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Abstract

Implicit Neural Representations (INRs) leverage neural
networks to map coordinates to corresponding signals,
enabling continuous and compact representations. This
paradigm has driven significant advances in various vision
tasks. However, existing INRs lack frequency selectivity and
spatial localization, leading to an over-reliance on redun-
dant signal components. Consequently, they exhibit spec-
tral bias, tending to learn low-frequency components early
while struggling to capture fine high-frequency details. To
address these issues, we propose FLAIR (Frequency- and
Locality-Aware Implicit Neural Representations), which in-
corporates two key innovations. The first is Band-Localized
Activation (BLA), a novel activation designed for joint fre-
quency selection and spatial localization under the con-
straints of the time-frequency uncertainty principle (TFUP).
Through structured frequency control and spatially local-
ized responses, BLA effectively mitigates spectral bias and
enhances training stability. The second is Wavelet-Energy-
Guided Encoding (WEGE), which leverages the discrete
wavelet transform to compute energy scores and explicitly
guide frequency information to the network, enabling pre-
cise frequency selection and adaptive band control. Our
method consistently outperforms existing INRs in 2D im-
age representation, as well as 3D shape reconstruction and
novel view synthesis.

1. Introduction

Traditional explicit representations, including discrete grid-
based methods [10, 17, 29] such as volumes and un-
structured formats like point clouds, have contributed to
solving vision problems [53, 54]. However, these ap-
proaches have increasingly shown limitations in address-
ing the diverse and ill-posed inverse problems [12, 60]. To
overcome these limitations, implicit neural representations
(INRs) [48] model signals as continuous mappings from in-
put coordinates to their corresponding values via neural net-
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Figure 1. Overall architecture of FLAIR. FLAIR consists of two
complementary components: Band-Localized Activation (BLA)
and a Wavelet-Energy-Guided Encoding (WEGE) module. Right:
WEGE computes normalized wavelet-energy scores w; over the
input coordinates, highlighting spatial frequency characteristics by
assigning lower wavelet-energy scores to homogeneous regions
(green box) and higher scores to textured regions (red box). Left:
Wavelet-energy scores W, are channel-wise concatenated with in-
put coordinates and passed through Band-Localized Activation
(BLA). BLA modulates the signal representation via learnable
band-adaptive parameters ((,7, o), enabling frequency shifting
and band-limiting across low- and high-frequency components.

works, thereby supporting continuous attribute queries and
facilitating the seamless integration of differentiable physi-
cal processes. This coordinate-based paradigm has enabled
notable advances in previously challenging tasks such as
super-resolution (SR) [8] and denoising [5]. More recently,
it has been extended to higher-dimensional problems in-
cluding 3D shape reconstruction [32, 39] and neural radi-
ance fields [34].

However, existing INR methods commonly suffer from
the spectral bias problem [40], where networks tend to learn
low-frequency components first. This leads to an inabil-
ity to recover fine details, a challenge that remains unre-



solved. To mitigate the spectral bias, various positional
encoding (PE) schemes have been proposed, such as Sinu-
soidal PE [52] and Wavelet PE [64], which embed input co-
ordinates into a higher-dimensional space using a fixed set
of basis functions. Although these approaches embed coor-
dinate information into a fixed set of M bases, their repre-
sentational capacity is fundamentally limited by the number
of bases M, as well as by their learnable range. These limi-
tations constrain their expressive capacity and often lead to
imperfect representations [41].

Beyond predefined frequency bases, recent studies [45,
48] have attempted to mitigate spectral bias by enhancing
the expressiveness of activation functions. However, these
methods have primarily focused on broadening the domain
of activation functions [30, 42], rather than enabling precise
frequency selection. As a result, networks may construct
overlapping bases, lacking the ability to selectively target
the necessary frequency bands. This limitation impairs their
effectiveness in real-world inverse problems, such as de-
noising [61], where the suppression of irrelevant frequency
bands (e.g., noise) is essential for accurate signal recovery.

To address these limitations, we propose FLAIR
(Frequency- and Locality-Aware Implicit Neural Represen-
tations), as illustrated in Fig. 1. FLAIR integrates two
complementary components: (i) Band-Localized Activa-
tion (BLA) for joint frequency-domain selection and time-
domain localization, and (ii) Wavelet-Energy-Guided En-
coding (WEGE) for region-adaptive frequency guidance.

