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Abstract. Neural rendering techniques allow for accurate reconstruc-
tion of the geometry and color appearance of 3D scenes. Some methods
have extended their use to additional imaging modalities, such as multi-
spectral, infrared, or polarimetric data. However, all of these approaches
require expensive sensors and calibrated setups to capture new multi-
modal frames for each new scene. We propose Spectral and Polarimetric
Implicit Learned Representation (SPoILeR), a novel method to obtain
multi-view consistent renderings of unconventional modalities for scenes
where either only RGB frames or very few of the additional modali-
ties are available. Thanks to a multimodal pre-training phase, the model
learns the mutual correlation between different modalities. This step al-
lows predicting accurate renderings of unconventional modalities during
a fine-tuning phase supervised only by RGB images. Experimental results
show that the approach can accurately render infrared, polarimetric, and
multispectral frames for scenes where no input sample captured by these
types of sensors is provided.
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1 Introduction

Neural Radiance Fields (NeRF) [47] represented a turning point for Novel View
Synthesis by permitting the rendering of images with a photorealistic appearance
and accurate multi-view consistency. NeRF evolved rapidly to solve also related
tasks, such as multi-view 3D geometry reconstruction [39, 41, 62, 64, 65, 72], the
inverse rendering problem [5, 29, 67, 70, 76], and 3D scene semantic segmenta-
tion [5, 11, 12, 31, 43]. Gaussian Splatting (GS) [30] further boosted rendering
accuracy at the cost of higher memory requirements and promoted the revision
of many tasks previously addressed with NeRF [13, 26, 40, 53, 54, 79]. However,
the rapid development of NeRF and GS was possible due to the large amount
of available RGB data, which is unquestionably the most popular imaging rep-
resentation but definitely not the only one. There exists a long-standing interest
in exploiting information captured by different imaging sensors to solve complex
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Fig. 1: The proposed approach firstly learns the correlation across multiple modalities
on a collection of scenes. Then, a single-scene fine-tuning on RGB data alone produces
a model able to render views of arbitrary modalities for the considered scene.

tasks or enhance result quality. For example, there exist Multispectral (MS)
sensors that are sensitive to different bands of visible light, Near-Infrared (NIR)
sensors that allow sensing radiation with wavelength over 700 nm, and Polar-
ization (Pol) sensors that can measure the polarization of light. Employing MS
and NIR data, it is possible to perform tasks such as physics-based render-
ing [14, 32], image content enhancement [23, 59, 81], and solve ill-posed classifi-
cation problems [20, 56, 63, 74]. Similarly, polarimetric data provide additional
information on surface orientation and material properties, which is particularly
helpful for the problems of shape-from-polarization [2,34], material properties es-
timation [15,35,36], and reflection removal [33,71]. There exist works that exploit
data different from RGB for novel view synthesis, 3D reconstruction, or inverse
rendering purposes, and that are based on NeRF [15,24,35,37,38,45,50,51,69,73]
or GS [10, 22, 44, 58, 61]. However, these methods focus on either a single or a
couple of modalities, while just a few works perform novel view synthesis by in-
cluding a wider set of multiple imaging modalities [21,32,42,52]. One limitation
common to all of these works is that they require multiple multi-view consis-
tent images of the same scene, captured by sensors that are more expensive and
cumbersome to deploy compared to RGB cameras, thus limiting their practical
applicability. Data availability is scarce, and this also prevents the training of
large foundation models for these tasks. Moreover, methods that perform con-
version from RGB to a different modality [6, 77] lack multi-view consistency.

In this work, we build a multimodal neural representation that overcomes
these limitations by learning the mutual correlation that exists between differ-
ent modalities, given a generic set of scenes for which multimodal information
is available. Once done, the learned knowledge can be exploited to render ac-
curate and multi-view consistent novel views of unconventional modalities of a
new scene for which either only RGB or a very limited number of other modality
frames are available. For this purpose, we introduce several novel contributions:

– A multimodal multi-scene pre-training (PT) procedure able to encode the
information captured by different sensors from different scenes in a multi-
modal latent space. The PT also optimizes decoders for every sensor, capable
of mapping the latent space into explicit multimodal radiance information.
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– A fine-tuning (FT) pipeline that can operate in a novel scene even if captured
with a limited subset of sensors. The FT phase, due to the PT knowledge,
estimates the radiance information of missing modalities, thus allowing the
model to render photorealistic and multi-view consistent novel views without
the need for modality-specific sensor captures of the new scene.

– A regularization procedure consisting of three ad-hoc loss functions that
encourage the model to first build a robust and explainable multimodal latent
space during the PT and then to preserve the knowledge even with a lack of
supervision from other modalities during the FT phase.

