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Abstract

State-of-the-art coordinate-based neural networks often struggle to capture complex
high-frequency details. A fundamental problem is reconstructing faithful details
over regions with high variations while refraining from producing artifacts for
smooth inputs. Based on the observation that high-frequency signals usually appear
at boundaries, we propose the local smoothness prior to alleviating this problem: in
signal space, two spatially nearby points with similar geometric relations to bound-
aries should possess similar network features. Thus sharp boundaries can be well
preserved, and noisy artifacts can be filtered out. Following this line of thought, we
develop a framework with two branches: one processes a queried point’s Euclidean
coordinates directly; another encodes the coordinates into a feature representing the
point’s relation to boundaries. By mixing the two-branched features in a multi-scale
manner, our position-based local smoothness prior improves upon existing work in
terms of adaptive detail modeling and network convergence when benchmarked
on image synthesis and shape auto-encoding. Ablation studies for our critical
architectural choices are also conducted to highlight our conceptual and empirical
advantages.

1 Introduction

Deep implicit approaches [36, 39, 30, 13, 10, 14, 8] have appeared to be a powerful tool for modeling
signals. Compared to conventional discrete representations [52, 40, 41, 16, 23, 22], neural implicits
are continuous and thus enjoy strong capabilities in processing unknown number of vertices and
arbitrary topology [44, 54]. Recently, neural implicits have attracted numerous academic attentions
in a number of tasks ranging from 3D reconstruction [36, 30], neural rendering [31, 3], image
translation [7] to deformation approximation [53].

Among these approaches, a central problem is how to capture fine-grained details over noisy areas but
alleviate undesired artifacts for smooth parts, driving two streams of ideas. The first one is to partition
the holistic 3D spaces into smaller ones [8, 10, 49, 5, 13, 14, 46, 28, 32]. While these methods enjoy
the state-of-the-art empirical advantages, they are limited by in-compact representations, and their
memory demands grow cubically with the spatial resolution. Another line of works are to convert
the input signals to a high-frequency series via either periodic activation functions [44, 6] or Fourier
transformations [31, 47] in an economical way. However, they frequently undergo convergence issues
and are easily stuck in local minima; thus, they cannot attend to significant frequency variations and
often introduce artifacts in flat regions. They fail to target locality and orientation aspects as well.
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Figure 1: (a) A rasterized binary image of “Armadillo” [2]. (b) The heatmap for the squared errors
over 5-by-5 neighborhoods. Neighborhoods near the object’s boundary manifests greater variability,
showing that nearby points with different geometric relations to boundaries will have different RGB
values. (c) The learned Gaussian ellipsoids visualized on “Beard Man” [2].

To address these limitations, several efforts have been made as spatial adaptation schemes [17, 29]
through combining the two mentioned idea streams. For example, Hertz et al. [17] propose to
progressively encode the input coordinates by attending to time-spatial information jointly, while
Mehta et al. [29] explicitly decompose the inputs into patches, based on which the activation functions
are modulated. Nevertheless, these methods are still limited because they all depend on the uniform
spatial adaptation strategies and thus are weak in capturing complex signals compactly.

We introduce a simple local smoothness prior to classical edge-aware filtering works [48, 11, 21, 20],
which states that two spatially nearby points with similar relations to boundaries should possess
similar network features. Specifically, we employ a structured set of non-uniform learnable Gaussians
to represent the sharp boundaries, where each Gaussian defines a local coordinate system and provides
more flexibility for orientation, scaling, and translation learning. Computing distances in local frames
allows us to weigh up the corresponding features for each Gaussian. Thus, two nearby points with
similar geometric relationships to the same set of Gaussians will have similar primitive feature vectors,
meeting local smoothness requirements. To fully leverage the potential of local smoothness prior,
we combine it with a spatial adaptation strategy for frequency transformation. In detail, we feed the
weighted primitive features to further smooth the features from frequency transformation.

For each input point, we respect k-nearest primitives to encode locality, thus saving computational
cost. Therefore we can count on a small number of primitives but take advantage of the non-uniform
modeling through translation, rotation, and scaling learning economically with three benefits: 1)
Rather than the fixed positions of regular primitives, we can explicitly model the movable locations,
orientations, and scales, which are proved to be three essential elements for representation learning;
2) Compared to the vanilla coordinate-based networks, we can parse locality descriptions through
relative relation modeling; 3) Imposing the smoothness in feature space enables filtering out the noisy
artifacts in flat areas but preserve high-frequency signals near boundaries.