Specifically, we adopt a band-limited formulation that
enables explicit frequency selection for signal modeling.
However, increasing the degree of band limitation in-
evitably induces oscillations in the time domain, leading
to training instability and degraded time-domain localiza-
tion [16]. To mitigate these issues, instead of directly em-
ploying the ideal band-limited function such as sinc [44],
we newly propose the Band-Localized Activation (BLA).
Our design is based on the band-limiting term for frequency
control and on transition-smoothing and localization terms,
which are responsible for improving training stability and
adaptively governing spatial localization, as illustrated in
Fig. 4 (c). Although the time—frequency uncertainty princi-
ple (TFUP) states that perfect localization in both domains
is unattainable, our formulation allows the model to adap-
tively learn the optimal trade-off between frequency selec-
tivity and spatial localization via learnable parameters.

As the second key component of FLAIR, we propose
Wavelet-Energy-Guided Encoding (WEGE), which adap-
tively provides explicit information to quantify continuous-
frequency components, indicating whether a region is high-
or low-frequency. This allows the model to perform region-
adaptive frequency selection, thereby enhancing its repre-
sentational flexibility. Notably, WEGE requires only 0.1K
additional parameters and is compatible with plug-and-play
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integration into other activation-based architectures. In
particular, it complements BLA by providing explicit fre-
quency information that enhances its frequency selection
capability. In summary, our contributions are as follows:
We propose FLAIR, a novel INR architecture that in-
tegrates two complementary components: (i) Band-
Localized Activation (BLA) and (ii) Wavelet-Energy-
Guided Encoding (WEGE).

We introduce BLA, a novel activation function that mit-
igates spectral bias through frequency selection, while
suppressing oscillations and enhancing time localization
under TFUP.

We introduce WEGE, which provides quantified
continuous-frequency information, enabling BLA to per-
form region-adaptive frequency selection. Importantly,
WEGE requires only 0.1K additional parameters and is
compatible with plug-and-play integration.

We achieve state-of-the-art performance across diverse
INR tasks, including 2D image fitting and restoration, 3D
signed distance field, and 5D neural radiance field.

2. Related Work

Implicit Neural Representations. Standard MLPs with
ReLU activations [1] exhibit a strong bias towards learn-
ing low-frequency content due to the non-periodic nature
of ReLU, limiting their ability to capture fine details, a
phenomenon known as spectral bias [40]. To address this
spectral bias [7, 46, 47], a series of periodic activation
functions has been proposed, most notably SIREN [48]
and FINER [30]. SIREN employs sinusoidal activations
to model high-frequency components, but its performance
is highly dependent on the choice of hyperparameters and
is sensitive to initialization, necessitating careful design
choices to avoid suboptimal results. FINER introduces a
variable-periodic sine activation and tunes the supported
frequency set by adjusting the initialization range of the bias
vector. However, in practice, both SIREN and FINER re-
main limited in addressing spectral bias due to their reliance
on fixed global harmonic bases, which restrict flexible spec-
tral adaptation during training.

Alternatively, wavelet-based activations such as
WIRE [43] have aimed to address spectral bias through
spatial compactness [9], offering improved interpretability
and spatial control. Nonetheless, these approaches remain
limited in their ability to fully overcome spectral bias, as
they do not offer explicit frequency selection.

More recently, filter-based activation functions have
been actively investigated in the context of INRs. A re-
cent theoretical analysis [44] has suggested that sinc func-
tions, as a type of filter-based activation, can serve as an
optimal choice for INR tasks. Despite their theoretical ad-
vantages, these filter-based functions exhibit inherent limi-
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Figure 2. Qualitative comparisons of x4 super-resolution. Red and blue denote the best and second-best performances, respectively.

tations. In the spatial domain, their infinite oscillations can with activation functions in INRs. Unlike methods [13, 25]

induce training instability and visual artifacts [16, 21], and that introduce additional auxiliary networks and increase

in the absence of frequency-shift mechanisms, they only act optimization complexity, which hinders fast convergence

as low-pass [51], resulting in limited ability to generalize required for INR settings, our approach leverages a non-

across diverse vision tasks [8, 34, 39]. parametric DWT-based prior to guide region-adaptive fre-
To address these cha]lenges, we propose BLA (Sec. 4.3), quency modulation, with the entire WEGE module intro-

a key component of FLAIR that enables joint spatial local- ducing only 0.1K parameters.

