4k 7L SE B T 0.66 dB Y- 1Y
PSNR $2F+ . 35 L [WAE T, g fg 07 50 40 #h 47 48 7 =
TRIZHRIEAR B, DTS2 BLSE O 10 0 AL I A R

R12 NSVFHIREHMIHLER
Table 12 Ablation study results on NSVF dataset

XF FE 5 T 38 X0 B P P i o R SR . S X L High-order
T 3 ﬂ:'jf{f : ( 1 )TensoRF—VM : %Fﬁ VM éj\ﬁz-f; E‘J%%ﬁﬁ Method Reshaping Size/MB | PSNR | SSIM | LPIPS
5 (2) VMTR-RF (w/o HR) : & Fl VMTR 43 {H K 5] A TensoRF-VM x 120 | 3531 [ 0976 | 0.034
e B A B B HE SR W 5 (3) VMTR-RF : 5% | VMTR 43} VMTR-RF(w/o HR) x 1.6 | 3579 | 0.978 | 0.031
FETIA v B 24 i SR 1) 58 BE AR . Oy fRAIE 2 VMTR-RF J 11.6 | 3597 | 0979 | 0.031
XF L, BT 7 R Yok AR TR B 2R ms B2 e ORI s LR s bR 48— T IR s =
F13 NSVFEREHBKIE &3HR PSNR T L
Table 13 PSNR comparison of ablation study on NSVF dataset across different scenes
Method Bike Lifestyle Palace Robot Spaceship Steamtrain Toad Wineholder Avg
TensoRF-VM 38.01 33.87 36.30 37.16 36.92 36.70 33.19 30.35 35.31
VMTR-RF(w/o HR) 38.41 33.99 37.26 37.64 37.74 36.66 33.31 31.25 35.79
VMTR-RF 38.64 34.25 37.34 37.60 38.35 36.56 33.47 31.56 35.97

TE IR TR e bR h A 5 — , R RIZ IS S
3.5 WAL THR

SR BV I i 2 07k A R BT B AT 55 b R
HEROR AR SCHE & OO E B AL S B 4 B ARk
Yy S5 vh X N [8] O 125 2R AT AT AR RS L, DA SR 2 45 4
BRI S RS R B SR SR B 3 A 4k BE VAl A [F]
T AR AT B PERE

B U AR AR SCHE S U 4R By 4 AR
Yy e X AN 7 B AT A AR [ o o NSVF i
£E£ ) Wineholder 37 5% Fil Synthetic-NeRF %4 & 4 1) Lego
Y5 T VPG AN [R) 75 vk X 52 4 450 5 B A 10 2 i
HEHE 71 5 NSVF £ 4 19 Steamtrain 37 5 fil Synthetic-
NeRF 45 48 1Y Drums 3 5 W T LA 8] 5 v 4 T
H SR ECH R FFROCR .

K5 R T B K% (Ground Truth, GT) . VMTR-
RF 5 X6 B 77 12 78 Ja 38 i R DX 38l ) 0 L5 I3 AR o

MAF LE s S mT LU ), 7E Wineholder 35 0, A SCH
T X Y AR 3 T AR Y A /N S A ST R B Y
L, NG E NG, 25 B L Z R, PuTT
J7 ¥ A R L AR S 2%, T TensoRF-VM Al
TensoRF-CP J5 32 W)t B 1 BH S i) Oh 52 ik B F- v 3
%o 1E Lego Fsth , AR SC 7 VA RE 08 A7 VK &2 Sk =
150 A v 5 A /N B A ) LT S5 4 300 20 W R
T At 5 v A 25 R A 25 . 4F Steamtrain ¥ 5t 5
Drums 3 5t AR SO VR 2T T3 BT R K AR B 3R
T R 35 1T ) SC3AR T, A L 22 LAt T 3 0 L 1 B B
25 AL I B RO 5 O 2

S HCHE 4R« AR SCAE TanksTemple 5045 45 1 19
Barn Fll Caterpillar PJ > 31 37 50 v R [6] 05 vk B A7
AR X H . Hodr, Barn 355 F PEAG AN [R) 5 iE X2
A 850 5 R i % 1) EE #ERE J) , Caterpillar 3 5t W [H]
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Figure 5 Comparison of visualization results on synthetic datasets
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Figure 6 Comparison of visualization results on real datasets
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