Combining the irregularity of non-uniform primitive learning and the success of frequency
transformation-based spatial adaptations excels in learning implicit functions. Additionally, our
local smoothness prior can be easily extended to various tasks, showing improvement consistently.

2 Related Work

In this section, we cover representative approaches for implicit neural representations [26, 4, 36, 47,
32, 46] and primitive-based learning framework respectively.

Implicit neural representations. Building neural implicit representations of time and space-varying
signals [36, 39, 30, 13, 10, 14, 8] has become an active area of research. Whilst tremendous progress
has been made with neural implicits for RGB images [39, 7, 6], 3D geometries [30, 47, 5, 46, 35],
audio signals [44], or any physical signals implicitly defined within a differential equation in general
[44], neural implicits can still fall short of representing fine details [31], and incur high computational
cost due to model complexity [18]. Prior works attempt to solve these problems by parametric
encodings [46, 14, 32] and frequency transformations [44, 47, 31].

For frequency transformations [32], Vaswani et al. [51] encode the input feature vector into a higher
dimension space using a sequence of periodic functions. Later, Tancik et al. [47] used a Fourier
Feature mapping for the input coordinates to improve the result fidelity. Meanwhile, Sitzmann et
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al. [44] insert the periodic functions into the intermediate network to facilitate high-order derivative
learning. Recently, Lindell et al. [24] propose to advance and analyze spectral characteristics with
a multi-scale strategy. They tend to improve high-frequency output details while still maintaining
reasonable computation costs.

For parametric encodings [32, 46], the idea is basically to encode the input coordinates of an arbitrary
query point by interpolating a learnable basis consisting of grid-point features (space partitioning) or
parameters of shape primitives. Although dense grids of trainable features are significantly faster
to train and tend to yield more accurate results, they incur a higher memory footprint than neural
network weights. Similarly, Müller et al. [32] stores the trainable feature vectors in a compact hash
table, whose size is a tunable hyperparameter to control the reconstruction quality.

Later, some works try to combine the advantages of frequency transformations and parametric
encodings. For example, SAPE [17] progressively encodes the input coordinates by attending to
time-spatial information jointly. Mehta et al. [29] decompose the inputs into patches, which are
used to modulate the activation functions. Similarly, we explicitly investigate the basis signals to
support detail synthesis like [46, 25]. However, the critical difference is that we employ a set of
low-dimensional irregular primitives to approximate concentrated feature regions, based on which
we do not need to store dense feature vectors during training. In contrast, these parametric encodings
based methods are weak in capturing fine-grained patterns compactly due to their uniform grid size.
Thus we can benefit from better scalability to large scenes and more adaptive detail representations.

Primitive-based learning. Our work is also related to the shape abstraction techniques, whose goal
is to decompose input signals (e.g. 3D shapes) into semantically meaningful simpler elements using
primitive parameters [55, 34, 22, 13, 14]. Previous primitive-based works apply cuboids [50, 34, 55],
superquadrics [37, 38], convexes [10, 12, 8] and CSG trees [43] as the atomic ingredients. Due
to the simplicity and empirical success, like [14, 13], we employ a structured set of ellipsoids for
the shape decomposition. Each orientated ellipsoid provides a local coordinate system, providing
more flexibility for orientation, scaling, and translation learning. The differences lie in 1) Genova
et al. [14, 13] use ellipsoid templates for implicit shape modeling via SDF evaluation at the end of
a network while we perform the primitive learning for feature smoothing. Thus we are not limited
to the shape reconstruction task but enjoy more comprehensive application extensions; 2) [14, 13]
compute the distances between each query point and all ellipsoid frames but we depend on the
closest neighbors for the relative distance computation, advancing the training speed and the learning
capability for locality; 3) We communicate the relationships between spatially-adaptive frequency
transformation and primitive-based feature smoothing, which is not the case for [14, 13]. These
differences enable unique advantages over existing neural implicits learning frameworks.

3 Local Smoothness Layer

In this project, we devise a new scheme to encode input positions so that we can not only allow fine
details to be reconstructed with greater accuracy, but also demonstrate strong capability in reducing
artifacts in smooth regions. To this end, we design a network module specialized to capture the local
smoothness prior for input coordinates, thus naming it as the Local Smoothness Layer (LS Layer).