ization and frequency selection. By operating under the 3. Preliminary: Time-Frequency Uncertainty

TFUP, BLA allows the model to adaptively balance spa- Principle (TFUP)

tial localization and frequency selectivity during training,

thereby mitigating spectral bias and overcoming the afore- The mathematical foundation of the time-frequency uncer-

mentioned limitations. tainty principle (TFUP) in signal processing originates from

the Heisenberg uncertainty principle [6] in quantum me-
chanics, which states that there is a fundamental limit to si-
multaneously and precisely measuring a particle’s position
and momentum given by Az Ap > h/2, where Az and Ap
are the standard deviations of position and momentum, and
h = h/(2m) is the reduced Planck constant.

Extending this concept to the domain of signal process-
ing [38], the TFUP states that for any signal x(t), the prod-
uct of its temporal standard deviation o, and frequency stan-
dard deviation o is bounded below by o0 > ﬁ, where
o and oy quantify the temporal and frequency uncertainty
of z(t), respectively. This relationship implies that a signal
highly localized in time (small o,) must necessarily have a
broad frequency spectrum (large o), and vice versa. Thus,
the uncertainty principle imposes a fundamental limit on the
simultaneous localization of a signal in both time and fre-
quency domains.

Frequency-Guided Representations and Conditioning.
Frequency-guided representations and conditioning meth-
ods have been actively explored to enhance the modeling
of task-relevant frequency components, which are essential
for preserving fine details in low-level vision tasks [26, 56].
For example, Local Texture Estimator for Implicit Repre-
sentation Function (LTE) [25] employs dedicated modules
composed of convolutional neural networks (CNN) [24] and
fully connected (FC) layers [4] to separately estimate key
frequency components, such as amplitude, frequency, and
phase, allowing the network to infer dominant frequencies
and the corresponding Fourier coefficients.

In parallel, the Local Implicit Wavelet Transformer
(LIWT) [13] leverages DWT to decompose input features
into low- and high-frequency components, which are further
refined to enhance frequency-aware representation. More
recently, Zhao et al. [64] introduce a method that adaptively
plaf:es loca.l wavelet pases at hlgh-frequency regions, en- 4. Proposed Method: FLAIR
abling efficient encoding of fine details.

Building on this line of research, we propose a novel In this section, we first provide a brief formulation of
encoding, WEGE (Sec. 4.4), specifically designed to work an Implicit Neural Representations (INRs). Grounded in

4879



MSE Loss
Convergence

FLAIR (Ours)
34.75 / 0.9663 / 0.013

Ground-truth
PSNR (dB) 1/ SSIM 1/ LPIPS |

—— FLAIR (Ours)

G
Figure 3. (a) MSE loss convergence. (b) Ground-truth. (c)-(g) Comparison between FLAIR and other methods on image fitting.

the Riesz basis framework, sinc functions are optimal
band-limited bases, yet their global support introduces in-
stability, motivating localized designs for INRs. Build-
ing on these foundations, we present a novel framework,
FLAIR, composed of two key components: (i) Band-
Localized Activation (BLA) (Sec. 4.3), a band-limited ac-
tivation for frequency-domain selection and time-domain
localization, and (ii) Wavelet-Energy-Guided Encoding
(WEGE) (Sec. 4.4) for region-adaptive frequency guidance.

4.1. Formulation of an INR

An Implicit Neural Representation (INR) aims to represent
a continuous signal by directly mapping input coordinates
to their corresponding signal values through a neural net-
work Fjy. Formally, the function is defined as Fjy : R%n —y
Rdou x 5 Fy(x), where § € RM denotes all learnable
parameters of the network. The input x € R%" corresponds
to a spatial coordinate, such as (x,y) in 2D or (x,y, z) in
3D. The output Fy(x) € R represents the signal value at
that location (e.g., RGB color or volumetric density o). The
training data is given as a set of pairs D = {(x;,y:)} ¥,
where y; denotes the ground-truth signal at coordinate x;.
The network is optimized by minimizing a standard mean
squared error (MSE) loss:

N
£0)= 5 DI Fslx) — il M)
i=1

where N denotes the number of training samples. This sim-
ple yet general formulation enables INRs to model complex
signals with high fidelity. However, accurate reconstruction
of visual signals requires stronger control over both fre-
quency selection and spatial localization. To address this,
we optimize Fp by introducing the Band-Localized Activa-
tion (BLA), which achieves these properties.

