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–Supplementary Material–

Overview. We provide additional details related to training (Sec. A), imple-
mentation (Sec. B), and reported results (Sec. C). We refer the reader to the
supplementary video for more qualitative results.

A Training

Optimization. Given a set of calibrated multi-view input images and an initial
collection of K Gaussian splats G = {Gk}Kk=1, differential rasterizer R based on
Gaussian Splatting (Sec. 3) propagates image changes to the scene parameters
G. This feedback loop is used to optimize the scene parameters by imposing the
photometric loss between the rendered I and the input image I∗:

argmin
G

L(R(G), I∗), (A.1)

where the initial collection of splats is initialized either randomly [34], by SfM
[67], or by the visual hull [19].

Loss definition. We follow the training scheme used by 3DGS (Sec. 3) and
optimize the rendering objective (Eq. A.1) via the Adam optimizer [31]. We
also employ the mask loss between rendered and ground-truth masks for the
object-level scenes:

L = (1− λ1)L1 + λ1LD-SSIM + λ2LMASK + λ3Lnorm, (A.2)

where LMASK is the L1 loss between the rendered opacity and the ground truth
mask akin to [59] and Lnorm is the splat norm regularization term from Sec. 4.

Hyperparameter λ1 is empirically set to 0.2, λ2 is set to 0.1 for object-level
scenes [47, 80] and to 0 for unbounded scenes, while λ3 is set to 0.01 for static
reconstruction and to 0 for all of the other experiments. We further employ
the exponential learning rate decay that starts from 8 × 10−4 until it reaches
1.6× 10−6 at 40k iterations.

B Implementation Details

B.1 Spatial Autocorrelation

To quantify the spatial similarity of nearby features, we measure local spatial
autocorrelation via Moran’s I [48] between the features of splats in their local
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neighborhoods. Specifically, for each splat Gk and its attribute (color, opacity,
and covariance) we query N nearest neighbors [Xi]

N
i=1 with associated locations

loc(Xi) ∈ R3 and measure Moran’s I (Eq. B.3) of its attributes attr(Xi) ∈ R:

I = E
X∈G

[I(X )], (B.3)

where

I(X ) =
N∑N

i=1

∑N
j=1 Wij(X )

∑N
i=1

∑N
j=1 Wij(X )attr(Xi)attr(Xj)∑N

i=1 attr(Xi)2
, (B.4)

Wij(X ) =

{
∥loc(Xi)− loc(Xj)∥−1

2 if i ̸= j ,
0 otherwise.

(B.5)

For attributes with more than one feature dimension (e.g . color and covari-
ance matrix), we average Moran’s I across all feature dimensions. In all of the
experiments, we set N = 5.

Moran’s Loss LMoran (in Tab. 2, C.1, C.2) enhances 3DGS as a straight-
forward baseline that incorporates the spatial bias by enforcing a higher Moran’s
I score and is implemented as the negative autocorrelation score:

LMoran = λMoran

(
1− E

X∈G
[I(X )]

)
, (B.6)

where λMoran is empirically set to 0.01.

B.2 SplatFields

In the following, we describe the network architectures.
CNN Generator gθ consists of three CNN decoders to produce three axis-

aligned feature planes F. Each decoder, takes as input a 20 × 20-resolution
noise ϵ ∈ R20×20×8 with 8 channels to produce the 160× 160-resolution feature
plane with 16 channels (R160×160×16) through up-sampling blocks with resid-
ual connections. First, the noise is expanded to 32 channels via an up-sampling
CNN layer, which is then processed by a single attention layer and propagated
through a ResNet block with two CNN layers to output an intermediate fea-
ture (20 × 20 × 32). This feature is then propagated through four up-sampling
blocks until the feature resolution of 160 × 160 × 32 which is then down-scaled
to 16 channels via a single CNN layer to form the final tri-plane representation
F ∈ R3×160×160×16. Each up-sampling block consists of two CNN ResNet blocks
(each with two CNN layers) and one up-sampling CNN layer. Then the splat
center pk is projected onto each axis-aligned feature plane to obtain feature vec-
tors via bi-linear interpolation. These features are then concatenated along the
feature dimension and propagated through a tiny 2-layer MLP with 48 neurons
to produce the point feature fk ∈ R48.