– An extensive analysis of the model performance and capabilities with respect
to previous multimodal state-of-the-art solutions for spectro-polarimetric
modality-to-modality conversion [6, 77] and novel view synthesis tasks [42].

2 Related Work

Multimodal Neural Rendering As anticipated in Sec. 1, there exist methods
that tackle the novel view synthesis task by involving multiple imaging modal-
ities. X-NeRF [52] is a precursor in this field: it uses a traditional NeRF-based
method to learn the radiance field of forward-facing scenes captured with RGB,
NIR, and MS sensors. Recently, a new interpretation based on GS has been
released, which reduces the rendering time and improves quality [21]. Another
method for multimodal novel view synthesis is NeSpoF [32], which leverages im-
ages with a known polarization state for every band of the visible spectrum to
learn a spectro-polarimetric radiance field. It models the dependence of polar-
ization on spectral bands for novel view synthesis, but the data acquisition is
very demanding in terms of hardware and time. Finally, MultimodalStudio [42]
is a recent NeRF-based method that enables novel view synthesis and 3D recon-
struction from a wider set of heterogeneous modalities. However, all mentioned
methods require capturing a complete set of multimodal images for every new
scene to reconstruct. Generally, sensors different from RGB cameras are expen-
sive, and the acquisition procedure may be more complex and time-consuming.
With SPoILeR, we address this limitation by reducing the need for multimodal
images to a one-off pre-training step that learns the mutual correlations between
modalities. This allows one to perform fine-tuning trainings on novel scenes cap-
tured by a single modality (e.g ., RGB) and still be able to render multimodal
frames, thus eliminating the need for expensive multimodal acquisitions.

Modality-to-modality Conversion Several feed-forward methods have been
proposed to estimate different modalities from RGB images. Multi-MAE [4] and
4M [3,48] are popular examples of models that can convert a single RGB frame
to a variety of different semantic and geometric modalities. There exist also
multi-view methods like RoRE [18] that can achieve consistent novel view syn-
thesis across multiple modalities. However, all these feed-forward models require
extensive paired data for training, and thus, due to the lack of spectral and po-
larimetric data, they are not always viable solutions, particularly when dealing
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with custom sensors for which only small datasets exist. On the other hand,
StylizedNeRF [27] and StylizedGS [75] enable the possibility of replicating the
style of a single conditioning image on novel views. However, when using spec-
tral or polarimetric images as conditioning, they cannot assign the physically
correct spectral radiance to the scene objects. Regarding RGB to Hyperspec-
tral (HS) conversion, some methods are based on CNN [57], Vision Transformer
(ViT) [16, 68], or they recursively invoke a reconstruction module for a coarse-
to-fine estimation [46]. A popular robust baseline for RGB to HS conversion is
MST++ [6], the winner of the NTIRE 2022 Spectral Recovery Challenge [1]. It
is based on a ViT that employs Spectral-wise Multi-head Self-attention blocks
to learn the correlations between RGB and HS spatial and spectral informa-
tion to perform spectral restoration. Considering polarimetric data, the recently
published PolarAnything [77] work converts from RGB to Pol by estimating the
Angle of Polarization (AoP) and Degree of Polarization (DoP). For this pur-
pose, the authors fine-tuned Stable Diffusion [55] with synthetic polarimetric
data. However, these methods share a common limitation: they predict infor-
mation that is not multi-view consistent because they consider only a single
RGB view at a time. Employing these frameworks to convert a set of multi-view
RGB images to MS or Pol data leads to results that exhibit clear inconsisten-
cies between different views. Therefore, in practice, they are not reliable enough
to support multimodal novel view synthesis. In contrast, SPoILeR can produce
multimodal renderings that are multi-view consistent by construction, given that
it optimizes a single 3D representation. In Sec. 4.5, we validate these claims by
comparing SPoILeR with state-of-the-art modality conversion strategies such as
MST++ and PolarAnything.

Cross-scene Novel View Synthesis Vanilla NeRF and GS are generally
optimized for single scenes. However, there exist methods that propose training
on several scenes to enable zero-shot novel view synthesis of new scenes [8,25,28,
60,66,78,80,82]. All these methods rely on CNN or ViT models which are known
to be data hungry for training. On the other hand, Dictionary Fields (DiF) [9]
proposes an implicit representation decoupled into coefficient and basis modules,
suitable for addressing the few-shot novel view rendering task as well. The key
advantage of this approach is that its architecture explicitly induces a separation
of cross-scene and scene-specific information, without requiring large amounts of
data to train. In SPoILeR, we reinterpret this concept to promote the learning
of shared multimodal knowledge. Unlike DiF, our FT step is dense in terms of
multi-view coverage; instead, we leverage the basis and coefficient architecture to
address the much sparser modality coverage of the FT with respect to the PT.
Moreover, unlike DiF, we explicitly define and regularize a multimodal latent
space that learns to model the mutual correlations between modalities.