4.2. Instability of Sinc Activations

Building on Riesz basis framework [1 1, 55], Saratchandran
et al. [44] show that any signal s € L?(IR) can be approxi-
mated within an error bound ¢, and further establish that the
sinc function is theoretically optimal.

WIRE (CVPR'23)
27.48 /0.8288 / 0.154
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FINER (CVPR'24)
32.18 /09187 / 0.019

SL2A (ICCV'25)
32,94 / 09271 / 0.020

Sinc (ICML'24)
27.31/0.8243 / 0.101

Despite this theoretical optimality, such guarantees do
not translate into stable optimization. The instability ap-
pears in the gradient of the loss £ with respect to the weights
Wi;;, driven by the residual and the oscillatory term induced
by the derivative of the sinc activation:

oL 2
6W1-j o 7T(Wmc)2

[ ) °

Here, g(x) is the target function and f(x; W) is the network

output. Intuitively, the residual term inevitably arises during
training, and the derivative of the sinc function (oscillatory
term), having global support, propagates the residual error
across the entire gradient field. This interaction amplifies
instability throughout optimization, as shown in Fig. 3 (a).

4.3. Proposed Band-Localized Activation (BLA)

To mitigate the aforementioned oscillatory instability, we
propose the Band-Localized Activation (BLA), which sup-
presses the global oscillation behavior in Eq. (2) by impos-
S

BLA attenuates residual error propagation through local-
ized gradient responses, resulting in improved stability. Full
derivations are provided in the Supplementary.

Beyond the gradient-level analysis, the time—frequency
domain offers an intuitive view of the underlying behav-
ior. As shown in Fig. 4 (c) red box, BLA exploits the sharp
cut-off behavior for frequency selectivity while suppressing
infinite oscillations (blue box), thereby enabling improved
time localization. Formally, BLA is expressed as a modu-
lated basis function:

QZJBLA(.’E) _ ¢basis(x) . exp(27r§mj)7
—_———

[frequency-shifting

/ lo(x) — £(2: W) -
———

residual

)=

oscillatory

7TWZ‘$C
T

7TWZ‘Z'
T

TI'WiJL'

ing the exponential bound exp(— ) Conceptually,

3)

where ¢ € R denotes the modulation frequency, and j is
the imaginary unit. Note that all the above functions are
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Figure 4. Both precise frequency selection and time localization under the TFUP. In domain (i), Sinusoid (a) produces only two fixed
frequency components, so representing composite signals with diverse spectra requires many hidden dimensions. Sinc (b) provides sharp
band selectivity. Our BLA (c) retains similar selectivity to (b) and further introduces a learnable frequency shift parameter ¢ to access
higher frequency bands (red box). In domain (ii), while (a) and (b) exhibit global support and oscillations (blue box), BLA (c) yields
localized responses and reduces oscillations, mitigating noise propagation. Finally, our BLA (c) jointly modulates the frequency—time
trade-off under the TFUP through its learnable parameters (¢, T', o), achieving both precise frequency selectivity and time localization.

defined in the time domain. Importantly, multiplying by
exp(2mjCx) in the time domain is equivalent to shifting the
frequency support of the basis function to ¢ in the Fourier
domain. This allows the basis to be centered at any desired
frequency, enabling the network to adaptively capture both
low- and high-frequency components as needed. In prac-
tice, ( is treated as a learnable parameter. The basis function
P28 5 defined as:

) > furcid
$omsi () = s:.nc(T). COS( T )2 exp _LZ @
() 2
—

band-limiting localization

transition-smoothing

Here, T' > 0 is the bandlimit parameter that controls
the overall bandwidth, and /3 is the roll-off factor in the
transition-smoothing term, fixed at 0.05 to preserve the in-
herent sharpness of the band-limited cutoff. Finally, o > 0
is the scale parameter in the localization term, adaptively
governing spatial localization. We treat T, ¢, and o as
learnable parameters while keeping [ fixed, and the effect
of each parameter on frequency and spatial localization is
illustrated in Fig. 9. For our BLA, we initialize 7T'=1.0,
(=1.0, and 0=2.0, with further initialization details pro-
vided in the Supplementary.

We employ this function as the activation in each layer
of our implicit neural representation (INR) network:

ZO

Zl _ w(lelfl + 5l)’
70) = whzh-1 4 pt.