Deform MLP fΘ takes as input the splat center pk and the feature fk. The
splat location is first positionally encoded [47] with 4 levels and propagated
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through an 8-layer MLP with 128 neurons that deforms the splat center p̂k by
predicting its residual akin to [56,57].

Color Field fΘc takes as input the deformed query point (positionally en-
coded with 4 levels) along with fk and propagates them through a 6-layer MLP
with 128 neurons, where the last layer takes as input the viewing direction akin
to NeRF [47].

Scale fΘs and Opacity fΘα Fields take the same input as the color MLP and
are implemented as 5-layer 64-neuron MLPs. The output of the opacity MLP is
activated by the sigmoid function.

Rotation Field fΘO
is implemented as a 4-layer MLP that takes the same

input as the color MLP and predicts a four-dimensional vector that is normalized
to produce the quaternion representation.

Flow Field fΘp is utilized only for the 4D reconstruction. It takes as input
the deformed splat center p̂k (positionally encoded with 4 levels) and the feature
vector fk and propagates them through an architecture similar to Deform MLP
to model the forward flow. In the paper, we consider different types of modeling
the flow: DCT [39], SE(3) [52], scaled SE(3) [93], and offsets [56,57]. See Sec. 5.2
for further details.

All of the MLP fields take time (positionally encoded with 4 levels) as an
additional input and are implemented as ResField MLPs [45]. We empirically set
the ResFields’ rank to 40 for the multi-view dynamic reconstruction on Owlii [80]
and to 0 for the monocular reconstruction [82] as the scenes are semi-static.

C Experiment Details

Static reconstruction on Blender (Sec. 5.1). We compare SplatFields with
SparseNeRF [75] and with recent 3DGS methods: SuGaR [22], Mip3DGS [91],
3DGS [29], 2DGS [25], and Light3DGS [16] on Blender [47]. Mip3DGS [91],
3DGS [29], and 2DGS [25] are run for 40k iterations like SplatFields, while
Light3DGS [16], SuGaR [22], and SparseNeRF [75] are run with their default
configurations as they have a particular training scheme. All of the methods are
initialized from the randomly sampled points inside the visual hull of the objects
and are further supervised with the mask loss implemented as the L1 distance
between the ground truth and the rendered opacity akin to [59].

We further provide extended comparisons of Tab. 2 in Tab. C.1-C.2 for vary-
ing number of views ranging from 4 to 12. Consistently with the main paper,
SplatFields demonstrates superior metric reconstruction quality over the base-
line methods across varying number of input views.

Static reconstruction on DTU (Sec. 5.1). We compare with NeRF (Vol-
Recon [63], ZeroRF [68]) and splatting (3DGS [29], 2DGS [25]) methods on
DTU [28] on the task of 3-view reconstruction (Tab. C.3). All of the baselines
are run with the default configurations, with the difference that the splatting-
based baselines adopt the mask loss for fair comparisons.

Monocular dynamic reconstruction (Sec. 5.2). Our method adopts an-
nealing smooth training [85] and is trained for 30k iterations after being initial-
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Table C.1: Sparse static scene reconstruction of Blender [47] scenes. Reported
numbers indicate PSNR metric on the novel views (“-” denotes failed runs). Colors
denote the 1st , 2nd , and 3rd best-performing model. See Sec. 5.1 for discussion

12 Input Views
mean Toy Ficus Hotdog Chair Mic Ship Drums Materials

SparseNeRF [75] - 23.02 18.19 - 26.20 23.26 20.81 19.21 20.80
SparseNeRF wo. depth 22.92 24.00 18.84 27.52 27.11 23.35 21.84 19.17 21.50
SuGaR [22] 21.78 23.77 23.08 22.36 25.72 18.72 21.09 19.55 19.94
ScaffoldGS [41] 23.82 23.65 22.78 26.34 25.80 28.28 21.17 20.47 22.06
Mip3DGS [91] 24.86 24.65 25.62 26.53 26.25 28.40 22.52 21.98 22.94
3DGS [29] 25.29 25.14 25.92 27.51 27.10 29.02 22.79 22.10 22.71
Light3DGS [16] 25.39 25.08 27.53 27.10 27.40 28.04 23.02 22.07 22.90
2DGS [25] 25.62 25.50 25.62 29.24 28.52 28.07 23.08 22.19 22.75