3 Method

In this section, we present SPoILeR, a multimodal NeRF-based approach with
generalization capabilities across different scenes and imaging modalities. As
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Fig. 2: Radiance module architecture scheme: fea-
tures from basis and coefficients are combined and
decoded into different radiance modalities.

Fig. 3: PT routine visualization:
scene-specific and shared modules
are alternatively optimized.

shown in Fig. 1, we assume to have a generic set of training scenes with multi-
view images captured by different sensors. The goal is to learn a multimodal
radiance field of a new scene for which only RGB or very few modalities are
available. This allows for the recovery of an accurate and multi-view consistent
multimodal representation that enables the photorealistic novel view synthesis
of any modality included in the set of sensors. For this purpose, we first propose
to learn multimodal knowledge during a PT phase from a set of scenes. Then, a
subsequent FT phase adapts only part of the model to new scenes.

3.1 Model Architecture

The SPoILeR NeRF-based architecture is built on top of MultimodalStudio [42],
a state-of-the-art approach for multimodal neural rendering. As standard NeRF
models, MultimodalStudio Framework (MMS-FW) is scene-specific, thus it can-
not transfer knowledge between different scenes. In contrast, our goal is to build
a strategy that infers missing modalities even when the supervision is limited
to a single modality. Therefore, we employ an architecture that allows us to
store and preserve the learned multimodal priors, but is also flexible enough to
estimate the geometry and spectral properties of specific scenes. We take inspira-
tion from the DiF architecture [9] and substitute the multi-resolution hash-grids
adopted by MMS-FW with two sets of learnable feature grids that act as ba-
sis and coefficient fields, respectively, as shown in Fig. 2. Our model trains on
frames of N different modalities, whose channel sum is C =

∑N
l=1 Cl. Follow-

ing the notation of [9], we estimate a radiance signal s : R3 × S2 → RC , with
r(θ, ϕ) = (sin θ cosϕ, sin θ sinϕ, cos θ) and S2 = {r(θ, ϕ)|0 ≤ θ < π, 0 ≤ ϕ < 2π},
defined as follows:

s(x,v) = P(c(x)⊤b(γ(x)),v), (1)

where x = (x, y, z) is the 3D position, v = r(θ, ϕ) ∈ S2 the camera viewing
direction, c : R3 → RD and b : R3×D → RD the coefficient and basis fields,
and D the learnable feature dimension. The function γ : R3 → R3×D is a peri-
odic coordinate mapping and P : RD → RC is a function that predicts radiance
values. The basis field b and the function P are common to all scenes and respon-
sible for learning the radiance correlation shared between different modalities.
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The coefficient field c is optimized specifically for each scene to account for the
scene-specific properties, such as textures and reflections. The periodic mapping
function γ, which is a multi-frequency sawtooth function, allows us to apply the
same basis to different coordinates, thus promoting their generalization. In our
formulation, P is the combination of multiple functions: a projection function
J : RD → RD, a latent encoder Z : RD → RZ , with Z as the latent space di-
mensionality, and a modality decoder Dl : RZ → RCl specific to each modality.
The projection function J is responsible for manipulating the product of basis
and coefficient features; the latent encoder Z receives the projection function
output, concatenates it with the viewing direction v and a geometry feature
g from the geometry module and returns the latent vector z; the decoders Dl

decode z into the desired modality channels. Overall, P is defined as follows:

P(f,v,g, l) = Dl(Z(v,g,J (f))), (2)

with f = c⊤b. MMS-FW estimates geometry and radiance with two dedicated
modules. The per-scene geometry module is based on Signed Distance Field
(SDF) [17,49] and returns a density value and a geometry feature g. We maintain
the geometry module unaltered. All the functions forming P are implemented
as shallow Multi-Layer Perceptron (MLP) in order to place most of the model
capacity in the coefficient and basis fields. This is because we need a latent space
that is not too compressed, as it must be easily and consistently estimable even
when only a small subset of supervision modalities is available. One more reason
is that we aim to split the information into either general or scene-specific: gen-
eral information must be stored by the basis field to be available in any scenario,
while scene-specific information must be stored only in the coefficient field, as it
must be completely switched when the scene changes.