:f7

1=1,2,...,L—1, (5

I

Z denotes the input coordinate to the network and #(+) is our
proposed activation function, BLA. z indicates the output
of layer [. L denotes the total number of layers in the net-
work, and = {WL b | [ = ., L} denotes the set
of learnable parameters. This structure enables each layer
to adaptively exploit both frequency selectivity and spatial
localization, resulting in a more expressive INR.
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Figure 5. Residual error heatmaps on Kodak 01. Per-pixel ab-
solute errors (RGB-averaged) are normalized to [0, 1]. Blue indi-
cates lower error, and red indicates higher error. FLAIR consis-
tently achieves lower reconstruction error than other methods.

SL2A (ICCV'25)

4.4. Wavelet-Energy-Guided Encoding (WEGE)

To reduce artifacts in smooth regions from frequency leak-
age and to alleviate spectral bias by explicitly learning only
the target frequency bands in detailed areas, we introduce
Wavelet-Energy-Guided Encoding (WEGE). In INR set-
tings where fast convergence is required, WEGE avoids ad-
ditional auxiliary networks that increase optimization com-
plexity, instead utilizing non-parametric discrete wavelet
transform (DWT) and guided filtering [18]. Specifically,
WEGE adaptively provides explicit information that quanti-
fies continuous-frequency components, effectively indicat-
ing the relative dominance of high- or low-frequency con-
tent in each region. Our method first computes a pixel-wise
energy score Ry, for each spatial coordinate (x, y) of the in-
put image by applying DWT. Unlike the Fourier transform,
DWT jointly captures spatial and spectral information, en-
abling position-aware scoring. Formally, we decompose the
input image [ into high- and low-frequency components
via DWT and compute R, as:

D DE=DWT(I}),

6
R, = IDWT(D#) — IDWT(D}). ©
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Figure 6. Eigenvalue distribution of NTKs (a) and frequency-specific error analysis (b)-(e). In (a), the training dynamics of BLA
are illustrated via its empirical NTK. The x-axis enumerates the ranked eigenvalues, with “First” denoting the percentage contribution of
the largest eigenvalue, and the y-axis indicates the percentage assigned to each component. In (b)-(e), we visualize the frequency-specific
approximation error, where the x-axis corresponds to the training step and the y-axis to the frequency (Hz). (b)-(d) reduce low-frequency
error early while learning higher-frequency components slowly, whereas our BLA (e) captures multiple frequency bands early.

The components of Df correspond to the high-frequency
sub-bands {HL, LH, HH}, while DL corresponds to the
low-frequency sub-band {LL}. The residual map R} em-
phasizes spatial structures such as edges by subtracting the
low-frequency components. To obtain a pixel-wise energy
score map Ej, we compute it by averaging the squared R
across channels. We then normalize F), using its E,;, and
FEax values over the image, yielding a normalized energy
score wy, that preserves edge-aware structures.

Although the wy-based normalized energy score map ex-
hibits edge-aware properties, pixel-wise scoring often re-
sults in discontinuities, consequently producing noisy arti-
facts in the RGB output domain (details in Supplementary).
To address this, we apply a filtering operation to the normal-
ized scores in order to suppress such score discontinuities.

Accordingly, the guided filtering [18] operation G is ap-
plied to the normalized energy score map w; to mitigate
discontinuities while preserving edges, formulated as:

wp(x) = G(I(x), wp(x); 1, €), @)

where I(z) is the gray-scale guidance image, wy(x) is the
normalized wavelet energy score at pixel z, r is the window
radius, and e is the regularization parameter. The effects of
these hyperparameters (r and ¢) are evaluated in Table 5.
The resulting filtered energy score map w, obtained by ap-
plying the guided filtering in Eq. (7), is channel concate-
nated with the original spatial coordinates (z,y) and fed as
input to the INR network S(z,y) = fo(x,y, Ws), where fy
denotes the INR network parameterized by 6 and internally
employs the proposed activation BLA to adaptively select
frequencies based on the local characteristics inferred from
WEGE. This frequency-aware modulation enables captur-
ing both high-frequency details and low-frequency struc-
tures of the target signal as shown in Fig. 5.

