This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

NTK-Guided Implicit Neural Teaching

Chen Zhang* ¥ Wei Zuo* Bingyang Cheng Yikun Wang Wei-Bin Kou

Yik-Chung Wu

Ngai Wong

The University of Hong Kong

{czhang6, weizuo002}@connect.hku.hk

{ycwu, nwong}Qeee.hku.hk

g Project page

Abstract

Implicit Neural Representations (INRs) parameterize con-
tinuous signals via multilayer perceptrons (MLPs), en-
abling compact, resolution-independent modeling for tasks
like image, audio, and 3D reconstruction. However, fit-
ting high-resolution signals demands optimizing over mil-
lions of coordinates, incurring prohibitive computational
costs. To address it, we propose NTK-Guided Implicit Neu-
ral Teaching (NINT), which accelerates training by dynam-
ically selecting coordinates that maximize global functional
updates. Leveraging the Neural Tangent Kernel (NTK),
NINT scores examples by the norm of their NTK-augmented
loss gradients, capturing both fitting errors and heteroge-
neous leverage (self-influence and cross-coordinate cou-
pling). This dual consideration enables faster convergence
compared to existing methods. Through extensive exper-
iments, we demonstrate that NINT significantly reduces
training time by nearly half while maintaining or improving
representation quality, establishing state-of-the-art acceler-
ation among recent sampling-based strategies.

1. Introduction

Implicit Neural Representations (INRs) [59, 65] model dis-
crete signals (e.g., audios, images, or 3D scenes) using
continuous multilayer perceptrons (MLPs). These MLPs
take low-dimensional coordinates as input (e.g., pixel loca-
tions or spatiotemporal points) and output the correspond-
ing signal values, effectively learning a continuous func-
tion that interpolates the discrete data with high fidelity.
This coordinate-based formulation has revolutionized sev-
eral domains, including high-resolution image representa-
tion [50, 59], novel view synthesis [36, 39], and compact
signal compression [10, 45, 56, 62].
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Figure 1. NINT selection and reconstruction on kodim04 from Ko-
dak [11]. Top: INR reconstructions at 0, 5, 20, 60 sec (final PSNR
30.78 dB). Bottom: NINT-selected coordinates (red), scored by
NTK-augmented loss gradient norm to capture fitting errors and
heterogeneous leverage (self-influence and cross-coupling).

Nevertheless, training INRs is computationally intensive
due to the large number of training examples inherent in
high-resolution or high-dimensional signals. For instance,
a single 1024 x 1024 image contains over one million pix-
els, each treated as an independent training point. Videos
and 3D volumes scale this further into billions of coordi-
nates. As a result, standard gradient descent requires re-
peated full passes over the entire dataset, making training
slow and resource-heavy.

Several acceleration strategies have been proposed, each
with inherent limitations. Partition-based methods [28, 35,
54] divide the signal domain across multiple specialized
MLPs, but this increases architectural complexity and in-
ference overhead. Hybrid explicit-implicit approaches [7,
41, 69] augment MLPs with structured representations such
as tensors or voxels, achieving faster convergence at the ex-
pense of higher memory consumption. Meta-learning tech-
niques [9, 66] accelerate fitting via pre-trained initialization,
yet demand large homogeneous datasets for pre-training,
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limiting flexibility and requiring significant upfront compu-
tation.

In contrast, sampling-based methods [12, 75, 79, 80] of-
fer a lightweight alternative by selectively training on a sub-
set of coordinates each iteration. These approaches reduce
per-step computation without modifying the model or re-
quiring auxiliary data. However, most rely on static heuris-
tics, such as the magnitude of current output error or local
signal variation, to guide selection. While intuitive, these
criteria overlook the evolving dynamics of the MLP dur-
ing training, particularly how different coordinates influ-
ence parameter updates and global convergence. This limi-
tation restricts their ability to achieve maximal acceleration.

