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Abstract. Multiresolution hash encodings have recently enabled fast
and high-fidelity implicit neural representations by storing multi-scale
features in fixed-size hash tables along a geometric resolution schedule.
However, the standard design is data-agnostic: different resolution levels
receive identical hash-table capacity despite large differences in image
frequency content. As a result, some levels experience severe hash colli-
sions while others underutilize parameters, leading to inefficient capacity
allocation. To address this issue, we propose Collision-Aware Resolution
Adaptation (CARA), a method that assigns per-level resolutions by bal-
ancing the effective information load across hash levels. This adaptive al-
location reduces capacity bottlenecks and improves parameter efficiency.
In addition, we introduce an invertible pixel-shuffle transform that re-
duces hash load factors by redistributing spatial information, thereby
mitigating collision-induced information loss without enlarging the hash
tables. To support evaluation on extremely high-resolution data, we also
curate, to the best of our knowledge, the first uncompressed whole-
slide image dataset for academic research. Experiments on Kodak im-
ages, gigapixel natural images, and raw whole-slide images demonstrate
that CARA consistently improves the fidelity–parameter trade-off. Our
method matches state-of-the-art performance while using only 27.76%
of the parameters, and achieves up to 6.11dB PSNR improvement at
comparable parameter counts. Code is provided in the supplementary.

Keywords: Implicit neural representations · Information allocation

1 Introduction

Implicit neural representations (INRs) [38, 42] have reshaped signal processing
and computer vision by replacing discrete grid-based representations with con-
tinuous coordinate-based functional mappings. By parameterizing signals using
deep neural networks [3, 4, 7], INRs provide a flexible and expressive framework
for representing images. However, conventional multi-layer perceptrons (MLPs)
often suffer from a spectral bias toward low-frequency components, which hin-
ders the recovery of fine-grained, high-frequency details [27]. While architectural
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techniques such as Fourier feature mappings and periodic activation functions
partially alleviate this issue [24, 38, 42], focus has shifted toward hybrid grid-
based representations, such as Instant-NGP [28, 41]. These methods accelerate
optimization via multiresolution hash encoding, where spatial coordinates are
mapped into a hierarchy of learnable hash tables and subsequently decoded by
a lightweight MLP.

Despite their empirical success, existing multiresolution hash encoding-based
methods suffer from two fundamental limitations as discussed in the sequel:

(i) Data-agnostic resolution schedules: They largely rely on data-agnostic en-
coding structures [28, 41, 43], which require manual hyperparameter tuning. In
particular, they employ fixed, hand-crafted geometric resolution schedules that
are shared across all images, regardless of spatial or temporal characteristics.
However, images exhibit highly non-uniform information distributions across
frequency bands (see Section 4.1). As a result, fixed resolution schedules may
allocate excessive parameters to frequency regions with limited information con-
tent, while under-allocating capacity to information-dense regions that dominate
perceptual error.

(ii) Information degradation due to hash collisions: Multiresolution hash en-
codings inherently suffer from hash collisions, where multiple grid vertices are
mapped to the same table entry. The impact of such collisions varies signifi-
cantly across resolution levels and depends on the underlying information den-
sity. Treating resolution assignment and collision behavior as independent design
factors therefore leads to suboptimal parameter utilization.

We address both limitations with a unified framework. To address (i), we
adapt per-level resolutions to balance the information load across frequency
bands, preventing over-parameterization in sparse bands and under-capacity in
information-dense bands, thereby significantly improving parameter efficiency.
To address (ii), we apply an invertible pixel-shuffle transform that reduces hash
collision by lowering the effective load factor before hashing.

We refer to the resulting framework as collision-aware resolution adaptation
(CARA), which formulates resolution selection as an information-allocation prob-
lem. To evaluate the effectiveness of the proposed method, we conduct experi-
ments on Kodak Lossless True Color Image Suite [12],1 three gigapixel natural
images (Pluto, Tokyo [26,28], and Girl [28]) 2 and four ultra-high resolution raw
whole-slide images. Our contributions can be summarized as follows:

– We formulate resolution selection as an information-allocation problem to
equalize the information encoded across layers, significantly improving pa-
rameter efficiency.

– We propose an effective pixel-shuffle approach to mitigate information loss
caused by hash collisions.

– As elaborated in Sec. 5.3, we curate, to the best of our knowledge, the first
public uncompressed whole-slide image (WSI) dataset for academic research,
providing a challenging benchmark for high-resolution image fitting.