In Fig. 2, we illustrate the structure of a neural implicit pipeline with a LS Layer inside. Given an
input n × d matrix containing the spatial coordinates of n query points in a d-dimensional space,
the LS Layer outputs its concatenated primitive feature vectors. Specifically, we approximate the
input signal space under a basis of m basic elements each parameterized as a scaled orientated
anisotropic Gaussian. We pick the Gaussian primitive due to its simplicity, efficiency, accuracy and
scalability [13, 14, 42, 45]. Each Gaussian consists of a geometric center p ∈ Rd, a set of Euler
angles e ∈ Rd to orientate the Gaussian element from the canonical frame, and the corresponding
radii r ∈ Rd for the anisotropic learning.

To leverage locality and reduce computation overheads when computing the primitive feature vectors,
we identify the nearest Gaussian ellipsoid for every query point x ∈ Rd. Compared with using
the entire set of m ellipoids as the basis, using the k nearest ellipsoids exploits locality, reduces
computational cost significantly, and is more robust to fine-grained geometric details. As shown in
Fig. 9, even with small k’s, we can achieve reasonable synthesis results.
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Figure 2: Architecture overview. Without loss of generality we consider inputs in the 2D Euclidean
space.

Given the i-th computed closest ellipsoid parameterized as {pi, ei, ri}, we define the relative position
x̄i of point x with respect to ellipsoid i as follows: first we translate the query point x as

t(x, pi) = x− pi.

Then we rotate the local frame of t(x, pi) as:

r(x, ei) = R(ei) · t(x, pi),
where R(ei) indicates the rotation matrix defined by ei. Next, we scale each frame axis and get x̄i as:

x̄i = s(x, ri), s(x, ri) = ri ⊙ r(x, ei),

where ⊙ represents element-wise multiplication. At last, we compute the relative distance by {x̄i} as
weights and define the weighted primitive feature vectors as

f(x) =
∑
i∈[K]

fi · wi, wi =
λi∑

i∈[K] λi
, λi = e−

∥x̄i∥2

2 ,

where fi and [K] are the learnable feature vector of i-th Gaussian and the found neighbor index set
respectively. For instance, we set K = 4 for 2D images and K = 8 for 3D shapes. By aggregating
all neighboring primitive features when defining f(x), we embed position, orientation and scale
information in the approximated relative relationships of a point with respect to the signal space.

Finally, we feed f(x) into a ReLU-based branch to further gradually modulate frequency
transformation-based features. The motivating reason for primitive feature learning is that we
can make the spatially-adaptive feature smoothing so that desired details near surfaces are well
preserved but artifacts in the flat regions are reduced, which can be seen in Fig. 1.

Comparison with SOTAs. Compared to state-of-the-art coordinate encoding algorithms, such as
the spatial partition methods [32, 46, 28], we argue that our method is advantageous in that (1) The
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size of our primitive features is small. We only use a 9D vector to portray each 3D ellipsoid, which
is the minimum necessary to achieve good results. In contrast, the spatial partition methods have
to keep dense feature maps in memory throughout the entirety of training and inference; (2) The
primitive sets are irregularly distributed over the 3D space, therefore more adaptive to fine input
details; (3) Our combination of the spatial adaptations for frequency-based features and non-uniform
primitive learning further advances high-frequency signal reconstruction and reduces network analytic
parameters in an elegant manner.

4 Pipeline Overview

As illustrated in Fig. 2, our general architecture consists of one ReLU-based branch equipped with
one local smoothness layer for primitive feature learning and another Sine-based branch to regress
fine-grained details. To estimate the implicit signals, we take the Euclidean coordinate of a query
point x ∈ Rd as input and output a set of feature vectors {fs

1 , f
s
2 , . . . , f

s
L} for the Sine-based branch,

where L represents the linear layer number. Similarly, taking f(x) as input, the ReLU-based branch
will output another set of feature vectors {fr

1 , f
r
2 , . . . , f

r
L}.

For the i-th scale, before feeding into the next linear layer, we combine fr
i with fs

i to filter fs
i out as

f̄s
i = fs

i + fs
i ⊙ fr

i .

Here ⊙ represents the feature element-wise multiplication. In this way, we can achieve more
compatible residual learning and feature smoothing for fs

i .