To address these limitations, we propose NTK-Guided
Implicit Neural Teaching (NINT), a novel sampling frame-
work that incorporates the Neural Tangent Kernel (NTK)
to capture the MLP’s evolving training dynamics. Rather
than relying solely on static measures of output error, NINT
jointly evaluates two complementary factors: (1) the gradi-
ent of the loss with respect to the network output, which
identifies regions of high fitting discrepancy, and (2) the
NTK-induced influence of each coordinate on parameter
updates, which quantifies how strongly a point drives global
model changes during training. By prioritizing examples
that combine high fitting error with strong dynamic influ-
ence, NINT ensures that each training batch maximally ac-
celerates global convergence. Fig. | visualizes the evolving
reconstructions and NINT-selected coordinates. Through
extensive experiments, NINT reduces training time by
nearly half compared to full-dataset training, while preserv-
ing or improving final representation quality. Among recent
sampling-based strategies [12, 19, 75, 79, 80], NINT estab-
lishes new state-of-the-art performance in both speed and
fidelity. Our key contributions are:

¢ NTK-centric analysis of INR dynamics: We derive
the functional evolution under gradient descent, expos-
ing the flaws in error-only sampling due to neglected self-
leverage and cross-coordinate coupling (Sec. 3.2).

e NINT sampling strategy: A principled, plug-and-play
method that selects examples by maximizing the magni-
tude of the functional update induced by each coordinate,
computed as the norm of NTK row (capturing global in-
fluence) multiplied by the loss gradients, ensuring every
parameter step drives the largest possible improvement
across the entire signal (Sec. 3.3).

« State-of-the-art acceleration: Extensive experiments
demonstrate that NINT reduces training time by nealy
half compared to full-batch baselines, while matching
or exceeding reconstruction quality, outperforming recent
sampling-based strategies (Sec. 4).

2. Related Works

2.1. Implicit Neural Representations

Implicit Neural Representations (INRs) [3, 14, 44, 59]
encode discrete signals as continuous functions using
coordinate-based MLPs, delivering memory-efficient, high-
resolution representations across diverse domains, spanning
images [10, 69], videos [8, 20, 34], 3D shapes [6, 25],
scenes [7, 38, 41], and unconventional data types [4, 15].
Beyond reconstruction, INRs drive breakthroughs in com-
pression [62], generative modeling [43], novel view syn-
thesis [38], inverse imaging [16], copyright protection [31-
33, 60], and physics-informed PDE solving [47]. Progress
in architectural design, including sinusoidal activations [48,
55], Fourier positional encodings [30, 65], and structured
priors [13, 23, 24, 27, 40, 67, 72], has significantly boosted
expressiveness and alleviated spectral bias [46]. Yet, train-
ing on complex signals remains computationally demand-
ing due to massive coordinate counts, highlighting the criti-
cal need for efficient, model-agnostic acceleration methods.

2.2. Acceleration for INR Training

To mitigate the high computational cost of training over vast
coordinate sets, prior works have explored diverse acceler-
ation paradigms while trading off model complexity, mem-
ory, or auxiliary resources. Partition-based techniques [28]
segment the domain into subregions managed by special-
ized MLPs, leveraging regular grids [51], adaptive parti-
tioning [35], Voronoi diagrams [49], or pyramidal struc-
tures [54], yet they introduce inference latency from en-
semble coordination. Explicit caching methods integrate
structured priors, such as hash grids [41], low-rank ten-
sors [7], tree hierarchies [29, 71], or point clouds [70], to ex-
pedite convergence at the cost of increased memory. Meta-
learning approaches [9, 66] provide task-specific initializa-
tions through pre-training on vast corpora [66] or hyper-
networks [59, 63], but demand substantial upfront data and
computation. Additional efficiency gains have been pursued
via modulators [37], reparameterizations [58], input trans-
formations [57], and normalization layers [5].

In contrast, sampling-based methods [12, 75, 79, 80] pre-
serve architectural simplicity by subsampling coordinates
per iteration, including edge-aware EGRA [12], frequency-
prior-driven Expansive Supervision [80], Monte-Carlo Soft
Mining [19], and evolutionary EVOS [79]. Most closely re-
lated, INT [75] recasts INR acceleration as a nonparametric
teaching problem (i.e., strategically selecting the most in-
formative coordinates to guide MLP convergence, akin to
a teacher curating high-impact examples) [73, 74, 76, 77],
using greedy functional algorithms for coordinate selec-
tion. While effective, these heuristics typically ignore the
MLP’s parameter update dynamics, constraining conver-
gence speed. As discussed in §3.2, INT is essentially us-
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ing a matrix similar to an identity matrix to approximate
the NTK, with nearly identical values along the diagonal.
This inaccurately models the true direction of parameter up-
dates unless the NTK is nearly diagonal, which is rarely
the case in typical MLP training. [17, 22]. Consequently,
the selected coordinates may not optimally drive conver-
gence. Differently, our NINT integrates the full NTK to
explicitly model training dynamics in the selection process,
jointly optimizing for high output-gradient error and strong
parameter-update influence, thereby maximizing per-batch
progress toward global convergence.