3DGS w. LMoran 25.44 25.26 26.55 28.96 27.91 27.87 22.33 21.98 22.65
SplatFields3D 25.80 26.98 26.27 29.45 27.42 27.60 23.78 22.55 22.32

10 Input Views
SparseNeRF [75] - 22.64 18.27 - 25.30 23.27 20.29 18.61 19.72
SparseNeRF wo. depth 22.58 23.89 18.75 27.56 26.42 23.23 21.68 18.20 20.87
SuGaR [22] 21.10 22.78 22.42 23.60 24.25 17.93 20.35 19.11 18.40
ScaffoldGS [41] 22.63 21.98 22.68 24.37 24.15 27.76 20.39 19.64 20.08
Mip3DGS [91] 23.65 23.49 24.97 25.27 24.49 27.69 21.38 21.23 20.66
3DGS [29] 24.11 23.79 25.54 26.16 25.28 28.39 21.87 21.34 20.51
Light3DGS [16] 24.21 23.94 26.95 25.62 25.91 27.45 21.82 21.38 20.60
2DGS [25] 24.42 24.06 25.17 27.92 26.96 27.53 21.83 21.58 20.27

3DGS w.LMoran 24.21 23.91 26.09 27.65 25.86 27.07 21.38 21.26 20.46
SplatFields3D 24.94 26.51 25.59 28.29 25.92 27.36 23.12 21.86 20.88

8 Input Views
SparseNeRF [75] - 22.33 17.97 - 23.81 23.01 19.85 17.85 20.02
SparseNeRF wo. depth 22.20 24.06 18.42 27.09 25.12 23.04 21.23 17.94 20.74
SuGaR [22] 20.62 21.91 22.33 23.01 23.30 18.60 19.59 18.66 17.55
ScaffoldGS [41] 21.53 20.95 21.35 23.77 22.77 26.40 18.88 18.96 19.17
Mip3DGS [91] 22.37 22.05 23.23 24.24 23.57 26.32 19.91 20.10 19.55
3DGS [29] 22.93 22.55 23.69 25.57 24.43 27.37 19.98 20.33 19.49
Light3DGS [16] 22.98 22.67 24.98 24.79 24.40 26.59 20.60 20.41 19.41
2DGS [25] 23.04 22.19 23.63 26.76 25.46 26.24 20.16 20.60 19.25

3DGS w. LMoran 23.19 22.79 24.56 26.57 25.14 26.97 19.79 20.41 19.32
SplatFields3D 23.98 24.71 23.97 27.87 25.64 26.49 22.15 21.12 19.85

6 Input Views
SparseNeRF [75] - 20.86 18.03 - 22.75 22.40 19.33 16.24 19.54
SparseNeRF wo. depth 20.86 22.62 17.63 25.84 22.65 20.72 19.85 17.25 20.30
SuGaR [22] 19.07 19.89 20.61 20.80 21.92 18.26 17.72 16.86 16.53
ScaffoldGS [41] 19.65 18.21 20.72 19.48 22.20 24.31 16.47 17.21 18.62
Mip3DGS [91] 20.04 19.39 21.81 19.70 21.72 24.44 17.02 17.72 18.52
3DGS [29] 20.62 19.80 22.25 21.16 22.75 25.21 17.58 17.77 18.48
Light3DGS [16] 20.76 20.25 23.12 20.66 22.69 24.89 17.83 18.02 18.63
2DGS [25] 20.74 19.38 21.93 23.85 23.26 24.48 16.92 17.91 18.17

3DGS w. LMoran 21.03 20.34 23.05 23.92 22.50 24.64 17.20 18.14 18.48
SplatFields3D 22.26 22.41 22.26 26.19 25.03 24.84 19.33 18.97 19.05

4 Input Views
SparseNeRF [75] - 20.94 17.48 23.81 21.41 21.52 - 15.37 17.03
SparseNeRF wo. depth 17.87 19.31 17.05 23.54 20.26 11.56 17.86 13.64 19.77
SuGaR [22] 16.94 16.96 19.30 19.36 19.07 17.47 15.22 14.73 13.38
ScaffoldGS [41] 16.86 15.40 19.58 17.31 18.40 20.54 14.70 15.27 13.69
Mip3DGS [91] 16.94 16.23 19.60 16.98 18.38 20.56 14.64 14.92 14.21
3DGS [29] 17.37 16.44 19.72 18.65 18.72 20.75 15.43 15.08 14.15
Light3DGS [16] 17.70 16.94 20.35 18.56 18.96 21.53 15.67 15.44 14.19
2DGS [25] 17.58 16.32 19.69 20.67 19.39 21.17 14.45 14.84 14.14

