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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
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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).

signal compression [10, 45, 56, 62].
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 × 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-
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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,
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. 1 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).

• 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-
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. 3.1, dynamics in Sec. 3.2, and
NINT in Sec. 3.3.

3.1. Formulation

Let S = {(xi,yi)}Ni=1 denote a natural signal consist-
ing of N observation pairs, where x ∈ Rm represents an
m-dimensional coordinate (e.g., spatial, temporal, or spa-
tiotemporal location) and yi ∈ Rn 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 fθ :
Rm → Rn parameterized by an MLP with parameters θ,
such that fθ(xi) ≈ yi for all i ∈ {1, . . . , N}, and ide-
ally, fθ generalizes to unobserved coordinates x /∈ {xi}Ni=1.
This is achieved by minimizing an empirical risk over the
observed data:

θ⋆ = argmin
θ

1

N

N∑
i=1

L (fθ(xi),yi) , (1)

where L : Rn × Rn → R+ is a task-specific loss function
(typically the ℓ2 norm for regression). A regularizer R(θ)
with coefficient λ ≥ 0 may be included to enhance general-
ization [26].

The MLP fθ typically consists of L fully connected lay-

ers with non-linear activations (e.g., sine [59]):

h0 = x

hℓ = σℓ(Wℓhℓ−1 + bℓ), ℓ = 1, . . . , L− 1,

fθ(x) = WLhL−1 + bL (2)

where {Wℓ,bℓ} ≡ θ are learnable weights and biases, and
σℓ denotes the activation function at layer ℓ. To enhance
high-frequency reconstruction, positional encoding may be
applied to the input [38, 58, 65].

During inference, fθ 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 θ, rather than in discrete voxels or ver-
tices.

3.2. INR Training Dynamics
Training an INR as defined in Eq. 1 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 t is:

θt+1 ← θt − η

N

N∑
i=1

∇θL
(
fθt(xi),yi

)
, (3)

where η > 0 is the learning rate.
When η is sufficiently small, the discrete update can be

approximated in continuous time as a differential equation:

∂θt

∂t
= − η

N

[
∇θfθt(xi)

]N
i=1

⊤
·
[
∇fL

(
fθt(xi),yi

)]N
i=1

.

(4)
To understand how the function fθt evolves, consider its

first-order Taylor expansion:

fθt+1(x)−fθt(x) =
〈∂fθt(x)

∂θt
, θt+1−θt

〉
+o(∥θt+1−θt∥).

(5)
Taking the continuous-time limit yields:

∂fθt(x)

∂t
≃

〈∂fθt(x)

∂θt
,
∂θt

∂t

〉
. (6)

Substituting the parameter evolution (i.e., Eq. 4) gives:

∂fθt(x)

∂t
≃ − η

N

[
Kθt(xi,x)

]N
i=1

⊤
·
[
∇fL

(
fθt(xi),yi

)]N
i=1

,

(7)
where

Kθt(xi,x) ≡
〈∂fθt(xi)

∂θt
,
∂fθt(x)

∂θt

〉
(8)

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



In the infinite-width limit, Kθt 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].

The full NTK matrix Kθt(xi,xj) captures func-
tional coupling between coordinates via inner prod-
ucts in parameter-gradient space: the off-diagonal entry
Kθt(xi,xj) measures the projection of ∂fθt (xj)

∂θt onto the
update direction induced by xi. A large |Kθt(xi,xj)| indi-
cates that a parameter update driven by the loss at xi will
significantly co-move the output at xj , even if xj is not in-
cluded in the current batch.