3. Method

We begin by formulating the implicit neural representa-
tion (INR) as an MLP that maps coordinates to signal at-
tributes, trained via empirical risk minimization. We then
analyze INR training dynamics through the lens of the
neural tangent kernel (NTK), revealing heterogeneous self-
leverage and functional coupling that prior error-only sam-
pling strategies fail to account for. To address this, we
propose NTK-Guided Implicit Neural Teaching (NINT),
which selects influential coordinates by maximizing NTK-
augmented gradients for faster global convergence. We de-

tail the formulation in Sec. , dynamics in Sec. , and
NINT in Sec.

3.1. Formulation

Let S = {(x;,y:)}}Y, denote a natural signal consist-

ing of NV observation pairs, where x € R™ represents an
m-dimensional coordinate (e.g., spatial, temporal, or spa-
tiotemporal location) and y; € R"™ denotes the correspond-
ing n-dimensional attribute vector (e.g., audio intensity,
pixel values, density, or feature embedding).

The goal of INR is to learn a continuous mapping fy :
R™ — R"™ parameterized by an MLP with parameters 6,
such that fyp(x;) ~ y; forall i € {1,...,N}, and ide-
ally, fy generalizes to unobserved coordinates x ¢ {x;} ;.
This is achieved by minimizing an empirical risk over the
observed data:

| X
0* = argmein ~ ;ﬁ (fo(xi),¥4) 5 (L

where £ : R" x R® — R is a task-specific loss function
(typically the /5 norm for regression). A regularizer R(6)
with coefficient A > 0 may be included to enhance general-
ization [26].

The MLP fy typically consists of L fully connected lay-
ers with non-linear activations (e.g., sine [59]):

ho =X
hy = o¢(Wihy—1 + by),
fo(x) =Wrhr_1 + by

{=1,...

)
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where {Wy, b;} = 6 are learnable weights and biases, and
o¢ denotes the activation function at layer . To enhance
high-frequency reconstruction, positional encoding may be
applied to the input [38, 58, 65].

During inference, fy enables continuous evaluation at
arbitrary resolutions without storing the full signal, mak-
ing INRs particularly suitable for high-dimensional, large-
scale, or irregularly sampled data. The learned representa-
tion is implicit, as the signal is encoded entirely within the
network parameters 6, rather than in discrete voxels or ver-
tices.

3.2. INR Training Dynamics

Training an INR as defined in Eq. | is typically performed
via gradient descent on the network parameters [53]. For a
dataset of size N (i.e., N observation pairs), the full-batch
parameter update at iteration ¢ is:

N
04— 0 = LY Vel (fa(x)yi), ()
i=1

where 77 > 0 is the learning rate.
When 7 is sufficiently small, the discrete update can be
approximated in continuous time as a differential equation:

o0
ot

N
i=1
“)
To understand how the function fy: evolves, consider its
first-order Taylor expansion:

T

= —%[V@fgt(xi)]i[il [vfﬁ(ff)t(xl)’yl)]

Ofor(x) , ,
for1(x)— for (x) = <W’9*+1—9f>+0(||3f+1—9t||)-
)
Taking the continuous-time limit yields:
afgt (X) -~ 8fga(x) 870t
ot _< o0t E)t>' ©
Substituting the parameter evolution (i.e., Eq. 4) gives:
dfg: (%) n N T N
at o _N[K«Qt(xhx):li:l '[vf£<f9t(xi)aYi)L:1a
(7
where
oy /Ofp(x:) Ofgr(x)
Ko (xi, %) = ( S50, SR )

is the Neural Tangent Kernel (NTK) at parameters 6, input
x; and x [17].

In the infinite-width limit, Kjy: remains constant
throughout training, transforming gradient descent into ker-
nel regression in function space [17]. For finite-width
MLPs, the NTK evolves gradually but remains a reliable
descriptor of training dynamics [2, 22].



NTK Matrix Patch

Figure 2. NTK visualization on the image 02 from DIV2K [1].
Two 9 x 9 NTK patches correspond to two 3 x 3 pixel regions
(red). Strong off-diagonals show significant functional coupling
between regions, while diverse diagonals indicate heterogeneous
self-leverage. Color denotes magnitude.