Finally, we estimate the final output fθ(x) by combining fr
L and fs

L as

fθ(x) = fr
L + fs

L ⊙ fr
L.

Our framework can be trained for a multitude of applications: for instance, it can fit a signed distance
function (SDF) in 3D space or an RGB image in 2D space. We train the network by minimizing
a task-dependent loss function, where the task can be but not limited to 2D image synthesis or 3D
surface reconstruction. For 2D image synthesis, we use the following loss:

L2D(yrgb, fθ(x)) = ∥yrgb − fθ(x)∥2,

where the yrgb are the ground truth RGB color of the input pixel and fθ(x) is the output of the
network. And for the 3D surface reconstruction, we use the same L1-loss as DeepSDF [36]:

L3D(s, fθ(x)) = ∥s− fθ(x)∥1,

where s is the ground truth signed distance and fθ(x) is the output of the network. The clamp of SDF
values also enables more concentrated surface reconstruction [36].

Implementation details. Currently, we are using the same network setting like [36, 32, 46, 47],
which composes of 5 fully connected layers, where each layer has 256 neurons. For the ReLU-based
branch, we apply the ReLU activation [33] while for the Sine-based branch, we use sine function
for activation. The weights of ReLU-based branch are initialized using a Xavier initialization [15].
Correspondingly, we follow the default setting in [44] to initialize the Sine-based branch. For
optimizing the network, we use Adam [19] with parameters β1 = 0.9, β2 = 0.99, ϵ = 10−5 and a
learning rate of l = 0.0001.

5 Experiments

We demonstrate the benefits of our coordinate encoding scheme on (1) 1D signal synthesis; (2) 2D
high-resolution image synthesis; (3) 3D shape reconstruction. For each task, we present experimental
results to show that by leveraging the local smoothness layer, our spatially adaptive frequency
encoding scheme achieves reconstruction quality better than state-of-the-art frequency-based methods
[44, 24, 17, 47], attends to fine geometric details, without introducing spurious artifacts to smooth
regions. Further, we demonstrate that (1) The LS Layer and the learnable affine transformations of
shape primitives within it contribute significantly to the representation power of our pipeline; (2) Our
nearest neighborhood search can effectively leverage locality. All experiments are run on a single
RTX 3090 of 24GiB memory.
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5.1 1D Signal Synthesis

We use one-dimensional temporal signal synthesis as a motivating task to demonstrate the effec-
tiveness of spatially adaptive positional encoding. The 1D ground-truth signal (Figure 3) contains
multiple frequency components: near the ends, the signal changes rapidly over time, implying the
presence of high-frequency components; toward the center, we have a smooth region in which
low-frequency components are dominant. We train our network to predict a range value from tem-
poral coordinates. We notice from the figure that (1) Positional encoding is crucial to learning high
frequency components. In Figure 3 (a) we ablate the LS Layer from our pipeline but the network
struggles to learn both high and low-frequency components. (2) Existing frequency-based methods
that attends to all frequencies across the entire spectrum uniformly in space, such as SIREN [44] and
FFN [47] fails to fit smooth regions despite performing fairly well on boundaries with high-frequency
components. (3) Spatially adatpive methods such as SAPE [17] and ours can effectively learn both
high and low-frequency components.

Figure 3: Qualitative comparison of 1D signal synthesis.

5.2 High-Resolution Image Synthesis

Prior work on neural implicit representation have demonstrated incredible ability to fit high-resolution
images [28, 32]. Specifically, the task is to predict RGB color from 2D pixel coordinates. We
benchmark the performance of our method on this task with state-of-the-art frequency-based methods:
1) FFN [47], 2) SIREN [44], 3) SAPE [17], 4) BACON [24]; also we compare our performance with
InstantNGP [32] as a parametric encoding method. We curate images from a multitude of sources;
these include prior work [28] as well as Flickr Creative Commons [1]. The resolutions of our images
range from 1K to 6K; see the Supplemental for details.