1 We refer to this as the “Kodak dataset” hereafter.
2 Pluto: Download link. Tokyo: Download link. Girl: Download link.

https://github.com/computational-imaging/ACORN/blob/main/data/pluto.jpg
https://www.flickr.com/photo_download.gne?id=29314390837&secret=b39ae4876e&size=o&source=photoPageEngagement
https://upload.wikimedia.org/wikipedia/commons/8/82/21_Gigapixel_Total_Renovation_of_Girl_with_a_Pearl_Earring-Digital_Profoundism-Demo.jpg
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– Extensive experiments demonstrate that CARA outperforms state-of-the-
art baselines by a large margin; for instance, achieving equivalent fidelity to
previous state-of-the-art using only 27.76% of the parameters.

2 Related Works

Implicit neural representations (INRs) parameterize signals as continuous func-
tions through deep neural networks [38, 42]. In its standard formulation, an
INR takes a coordinate as input and produces the signal value at that loca-
tion [40]. However, conventional MLPs exhibit a spectral bias toward learn-
ing low-frequency components first, which can hinder the efficient recovery of
high-frequency details [38]. A large body of work mitigates this bias by propos-
ing novel input encodings and activations, including Fourier feature mappings
and periodic activations [24, 30, 32, 38], modifying the input coordinate repre-
sentation [20,42,45], or increasing model capacity [14,25]. These approaches ex-
pand the representable frequency content and improve optimization for fine-scale
structures. Complementary to architectural changes, data-side transformations
have been explored to improve INR fitting. Specifically, symmetric power trans-
formations provide a reversible way to enforce range and approximate symmetry,
demonstrating that input distributions materially affect INR optimization [57],
and surprisingly, random pixel permutation [33] can accelerate the convergence.

Another line of work attempts to improve rendering quality by introducing
learnable feature grids queried via interpolation, followed by a lightweight de-
coder [23, 28]. Overall, these approaches query points from a discrete grid and
use the interpolated features as the input for a decoder. Various data struc-
tures have been proposed to improve efficiency, including 2D feature planes [31],
sparse octree [51, 55], and hyperplanes [2, 13, 35, 37]. Such grid-based or hybrid
representations substantially accelerate optimization and rendering. A partic-
ularly successful approach uses multiresolution hash-grid encoding [28], which
stores features in hash tables across a geometric progression of resolutions. This
significantly accelerates inference because the bulk of the signal information is
stored in the grid, which can be accessed via fast O(1) lookups.

Despite these advancements, most methods predominantly utilize data-agnostic
data structures and necessitate manual parameter tuning to maximize recon-
struction fidelity. Prior work typically relies on heuristic choices for the number
of levels and geometric growth rates [10,28].

This study investigates grid resolution selection and collision modeling for
multiresolution hash encoding. Instead of applying a fixed geometric progression
of resolutions, collision-induced information degradation is quantified at each res-
olution, and grid resolutions are selected to equalize the information encoded per
level. This approach prevents excessive capacity allocation to frequency bands
with limited information, thereby enhancing parameter efficiency and improving
reconstruction fidelity.
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3 Notation and Preliminaries

3.1 Notation

Scalars are denoted by non-bold letters (e.g., a, β), vectors by bold lowercase
letters (e.g., x), and tensors by bold uppercase letters (e.g., Y). For a positive
integer n, we write [n] ≜ {1, . . . , n}. We use ∥ · ∥ for the Euclidean norm.

For a target image Y of spatial size H×W , Y[i, j] denotes the entry at pixel
index (i, j). We associate pixel (i, j) with its normalized center coordinate

xij ≜
(j − 1

2

W
,
i− 1

2

H

)
∈ [0, 1]2, (1)

so that all spatial frequencies are measured in cycles per pixel. Given an image
tensor Y with intensity alphabet V ≜ {0, 1, . . . , 255}, we define its empirical
entropy as

H(Y) = −
∑
v∈V

p̂(v) log2 p̂(v), (2)

where p̂(v) is the empirical probability mass function given by normalized his-
togram counts of v. For a multi-channel image, we compute entropy per chan-
nel and sum the results. For real-valued (e.g., filtered) signals, we apply a uni-
form quantizer before histogram estimation and compute H(·) on the quantized
samples. Specifically, intensity-valued images use an 8-bit quantizer Q8(·) with
alphabet V, whereas residual signals use a signed 9-bit quantizer Q∆(·) with al-
phabet V∆ ≜ {−255,−254, . . . , 255}. Unless stated otherwise, H(·) denotes the
empirical entropy computed over the corresponding fixed discrete alphabet.