The full NTK matrix Ky (x;,%x;) captures func-
tional coupling between coordinates via inner prod-
ucts in parameter-gradient space: the off-diagonal entry
Kyt (x;,x;) measures the projection of W‘gie(fj) onto the
update direction induced by x;. A large |Ky:(x;,x;)| indi-
cates that a parameter update driven by the loss at x; will
significantly co-move the output at x;, even if x; is not in-
cluded in the current batch.

Meanwhile, the diagonal trace Ky (x;,%x;) =
I 81 f;e(txi) |; quantifies the self-leverage of x;, i.e.,
the squared norm of its output gradient in parameter space.
High Ky (x;,x;) implies that a unit parameter update
along the loss gradient at x; induces a large change in its
own output fy and, through off-diagonal coupling, across
the global function.

We illustrate this NTK behavior in Fig. 2, where high
self-leverage (diagonal) and strong functional coupling (off-
diagonal) are evident in local 9 x 9 NTK matrix patches
centered on selected 3 x 3 pixel regions.

This dual structure, i.e., varying self-leverage and non-
negligible functional coupling, exposes a critical flaw
in prior sampling methods [12, 75, 79]. By select-
ing coordinates solely based on output error ||V (L],
these approaches implicitly assume the NTK is diago-
nal and isotropic: i.e., no cross-coordinate influence
(Kot (x4,%x;) ~ 0 for i # j) and uniform self-leverage
(Kyt(x4,%;) =~ c for all 7). This is equivalent to approx-
imating the NTK with a scaled identity matrix.

In practice, neither holds: MLPs exhibit strong off-
diagonal coupling due to weight sharing [17], and diagonal
values vary by orders of magnitude—coordinates in high-
frequency or high-curvature regions (e.g., edges, transients)
have significantly larger NTK traces than those in smooth
or noisy areas [22]. Consequently, error-only sampling fre-

Algorithm 1 NTK-Guided Implicit Neural Teaching

Input: Signal S = {(x;,y;) ij\il, MLP fy, batch size B,
learning rate 7, iterations 7'
Output: Trained INR fy,.

1: Initialize 6
2: fort =0toT — 1do
3: Forward pass: y; = fp, (x;) for all i

N
4 Compute g’ = [V,L(for(x:),¥4)],_,
5: Compute NTK row: Kyt (x;,:) for all ¢
6

Select: By = argmax ||[Kog:(x;,:) ~gt]iEBH2
BC{l,...,N}
|B|=B

7: Update: 041 < 0; — & Zz‘eBt VoLl(fo,(%:),¥:)
8: end for
9: return fy,.

quently prioritizes high-error but low-leverage points, wast-
ing gradient steps on updates with minimal global impact.
It prompts us to dynamically select examples for fast con-
vergence as described in the next subsection.

3.3. NTK-Guided Implicit Neural Teaching

To overcome the isotropic-diagonal assumption of error-
only sampling, we propose NTK-Guided Implicit Neural
Teaching (NINT), a principled sampling strategy that ex-
plicitly accounts for the heterogeneous self-leverage and
functional coupling encoded in the NTK. Rather than treat-
ing all high-error points equally, NINT prioritizes coordi-
nates that are both poorly fitted and globally influential,
i.e., those that drive large functional changes across the
domain via strong self-leverage and cross-coordinate cou-
pling.

Error-only sampling [12, 75, 79] selects a batch B C
{1,..., N} of size B by maximizing the norm of the loss
gradient vector, i.e.

B* = al\«gr:ngx H [Vfﬁ(fe‘ (Xi)>yi)]z‘eBH

2
This prioritizes points with large local prediction error (i.e.,
high output disparity between the current MLP prediction
and the target signal). While some prior methods, such
as EVOS [79], augment this criterion by incorporating a
Laplacian operator applied to both the predicted fy:(x) and
the given signal y to better capture high-frequency residu-
als, they still operate solely in the output space and remain
agnostic to the parameter-to-function mapping induced by
the NTK. However, as highlighted in Sec. 3.2, this ignores
the varying self-leverage and functional coupling encoded
in the NTK, leading to inefficient updates that may priori-
tize high-error but low-impact points.