The model is trained by minimizing an objective function that includes a
photometric loss averaged between modalities Lmod, the eikonal loss Leik, and
curvature loss Lcurv for geometry regularization [19,39], and three new regular-
ization losses (Llsg, Linv, and Lm2l, detailed in Sec. 3.4) that promote a more
robust and explainable latent space. The full loss function is defined as follows:

L = Lmod + λeikLeik + λcurvLcurv + λlsgLlsg + λinvLinv + λm2lLm2l, (3)

where the λ terms are the weighting coefficients (see Sec. 4.1).

3.2 Pre-training Pipeline: Shared Modules Optimization

As anticipated previously, the model training is organized in two distinct phases:
a pre-training phase and a fine-tuning phase. The PT phase is meant to let the
model learn a basis representation for the radiance, able to generalize well be-
tween different scenes, and the correlation that exists between different imaging
modalities and different scene properties. For this purpose, the model is trained
to estimate the radiance field of several scenes captured by the complete set of
multimodal sensors. At the same time, the unique radiance and geometry prop-
erties of every scene are estimated by independent scene-specific coefficient fields
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and modules, respectively. All other modules, namely the projection function,
the latent encoder, and the modality decoders, are shared between scenes. To
promote an effective separation of shared and specific information, the training
freezes shared and scene-specific modules alternately, with a fixed schedule, as
shown in Fig. 3. When loading a scene, the corresponding coefficient module is
loaded too, and the model is trained for B iterations. The scene-specific modules
(namely, coefficients and geometry module) and the shared modules are trained
for 80% and 20% of the B iterations, respectively. Then, a new scene is loaded,
coefficients are swapped, and the process is repeated. It is important to carefully
consider the role of the geometry feature g produced by the geometry model and
passed as input to the latent encoder Z, part of the radiance module. Previous
works introduced this feature to improve geometry estimation [72]. However, in
our setting, there exists the possibility that part of the radiance information,
that should be stored in the shared modules to remain available during the FT
process, is instead stored in the geometry feature, which is scene-specific. We
found that the best solution to prevent this is to employ a dropout of its gra-
dient. During the PT, only the gradient of one random modality per iteration
can back-propagate through the geometry feature. We observe that this solu-
tion produces good geometry estimation while preserving the shared radiance
information for the FT step.

3.3 Fine-tuning Pipeline: Coefficient Field Optimization

In the FT phase, we get a new scene, not available during the PT phase, captured
only by a subset of the imaging modalities. Leveraging the pre-trained model,
the goal is to recover photorealistic renderings of modalities not available in the
FT phase but available in the PT. For this reason, we need to exploit the knowl-
edge stored in the pre-trained shared modules but, given that the multimodal
supervision signal is now limited, we also need to preserve the learned correla-
tions between modalities as much as possible to avoid catastrophic forgetting.
At the same time, the model must be flexible to learn the new scene-specific
geometry and radiance. Therefore, during FT we freeze the shared modules and
optimize only the scene-specific radiance coefficients and geometry field. As a
result, the much smaller number of learnable parameters than during PT leads
to a much shorter training time than re-training a complete model from scratch
on the new scene. The training objective for the FT matches the PT one, except
for Llsg which is disabled since the latent space geometry must be preserved at
this stage.

3.4 Latent Regularization Strategies

Despite the proposed architectural design and training schedule, as experienced
through empirical evaluation, if the model is trained only on a subset of the
modalities, the optimization is prone to diverge for the modalities not optimized.
For this reason, we introduce 3 latent regularization losses: 1) the latent space
geometry loss, 2) the inverse function loss, and 3) the modality-to-luma loss.
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Fig. 4: The latent space geometry loss encour-
ages the model to produce latents whose pair-
wise distance distribution matches the radi-
ance pair-wise distance distribution.

Fig. 5: Scheme of the inverse func-
tion module I. It predicts the esti-
mated latent vector ẑe from multi-
modal radiance values {m̂1, ..., m̂k}.

Latent Space Geometry Loss This regularization loss aims to promote the la-
tent space explainability. Considering that the multimodal supervision is strongly
limited in the FT, it is reasonable to observe the model estimating suboptimal
latents. We observed that the decoding procedure is sensitive to small latent
perturbations because similar latents are sometimes decoded into very different
radiance values. This issue reduces the capability of the FT phase to obtain
accurate renderings of the missing modalities. To overcome this issue, inspired
by the embedding loss proposed in [7], we introduce the latent space geometry
loss Llsg. The goal is to build a latent space where the distances between latent
representations reflect the distances between the corresponding decoded modali-
ties, as shown in Fig. 4. Unlike in [7] where the aim is to align two latent spaces,
here we treat the modality space as if it were the latent space whose distribution
has to be matched. Let’s consider a set of k latent vectors {ẑ1, ..., ẑk} and the
corresponding set of decoded modality channels {m̂1, ..., m̂k}, with m̂k being
the concatenation of all N modality channels such as m̂k = (Ck1, ..., CkN ). We
compute the pairwise Euclidean distance between all pairs of latents and modal-
ity channels independently, thus building two (k − 1) × (k − 1) matrices, Dz

and Dm. Then, we compute the softmax row-wise in order to extract two PDFs
for each pair of latent vectors and the corresponding modality channels, and we
minimize the difference between the two by applying the Kullback–Leibler (KL)
divergence, as shown in Fig. 4. Therefore, Llsg is defined as follows:

Llsg = KL(softmaxrow(−Dz), softmax(−Dm)). (4)

Note that the “hat” notation above disambiguates the latent vectors z, predicted
for each ray sample, from the latent vector ẑ, which is the result of the inte-
gration of latent vectors along each ray. This solution is adopted to reduce the
computational demand that otherwise would be unaffordable. Finally, we disable
this loss during the FT, as the latent space geometry is already formed.

Inverse Function Loss The second regularization loss that we propose aims
to promote the latent space consistency between the PT and the FT phases.
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Fig. 6: Scheme of the modality-to-luma module
M. It encourages consistency between the refer-
ence RGB luminance g and the estimated lumi-
nance ge predicted from one random modality.

As shown in Fig. 5, we train
a MLP module that, given the
modality radiance values decoded
from a latent vector, estimates the
latent vector itself. We refer to
it as inverse function because it
performs the opposite operation
done by the latent space decoders.
Specifically, the inverse function
I : RC → RZ is defined as ẑe =
IΘ(m̂). This module is trained
during the PT phase to learn the
mapping between modality space
and latent space. In this phase, we prevent the gradient from back-propagating
through the whole model to avoid influencing the latent space formation. Then,
in the FT phase, the inverse function module is frozen, and the estimated latent
vector acts as a reference for the latent vector encoded by Z. We compute the
mean squared error between the actual and estimated latent space and back-
propagate the gradient through the whole model to guide the optimization of
the coefficients c. Therefore, the loss is defined as Linv = MSE(ẑe, ẑ).

The purpose of this loss is to encourage the FT latent space to be coherent
with the latent space learned during PT; otherwise, it is likely that the latent
space diverges and, consequently, the renderings of the estimated modalities.

Modality-to-luma Loss The last regularization loss is the modality-to-luma
loss function. As shown in Fig. 6, we train a shallow MLP that estimates the
function M : RMl → R, where Ml refers to the number of channels of modality
l. Given all channels of a selected modality m̂l, this function returns a grayscale
value ge, defined as ge = MΘ(m̂l, l), that matches the luminance g computed
from the RGB channels. Therefore, the modality-to-luma loss is computed as
Lm2l = MSE(ge, g). In this case, as before, we train the module during the PT by
detaching the gradient, then use it frozen during FT. In our case, all modalities
integrate light from the visible spectrum; therefore, they are indeed correlated.
However, some of them (e.g ., near-infrared, mono, and polarization) also inte-
grate part of the infrared spectrum. Because of this, we observed that the model
tends to ignore their correlation with other modalities and decouple their rep-
resentations into more orthogonal ones. The modality-to-luma loss encourages
the model to preserve the modality correlation during FT, when complete multi-
modal supervision is missing. However, its effectiveness is subject to the chosen
modality set because it is not always the case that their values are correlated
with RGB radiance (e.g ., for thermal images). Considering that our modality
set satisfies this constraint, we believe that its use is motivated in our scenario.
Finally, it is worth noting that the inverse function and the modality-to-luma
losses act as complementary regularizations: the inverse function loss promotes
the preservation of latent space, particularly for well correlated modalities; the
modality-to-luma loss acts as guidance for the less correlated ones.
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4 Experimental Evaluation

In this section, we present a set of experiments that demonstrate the effectiveness
of SPoILeR. We recall that the main goal of this work is to build a method
that can learn the mutual correlation between different imaging modalities in
order to enable the generation of photorealistic renderings of any of them, even
when the scene is captured by a single or a limited subset of sensors. For this
reason, we focus on the FT results while including most of the PT results in
the supplementary material. In the next sections, we show that SPoILeR can
produce accurate renderings of modalities with limited or no supervision. We
also include comparisons with single-view RGB-to-modality methods such as
MST++ [6] and PolarAnything [77], proving that SPoILeR can outperform them
in terms of multi-view radiance consistency.