Meanwhile, the diagonal trace Kθt(xi,xi) =∥∥∂fθt (xi)
∂θt

∥∥2
2

quantifies the self-leverage of xi, i.e.,
the squared norm of its output gradient in parameter space.
High Kθt(xi,xi) implies that a unit parameter update
along the loss gradient at xi induces a large change in its
own output fθ 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 × 9 NTK matrix patches
centered on selected 3× 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 ∥∇fL∥2,
these approaches implicitly assume the NTK is diago-
nal and isotropic: i.e., no cross-coordinate influence
(Kθt(xi,xj) ≈ 0 for i ̸= j) and uniform self-leverage
(Kθt(xi,xi) ≈ c for all i). 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-
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

NTK Matrix Patch

3×3 pixels

9×9
9×9

3×3 pixels

Self-leverage

Functional Coupling 

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

Algorithm 1 NTK-Guided Implicit Neural Teaching
Input: Signal S = {(xi,yi)}Ni=1, MLP fθ, batch size B,
learning rate η, iterations T
Output: Trained INR fθT

1: Initialize θ0
2: for t = 0 to T − 1 do
3: Forward pass: ŷi = fθt(xi) for all i
4: Compute gt =

[
∇fL

(
fθt(xi),yi

)]N
i=1

5: Compute NTK row: Kθt(xi, :) for all i
6: Select: Bt = argmax

B⊆{1,...,N}
|B|=B

∥∥[Kθt(xi, :) · gt]i∈B
∥∥
2

7: Update: θt+1 ← θt − η
B

∑
i∈Bt
∇θL(fθt(xi),yi)

8: end for
9: return fθT

domain via strong self-leverage and cross-coordinate cou-
pling.

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

B⋆ = argmax
|B|=B

∥∥∥[∇fL
(
fθt(xi),yi

)]
i∈B

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

B⋆ = argmax
|B|=B

∥∥∥∥[Kθt(xi, :) ·
[
∇fL

(
fθt(xj),yj

)]N
j=1

]
i∈B

∥∥∥∥
2

,

where Kθt(xi, :) ∈ R1×N denotes the row of the NTK ma-
trix corresponding to xi. This incorporates both the local er-
ror magnitude and the coordinate’s leverage on the broader
function space. Pseudo code is in Algorithm 1.

4. Results
4.1. Experimental Setup
4.1.1. Settings and Metrics
Following [79, 80], a portion ξ of the training set is ran-
domly selected. The remaining portion 1 − ξ is divided
between NTK-guided sampling and error-based sampling.
The NTK-guided ratio is (1 − ξ) exp(−λt/α), where λ
controls the decay rate, and α 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: ξ = 0.7, α = 10, and λ = 1.0. For baselines,
we used their official default settings. The default network
is a 5×256 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],

NINT

32.40dB
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32.10dB

EVOS

31.49dB

INT

31.56dB

GT Stand.

PSNR 30.53dB60-sec train
EGRA

31.19dB

SoftM.

31.24dB

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.

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 (ξ = 0.5),
we include a matching NINT variant for fair comparison.
All methods use a learning rate of η = 1e − 4 and a batch
size of B = 20 % of the full sample set (except B = 100 %
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 1 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.



250 Iterations 1000 Iterations 5000 Iterations
Strategy PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ 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 35.504 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] (ξ = 0.5)† 28.034 0.773 0.420 32.273 0.857 0.227 38.350 0.948 0.049
Expan. [80] (ξ = 0.7) 27.990 0.772 0.426 32.154 0.855 0.240 38.220 0.947 0.056
NINT (ξ = 0.5) 28.720 0.770 0.438 32.591 0.851 0.246 38.082 0.933 0.037
NINT (ξ = 0.7) 28.956 0.776 0.414 32.640 0.841 0.238 39.085 0.958 0.029
† denotes the default setting in Expan. [80].

Table 1. Performance metrics (PSNR↑, SSIM↑, 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

(ξ=0.5)† (ξ=0.7) (ξ=0.5) (ξ=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)↓ 184.78 168.46 160.41 165.42 111.80 143.20 111.01 123.60 108.90 102.88

† 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.

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

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-
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-
ing. This aligns with its top PSNR of 32.40 dB among all
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
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Figure 5. Visual comparison of reconstruction quality across various network sizes, after training for 150 seconds on image 07 from
DIV2K [1].