3.2 Instant Neural Graphics Primitives

Implicit neural representations (INRs) model a discrete signal as samples of a
continuous function fθ : Ω → Rc, where c denotes the number of output channels
and x ∈ Ω ⊂ R2 represents spatial coordinates in the input domain. Given a
set of training pairs {(xm,ym)}Mm=1, the network parameters θ are optimized by
minimizing a reconstruction loss,

min
θ

1

M

M∑
m=1

∥fθ(xm)− ym∥2 . (3)

Coordinate-based MLPs can represent complex signals, but their optimiza-
tion often suffers from spectral bias [27], exhibiting a preference for low-frequency
components over high-frequency ones. This can slow convergence and reduce fi-
delity when the target contains rich high-frequency content [39,42].

Instant neural graphics primitives (Instant-NGP) alleviates this limitation by
combining a lightweight decoder with a trainable multiresolution hash encoding
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Fig. 1: Panel (a) illustrates that Instant-NGP factorizes an implicit neural repre-
sentation into a multiresolution hash encoding and a lightweight MLP decoder. A
query coordinate is interpolated within each grid level. The resulting per-level features
are concatenated. The decoder is trained by minimizing the reconstruction distortion
D(ym, ŷm). Panel (b) shows that after training an Instant-NGP model with a 5-level
hash grid, we isolate the contribution of each level by retaining only the target level. All
other levels’ hash-table entries are replaced with their mean feature value. The result-
ing reconstructions demonstrate clear spectral stratification. Lower-resolution levels
recover smooth, low-frequency structures. Higher-resolution levels progressively con-
tribute fine, high-frequency components. This behavior is quantified by the information
density If , defined in Equation (7), and plotted against frequency. Vertical dashed lines
indicate the sampling frequency of each feature grid level. This confirms that different
hash-grid levels encode information from different frequency bands.

that provides spatially localized, multi-scale features [28]. Specifically, Instant-
NGP parameterizes an INR as

fθ(x) = gθ (ϕ(x)) , ϕ(x) =
[
ϕ1(x); . . . ;ϕL(x)

]
, (4)

where gθ is a lightweight MLP and ϕ(x) concatenates the features from L reso-
lution levels.

Assuming x is normalized to Ω = [0, 1]2, level ℓ defines a 2D grid with
resolution Nℓ per axis. Vertex embeddings are stored in a trainable table Eℓ ∈
RTℓ×F , where Tℓ is the table size and F is the feature dimension. A hash function
hℓ : Z2 → [Tℓ] maps integer grid coordinates to table indices, enabling memory-
efficient parameterization at high effective resolutions.

For a query x, the level feature ϕℓ(x) ∈ RF is obtained by bilinear interpo-
lation of the embeddings at the four neighboring grid vertices:

ϕℓ(x) =
∑

δ∈{0,1}2

wℓ,δ(x) Eℓ

[
hℓ
(⌊
Nℓx

⌋
+ δ

)]
, (5)

where wℓ,δ(x) are the standard bilinear interpolation weights that sum to 1.
Instant-NGP chooses the per-level resolutions using a data-agnostic geomet-
ric progression, Nℓ = ⌊Nmin b

ℓ−1⌋ for ℓ ∈ {1, . . . , L} and a predefined base
b > 1. This yields grid spacing ∆ℓ ∝ 1/Nℓ, so higher levels (larger Nℓ) can
represent finer spatial variation. Concatenating features across levels provides
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Fig. 2: Method overview. Panel (a): different images have different information den-
sity I(f), defined in Equation (7), for two Kodak images, showing that different images
concentrate information at different frequency ranges; the vertical dashed lines indi-
cate the frequency cutoffs implied by the fixed Instant-NGP schedule (gray) versus our
collision-aware resolution schedule (blue), which aims to equalize the information being
encoded by each level. Panel (b): pixel shuffling to mitigate collision-induced informa-
tion loss. We partition the image into non-overlapping patches, then shuffle them into
channels, thereby reducing the hash collision.

a multi-scale representation: low-resolution levels primarily capture coarse, low-
frequency structure, while high-resolution levels encode finer, high-frequency de-
tails. As illustrated in Figure 1 panel (b), decoding with individual levels shows
that higher-resolution grids recover high-frequency components, whereas lower-
resolution grids represent the coarse structure of the signal.

4 Methodology

As discussed previously, the multiresolution hash encoding in Instant-NGP can
be interpreted as a sampling-and-interpolation system [5]. At level ℓ, a grid with
resolution Nℓ per axis induces an effective sampling interval of ∆(x)

ℓ = w/Nℓ

and ∆(y)
ℓ = h/Nℓ pixels along the horizontal and vertical directions, respectively.