4.1 Implementation Details

We recall that the model is trained in 2 stages: a multi-scene pre-training fol-
lowed by a scene-specific fine tuning. The PT runs for 1M iterations on a single
NVIDIA RTX 6000 Ada. In the PT, the parameter B (Sec. 3.2) is set to 15 iter-
ations, while λeik and λcurv are set at 0.1 and 0.0005, respectively, as suggested
in [39]. The regularization loss weights are set to λlsg = 0.1, λinv = 1.0, and
λm2l = 1.0. The scene-specific FT runs for only 30k iterations using λinv = 0.01
and λm2l = 0.02, while the latent space geometry loss is disabled in this phase.

To evaluate the results, we consider MMS-FW as a reference and compare
with its metrics. However, it is important to mention that defining a fair compar-
ison is not trivial. MMS-FW is trained from scratch on a single scene, optimized
for 100k iterations, and its radiance module counts ∼12M parameters. On the
other hand, our FT model is optimized for 30k iterations and its radiance module
has ∼4.1M parameters, but only ∼7% of them are trainable (∼300k parameters).
The other ∼3.8M are frozen because optimized only during the PT for ∼200k
iterations on several different scenes. However, the PT step must be completed
just once, thus it is reasonable not to consider it when evaluating the cost of the
per-scene optimization. The choice to use a smaller model with respect to [42]
is motivated by the fact that the PT phase has high memory requirements in
order to handle several scenes at the same time. Given the differences in ar-
chitectures and training pipelines, it is impossible to align the model capacities
and the number of training iterations. For these reasons, we opt to preserve the
original architecture of MMS-FW, but it is worth noting that SPoILeR has 3
times smaller capacity and the fine-tuning time is 4 times shorter.

4.2 Datasets and Metrics

The experiments are conducted on MMS-DATA [42], a multi-view multimodal
dataset encompassing 5 different modalities: i.e., RGB, NIR, Mono, Pol, and
MS images. It includes 32 object-centric scenes. The PT is performed on 27
scenes, and the FT on the remaining 5 scenes. Given that SPoILeR is built on
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Fig. 7: Qualitative samples from the “Fruits” scene FT performed with only RGB data

MultimodalStudio [42], we follow the same strategy of training our model with
MMS-DATA raw mosaicked frames and computing the metrics only on masked
foreground regions. To evaluate the quality of all rendering results, we use Peak
Signal-to-Noise Ratio (PSNR) as the main metric. In addition, we also show
Structural Similarity Index Measure (SSIM) for single channel or demosaicked
images, since its use is not appropriate with mosaicked data [42].

4.3 Multi-scene Pre-training and Single-scene Fine-tuning

As described in Sec. 3, SPoILeR is trained in two stages: firstly, a multi-scene
PT phase and then a single-scene FT phase. The output of the FT stage is the
final outcome that we discuss in this section. The main purpose of the PT is to
learn the scene-independent mutual correlations between modalities to effectively
support the lack of multimodal data during the FT, rather than accurately re-
constructing the pre-training scenes. The PT rendering accuracy, reported in the
supplementary material, is slightly lower than FT results, and this is reasonable
as, unlike single-scene methods, its focus is more on generalization. Considering
the FT metrics shown in Tab. 1, it is possible to compare the results achieved by
SPoILeR and MMS-FW. When supervised by a single modality, namely RGB,
it is interesting to note that SPoILeR achieves a higher PSNR than MMS-FW.
This result highlights that the PT knowledge, built across several modalities and
scenes, helps to improve the quality also of supervised modalities with respect
to a model trained from scratch on a single scene. More importantly, it also al-
lows rendering additional modalities not part of the FT training images, which
is impossible for MMS-FW and for standard novel view synthesis approaches.

In Tab. 1, we also show the results achieved by SPoILeR and MMS-FW when
supervised by all modalities. These results serve as upper bounds for our FT
model with single-modality supervision. As expected, MMS-FW outperforms
SPoILeR, due to its larger capacity and the training on a single scene from
scratch. We observe that the improvement driven by these factors can be quan-
tified in ∼2 dB of PSNR, while SSIM is perfectly comparable. In Fig. 7, we show
some qualitative results; additional results are in the supplementary material.
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Table 1: Results of SPoILeR (Ours) FT
and of MMS-FW [42], averaged on the
five FT scenes. Standard case: both models
are trained only with RGB frames. Upper
bounds: both models are supervised with
frames of all modalities.

Train Test PSNR↑ SSIM↑Mod. Mod.