3DGS w. LMoran 18.13 17.06 20.53 22.10 18.25 22.06 15.18 15.32 14.53
SplatFields3D 19.16 18.89 20.19 24.31 19.31 21.73 16.83 16.35 15.69
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Table C.2: Sparse static scene reconstruction. Synthetic Blender [47] dataset,
reported numbers indicate SSIM metric on the novel views. See Sec. 5.1 for discussion

12 Input Views
mean Toy Ficus Hotdog Chair Mic Ship Drums Materials

SparseNeRF [75] - 86.07 84.57 - 90.45 92.23 76.28 83.65 85.40
SparseNeRF wo. depth 87.54 88.64 85.10 93.96 91.77 92.55 77.69 83.69 86.94
SuGaR [22] 85.60 86.24 89.09 90.29 90.94 85.86 76.81 82.77 82.76
ScaffoldGS [41] 87.47 86.22 90.65 92.06 90.75 96.21 73.02 85.75 85.10
Mip3DGS [91] 89.78 87.81 93.87 93.15 92.46 96.90 76.42 89.67 87.96
3DGS [29] 90.01 88.57 94.11 93.45 93.48 96.98 76.11 89.81 87.55
Light3DGS [16] 90.30 88.51 95.31 93.45 93.52 96.64 76.57 89.98 88.42
2DGS [25] 91.09 90.18 94.20 94.85 94.93 96.77 79.09 90.41 88.27

3DGS w. LMoran 90.45 89.31 94.62 94.40 94.07 96.52 76.71 89.97 88.01
SplatFields3D 91.18 91.06 94.36 95.55 92.42 96.17 81.03 90.90 87.98

10 Input Views
SparseNeRF [75] - 85.65 84.30 - 89.57 92.27 75.51 82.52 83.82
SparseNeRF wo. depth 86.95 88.45 84.65 94.06 91.26 92.39 77.25 82.12 85.42
SuGaR [22] 83.83 84.27 88.55 90.52 88.77 84.39 74.27 80.78 79.10
ScaffoldGS [41] 85.45 83.27 90.14 89.66 88.56 95.77 70.66 83.46 82.10
Mip3DGS [91] 88.00 85.68 93.15 91.76 90.34 96.44 73.98 88.22 84.41
3DGS [29] 88.27 86.30 93.65 92.19 91.23 96.49 73.89 88.48 83.93
Light3DGS [16] 88.76 86.66 94.82 92.41 91.70 96.27 74.37 88.75 85.12
2DGS [25] 89.51 88.42 93.61 93.79 93.26 96.37 76.52 89.38 84.72

3DGS w. LMoran 88.94 87.53 94.24 93.32 91.88 95.98 75.10 88.74 84.69
SplatFields3D 90.32 91.34 93.70 95.09 91.14 95.95 80.25 89.85 85.26

8 Input Views
SparseNeRF [75] - 84.85 83.98 - 88.39 92.06 74.32 81.44 83.66
SparseNeRF wo. depth 86.30 88.27 83.97 93.65 90.23 92.15 76.01 81.38 84.78
SuGaR [22] 82.74 82.04 87.95 89.41 87.60 85.08 72.80 79.84 77.23
ScaffoldGS [41] 83.62 80.54 88.25 89.04 86.23 95.01 68.49 81.49 79.91
Mip3DGS [91] 86.24 82.93 91.03 90.84 89.21 95.77 71.86 86.15 82.14
3DGS [29] 86.63 84.05 91.56 91.63 90.49 95.99 70.96 86.62 81.76
Light3DGS [16] 87.11 84.44 93.01 91.47 90.17 95.76 72.16 86.97 82.92
2DGS [25] 87.72 84.80 91.74 93.13 91.79 95.72 74.06 87.89 82.65

3DGS w. LMoran 87.35 85.15 92.57 92.50 91.04 95.88 72.03 87.26 82.36
SplatFields3D 88.94 88.04 91.69 94.68 90.91 95.48 78.76 88.50 83.46