Network Size PSNR ↑ Time (s) ↓
500 1000 2500

1×64 11.835 17.137 18.305 N/A
1×64 (NINT) 13.890 17.606 18.527 N/A

3×64 22.291 23.527 25.110 159.04
3×64 (NINT) 22.023 23.611 25.257 141.14

3×128 23.172 24.169 26.140 92.16
3×128 (NINT) 23.195 24.506 26.521 72.14

5×128 24.486 26.036 30.114 45.34
5×128 (NINT) 24.948 27.363 30.259 31.47

3×256 24.075 25.785 28.852 57.68
3×256 (NINT) 24.404 27.761 29.444 39.75

5×256 25.613 28.685 33.693 35.42
5×256 (NINT) 26.851 31.274 35.100 22.16

Table 3. Comparison of PSNR at fixed training iterations (500,
1000, 2500) and elapsed time for 3000-iteration training across
different network sizes, with and without NINT. Better perfor-
mance is marked as purple .

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 1×64 to 5×256 to check its fit for varying ca-
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

Network Structure PSNR ↑ Time (s) ↓
20s 60s 120s

MLP 14.91 18.13 20.67 374.64
MLP + NINT 15.11 19.72 21.68 266.32

FFN [65] 16.75 26.9 31.44 54.19
FFN + NINT 18.88 27.39 31.48 48.75

FINER [30] 28.12 31.15 33.01 6.90
FINER + NINT 29.54 31.28 35.61 6.76

GAUSS [48] 21.51 25.87 33.05 56.23
GAUSS + NINT 21.46 27.11 33.38 48.24

PEMLP [65] 18.41 25.09 29.11 59.02
PEMLP + NINT 19.95 25.91 30.45 49.13

SIREN [62] 27.45 30.51 32.44 8.25
SIREN + NINT 29.28 32.40 35.47 5.81

WIRE [55] 16.88 23.86 27.17 83.30
WIRE + NINT 17.62 26.62 29.13 47.23

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 .

size, hitting 37.44 % at 5×256. Even for the small 1×64
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-
gies benefit from increased capacity, NINT consistently



Setting
Iterations ↓ Time (s) ↓

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) 389 1644 399 1639 1172 2082 25.09 102.88 26.00 102.56 73.51 130.21

α=1 411 1682 424 1685 1258 2297 27.08 107.43 27.82 107.65 80.42 146.21
α=20 401 1698 400 1717 1338 1941 26.19 106.24 26.15 107.44 83.74 121.31
α=50 383 1650 394 1651 1155 2384 25.39 104.07 26.08 104.12 73.09 149.60

ξ=0.4 391 1659 431 1832 1327 2001 26.03 104.55 28.46 115.36 83.77 129.41
ξ=0.5 380 1706 414 1762 1200 1973 25.63 108.89 27.65 112.44 76.98 125.69
ξ=0.6 376 1656 401 1693 1287 2491 24.71 103.50 26.22 105.80 80.51 155.08
ξ=0.8 400 1647 399 1644 1181 2331 26.16 102.95 26.04 120.73 74.04 145.26

λ=0.1 390 1700 404 1711 1202 1962 28.48 110.37 29.37 110.99 79.42 126.50
λ=0.5 394 1731 402 1742 1239 1951 26.28 109.43 26.79 110.10 78.68 123.02
λ=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 α, ξ, and λ 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.

outperforms Stand., with PSNR improving from 25.58 dB
(3×64) to 34.91 dB (5×256). 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:
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. 4.1.1), 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, α = 50 yields the
best time for LPIPS = 0.2, ξ = 0.6 achieves the lowest it-
eration count for PSNR = 30 dB, and λ = 2.0 attains the
fastest time for PSNR = 35 dB and SSIM = 0.9. Even
in worst-case scenarios (e.g., α = 1 or λ = 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
strategy that accelerate INR training by leveraging NTK
to dynamically select coordinates maximizing global
functional updates, integrating fitting errors with insights
into heterogeneous self-leverage and cross-coordinate cou-
pling to overcome the inefficiencies of error-only methods
that ignore the NTK’s off-diagonal elements and lead to
suboptimal progress. Our NTK-centric analysis revealed
these limitations, while NINT prioritizes NTK-augmented
gradient norms for faster convergence. Extensive bench-
marks 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 architectures with up to 43.3 % runtime cuts, and
demonstrates robustness to hyperparameter variations,
ensuring reliable performance without extensive tuning.
Overall, NINT enhances INR practicality by speeding up
training without architectural modifications or additional
data, surpassing recent 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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6. 1D Audio Fitting Task