4.5. Neural Tangent Kernel Perspective

Neural Tangent Kernel (NTK) theory [19] provides a prin-
cipled framework to interpret neural network training as
kernel regression. The convergence dynamics are funda-
mentally governed by the distribution of NTK eigenvalues,
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where larger eigenvalues correspond to components that are
learned more rapidly and thus fitted more accurately [3].

However, the assumptions of standard NTK theory do
not directly extend to practical training regimes [19]. We
therefore adopt the empirical NTK formulation commonly
employed in recent studies [37, 46, 62]. For samples x;
and z;, the empirical NTK is defined as kg (zi, ;) =
Jto (i) Jto (x;)7. Here, J o (z;) denotes the Jacobian ma-
trix of the network output fg with respect to its parameters
at the i-th sample z;, and k. (2;, ;) corresponds to the
(i, j)-entry of the resulting empirical NTK matrix.

We use this empirical NTK to analyze how BLA influ-
ences the distribution of its NTK eigenvalues during train-
ing. Following [42, 46], we use the 1D target function
f(l’) — 9R sin(3771)+sin(57rz)J2rsin(7ﬂ'z)+sin(97rx))

, where

R(-) is arounding function that increases the approximation
complexity. Fig. 6 (a) shows the resulting NTK eigenvalue
distributions of our proposed BLA.

At initialization, the blue bars reveal a strong concentra-
tion on the “First” eigenmode due to the band-limiting term
in Eq. (4), capturing over 90% of the spectral mass. During
training, however, the learnable frequency-shifting term in
Eq. (3) gradually moves the frequency band toward the tar-
get components. As a result, BLA redistributes the spectral
mass across the “Remain” eigenmodes (red).

The broadened eigenvalue distribution observed in Fig. 6
(a) suggests that BLA may mitigate the spectral bias by dis-
tributing its capacity more evenly across frequencies. To
verify this, we further examine the frequency-domain be-
havior of BLA. In Fig. 6 (b)-(e), we follow the observa-
tion in prior work [59] that MLPs exhibit a spectral bias,
where low-frequency errors decrease much faster than high-
frequency ones. We quantify this effect using the relative
discrepancy Ay, = 22 [g]‘(ﬁ]l_[f(lfcg{ ol®)l - As shown in Fig. 6
(e), our BLA achieves consistently low approximation er-
rors across the entire frequency spectrum in contrast to other
activations. This behavior aligns with the NTK analysis
in (a), where BLA’s eigenvalue redistribution mitigates the
spectral bias, as reflected in (e).
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Figure 7. Qualitative comparisons on representing the signed distance field of Armadillo.

Ground-truth FLAIR (Ours) SIREN (NeurlPS'20

WIRE (CVPR23) FINER (CVPR'24) IGA (ICML'25)

Figure 8. Qualitative comparisons between FLAIR and the baselines on NeRF. We follow WIRE [43], downsampling images to
200%200 and training the radiance field using only 25 input views instead of the default 100 images.

Table 1. Quantitative image-fitting comparisons on Kodak (24 Table 2. Quantitative comparisons on representing signed dis-
images) and DIV2K (16 images). Red and blue indicate best and tance fields. We report Chamfer Distance | and IoU 1.
second-best per column.

Methods Armadillo Dragon  Lucy Thai Statue BeardedMan  Avg.
. S Kodak (24 images) DIV2K (16 images) R
Methods #Params (K)| PSNRT SSIM? LPIPS| | PSNRT SSIM{ LPIPS| R SL2A (ICCV 2’5) 3.235e-6 2.987e-5 1.972e-6 2.9886—2 ;.g;:efz Z.izg&z
SL2A (ICCV’25) 3302 | 3614 09304 0060 | 3626 09481 0034 & FINER (CVPR'24) ~ 3.368¢-6 284605 2.526¢-6  3.931e- o0 6o 66'6
IGA (ICML'25) 205.1 3449 09596 0056 | 3351 09742 0022 g WIRE (CVPR 23,) 3.278e-6 2.884e-5 2.03%-6 3.143e-6 3.778e-6 .216e-
FR (CVPR'24) 6299.9 2762 08781  0.151 2622 09001 0.124 O SIREN (NeurIPS’20) 3.838e-6 2.698e-5 2.540e-6 3.358e-6 4.%336*6 8.212e-6
FINER (CVPR"24) 198.9 3546 09246  0.065 3501 09457  0.039 FLAIR (Ours) 3.207e-6 2.656e-5 1.906e-6 2.972e-6 3.547e-6  7.637e-6
WIRE (CVPR’23) 91.6 28.80 0.7928  0.333 3217 0.8874  0.107 SL2A (ICCV’25) 9.899%e-1 9.849e-1 9.810e-1 9.657e-1 9.925e-1  9.828e-1
SIREN (NeurIPS20) 198.9 2864 07792 0369 | 3436 0.9388 0.050 . FINER (CVPR’24)  9.897e-1 9.749e-1 9.70le-1 9.545e-1 9.902e-1  9.75%-1
FLAIR (Ours) 199.0 3712 09644  0.054 | 38.19 09754 0.016 2 WIRE (CVPR’23)  9.893e-1 9.82le-1 9.778e-1 9.687e-1 ~ 9.908e-1  9.817e-1
~ SIREN (NeurIPS’20) 9.828e-1 9.709e-1 9.657e-1  9.669e-1 9.888e-1  9.750e-1