NINT, in contrast, selects samples to maximize the
expected magnitude of the functional evolution, as cap-
tured by the NTK-augmented gradient. From Eq. 7,

17251



the instantaneous change in the function fp:(x) at any
point x is governed by the product of the NTK row
Kyt (x;,x) and the loss gradient at observed points. To
accelerate global convergence, NINT prioritizes coordi-
nates x; that are both poorly fitted and globally influen-
tial, i.e., those inducing large functional shifts via strong
self-leverage (Ky: (x;, x;)) and cross-coordinate coupling
(Kot (x;,%;)). Formally:

B* = arg max
|B|=B

[th (xi,:) - [Vfﬁ(fet (Xj)a}’j)]j‘v:J

i€B

where Ky (x;,:) € R1*Y denotes the row of the NTK ma-
trix corresponding to x;. This incorporates both the local er-
ror magnitude and the coordinate’s leverage on the broader
function space. Pseudo code is in Algorithm I.

4. Results

4.1. Experimental Setup

4.1.1. Settings and Metrics

Following [79, 80], a portion £ of the training set is ran-
domly selected. The remaining portion 1 — & is divided
between NTK-guided sampling and error-based sampling.
The NTK-guided ratio is (1 — &) exp(—At/«), where A
controls the decay rate, and « sets the NTK recomputation
interval (reusing prior results otherwise). The error-based
ratio constitutes the balance, selecting samples via fitting
errors as in prior works [12, 75]. We adopt this hybrid
sampling to leverage NTK’s global influence while tran-
sitioning to effective error-based selection, with hyperpa-
rameters tuned for computational balance (see ablations in
Sec. 4.3.3). Particularly, default hyperparameters are set as
follows: £ = 0.7, « = 10, and A = 1.0. For baselines,
we used their official default settings. The default network
is a 5x256 SIREN [62], with further analysis of network
size and architecture in Sec. 4.3.1 and Sec. 4.3.2. All runs
were on a single NVIDIA RTX 4090 GPU with 24 GB of
memory. We measured reconstruction quality using PSNR,
SSIM [68], and LPIPS [78].

4.1.2. Baseline Strategies and Datasets

We benchmark NINT against several leading INR acceler-
ation methods: (1) Expansive Supervision (Expan.) [80],
(2) EVOS [79], (3) INT [75], (4) SoftM. [19], (5) EGRA
[12], (6) Uniform Random Sampling (Unif.), and (7) con-
ventional full-coordinate training (Stand.). For EVOS [79],
we incorporate the official variant, EVOS (w/o CFS.),
where only vanilla L2 loss is implemented without Cross-
Frequency Supervision; For Expan. [80], to align with its
official uniform random sampling ratio setting (¢ = 0.5),
we include a matching NINT variant for fair comparison.
All methods use a learning rate of n = le — 4 and a batch
size of B = 20 % of the full sample set (except B = 100 %

60-sec train  PSNR

32.40dB

Figure 3. Visual comparison of image reconstructions using dif-
ferent sampling strategies on the kodim15 image from the Kodak
dataset [11], after a fixed training duration of 60 seconds.

for Stand.). Our 2D image experiments draw from the Ko-
dak [11] and DIV2K [1] datasets. Furthermore, extended
experiments on more images and other modalities, includ-
ing 1D and 3D datasets, can be found in supplementary ma-
terials.

4.2. Comparison with State-of-the-art Strategies

Table | presents the quantitative results under fixed train-
ing iteration budgets. NINT leads across all thresholds
(250, 1000, and 5000 iterations) and metrics (PSNR, SSIM,
LPIPS). This consistent superiority highlights the effec-
tiveness of NTK-guided functional updates, which enable
more informative sample selection and accelerate conver-
gence. Notably, NINT not only achieves higher reconstruc-
tion quality at early stages, but also maintains its advan-
tage as training progresses, indicating robust performance
throughout the optimization process.