6.1. Background and Settings

We represent raw 1D audio waveforms as a continuous
function Fθ : R → R that maps time t to its instanta-
neous amplitude a = Fθ(t). For this task, we use the
test.clean split of the LibriSpeech [42] dataset. The im-
plicit representation is a 5×256 SIREN [62]. For NINT,
we set the hyperparameters ξ = 0.7, α = 10, and λ = 1.0.
All strategies share the learning rate of η = 1e − 4 and
the batch size of B = 20 % (except B = 100 % for
Stand.). Since EGRA [12], SoftM. [19], and Expan. [80]
are born with incompatible designs for 1D audio fitting
task, we compare NINT with Stand., Unif., INT [75], and
EVOS [79] (with its crossover component disabled for fair
comparison). Moreover, we introduce the step-wise batch
size scheduler from INT [75] to produce variant strategies,
which increases B as training iteration grows. For metrics,
we adopt SI-SNR [21], STOI [64], PESQ [52] to evaluate
audio reconstruction qualities.

6.2. Experimental Results

Quantitative Analysis. As shown in Table 6, NINT consis-
tently achieves the best or near-best performance across all
training durations and evaluation metrics. Specifically, af-
ter 3 seconds of training, where baseline strategies still pro-
duce highly degraded outputs (e.g., SI-SNR: INT = 0.97 dB;
EVOS = 2.18 dB), NINT clearly surpasses others by large
margins. Applying the batch-size scheduler, all strategies
generally improves SI-SNR and PESQ, but can slightly re-
duce STOI in some cases (e.g., Unif.). NINT, however, ben-
efits consistently from the scheduler without such degrada-
tion, implying its sampling distribution is more resilient to
optimization dynamics shifts. These results confirm NINT’s
ability for rapid convergence in audio fitting tasks.

Qualitative Analysis. Fig. 6 provides qualitative validation
for the 10-second regime. The spectrogram and waveform
of Unif. and EVOS show blurred harmonic structures and
phase inconsistencies, while NINT preserves fine-grained
harmonic structures and high-frequency energy (e.g., over
3 kHz), corroborating its numerical results of top PESQ
and SI-SNR scores. In summary, NINT establishes a new
state-of-the-art strategy for 1D audio fitting under time-
constrained training, delivering both fast convergence and
high perceptual quality, validated quantitatively and quali-
tatively.

Ground Truth Stand.

Unif.INT

EVOS NINT

PESQ 1.513

1.4661.541

1.437 1.573

10-sec train

Figure 6. Visual comparison (Mel spectrogram and waveform)
of audio reconstructions using different sampling strategies on the
test.clean split of Librispeech [42] dataset, after a fixed training
duration of 10 seconds.

7. 3D Shape Fitting Task

7.1. Backgound and Settings

To encode 3D shapes, we employed Signed Distance Fields
(SDF), an established method in computer graphics [18].
The objective is to learn a mapping Fθ(x) that takes a
point’s coordinates (x, y, z) and outputs s, the signed dis-
tance between that point and the object’s surface. Network
configuration, NINT hyperparamters, and learning rate fol-



3 seconds 10 seconds 15 seconds
Strategy SI-SNR↑ STOI↑ PESQ↑ SI-SNR↑ STOI↑ PESQ↑ SI-SNR↑ STOI↑ PESQ↑
Stand. -4.786 0.507 1.098 13.054 0.698 1.513 14.455 0.703 1.570

Unif. -4.281 0.501 1.099 11.440 0.704 1.466 12.472 0.705 1.493
INT [75] 0.968 0.590 1.175 14.053 0.694 1.541 14.948 0.714 1.675
EVOS [79] 2.178 0.563 1.107 12.014 0.697 1.437 13.438 0.695 1.547
NINT 3.842 0.614 1.200 14.280 0.702 1.573 14.803 0.715 1.834

Unif. -3.668 0.544 1.176 11.246 0.701 1.430 13.527 0.708 1.517
INT [75] 1.919 0.605 1.214 14.201 0.695 1.603 14.584 0.715 1.751
EVOS [79] 2.371 0.618 1.138 12.680 0.695 1.490 12.999 0.716 1.681
NINT 4.988 0.637 1.217 14.286 0.701 1.609 14.977 0.719 1.836
Underline denotes step-wise batch size scheduler in INT [75].