6 Input Views
SparseNeRF [75] - 83.25 83.70 - 87.76 91.53 72.96 78.58 83.47
SparseNeRF wo. depth 84.42 85.68 82.33 92.51 87.47 90.72 72.50 79.58 84.59
SuGaR [22] 79.85 77.67 85.51 86.44 84.98 84.24 68.93 76.35 74.68
ScaffoldGS [41] 80.34 74.13 87.01 82.79 84.99 93.10 62.49 78.61 79.59
Mip3DGS [91] 83.09 77.68 89.34 86.81 86.46 94.58 66.45 82.08 81.34
3DGS [29] 83.56 78.58 89.79 87.81 87.35 94.81 66.71 82.45 80.94
Light3DGS [16] 84.34 79.64 91.08 88.67 87.49 94.76 67.63 83.09 82.33
2DGS [25] 84.43 78.54 89.71 90.36 88.16 94.59 68.63 83.87 81.61

3DGS w. LMoran 84.54 80.20 90.84 90.15 87.76 94.50 67.49 83.47 81.89
SplatFields3D 86.62 84.05 89.56 93.62 89.53 94.50 74.14 85.03 82.55

4 Input Views
SparseNeRF [75] - 83.38 82.98 90.95 85.14 90.49 - 76.46 79.48
SparseNeRF wo. depth 78.66 78.80 80.86 90.57 82.26 72.23 69.29 71.97 83.28
SuGaR [22] 75.61 72.07 83.08 83.68 80.66 82.48 63.46 70.73 68.69
ScaffoldGS [41] 74.99 68.04 84.68 76.92 77.58 90.24 59.60 71.20 71.68
Mip3DGS [91] 77.67 71.47 85.73 82.68 81.00 91.42 61.17 74.27 73.62
3DGS [29] 78.12 72.17 85.97 83.78 81.49 91.55 62.05 74.80 73.18
Light3DGS [16] 79.38 73.58 86.93 85.98 81.91 92.25 63.27 75.88 75.22
2DGS [25] 79.26 72.84 86.04 86.62 82.54 92.04 63.57 76.25 74.14

3DGS w. LMoran 79.65 73.79 87.05 87.79 82.01 92.39 63.31 75.95 74.88
SplatFields3D 82.26 78.23 86.17 92.10 83.85 91.92 70.40 78.67 76.77



6 M. Mihajlovic et al.

Table C.3: Static three-view reconstruction on the DTU dataset [28]. SplatFields
demonstrates more accurate reconstructions compared to the NeRF- (VolRecon [63],
ZeroRF [68]) and splatting-based (3DGS [29], 2DGS [25]) baselines; the displayed met-
ric is PSNR↑

mean Scene ID Number (PSNR↑)
PSNR↑ 105 106 110 114 118 122 24 37 40 55 63 65 69 83 97

VolRecon 11.42 9.03 15.19 16.45 11.66 17.96 18.29 7.86 6.30 7.86 12.90 6.54 10.06 14.84 7.77 8.64
ZeroRF 19.10 21.36 14.30 20.96 18.86 19.24 23.45 15.78 15.23 16.06 21.02 23.62 18.31 15.05 24.17 19.13
3DGS 19.40 20.07 17.06 17.04 20.56 18.25 20.23 18.76 19.82 18.29 21.03 22.63 20.02 15.86 21.64 19.76
2DGS 20.70 21.25 19.23 19.17 19.90 19.75 22.04 19.71 20.22 19.56 21.95 23.16 22.37 17.64 23.13 21.47

SplatFields 21.07 21.93 19.11 19.77 22.03 21.35 24.49 18.43 19.82 19.67 21.45 23.79 22.64 17.54 23.52 20.52

ized from static 3DGS ran for 3k iterations akin to [85]. We run recent dynamic
3DGS methods [78, 85] with their default configurations, while results for the
NeRF-based methods are adopted from the previous work [82,85].

We further provide additional metrics SSIM and PSNR in Tab. C.4. Note
that SSIM and PSNR are less reliable metrics due to noisy camera calibrations.

Multi-view dynamic reconstruction (Sec. 5.2). Dynamic NeRF-based
methods (DyNeRF [37], TNeRF [37], DNeRF [57], HyperNeRF [53]) are trained
with SDF parametrization as they are better suited for sparse view reconstruc-
tion. We use the implementations with ResField MLPs [45] (256 neurons) and
train them for 400k iterations, following the training scheme from [45].