St
an

da
rd

ca
se

Ours RGB

RGB 30.07 -
Mono 25.78 0.88
NIR 26.55 0.87
Pol 24.25 -
MS 25.45 -

MMS RGB RGB 29.53 -

U
pp

er
bo

un
ds Ours ALL

RGB 30.54 -
Mono 29.21 0.93
NIR 32.12 0.92
Pol 29.32 -
MS 28.46 -
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Fig. 8: Tests with an unbalanced com-
bination of modalities. X axis refers to
the number of additional modality (MS,
Pol, or NIR) frames. Comparison between
SPoILeR (Ours) and MMS-FW.

4.4 Unbalanced Combination of Modalities

In this section, we investigate the results achieved by MMS-FW when trained
with an unbalanced combination of modalities. This test is introduced by [42]
and involves scenarios where many frames of one modality but only a few of a
second one are available, thus the model receives stronger supervision for the first
modality and limited guidance for the second. This scenario represents situations
where, due to deployment or cost constraints, it is impossible to capture the
same amount of frames for every modality. At the same time, even when it
is possible, it demonstrates that having full scene coverage for all modalities
is not mandatory. To prove this claim, we perform some tests involving RGB-
MS, RGB-Pol, and RGB-NIR frames. Following the idea that RGB cameras are
cheaper and more widely accessible, all RGB frames (45) are always available,
while the second-modality frames are reduced to 1, 3, 5, 10, and 25. In Fig. 8, we
show the PSNR trend of the rendered second-modality frames as a function of
the number of available frames. We observe that SPoILeR clearly outperforms
MMS-FW, particularly in scenarios with few second-modality frames available.
When only one MS, Pol, or NIR frame is available, SPoILeR achieves higher
PSNR, with gains of ∼8, ∼7, and ∼6 dB, respectively. With 10 second-modality
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Table 2: Comparison between
SPoILeR and MMS-FW on MS
frames. MMS-FW is trained with
MS frames estimated from RGB
using MST++, denoted as MS*.

Train Test PSNR↑

MMS MS* MS 21.99

Ours RGB MS 25.45

Table 3: Comparison between SPoILeR and
MMS-FW on Pol rendering quality. MMS-FW
is trained with Pol frames estimated from RGB
by PolarAnything, denoted as Pol*. AoP MAngE
ranges in [0°, 90°], DoP MAbsE ranges in [0, 1].

Train Test MAngE(°)↓ MAbsE↓

MMS Pol* Pol 44.13 0.089

Ours RGB Pol 30.05 0.045

frames, SPoILeR still gains ∼2.5 dB on average, and MMS-FW achieves similar
performance as our approach only with 25 frames. These results confirm the
positive effect of the PT phase: by leveraging this knowledge, the FT can more
easily infer the second-modality radiance even with very few available frames. In
these tests, for the sake of fair comparison, both SPoILeR fine-tuning and MMS-
FW are trained for 100k iterations. Note that the only other public multi-view
multimodal dataset that could be used, i.e., X-NeRF, is not very informative
since all scenes are forward-facing and even a single view encompasses almost
the whole scene, thus the benefits of the PT are not appreciable. However, we
replicated the test on X-NeRF: as expected, SPoILeR performs on par with
MMS-FW. We include results on X-NeRF data in the supplementary material.

4.5 Comparisons with Third-party Modality Conversion Methods

In literature, there exist many solutions to predict multimodal data starting
from RGB images, thus a viable strategy for multimodal novel view synthesis is
to use them together with a standard NeRF/GS model. As discussed in Sec. 2,
it is possible to employ methods such as MST++ [6] and PolarAnything [77]
that infer MS and Pol information, respectively, from RGB frames with a feed-
forward single shot approach. However, these methods work on a single view
and could produce results that lack multi-view consistency. To prove this claim,
a possible test is to convert single images from RGB to other modalities using
MST++ or PolarAnything and then feed the output to a NeRF model, such
as MMS-FW. We performed some additional tests to compare this approach
with SPoILeR on MS or Pol frames. We start by using MST++ to estimate
MS data. Then, we train MMS-FW on these scenes with only the converted
MS images and render the evaluation frames that are then compared with the
GT. This allows us to compute the metrics between the renderings and the GT
frames. Results are in Tab. 2: we observe that SPoILeR outperforms MMS-FW
coupled with MST++ in terms of PSNR by 3.46 dB. This happens because,
as expected, MST++ does not produce multi-view radiance consistent frames.
Therefore, inaccurate information is propagated and averaged through the 3D
volume by the NeRF, reducing the accuracy of the final rendering. We perform
analogous tests for Pol frames converted from RGB with PolarAnything. As
proposed by [77], the polarization can be evaluated by considering the AoP and
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Table 4: Ablation study PSNR results. Be-
tween brackets: difference with respect to the
full model. Results of FT on RGB frames only.