Table 6. Performance metrics (SI-SNR↑, STOI↑, PESQ↑) at fixed training times across various sampling strategies on 1D audio fitting
tasks. Purple denotes the best performance.

Strategy
500 Iters 1k Iters 2k Iters 5k Iters 10k Iters

IoU↑ CHD↓ IoU↑ CHD↓ IoU↑ CHD↓ IoU↑ CHD↓ IoU↑ CHD↓
(×1e-3) (×1e-3) (×1e-3) (×1e-3) (×1e-3)

Stand. 0.9545 6.353 0.9610 6.206 0.9681 6.106 0.9776 5.975 0.9811 5.942

Unif. 0.9434 6.636 0.9584 6.235 0.9629 6.139 0.9733 6.023 0.9801 5.978
INT [75] 0.9483 6.520 0.9594 6.623 0.9665 6.153 0.9749 6.111 0.9805 6.062
EVOS [79] 0.9538 6.405 0.9593 6.218 0.9640 6.123 0.9728 6.070 0.9802 6.019
NINT 0.9562 6.408 0.9630 6.221 0.9666 6.116 0.9762 6.023 0.9817 5.978

Unif. 0.9436 6.636 0.9587 6.232 0.9640 6.135 0.9740 6.016 0.9811 5.958
INT [75] 0.9483 6.518 0.9595 6.622 0.9631 6.150 0.9751 6.100 0.9805 6.020
EVOS [79] 0.9540 6.404 0.9596 6.219 0.9644 6.149 0.9733 6.059 0.9814 5.999
NINT 0.9563 6.391 0.9637 6.216 0.9670 6.138 0.9770 6.005 0.9825 5.921
Underline denotes step-wise batch size scheduler in INT [75].

Table 7. Performance metrics (IoU↑ and CHD↓) at fixed training iterations across various sampling strategies on 3D shape fitting tasks.
Purple denotes the best performance.

low Sec. 6.1, while all strategies share the batch size of
B = 40 % (except B = 100 % for Stand.). Similar to
incompatibility issues as illustrated in Sec. 6.1, we com-
pare NINT with Stand., Unif., INT [75], and EVOS [79]
(crossover component disabled for compatibility), with
step-wise batch size scheduler from INT [75] introduced to
produce variants. Evaluation are performed on the Stanford
3D Scanning Repository [61], a well-known dataset which
provides high-quality 3D scans of real-world objects and is
widely used for research in computer graphics. For training
set, 50,000 points are randomly sampled from the 3D shape
surface on both coarse (Laplacian noise with variance 0.1)
level and fine (Laplacian noise with variance 0.001) level to
constitute the training set for each iteration following [27].
For metrics, we evaluate 3D reconstruction quality using:
Intersection over Union (IoU), the volumetric overlap be-

tween predicted and ground-truth occupancies as a measure
of global shape accuracy; and the Chamfer Distance (CHD),
which is the bidirectional mean squared distance between
surface point samples.

7.2. Experimental Results

Quantitative Analysis. As shown in Table 7, NINT con-
sistently achieves the best or near-best performance across
training budgets and metrics. Remarkably, NINT attains
the highest IoU at every iteration threshold (500, 1k, 2k,
5k, and 10k) and the best CHD in most cases, underscor-
ing its robust sample efficiency and balanced optimiza-
tion of both global occupancy (IoU) and surface precision
(CHD). Notably, when combined with the step-wise batch
size scheduler, NINT shows consistent improvement over
its vanilla counterpart (e.g., boosting IoU from 0.9817 to
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Figure 7. Visual comparison of 3D shape reconstructions using different sampling strategies on the Armadillo of Stanford 3D Scanning
Repository [61] dataset, after a fixed training duration of 10 minutes.