For dynamic Gaussian splatting methods (4D-GS [84], Deformable3DGS [85],
4DGaussians [78]), we use their default implementations and adopt additional
mask loss with the weight of 0.1. All of these methods, including ours, are
trained with a batch size of 5. 4D-GS is trained with default 30k iterations. De-
formable3DGS is trained until the full convergence of 200k iterations. 4DGaus-
sians is trained for 30k iterations, we noticed that longer training leads to over-
fitting and the loss becomes an invalid number.

Additional SSIM metric is reported in Tab. C.5. Akin to the main paper,
SplatFields demonstrates consistently better reconstruction quality across all
scenes and varying number of input views.

Compute, memory overhead, and inference time. Compared to the
original 3DGS, our method requires longer training to converge (∼10 min. for
3DGS vs. ∼70 min. for ours on the Toy scene) and consumes a greater amount
of GPU memory (∼5GB for 3DGS vs. about ∼8GB for ours). However, after
training, the neural components can be discarded, leaving the inference speed and
memory usage equivalent to that of 3DGS. In dynamic setups, the training times
of our method are comparable to other dynamic 3DGS methods that also employ
neural networks. Our neural network architecture comprises ∼1M parameters
for the static case. All the run-times reported in the paper are calculated on an
NVIDIA RTX 3090.

CNNs vs. MLPs on extremely sparse view setups. CNN module en-
hances the capacity of the SplatFields, which may lead to slight overfitting in ex-
tremely sparse scenarios, such as a 4-view setup. However, as additional views are
incorporated and the model receives more diverse inputs, the ability of CNNs to
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Table C.4: Monocular reconstruction of dynamic sequences from the NeRF-DS
dataset [82] with recent state-of-the-art methods. The forward slash in FPS indicates
the rendering speed with the inference of neural network vs. without when the rendering
primitives are extracted and stored for each frame

Resources LPIPS↓ (×102)
FPS ↑ t ↓ mean Sieve Plate Bell Press Cup As Basin

3D-GS [29] 120+ 15 min 29.20 22.47 40.93 25.03 29.04 25.48 29.94 31.53
TiNeuVox [17] < 1 30 min 27.66 31.76 33.17 25.68 30.01 36.43 39.67 26.90
4DGaussians [78] 120+/50 30 min 21.06 16.39 23.80 21.84 21.68 19.06 22.06 22.57
HyperNeRF [53] < 1 1 day 19.90 16.45 29.40 20.52 19.59 16.50 17.77 19.11
Deformable3DGS [85] 120+/30 1 h 19.79 15.30 25.04 15.93 29.89 15.38 17.88 19.10
NeRF-DS [82] < 1 1 day 18.16 14.72 19.96 18.67 20.47 17.37 17.41 18.55

SplatFields4D 120+/30 1 h 17.86 14.72 22.43 16.10 19.26 15.67 17.71 19.11

PSNR↑
FPS ↑ t ↓ mean Sieve Plate Bell Press Cup As Basin

3D-GS [29] 120+ 15 min 20.29 23.16 16.14 21.01 22.89 21.71 22.69 18.42
TiNeuVox [17] < 1 30 min 21.61 21.49 20.58 23.08 24.47 19.71 21.26 20.66
4DGaussians 120+/30 30 min 23.68 26.77 20.51 24.25 25.55 23.69 25.50 19.47
HyperNeRF [53] < 1 1 day 23.45 25.43 18.93 23.06 26.15 24.59 25.58 20.41
Deformable3DGS [85] 120+/30 1 h 23.54 25.16 19.97 25.02 24.18 24.64 26.26 19.57
NeRF-DS [82] < 1 1 day 23.60 25.78 20.54 23.19 25.72 24.91 25.13 19.96

SplatFields4D 120+/30 1 h 23.84 25.35 20.36 25.51 25.43 24.29 26.21 19.71

SSIM↑
FPS ↑ t ↓ mean Sieve Plate Bell Press Cup As Basin

3D-GS [29] 120+ 15 min 78.16 82.03 69.70 78.85 81.63 83.04 80.17 71.70
TiNeuVox [17] < 1 30 min 82.34 82.65 80.27 82.42 86.13 81.09 82.89 81.45
4DGaussians 120+/30 30 min 83.22 87.18 79.70 81.14 85.73 86.46 85.73 76.62
HyperNeRF [53] < 1 1 day 84.88 87.98 77.09 80.97 88.97 87.70 89.49 81.99
Deformable3DGS [85] 120+/30 1 h 84.05 87.58 79.14 84.52 81.22 88.71 88.49 78.69
NeRF-DS [82] < 1 1 day 84.94 89.00 80.42 82.12 86.18 87.41 87.78 81.66