Under this interpretation, the corresponding Nyquist frequencies (in cycles per
pixel) are

f
(x)
Nyq,ℓ =

Nℓ

2w
, f

(y)
Nyq,ℓ =

Nℓ

2h
. (6)

Frequencies beyond these limits cannot be represented without aliasing at level ℓ
and must therefore be captured by finer-resolution levels or by the MLP decoder.

This observation suggests that each level ℓ primarily contributes to modeling
a specific spatial frequency band determined by its resolution. Since frequencies
are measured in cycles per pixel, a level with resolution Nℓ per axis has an
effective Nyquist limit f (x)Nyq,ℓ = Nℓ/(2w) and f

(y)
Nyq,ℓ = Nℓ/(2h). Hence, there

exists an approximate correspondence between a cutoff frequency f and a grid
resolution Nf = 2wf (assuming square images for simplicity).
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To quantify the information content associated with a frequency band cen-
tered at f , we measure the entropy [52,54]increment between two adjacent spec-
tral cutoffs.

Let Y≤f denote the low-pass filtered image retaining frequencies up to f (in
cycles per pixel). We define the band information density as

I(f) = H(Y≤f+∆f −Y≤f ) ·N2
f , (7)

where H(·) denotes the empirical Shannon entropy computed over pixel intensi-
ties, ∆f is a small frequency increment (in cycles per pixel), and Nf is the grid
resolution corresponding to cutoff frequency f . The multiplicative factor N2

f is
the number of spatial samples at that resolution.

Remark 1 (Why entropy as an information proxy). Shannon’s source coding the-
orem [34, 49, 50, 53] implies that entropy quantifies the amount of information
carried by a source. Accordingly, the quantity in Equation (7) can be interpreted
as the new information introduced when increasing the effective cutoff from f
to f + ∆f (measured in cycles per pixel). The increment H(Y≤f+∆f −Y≤f )
captures the average additional uncertainty (bits per sample) contributed by this
narrow frequency band, while N2

f denotes the number of spatial samples at the
corresponding grid resolution. Their product therefore provides an estimate of
the total information content of that refinement step. In this sense, I(f) serves
as a practical proxy for the information budget that a grid level should allo-
cate in order to faithfully model structures up to cutoff frequency f . We ablate
alternative information proxies in Section 6.2.

Equipped with the information density measure I(f), we visualize its distribu-
tion for two representative images from the Kodak dataset [12] in Panel (a) of
Figure 2. The two images exhibit markedly different spectral information dis-
tributions. Kodak 1 shows relatively limited low-frequency information, with a
substantial portion of its entropy concentrated in higher-frequency bands. In
contrast, Kodak 22 distributes its information more heavily across low- and
mid-frequency regions, with comparatively reduced high-frequency content.

Despite such variability, Instant-NGP employs a data-agnostic geometric res-
olution schedule designed to uniformly cover a wide frequency range. In the next
section, we introduce our method for selecting per-level resolutions adaptively
based on the measured information distribution of the input.

4.1 Collision-Aware Resolution Adaptation

In this section, we present collision-aware resolution adaptation (CARA), which
assigns per-level grid resolutions according to the input’s measured information
density. Our goal is to determine a resolution schedule {Nℓ}Lℓ=1 such that each
level is allocated a comparable effective information budget.

Let Y≤f denote the input signal low-pass filtered to cutoff frequency f (in
cycles per pixel).3 Building upon the information density measure I(f) defined
3 We study the impact of different low-pass filters in the supplementary material.
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in Equation (7), we first aim to equalize the information allocated to each hash-
grid level. To this end, we partition the frequency axis into L disjoint bands
{Fℓ}Lℓ=1 such that each band carries the same total information:

Iℓ ≜
∑
f∈Fℓ

I(f) = τ, ∀ℓ ∈ [L], (8)

where τ is a shared target information budget. However, in hash encoding, the
number of distinct trainable parameters at level ℓ is constrained by the hash ta-
ble size T . Let nℓ = N2

ℓ denote the number of distinct grid vertices at that level.
Since nℓ may exceed T , hashing induces collisions, where multiple grid vertices
map to the same table entry. Assuming uniform hashing, the following proposi-
tion characterizes the expected reduction in usable capacity due to collisions.