. FLAIR (Ours) 9.903e-1 9.851e-1 9.802e-1 9.688e-1 9.945e-1  9.838e-1
5. Experiments
Implementation Details. We thoroughly explore all pos- for image representation. Results after 5,000 training itera-
sible combinations of learning rates (1 X 1072, 5 x 1073, tions are summarized in Table 1, where our model achieves
1x1073,5x 1074, 1 x 10~%) for each of the state-of-the- the best average scores across all metrics, including PSNR,
art (SOTA) models to choose each best configuration for SSIM [57], and LPIPS [63], while being significantly more
fair comparisons. For our model, we use a learning rate of parameter-efficient than the second-best methods [42, 47].
5x10~* in all experiments. For activation functions that are As shown in Fig. 3, our method achieves faster convergence
sensitive to initialization, such as SIREN (where the initial and better reconstruction of fine structural details. We at-
wp 1s set to a large value, e.g., 30), we follow each method’s tribute this performance advantage to the model’s strong
recommended setting. All models are trained with 4 hidden joint frequency selection and spatial localization capabili-
layers and 256 hidden features per layer, and the number of ties. Comprehensive per-scene qualitative and quantitative
training iterations is kept consistent across all models. All results are provided in the Supplementary Material.
experiments are conducted on an RTX A6000 GPU. To en- 3D Shape Representation. Signed distance function (SDF)
sure fair comparison, results are averaged over 5 random represents the distance from any 3D point to the closest sur-
seeds. The variance is consistently small across activations, face using a continuous function, where the sign indicates
so standard deviations are omitted for brevity. whether the point lies inside (negative) or outside (positive)

the object boundary [22]. We follow the baseline setup [28]
and evaluate on five shapes from the Stanford 3D Scanning
2D Image Representation. For the 2D image represen- Repository [49]. Per-scene quantitative results in Table 2
tation task, we use the widely adopted Kodak [14] dataset show that FLAIR outperforms competing approaches. As
and DIV2K [2], which are widely recognized benchmarks shown in Fig. 7, FLAIR also reconstructs fine-grained ge-

5.1. Signal Representation
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Table 3. Average results on the NeRF synthetic dataset [34].
Per-scene results are provided in the Supplementary.

Metrics IGA (ICML'25) FINER (CVPR’24) WIRE (CVPR’23) SIREN (NeurIPS’20) FLAIR (Ours)

Table 4. Layer-wise parameters in BLA. Each parameter (T, o,
¢) is a learned scalar, and the columns list the values learned in
each layer [.

28.52
0.9217
0.063

27.20
0.9009
0.065

25.60
0.8857
0.105

29.31
0.9325
0.041

PSNR?T
SSIMT
LPIPS|

28.97

Layer index [

Scene Parameter l | Average
[ 1 2 3 4

T 0713 1.024 1046 0674 | 0.864

Igo“i“'l’;le" o 1955 2011 2041 1468 | 1868

(Kodak 08) ¢ 1178 1005 0993 1.166 | 1.086
T 1033 1026 0962 1.008 | 1.005

H"If""igi“f"“s o 1964 2016 2.136 2010 | 2015
(Kodak 16) ¢ 1114 0999 0989 1.021 | 1.031

(c) Time domain

(a) RGB image

(b) FFT magnitude (d) Frequency domain
Figure 9. Ablation study on scene adaptivity. Comparison be-
tween a complex scene (top row) and a homogeneous scene (bot-

tom row).

ometry with sharper and more faithful surface details than
other methods.