SplatFields4D 120+/30 1 h 85.17 87.78 80.26 84.74 86.64 88.73 88.59 79.44

capture structural patterns become increasingly beneficial; this is demonstrated
by the improved performance in denser view setups. Please also note that the
CNN-based SplatFields model is still better than the vanilla 3DGS method in
the 4-view setup (Tab. C.1-C.2).

Spatial autocorrelation: sparse vs. dense view setup. A simple ex-
periment under different view setups on Toy [47] demonstrates (Tab. C.6) a
tendency that overfitting (high ∆PSNR) corresponds to lower autocorrelation,
especially for RGB.
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Table C.5: Multi-view reconstruction of dynamic sequences from the Owlii dataset
[47] under varying number of input views. The reported metric is SSIM↑ averaged across
novel views. See Sec. 5.2 for discussion

10 Input Views
mean Dancer Exercise Model Basketball

4D-GS [84] 95.34 95.31 95.96 94.92 95.16
Deformable3DGS [85] 93.80 94.10 95.09 91.58 94.43
4DGaussians [78] 95.91 95.19 96.47 95.71 96.28

SplatFields4D (30k it) 96.52 96.41 96.72 95.99 96.98
SplatFields4D (40k it) 96.57 96.47 96.76 96.04 97.02
SplatFields4D (100k it) 96.67 96.59 96.83 96.16 97.11
SplatFields4D (200k it) 96.81 96.76 96.92 96.32 97.23

8 Input Views
mean Dancer Exercise Model Basketball

4D-GS [84] 93.71 94.19 93.94 93.29 93.40
Deformable3DGS [85] 92.37 93.24 93.29 90.33 92.62
4DGaussians [78] 95.00 94.39 95.45 94.92 95.26

SplatFields4D (30k it) 95.99 95.97 96.05 95.44 96.52
SplatFields4D (40k it) 96.04 96.02 96.08 95.49 96.56
SplatFields4D (100k it) 96.15 96.15 96.16 95.62 96.65
SplatFields4D (200k it) 96.28 96.31 96.26 95.78 96.77

6 Input Views
mean Dancer Exercise Model Basketball

4D-GS [84] 87.23 89.52 87.05 85.16 87.20
Deformable3DGS [85] 90.95 91.73 91.48 89.11 91.48
4DGaussians [78] 93.87 93.58 94.45 93.05 94.40

SplatFields4D (30k it) 95.40 95.62 95.51 94.53 95.95
SplatFields4D (40k it) 95.45 95.67 95.54 94.59 95.99
SplatFields4D (100k it) 95.56 95.81 95.62 94.70 96.09
SplatFields4D (200k it) 95.69 95.99 95.71 94.85 96.21

4 Input Views
mean Dancer Exercise Model Basketball

4D-GS [84] 78.94 80.81 78.72 78.09 78.15
Deformable3DGS [85] 87.10 89.04 87.67 85.05 86.63
4DGaussians [78] 89.50 90.34 90.67 87.47 89.51

SplatFields4D (30k it) 91.46 92.61 91.99 88.98 92.28
SplatFields4D (40k it) 91.49 92.65 92.01 88.99 92.31
SplatFields4D (100k it) 91.54 92.76 92.04 89.01 92.36
SplatFields4D (200k it) 91.60 92.89 92.07 89.02 92.41

Table C.6: Moran’s I on Toy [47] for a varying number of views

#Views 5 25 50 75 100
Train PSNR 51.85 45.10 41.11 40.23 40.03
Test PSNR ↑ 18.07 30.12 33.75 35.02 35.34
∆PSNR ↓ 33.78 14.98 7.36 5.21 4.69
Moran RGB ↑ 0.467 0.588 0.634 0.655 0.661
Moran Opacity ↑ 0.710 0.746 0.744 0.742 0.736
Moran Covariance ↑ 0.426 0.414 0.452 0.465 0.476
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