Proposition 1 (Effective Capacity under Uniform Hash Collisions).
Suppose nℓ keys are inserted into a hash table of size T , with load factor
αℓ = nℓ/T . Under uniform hashing, the expected number of distinct entries per
inserted key is

whash
ℓ =

1− e−αℓ

αℓ
. (9)

Accordingly, if B bits are stored across the nℓ keys, the expected retrievable in-
formation scales as

Beff = B · whash
ℓ . (10)

We defer the proof to the supplementary material due to the space limit.
Following Proposition 1, we incorporate the collision factor into the per-level
information by defining the effective information at level ℓ as

Ieff,ℓ = Iℓ · whash
ℓ . (11)

After obtaining the collision-aware effective information, we determine the per-
level resolutions so that different frequency bands carry comparable amounts of
effective information.

Rather than discretizing frequency directly, we consider a monotone candi-
date set of grid resolutions {N (k)}Kk=1 with N (1) < · · · < N (K), each implying a
Nyquist cutoff in cycles per pixel. Let Y (k) denote the input low-pass filtered to
the Nyquist limit corresponding to resolution N (k), and define Hk ≜ H(Y (k)),
with H0 a coarse reference. For each candidate k, we define the associated colli-
sion efficiency

whash
k ≜

1− e−αk

αk
, αk ≜

(N (k))2

T
. (12)

A resolution schedule is specified by indices

0 = k0 < k1 < · · · < kL = K, (13)
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which partition the spectrum into L adjacent bands. The effective information
carried by band ℓ, corresponding to the interval between cutoffs kℓ−1 and kℓ, is
defined as

Iℓ ≜ whash
kℓ

∑
f∈Fℓ

I(f), (14)

which explicitly accounts for collision-induced capacity reduction at the selected
resolution. We then select the cutoffs by solving the min–max optimization

min
0<k1<···<kL−1<K

max
ℓ∈[L]

Iℓ, (15)

which seeks the tightest achievable uniform upper bound on per-band effective
information.

Remark 2 (Why balance effective information and why min–max). Each hash-
grid level has a bounded effective capacity: it uses a fixed-size table and its
usable information is further reduced by collisions. Meanwhile, levels specialize
to different frequency ranges (Figure 1 (b)), so reconstruction quality is often
constrained by the most overloaded band: if one band contains much more infor-
mation than its level can represent, the residual must be absorbed by other levels
or the lightweight decoder, creating a capacity bottleneck, while over-allocating
to a low-information band wastes parameters. We therefore balance per-band ef-
fective information as a load-balancing principle under a fixed per-level budget.
Exact equality Iℓ = τ is generally infeasible under discrete candidate cutoffs, so
we minimize maxℓ∈[L] Iℓ [1], i.e., the tightest achievable uniform upper bound
on per-band load, preventing any single band from becoming capacity-limiting.

The optimization problem in Equation (15) admits an exact solution via dynamic
programming, as the objective decomposes over ordered band partitions with
optimal substructure. We defer the detailed algorithm and pseudocode to the
supplementary material. The resulting computational complexity is O(LK2),
which is modest for typical candidate sizes K and negligible compared to the
overall training cost of the INR, e.g., adding only 0.7 seconds to pre-processing
for the Pluto gigapixel image.

While CARA optimizes the allocation of grid resolution across frequency
bands, the effective capacity of each level remains constrained by hash collisions.
To further alleviate collision-induced information loss without increasing the
hash table size, we introduce an efficient strategy dubbed pixel shuffling.

4.2 Reducing Hash Collisions via Pixel Shuffling

The performance of Instant-NGP improves as the hash table size T increases,
since a larger table reduces the load factor and thereby improves the collision
efficiency whash. However, enlarging T incurs a linear increase in both memory
usage and the number of trainable parameters. To reduce collisions without
increasing T , we apply the pixel shuffle operation [9, 36]. Given a target image
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Y ∈ Rh×w×c and an integer shuffle factor s, the pixel shuffle transform Ss

rearranges Y into a lower-resolution, higher-channel representation

Ỹ = Ss(Y) ∈ R
h
s ×

w
s ×(cs2). (16)

Each spatial coordinate in Ỹ aggregates an s× s patch from the original image.
Accordingly, the INR predicts a higher-dimensional vector

ˆ̃ym = fθ(x̃m) ∈ Rcs2 , (17)

and the full-resolution reconstruction is recovered via the inverse transform

Ŷ = S−1
s ( ˆ̃Y). (18)

Importantly, pixel shuffling preserves all original information while reducing
the spatial resolution of the coordinate domain by a factor of s along each axis.
Consequently, at level ℓ, the number of distinct grid vertices decreases from N2

ℓ

to (Nℓ/s)
2. Under a fixed hash table size T , the load factor becomes

α′
ℓ =

(Nℓ/s)
2

T
=
αℓ

s2
. (19)

By Proposition 1, reducing the load factor increases the collision efficiency factor
whash, particularly when the original αℓ is large. Thus, pixel shuffling effectively
improves usable capacity and rendering fidelity without increasing T . We defer
the ablation study on s to the supplementary material.