Mod. Ours w/o Llsg w/o Linv w/o Lm2l

RGB 30.07 29.90(-0.17) 29.96(-0.11) 29.95(-0.12)
Mono 25.78 25.44(-0.34) 25.54(-0.25) 21.04(-4.38)
NIR 26.55 26.30(-0.24) 25.96(-0.58) 22.91(-3.64)
Pol 24.25 23.08(-1.18) 24.01(-0.24) 23.73(-0.52)
MS 25.45 23.14(-2.31) 25.28(-0.17) 25.36(-0.09)

Fig. 9: MS, Pol, and NIR render-
ings with different loss ablations

DoP in terms of mean angle error (MAngE) and mean absolute error (MAbsE).
In Tab. 3 we compare the results achieved by SPoILeR fine-tuning with those
of MMS-FW using PolarAnything data. Our model outperforms the competitor
in terms of both MAngE and MAbsE, by 14.08° and 0.044, respectively. In this
case, PolarAnything cannot generate multi-view consistent Pol frames because
it was trained on single-view images. Therefore, combining the contributions
of frames from different views leads to very inaccurate results when training
a NeRF model. In contrast, SPoILeR relies on the PT knowledge, built across
multiple different 3D scenes, thus it is more robust when predicting different
views of one missing modality. In conclusion, SPoILeR confirms its reliability
and proves to be the current state-of-the-art in terms of multi-view consistency
for the task of modality-to-modality conversion. Details about the conversion
procedure and qualitative results by MST++ and PolarAnything are in the
supplementary material.

4.6 Ablation Study

Finally, we perform an ablation study on the model components. In Tab. 4, we
compare the results of the FT with the results of the model when ablating each of
the loss functions introduced in Sec. 3.4. Firstly, we observe that every ablation
leads to worse results in terms of PSNR. Looking at the results, the modality-
to-luma Lm2l loss appears to be the most impactful, particularly for Mono and
NIR data, even though Pol is also slightly affected. One likely reason is that
these three sensors also measure part of the infrared spectrum, albeit with dif-
ferent sensitivities. Therefore, the luminance information carried by these frames
may diverge from what measured by the RGB or MS sensor, thus the model is
likely to decouple the information into more orthogonal latent representations.
Therefore, when supervising only with RGB frames, the model struggles more
to recover the correct Mono, NIR, and Pol information. In contrast, by applying
the Lm2l loss, we make the correlation between all modalities more explicit, thus
encouraging the model to learn a shared mutual representation.

Similar considerations can be made for the inverse function loss Linv. As men-
tioned in Sec. 3.4, the purpose of the loss is complementary to the previous one.
The inverse function encourages the model to maintain the latent space geome-
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try learned during the PT stable. In contrast to the Lm2l that pulls modalities’
radiance towards RGB luma, the Linv aims at preserving the mutual correlations
learned over several scenes and when all the modalities are supervised. In other
words, it acts as an antagonist to the Lm2l to promote latent space stability.

Finally, we observe that the lack of latent space geometry loss Llsg produces
worse results for Pol and MS renderings, while the other modalities are less af-
fected. The purpose of this loss is to make the latent space more explainable, as
it encourages the model to have a latent space that shares consistent distance
measures with the corresponding explicit radiance space. In other words, the
decoded radiance values are less sensitive to small shifts in their latent represen-
tation. MS and Pol are the modalities with the highest information content, and
the channels of each of them are highly correlated. Therefore, it is sufficient that
only part of the MS or Pol channels is well correlated with the supervised modal-
ity to predict a latent vector that, even if sub-optimal, thanks to the regularized
latent space geometry, is decoded to an approximately correct radiance.

5 Limitations

SPoILeR demonstrates the capability of rendering accurate and multi-view con-
sistent spectral and polarimetric frames from a subset of modalities. However,
its design inherently carries some limitations worth mentioning. For example,
the estimation of spectral properties is reliable only for materials similar to
those observed during the PT. Furthermore, a new PT stage must be performed
to predict new modalities. Finally, for consistent predictions, the PT images
must be captured by devices with fixed exposure and white balancing, and with
controlled illumination. Future work will focus on relaxing these constraints by
making the model robust to variations of the illumination spectrum or of the
sensor properties.

6 Conclusions

In this paper, we propose a novel multimodal neural rendering method that can
decouple shared multimodal information from scene-specific content. This allows
learning mutual correlations among different modalities from a set of scenes
and then exploiting this information to render novel multimodal views of new
scenes for which only RGB information is available. The experimental results
demonstrate the effectiveness of our method and show that it outperforms both
multimodal NeRFs and two-stage approaches that employ third-party methods
for modality conversion.
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