5.2. Inverse Problems of 2D Images

Arbitrary-Scale Super-Resolution. INRs inherently act as
continuous interpolants, enabling super-resolution beyond
fixed scales. Accordingly, we evaluate our method under
arbitrary-scale settings (e.g., x4, x6, x8), with further re-
sults in the Supplementary. As shown in Fig. 2, FLAIR
achieves the most fine-grained reconstruction at x4, partic-
ularly around the butterfly’s head (red box).

Image Denoising. Denoising is a particularly challenging
problem that requires not only effective noise suppression
but also the preservation of fine details. To address this chal-
lenge, precise frequency selection in regions where noise
and structure interact is essential. FLAIR meets this re-
quirement by effectively removing noise while preserving
fine textures, as shown in the Supplementary.

5.3. Neural Radiance Fields

Neural Radiance Fields. NeRFs [34] synthesize novel
views of complex 3D scenes by learning a continuous volu-
metric radiance field that maps 3D coordinates and viewing
directions to color and density. Following prior work [30,
43], we adopt a challenging setting using only 25 training
images, instead of the standard 100. As shown in Fig. 8,
FLAIR remains robust under this limited-view regime and
preserves structural details. Table 3 reports results on the
Blender benchmark [34], where FLAIR achieves the best
average performance across scenes. Additional per-scene
results are provided in the Supplementary Material.

5.4. Ablation Study

Scene-Adaptive Behavior of BLA. To validate whether the
learnable parameters of BLA adapt to scene complexity,
we conduct an image fitting experiment on two representa-
tive scenes, a complex scene (top row) and a homogeneous

4884

Table 5. Ablation of WEGE. We evaluate the effect of the DWT
level J and the guided filter parameters (window radius r and reg-
ularization €) within WEGE. Fitting experiments are conducted on
five randomly selected DIV2K scenes (0, 5, 8, 9, 13). We report
the average performance for brevity, while the relative ordering
across individual scenes and various tasks remains consistent, in-
dicating that the chosen configuration maintains generality.

I=1 J=2 I=3
WEGE r €  PSNRT/SSIMf/LPIPS| PSNRfT/SSIM?/LPIPS| PSNR?T/SSIMt/LPIPS|
X X X 33.26/0.9479 / 0.050 (baseline without DWT)
v X X 33.48/0.9494/0.031 30.88/0.9171/0.037 30.61/0.9152/0.046
v 2 le-8  35.11/0.9659/0.020 33.58/0.9540/0.033 33.53/0.9527/0.036
v 6 le-5 36.39/0.9779/0.014 34.92/0.9635/0.033 34.36/0.9591/0.035
v 10 le-2  36.01/0.9717/0.023 34.14/0.9595/0.045 32.95/0.9431/0.040

scene (bottom row), as shown in Fig. 9. We fit BLA to each
image and report the learned parameters (7', 0, () across
layers in Table 4. The complex scene exhibits smaller av-
erage values of T" and o, indicating stronger time-domain
localization and broader frequency-domain support, as re-
flected in the top row (c¢) and (d) of Fig. 9. In addition, its
larger ¢ induces a stronger spectral shift observed in Fig. 9
(d), revealing increased emphasis on high-frequency com-
ponents compared to the bottom row.

Hyperparameter Analysis of WEGE. As shown in Ta-
ble 5, we adopt the Daubechies-3 wavelet basis for its
smoothness and compact support, and we vary the DWT
level J. Among all settings, .J =1 performs best, effectively
preserving fine structures. We also examine the guided fil-
ter, which smooths edge discontinuities in the raw score
and yields more stable representations. We set » = 6 and
€ = le—> to balance excessive sharpness and blur, reducing
score discontinuities and preserving score accuracy. Addi-
tional score maps are provided in the Supplementary.

6. Conclusion

We have proposed FLAIR, a Frequency- and Locality-
Aware Implicit Neural Representation framework that uni-
fies two complementary components. BLA is a novel acti-
vation function enabling precise frequency selection while
suppressing excessive spatial oscillations, thereby facilitat-
ing effective signal modeling. WEGE is a lightweight mod-
ule tailored to INR architectures, adding only 0.1K param-
eters. Our method consistently alleviates spectral bias and
demonstrates superior fine-detail reconstruction across var-
ious tasks and datasets.
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