5 Experiments

We evaluate the proposed method on three benchmarks: Kodak dataset, three
gigapixel natural images, and ultra-high-resolution whole-slide images (WSIs).
Unless otherwise specified, all models are trained with the Adam optimizer [19]
with (β1, β2, ϵ) = (0.9, 0.99, 10−15), cosine annealing learning-rate decay, and an
ℓ2 reconstruction loss. Across all experiments, we employ the same multiresolu-
tion hash-grid architecture with feature dimension fixed to 2 at every level and
the same number of levels for all methods and parameter budgets. To match

I-NGP. PSNR: 31.23 dB. SSIM: 91.42 Kodak 1. Ground TruthMetricGrid. PSNR: 32.18 dB. SSIM: 0.9357 Ours. PSNR: 35.69 dB. SSIM: 0.9573

Fig. 3: Qualitative comparison on the Kodak dataset. By selecting per-level resolutions
(rather than using a fixed, data-agnostic schedule), our method better preserves high-
frequency structures and textures, yielding sharper reconstructions than I-NGP and
MetricGrid. (Best viewed digitally with zoom).



CARA 11

Table 1: Image fitting results on the Kodak dataset. All methods are trained with
the same number of iterations and a comparable number of parameters. Our method
achieves the highest PSNR and SSIM while requiring fewer parameters compared to all
other methods. Bold and underlined values denote the best and second-best results.

Method WIRE [32] SIREN [39] SCONE [22] I-NGP [28] NFFB [48] NeuRBF [6] MetricGrid [46] Ours
Rep. Implicit Implicit Implicit Hybrid Hybrid Hybrid Hybrid Hybrid

Params (K) 373 207 207 206 208 207 207 205
PSNR ↑ 37.59 38.70 39.72 37.06 38.77 38.70 39.73 40.03
SSIM ↑ 0.9596 0.9512 0.9662 0.9386 0.9537 0.9488 0.9568 0.9714

Table 2: Quantitative results of image fitting on the Kodak dataset. Comparing our
method against the Gaussian primitive-based approach. Bold and underlined values
denote the best and second-best results, respectively.

Method I-NGP [28] NeuRBF [6] Gaussian Splatting [18] GaussianImage [58] MetricGrid [46] Ours
Rep. Hybrid Hybrid Explicit Explicit Hybrid Hybrid

Params (K) 300 337 3540 560 335 533 341 471
PSNR ↑ 43.88 43.78 43.69 44.08 44.51 45.77 46.24 48.00
SSIM ↑ 0.9976 0.9964 0.9991 0.9985 0.9778 0.9897 0.9906 0.9987

different parameter budgets while keeping the architecture depth unchanged, we
vary the hash-table size. For all experiments, we use anti-aliased resizing as the
low-pass filter. For Kodak, we set K = 30 with uniform spacing in the frequency
domain; for gigapixel images and WSIs, we set K = 500. Additional implemen-
tation details and wall-clock cost are provided in the supplementary material.

5.1 Kodak Dataset

We first evaluate our approach on the Kodak dataset [12], which consists of 24
natural images with resolution of 768 × 512. We report PSNR and SSIM [47]
to assess reconstruction fidelity. We compare against existing methods under
comparable parameter budgets (around 207K), and train all models for the same
number of iterations. Due to their relatively low resolution, we do not apply pixel
shuffle to the Kodak dataset. The results are presented in Table 1. As seen, our
method achieves the best image fidelity in terms of both PSNR and SSIM with
fewer parameters.

We further compare our method against Gaussian primitive-based represen-
tations, including Gaussian Splatting (GS) [18] and GaussianImage [58]. To align
the comparison across parameter regimes, we report CARA under two budgets
in Table 2. At 471K parameters, CARA uses only 13% of the trainable parame-
ters of GS (3540K) while achieving substantially higher PSNR. Moreover, CARA
attains the best PSNR overall and improves upon the strongest hybrid baseline,
MetricGrid [46], by 2.23 dB, highlighting the benefit of assigning resolutions
based on the input image.
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Fig. 4: Gigapixel Image Fitting Performance. Top: Gigapixel images (Tokyo, Pluto,
and Girl) with magnified crops highlighting fine-grained details. (Best viewed digitally
with zoom). Bottom: Quantitative comparison of reconstruction quality (PSNR) vs.
the number of trainable parameters (M). Across all three images, our method consis-
tently outperforms Instant-NGP (I-NGP) and MetricGrid, achieving a superior Pareto
frontier and higher fidelity at every parameter scale.