Table 2 examines efficiency by tracking iterations and
time needed to hit specific PSNR targets. NINT demon-
strates clear improvements in both training speed and re-
source utilization, outperforming all baselines across mul-
tiple target PSNR values (25, 30, and 35 dB). In partic-
ular, when compared to standard full-coordinate training
(Stand.), NINT reduces the number of required iterations
and total training time by up to 26.58 % and 48.99 %, re-
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250 Iterations 1000 Iterations 5000 Iterations
Strategy PSNRT SSIMtT LPIPS| | PSNRT SSIM?tT LPIPS| | PSNRT SSIMT LPIPS)
Stand. ‘ 27.897 0.774 0.438 ‘ 31.669  0.845 0.278 ‘ 39.763  0.962 0.022
Unif. 27.660  0.771 0.443 31.139  0.836 0.291 37.137  0.943 0.069
EGRA [12] 27.672  0.772 0.443 31.243  0.838 0.289 37.393  0.945 0.068
SoftM. [19] 27.647  0.747 0.498 31.381 0.816 0.338 35504  0.920 0.070
INT [75] 27.568  0.747 0.499 31.192  0.815 0.351 39.020 0.943 0.035
EVOS [79] (w/o CFS.) | 27.964 0.753 0.459 31.657 0.842 0.260 37.175  0.935 0.054
EVOS [79] 28.016  0.755 0.454 31.719  0.842 0.262 37.558  0.940 0.054
Expan. [80] (¢ = 0.5)7 | 28.034 0.773 0.420 32273  0.857 0.227 38.350  0.948 0.049
Expan. [80] (¢ = 0.7) 27.990 0.772 0.426 32.154  0.855 0.240 38.220  0.947 0.056
NINT (£ = 0.5) 28.720  0.770 0.438 32.591 0.851 0.246 38.082  0.933 0.037
NINT (¢ = 0.7) 28.956 0.776 0.414 32.640 0.841 0.238 39.085 0.958 0.029

T denotes the default setting in Expan. [80].

Table 1. Performance metrics (PSNRT, SSIMT, LPIPS]) at fixed training iterations (250, 1000, 5000) across various sampling strategies
on image fitting tasks. Purple : the best performance; Pale Purple : the secondary performance.

Strategy
PSNR | Metric Stand. Uni. EGRA SoftM. INT EVOS Expan. Expan. NINT NINT
€=0.5" (=07 (=05 (£=0.7)
25 iter| 80 82 82 99 100 132 90 86 72 70
Time(s)| | 8.40 5.94 6.09 7.03 6.44 8.90 6.57 6.34 6.07 5.92
30 iter]. 523 626 603 589 589 490 450 454 380 384
Time(s)] | 49.11 38.85 37.85 37.87 33.01 31.20 28.59 29.16 25.63 25.05
35 iter| 2043 2760 2619 2624 2023 2302 1802 1988 1706 1644
Time(s)] | 184.78 | 168.46 160.41 16542 111.80 143.20 111.01 123.60 108.90 102.88

1 denotes the default setting in Expan. [80].

Table 2. Iterations and runtime (in seconds) required to reach target PSNR thresholds across various sampling strategies on image fitting

tasks. Purple : the best performance; Pale Purple : the secondary performance.

SSIM vs Training Time

LPIPS vs Training Time
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— Unif.
SoftM.

ing. This aligns with its top PSNR of 32.40 dB among all
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— INT
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SoftM.
EVOS

—— NINT

— INT
Expan

EVOS
—— NINT
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20 30 40

50 60 0 10
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strategies, confirming that its quantitative advantage trans-
lates into meaningful visual improvements in INR tasks.
Fig. 4 tracks SSIM [68] and LPIPS [78] over 60 sec-
onds. Across both metrics and over the full training dura-
tion, NINT consistently achieves the highest structural and
perceptual fidelity and outclasses all baselines. Notably,
NINT demonstrates superior convergence behavior, attain-
ing higher SSIM and lower LPIPS values faster in training

Training Time (sec)

Training Time (sec)

Figure 4. Trends in SSIM [68] and LPIPS [78] metrics over 60
seconds of training across various sampling strategies.

spectively. These savings make NINT ideal for INR tasks
with tight time constraints, blending global and local sam-
pling for faster, high-quality results.

Fig. 3 offers a visual comparison after 60 seconds of
training. Compared to baseline strategies, NINT produces
crisper details, especially in the zoomed eye area, clearly
preserving patterns and color boundaries of the facial paint-

and maintaining this advantage through the final iteration.
This indicates that NINT not only yields better image re-
construction quality but also does so more efficiently, un-
derscoring its superior effectiveness.

4.3. Ablation Studies
4.3.1. Adaptability for Network Sizes

Since INR tasks differ in complexity, sampling strategies
must adapt well. We tested NINT across SIREN [62] net-
works from 1x64 to 5x256 to check its fit for varying ca-
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Stand.

NINT

150-sec train

PSNR

Figure 5. Visual comparison of reconstruction quality across various network sizes, after training for 150 seconds on image 07 from

25.58dB

26.61dB 30.32dB 29.33dB

- e, N

34.91dB

DIV2K [1].