0.9825) and reducing CHD from 5.978 e− 3 to 5.921 e− 3
at 10k iterations which represents the best overall results.
In contrast, while schedulers benefit some baselines (e.g.,
Unif. achieves CHD = 5.958 e − 3), they often fail to
improve both metrics simultaneously (e.g., INT improves
CHD slightly but lags in IoU). These results confirm that
NTK-guided sampling can effectively prioritize informative
regions (e.g., near-surface points with high gradient vari-
ance), accelerating convergence without sacrificing geomet-
ric fidelity, making it well-suited for 3D SDF learning tasks.

Qualitative Analysis. Fig. 7 shows a visualized result of
10-minute 3D shape training on the Armadillo of Stanford
3D Scanning Repository [61]. Particularly, Stand. and
Unif. exhibit noticeable surface noise and missing thin
structures; INT and EVOS show improved topology but

still suffer from bulging or over-smoothed regions. NINT,
however, produces clean, high-fidelity reconstructions with
sharp edges, accurate thin parts, and minimal artifacts. This
corroborates the superiority of NINT’s top numerical results
(outstanding IoU and CHD scores), confirming that NTK’s
guidance effectively preserves both global shape coherence
and local surface details.

8. Extended Evaluation on 2D Images
In this section, we provide extended experimental results
on 2D image fitting tasks. Fig. 8 shows a visualized com-
parison with Stand., Unif., EVOS [79], and Expan. [80] on
training multiple images from DIV2K [1] dataset for fixed
60 seconds. Across all images, NINT consistently achieves
the best reconstruction quality, which is also corroborated
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Figure 8. Visual comparison of 2D image reconstructions using different sampling strategies on DIV2K [1] dataset, after a fixed training
duration of 60 seconds.



Setting
Iterations ↓ Time (s) ↓

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

Stand. 523 2043 420 1871 1645 2454 49.11 184.78 39.00 169.23 148.86 221.44
NINT (default) 389 1644 399 1639 1172 2082 25.09 102.88 26.00 102.56 73.51 130.21

B = 40 % 391 1636 375 1555 1319 2245 28.83 150.84 27.74 109.44 93.10 158.04
B = 60 % 451 1815 387 1633 1392 2177 35.85 140.64 30.98 126.79 108.14 168.48
B = 80 % 484 1898 421 1709 1461 2308 41.49 159.05 36.34 143.30 122.60 192.89

dense2 708 3110 608 2778 1672 3478 38.78 174.44 34.73 155.76 93.95 194.84
Incremental 380 4550 786 3360 1208 4450 24.95 153.56 26.32 183.57 76.12 236.95
Decremental 600 3082 404 3080 2160 3329 30.27 154.90 28.25 153.51 149.13 189.60

Step 380 1719 404 1644 1332 2123 25.21 115.62 26.63 110.26 88.19 182.28
Linear 394 1737 398 1641 1302 2185 26.32 118.79 26.59 111.84 87.32 151.98

Table 8. Ablation study on the impact of batch size B, sampling interval, and batch size scheduler 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;

Pale Purple : the secondary performance.

by the final PSNR. This confirms the indispensability of in-
corporating NTK-guided sample selection into INR tasks to
establish a state-of-the-art paradigm.

We also follow INT [75] to provide ablation studies
on NINT settings including batch size B, sampling inter-
val, and batch size scheduler. By default, NINT adopts:
(1) batch size of B = 20%, hence we provide comparisons
of B = 40%, B = 60%, and B = 80%; (2) sampling in-
terval of dense (sample at every iteration), hence we provide
comparisons of dense2 (sample at every other iteration), In-
cremental, and Decremental; (3) constant batch size, hence
we provide comparisons of Step batch size scheduler and
Linear batch size scheduler.