5.2 Gigapixel Natural Images

To evaluate CARA’s performance at scale, we conducted experiments on three
canonical gigapixel images: Pluto, Tokyo, and Girl With a Pearl Earring (Girl).
These images pose a significant challenge for implicit neural representations,
given their high resolution and the need to preserve fine-grained details across
vast spatial domains. We compare the reconstructed image fidelity under multi-
ple parameter budgets against Instant-NGP [28], NeuRBF [6], and MetricGrid
[56]. Figure 4 reports PSNR versus the number of trainable parameters, where
our method consistently achieves a better fidelity–parameter trade-off across all
three images. Quantitatively, Table 3 shows that we match MetricGrid’s best
reported fidelity (37.26 dB) using only 114.61M parameters, 27.76% of Metric-
Grid’s 412.8M parameter setting, demonstrating substantially improved param-
eter efficiency in the high-fidelity regime. Moreover, at a comparable large-model
parameter budget, our method improves PSNR by 6.11 dB over the strongest
baseline, demonstrating that collision-aware, data-adaptive resolution allocation
yields consistent fidelity gains even in the high-capacity regime. Notably, in the
low-parameter regime our method remains competitive, achieving higher image
quality with 6.31M trainable parameters, which is 21.3% fewer than Metric-
Grid’s 8.02M setting. Finally, Figure 5 visualizes per-pixel ℓ2 error maps on a
gigapixel example; under matched training protocols, our approach yields visibly
lower residual error than both baselines, corroborating the benefit of adaptive
resolution allocation. Similar trends can be observed for Tokyo and Pluto; we
defer the detailed analysis and visualization to the supplementary material due
to space constraints.
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Table 3: Numerical comparison on gigapixel girl image fitting. We report PSNR (dB),
SSIM and the corresponding number of trainable parameters (in millions). Our method
maintains competitive fidelity in both the low-parameter and high-parameter regimes.

Method I-NGP [28] NeuRBF [6] MetricGrid [46] Ours

Params (M) 8.01 32.01 412.8 115.4 8.02 32.02 412.8 8.02 28.24 114.6 418.5
PSNR ↑ 21.51 27.3 33.05 31.56 27.03 29.70 37.06 27.53 31.33 37.07 43.37
SSIM ↑ 0.579 0.896 0.959 0.960 0.817 0.957 0.994 0.897 0.984 0.998 0.999

MetricGrid. PSNR: 36.06
Params: 238.8 M

Girl. Resolution: 20000x23466  Instant-NGP. PSNR: 32.11
Params: 238.8 M

Ours. PSNR: 39.62 
Params: 232.1 M

0

0.01

Fig. 5: Qualitative comparison on a gigapixel image. The leftmost presents the ground-
truth image, while the three panels on the right visualize the per-pixel ℓ2 error maps
of I-NGP, MetricGrid, and the proposed method, respectively.

5.3 Whole-Slide Images

WSIs [16, 29] are ultra–high-resolution digital scans of histopathology slides,
and constitute the primary data modality for computational pathology [15, 53].
Unlike natural images, WSIs contain micro-scale cellular morphology and macro-
scale tissue architecture, requiring models to accurately represent structures
across a wide spectrum of spatial frequencies. Their extreme spatial resolution
and dense fine-grained texture pose significant challenges for conventional dis-
crete representations.

In this section, we evaluate INRs to represent WSIs. Most publicly avail-
able WSI datasets are stored with aggressive JPEG compression [44], which
introduces artifacts that can negatively affect downstream tasks [17]. To enable
faithful evaluation, we collected four uncompressed H&E stained WSIs4 [11] at
40× magnification (Figure 6 Panel (a)). Compared with compressed WSIs used
in prior work (Figure 6 Panel (b)), our raw scans preserve fine structural detail.
We benchmark CARA against four INR baselines and summarize the results in
Table 4. CARA consistently outperforms the state-of-the-art methods across all
parameter settings.

4 All patient-identifiable information has been rigorously removed to ensure privacy
protection. The downsampled WSIs and dataset details are available in the supple-
mentary material. The full-resolution images will be released upon acceptance.
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Table 4: Numerical comparison on WSI image fitting. We report PSNR (dB) and
the corresponding number of trainable parameters. Our method maintains competitive
reconstruction fidelity in the low-parameter regime, while the high-capacity results are
provided explicitly to facilitate direct numerical comparison in the large-model setting.