Network Size PSNR 1 Time (s) | Network Structure PSNR 1 Time (s) |
500 1000 2500 20s 60s 120s

1x64 11.835 17.137 18.305 N/A MLP 1491 18.13 20.67 374.64
1x64 (NINT) 13.890 17.606 18.527 N/A MLP + NINT 15.11 19.72 21.68 266.32
3x64 22291 23.527 25.110 159.04 FEN [65] 16.75 269 31.44 54.19
3x64 (NINT) 22.023  23.611 25.257 141.14 FEN + NINT 18.88 27.39 31.48 48.75
3%x128 23.172  24.169 26.140 92.16 FINER [30] 28.12  31.15 33.01 6.90
3x 128 (NINT) | 23.195 24.506 26.521 72.14 FINER + NINT 29.54 31.28 35.61 6.76
5%x128 24486 26.036 30.114 45.34 GAUSS [48] 21.51 25.87 33.05 56.23
5x128 (NINT) | 24948 27.363 30.259 31.47 GAUSS + NINT 2146 27.11 33.38 48.24
3x256 24.075 25.785 28.852 57.68 PEMLP [65] 18.41 25.09 29.11 59.02
3x256 (NINT) | 24.404 27.761 29.444 39.75 PEMLP + NINT 19.95 2591 30.45 49.13
5%256 25.613 28.685 33.693 35.42 SIREN [62] 27.45 30.51 3244 8.25
5x256 (NINT) | 26.851 31.274 35.100 22.16 SIREN + NINT 29.28 3240 3547 5.81

Table 3. Comparison of PSNR at fixed training iterations (500, WIRE [55] 16.88 23.86 27.17 83.30

1000, 2500) and elapsed time for 3000-iteration training across WIRE + NINT 17.62 26.62 29.13 47.23

different network sizes, with and without NINT. Better perfor-
mance is marked as purple .

pacities. Specifically, we compare: 1) PSNR at fixed train-
ing iterations including 500, 1000 and 2500; 2) the elapsed
time for reaching the PSNR = 25 dB threshold. As Ta-
ble 3 indicates, NINT’s time savings grow with network
size, hitting 37.44 % at 5x256. Even for the small 1x64
network, which cannot always hit the threshold (marked
as N/A) due to its limited capacity, NINT still brings up
to 17.36 % PSNR improvement at fixed iteration check-
points under such setting. Furthermore, NINT demonstrates
consistent superiority of PSNR at given training iterations,
which clearly confirms the effectiveness of incorporating
NTK-guided sampling for training acceleration while sat-
isfying distinct expressiveness requirements of INR tasks.

Fig. 5 presents a visual comparison of network sizes un-
der a fixed 150-second training budget. While both strate-

Table 4. Comparison of PSNR at fixed training times (20s, 60s,
120s) and elapsed time to reach PSNR=25 threshold across vari-
ous INR network structures, with and without NINT. Better per-
formance is highlighted in purple .

gies benefit from increased capacity, NINT consistently
outperforms Stand., with PSNR improving from 25.58 dB
(3x64)to0 34.91 dB (5x256). Notably, the performance gap
widens as the network scales, indicating that NINT more ef-
fectively leverages larger capacity for higher-fidelity recon-
structions while maintaining its advantage even with limited
model capacity. This highlights NINT’s scalability and ro-
bustness across model sizes.

4.3.2. Adaptability for Network Structures

To probe NINT’s adaptability for network structures, we
conduct experiments across a diverse set of neural archi-
tectures, including plain MLP and its extensive variants:
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Iterations | Time (s) |
Setting PSNR SSIM LPIPS PSNR SSIM LPIPS
30 35 0.8 0.9 0.2 0.1 30 35 0.8 0.9 0.2 0.1

NINT (default) ‘ 380 1644 | 399 1639 ‘ 1172 2082 ‘ 25.09 102.88 | 26.00 102.56 ‘ 73.51  130.21
a=1 411 1682 | 424 1685 | 1258 2297 | 27.08 107.43 | 27.82 107.65 | 80.42 146.21
a=20 401 1698 | 400 1717 | 1338 1941 | 26.19 106.24 | 26.15 107.44 | 83.74 121.31
a=50 383 1650 | 394 1651 | 1155 2384 | 25.39 104.07 | 26.08 104.12 | 73.09 149.60
£=04 391 1659 | 431 1832 | 1327 2001 | 26.03 104.55 | 28.46 115.36 | 83.77 12941
£=05 380 1706 | 414 1762 | 1200 1973 | 25.63 108.89 | 27.65 112.44 | 76.98 125.69
£=0.6 376 1656 | 401 1693 | 1287 2491 | 24.71 103.50 | 26.22 105.80 | 80.51  155.08
£=0.8 400 1647 | 399 1644 | 1181 2331 | 26.16 10295 | 26.04  120.73 | 74.04 145.26
A=0.1 390 1700 | 404 1711 | 1202 1962 | 28.48 110.37 | 29.37 11099 | 79.42 126.50
A=0.5 394 1731 | 402 1742 | 1239 1951 | 26.28 10943 | 26.79 110.10 | 78.68 123.02
A=2.0 380 1648 | 404 1643 | 1208 2028 | 24.82 102.85 | 26.22 102.55 | 75.57 126.24