As Table 8 shows, the default NINT configuration con-
sistently achieves the fastest convergence in most cases,
attaining the best or second-best performance in 9 out of
12 metrics. Larger batch sizes can barely improve per-
formances in most cases, suggesting NINT’s superiority
of exploiting NTK’s effectiveness for training acceleration.
Among interval settings, Incremental (gradually increasing
sampling frequency) yields the fastest PSNR= 30 con-
vergence (380 iterations), while the default dense remains
most balanced overall. For batch size schedulers, the simple
Step variant demonstrates slight improvements, yet the de-
fault constant batch size remains clearly competitive. Over-
all, these ablations confirm that NINT’s core design, NTK-
guided selection, is the primary driver of acceleration, with
auxiliary choices playing secondary roles.

9. Super-resolution Task
We also demonstrate the effectiveness of NINT on super-
resolution experiments on DIV2K dataset: downsample

1000 Iterations
Time (s) ↓

Strategy PSNR ↑ SSIM ↑ LPIPS ↓

Stand. 24.390 0.797 0.301 8.63
INT 24.196 0.760 0.335 10.82
EVOS 23.645 0.740 0.379 11.56
NINT 24.266 0.782 0.310 7.91

Table 9. Super-resolution performance at 1000 iterations and
time to PSNR = 20 dB. Purple : the best performance.

512×512 → 256×256, fit INR only on low-resolution in-
put, then evaluate high-resolution reconstruction on origi-
nal ground truth. This task inherently requires the model to
recover missing high-frequency details and implicitly “in-
paint” structured information. As shown in Table 9 and Fig-
ure 9, NINT outperforms Stand. / INT / EVOS sampling in
final PSNR/SSIM/LPIPS and reaches target quality (e.g. 20
dB PSNR) much faster.

NINT 24.21dBEVOS 23.28dBINT 23.82dBStand. 24.07dBGT PSNR

Figure 9. Visual comparison of super-resolution results.

10. Large-scale Image Fitting Task
We test NINT on 1024×1024 image fitting experiments on
FFHQ dataset (Table 10 and Figure 10). NINT reaches
30 dB PSNR fastest (∼31% time reduction vs. Stand.) with



1000 Iterations
Time (s) ↓

Strategy PSNR ↑ SSIM ↑ LPIPS ↓

Stand. 31.702 0.808 0.413 141.53

INT 31.767 0.798 0.417 123.19
EVOS 31.903 0.810 0.404 124.33
NINT 31.957 0.815 0.396 97.32

Table 10. Large-scale image fitting at 1000 iterations and time to
PSNR = 30 dB. Purple : the best performance.

visibly sharper details. The core heterogeneous structure of
the NTK (varying self-leverage and coupling) remains con-
sistent across scales, no large-image-specific patterns were
observed.

NINT 30.35dBEVOS 29.91dBINT 29.96dBStand. 29.76dBGT PSNR

Figure 10. Visual comparison of large-scale image fitting results.

11. Efficient NTK Computation
A potential bottleneck in NINT is the explicit construction
of the Neural Tangent Kernel (NTK) matrix Kθt ∈ RN×N .
As defined in Eq. 8, calculating the full matrix is computa-
tionally heavy for high-resolution signals.

To maintain a lightweight sampling overhead, we avoid
forming Kθt explicitly. Since the NTK-guided selection of
B⋆ only involves the product of the NTK and the loss gradi-
ent vector gt, we implement this efficiently using two auto-
matic differentiation primitives: a Vector-Jacobian Product
(VJP) followed by a Jacobian-Vector Product (JVP). Specif-
ically, we first compute v = J⊤gt, where J is the Jacobian
of the model outputs w.r.t. parameters, and subsequently
compute the scores w = Jv = J(J⊤gt) = Kθtgt.

In practice, it is found that an NTK scoring typically
takes 3.2 ms wall-clock time (3.6% of total selection) on an
NVIDIA RTX 4090, with Kodak dataset (512×512 pixels)
and 5×256 SIREN. This indicates that NINT uses negligi-
ble extra computation to leverage significant acceleration.