Method
Task 2D 3D

SSIM (↑) PSNR (↑) Chamfer Distance (↓) Metro (↓) F_score (↑) IoU (↑)

InstantNGP 7.773e-1 2.974e1 2.723e-3 1.693e-2 9.972e-1 9.996e-1
FFN 6.857e-1 2.625e1 9.209e-3 37.19e-2 7.502e-1 9.914e-1

SIREN 7.707e-1 3.009e1 4.223e-3 1.729e-2 6.450e-1 9.917e-1
BACON 2.489e-1 2.001e1 2.856e-3 1.880e-2 9.921e-1 9.982e-1
SAPE 7.379e-1 2.766e1 4.348e-3 1.778e-2 6.084e-1 9.912e-1
Ours 8.495e-1 3.314e1 2.789e-3 1.684e-2 9.918e-1 9.986e-1

Table 1: Quantitative comparison of our method against the baselines on 2D and 3D signal fitting.

Table 1 shows the average SSIM and PSNR over “Tokyo” (6K-by-2k resolution) [28] and “Einstein”
(3k-by-4k resolution) [32]. We train each network to overfit each image until loss converges. We see
that our method surpasses all baselines on the two metrics.

We also qualitatively compare our reconstruction results with the baseline on the aforementioned
two images. We see from Figure 4 that on “Tokyo” our method attends to fine details better than
prior frequency-based methods. In 5 we show that on “Einstein”, our pipeline not only preserves
high-frequency details but also precludes spurious artifacts in smooth regions better than other
baselines which employ uniformly large bandwidths. This observation suggests our spatially adaptive
frequency encoding scheme does allow the network to pick up high frequency details only in regions
enriched with fine geometric structures.
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Figure 4: Qualitative comparison of 2D image construction on “Tokyo” from [28]. In the patches
shown, our method yields more distinguishable boundaries than prior encoding methods.

Figure 5: Qualitative comparison of 2D image construction on “Einstein” [32]. In the first row, we
show that our method produces sharper boundaries. In the second row, we show that our method’s
reconstructed background is less noisy than the baselines. Zoom in for a detailed evaluation.

5.3 3D Shape Reconstruction

In addition to 2D images, we evaluate our method’s ability to reconstruct 3D shapes on which prior
work [44, 47, 46, 32, 54, 30] excel at. The task is to train our network to predict an SDF value
given the 3D coordinates of a queried point as input. We use the following networks as baselines:
1) Frequency-based methods including SAPE [17], SIREN [44], FFN [47]; 2) InstantNGP [32] as a
parametric method. We train our network and the baselines to overfit on shape “Beard Man” from
the Stanford 3D Scanning Repository [2] with plenty of fine details, then pass the fitted SDF to the
Marching Cube Algorithm [27] to extract meshes at the 1024 resolution. We use Chamfer Distance,
the Metro Criteria [9], F-Score, and IoU for a comprehensive comparison of our network with the
baselines. For more results on other shapes, please refer to the Supplemental.

Table 1 shows that by quantitative measures our network surpasses most of the baselines, especially
those based-on frequency-based encoding schemes [44, 24, 17, 47]. Only BACON achieves slightly
better F-Score than ours. Qualitatively, we see from Figure 6 our method is able to fit boundaries at
fine scales better than the selected baselines.

5.4 Ablation Study

Further, we investigate the impacts of our design choices on the representation power of our neural
implicit pipeline. Without loss of generality, we constrain our discussion to the 2D image synthesis
task and use the same dataset from Sec. 5.2.
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Figure 6: Qualitative comparison of 3D shape reconstruction on “Beard Man”[2]. Similar to the 2D
image reconstruction, our method has better ability to fit geometric details (hair). Chamfer distances
scaled by 103 for easier comparison.

Figure 7: Ablation test: the impact of LS Layer, the SIREN backbone and affine transformations. We
report SSIM on each patch.