Method I-NGP [28] NeurRBF [6] CINR [21] MetricGrid [46] Ours

Params (M) 95.45 214.02 402.6 161.48 157.24 95.46 199.25 390.01 18.24 93.53 233.57
PSNR ↑ 40.97 41.68 42.06 40.30 40.69 41.06 42.19 43.03 41.24 42.24 44.02

Slide 2. Resolution:

Slide 3. Resolution:

Slide 4. Resolution:

a

Slide 1. Resolution:

0 0.07

I-NGP MetricGrid Ours

PSNR: 40.97
Params: 95.45 M

PSNR: 41.06
Params: 95.46 M

PSNR: 42.24
Params: 93.52 M

c

b

Fig. 6: WSIs used for evaluation. Panel (a) four ultra-high-resolution WSIs from our
collection; green boxes indicate regions shown at higher magnification, highlighting
both global tissue architecture and cell-level morphology. Panel (b) patch-level visual
comparison between a WSI patch from prior literature (left) and a patch from our raw
scans (right): aggressive JPEG compression in the literature data introduces visible
blocking artifacts, whereas our raw WSIs preserve fine structural detail. (Best viewed
digitally with zoom). Panel (c) per-pixel ℓ2 reconstruction error maps on a representa-
tive patch; CARA produces consistently lower error, indicating improved image fidelity.

6 Ablation Study

To justify our design choices, we ablate each component in this section. Due to
space constraints, additional results are provided in the supplementary material.

6.1 Effect of Collision Modeling

We ablate collision modeling by setting the collision factor to whash ≡ 1 while
keeping the same entropy-based information estimator, hash-table size, number
of levels, and training protocol. Table 5 shows that removing whash consistently

Table 5: Ablation of the collision factor whash on Kodak. Disabling collision modeling
degrades PSNR/SSIM while typically requiring more parameters to reach comparable
quality, highlighting the importance of explicitly accounting for hash collisions.

W.O. Collision Factor W. Collision Factor
Params (K) 374 403 484 205 341 471
PSNR ↑ 40.32 43.97 47.97 41.03 46.24 48.00
SSIM ↑ 0.9674 0.9973 0.9979 0.9714 0.9906 0.9987
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hurts reconstruction quality (PSNR/SSIM) and is less parameter-efficient, in-
dicating that explicitly modeling collisions is a key component for allocating
capacity effectively in hash-based encoders.

6.2 Alternative Information Proxies for Resolution Scheduling

Table 6: Effect of alternative information proxies for resolution scheduling on Kodak.
We replace the entropy-based band information in Equation (7) with an ℓ2 energy
proxy (Ours + ℓ2); variance proxy (Ours + var) and compare against the entropy
proxy (Ours + entropy); entropy consistently yields higher PSNR/SSIM.

Method I-NGP [28] MetricGrid [46] Ours+ℓ2 Ours+var Ours+entropy

Params (K) 206 300 207 335 214 334 211 331 205 332
PSNR ↑ 37.06 43.88 39.73 44.51 38.52 43.60 38.74 44.94 41.03 46.63
SSIM ↑ 0.9386 0.9964 0.9568 0.9978 0.9504 0.9913 0.9560 0.9893 0.9714 0.9982

As described in Section 4, our method uses empirical entropy to quantify the
effective information in each frequency band. In this ablation, we replace the
entropy term in Equation (7) with an ℓ2 energy proxy or variance, and rerun the
Kodak experiments under comparable parameter budgets. The results in Table 6
show a clear drop in both PSNR and SSIM when entropy is replaced by energy
or variance. This behavior is expected: ℓ2 energy characterizes average power
but is largely insensitive to the underlying distribution of the band-residual
signal, and variance is likewise a poor proxy for information. In contrast, entropy
directly quantifies coding uncertainty, i.e., the expected number of bits required
to describe samples under an optimal code, thereby aligning with our goal of
equalizing effective representational demand across levels.

7 Conclusion

In this paper, we presented collision-aware resolution adaptation (CARA), a
data-adaptive framework for optimizing multiresolution hash encodings in im-
plicit neural representations. By equalizing effective information across levels
and explicitly accounting for collision-induced capacity reduction, CARA im-
proved parameter utilization without increasing model size. We also introduced
a pixel-shuffle strategy to further mitigate hash collisions in a parameter-efficient
manner. Experiments showed consistent improvements in the fidelity–parameter
trade-off across Kodak, gigapixel images, and whole-slide images, achieving com-
parable or better reconstruction quality with substantially fewer parameters.
Limitations and future work are deferred to the supplementary material due to
space constraints.
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