Table 5. Ablation study on the impact of hyperparameters c, &, and X in NINT, showing iterations and runtime (in seconds) required to reach
target thresholds for PSNR, SSIM, and LPIPS on image fitting tasks. Purple : the best performance; Orange : the worst performance.

FFN [65], FINER [30], GAUSS [48], PEMLP [65], SIREN
[62], and WIRE [55]. These architectures, characterized by
heterogeneous designs in frequency-induced encoding and
activation functions, encompass a broad spectrum of INR
scenarios and pose unique challenges for sampling strategy
robustness. As summarized in Table 4, we evaluate perfor-
mance by comparing PSNR at fixed training times (20, 60,
and 120 seconds), as well as the time required to reach a
PSNR of 25 dB. The results demonstrate that NINT consis-
tently delivers superior performance across all tested struc-
tures, reducing training time by up to 43.30 % and improv-
ing PSNR by as much as 11.57 % under comparable train-
ing budgets. These improvements are particularly notable
in architectures with complex frequency encoding, where
traditional sampling strategies often struggle to efficiently
allocate computational resources. By consistently deliv-
ering acceleration and quality improvements regardless of
model type, NINT is well-suited for practical INR applica-
tions with diverse network choices.

4.3.3. Adaptability for NINT Settings

We further assess the sensitivity of NINT to its hyperparam-
eters across multiple metrics, considering both iteration-
and time-based efficiency. As shown in Table 5, NINT
achieves robust performance under the default configura-
tion (see Sec. ), consistently ranking at or near the top
across all evaluation criteria (e.g., fastest time to PSNR =
30 dB: 25.09 seconds; lowest time to SSIM = 0.8: 26.00
seconds). Importantly, NINT maintains strong performance
even when deviating from default settings, demonstrating
flexibility in optimization: for instance, o = 50 yields the
best time for LPIPS = 0.2, £ = 0.6 achieves the lowest it-
eration count for PSNR = 30 dB, and A = 2.0 attains the
fastest time for PSNR = 35 dB and SSIM = 0.9. Even

in worst-case scenarios (e.g2., « = 1 or A = 0.1), NINT’s
results remain close to optimal, underscoring its stability
across diverse configurations. Overall, these findings high-
light that NINT delivers plug-and-play efficiency and robust
performance without the need for intricate hyperparameter
tuning.

5. Concluding Remarks and Future Work

In this work, we introduced NINT, a sampling-based strat-
egy that accelerate INR training by leveraging NTK to dy-
namically select coordinates maximizing global functional
updates, integrating fitting errors with insights into het-
erogeneous self-leverage and cross-coordinate coupling to
overcome the inefficiencies of error-only methods that ig-
nore the NTK’s off-diagonal elements and lead to subop-
timal progress. Our NTK-centric analysis revealed these
limitations, while NINT prioritizes NTK-augmented gradi-
ent norms for faster convergence. Extensive benchmarks
show NINT outperforming baselines in PSNR, SSIM, and
LPIPS, reducing time and iterations to quality thresholds by
up to 49 % and 27 % compared to full-batch training, with
visuals confirming sharper details achieved faster. It scales
effectively with network size, yielding greater savings on
larger models, adapts seamlessly across diverse architec-
tures with up to 43.3 % runtime cuts, and demonstrates
robustness to hyperparameter variations, ensuring reliable
performance without extensive tuning. Overall, NINT en-
hances INR practicality by speeding up training without ar-
chitectural modifications or additional data, surpassing re-
cent samplers [12, 19, 75, 79, 80]. Future work includes
NTK approximations to lower overhead, adaptive batching,
and integration with hybrid architectures for applications in
neural signal processing.
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