(A) Effectiveness of the LS Layer. To demonstrate our encoding scheme can indeed boosts reconstruc-
tion performance significantly, we train our proposed pipeline on “Zhangye” [1] with the same loss
function from SIREN [44] under four configurations, as shown on the left in Figure 7: (a) Having
the full model as illustrated in Figure 2; (b) The LS Layer with all ellipsoids anchored to the grid,
orientation, and scale set to fixed unlearnable parameters. The SIREN backbone (i.e., the Sine Branch)
is also ablated, leaving only the ReLU Branch; (c) The SIREN backbone ablated, leaving the The LS
Layer and the ReLU branch; (d) The LS Layer and the ReLU Branch ablated, leaving the SIREN
backbone only. We see that our full model (a) exceeds SIREN (d) by a large margin (SSIM: 0.507
vs. 0.249), and our loss converges faster and to a lower value. However, one may still argue that the
ReLU backbone, not the LS Layer, bolsters our representation power. We show this is not the case:
comparing (b) with (c), performance drops from 0.224 to 0.188 after we ablate affine transformations
within the LS Layer. Visually inspecting the outcomes from the two configurations, we see that
without the LS Layer the network fails to synthesize both coarse and fine geometric structures. In
fact, having ellipsoids anchored to the grid leads to the grid-like pattern in (b). On the other hand, we
acknowledge the crucial role of the SIREN backbone: comparing (a) with (c), performance drops
significantly from 0.507 to 0.224 after we remove the Sine Branch, and the stripes become more
blurry. So sinusoidal activation indeed allows our full network to capture complex structures that
otherwise would fail.
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(B) Impact of affine transformations within the LS Layer. We then investigate if applying learnable
affine transformations to the shape primitives contributes much to our method’s representation power.
Under the entire model, we train and evaluate on “Canadarm” [1] under two configurations: (e) all
transformation parameters (position, rotation, scale) set to be learnable; (f) all affine transformation
parameters fixed, so the Gaussian ellipsoids become unit spheres anchored uniformly on a grid. From
the right of Figure 7, we see that SSIM drops drastically from 0.853 to 0.690, and the loss converges
slower and to a larger value after we make transformation parameters unlearnable. Qualitatively the
image looks more blurry with less detail present.

(C) Number of shape primitives. Next, we vary the number of learnable Gaussian ellipsoids m
in our LS Layer over the range of 1.3K to 25K and train on “Sydney” [1] to demonstrate that
our final pick of this hyperparameter (25K) has fully exploited the representation capacity of our
network. Figure 8 shows that using more ellipsoids to represent the image not surprisingly leads
to faster loss convergence, as well as better reconstruction results, both by metrics (PSNR / SSIM)
and by qualitative measurement: object boundaries are more distinguishable and fewer artifacts are
present in smooth regions (the sky). While the trends shown in the metric bar plots suggest that with
more primitives, we can achieve even better results, we believe our pick strikes a balance between
computational cost and reconstruction performance — learning more ellipsoids would incur more
training time and memory footprint but diminishing pay-off in visual quality.

Figure 8: Ablation test: varying the number of shape primitives. We report PSNR and SSIM on each
patch.

(D) Number of nearest neighbors.

Figure 9: Ablation test: varying the number of nearest neighbors to be searched.

At last, we vary the number of nearest neighboring ellipsoids K over the range of 1 to 16 to evaluate
the extent to which our network can exploit locality with KNN search. We train and evaluate our
pipeline on “Machu Picchu” [1] and showcase our reconstruction results in Figure 9. We notice that
the network’s performance is not very sensitive to our choice of K. This observation suggests that
the shape primitives learned in the the LS Layer can effectively capture local information so much
so that a small number of primitives would be enough to encapsulate the relation between a queried
point and the target surface.

6 Conclusions and Limitations

We present a new learning pipeline for neural implicit functions. Specifically, we formulate a novel
local smoothness layer to achieve spatially adaptive frequency transformation. By approximating the
implicit functions with a group of parsimonious primitives, we can estimate the relationships between
each query point and the signal space, which are used to extract primitive weights for further feature
smoothing. The resulting frequency adaptation enables the network to concentrate on regions with
rich high-frequency details and reduce unwanted artifacts in the flat regions, significantly advancing
implicit signal representational capability. We evaluate our network design under several tasks,
consistently revealing empirical improvements.
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We also recognize that our method is far from perfect. For example, several prior works extensively
explored multiscale feature encoding and synthesis, but in our tasks, we have yet to present convincing
evidence that we are leveraging multiscale features effectively.

7 Broader Impact Statement

Our proposed method can be broadly applied to a multitude of computer vision tasks, e.g., audio
signal synthesis, high-resolution image synthesis, and 3D shape reconstruction. We envision that the
method can be put into good use in the far future on downstream tasks, such as shape generation for
AR/VR devices or medical image analysis, bringing great benefit to humankind. Nevertheless, we
recognize it is not invulnerable to exploitation: potential malicious uses include generating fake audio
or images for misinformation. Nevertheless, they can be alleviated by existing methods.
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