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Abstract

We propose EVOlutionary Selector (EVOS), an efficient
training paradigm for accelerating Implicit Neural Rep-
resentation (INR). Unlike conventional INR training that
feeds all samples through the neural network in each it-
eration, our approach restricts training to strategically se-
lected points, reducing computational overhead by elim-
inating redundant forward passes. Specifically, we treat
each sample as an individual in an evolutionary process,
where only those fittest ones survive and merit inclusion in
training, adaptively evolving with the neural network dy-
namics. While this is conceptually similar to Evolutionary
Algorithms, their distinct objectives (selection for accelera-
tion vs. iterative solution optimization) require a fundamen-
tal redefinition of evolutionary mechanisms for our context.
In response, we design sparse fitness evaluation, frequency-
guided crossover, and augmented unbiased mutation to
comprise EVOS. These components respectively guide sam-
ple selection with reduced computational cost, enhance
performance through frequency-domain balance, and mit-
igate selection bias from cached evaluation. Extensive ex-
periments demonstrate that our method achieves approxi-
mately 48%-66% reduction in training time while ensuring
superior convergence without additional cost, establishing
state-of-the-art acceleration among recent sampling-based
strategies. Our code is available at this link.

1. Introduction

Implicit Neural Representation (INR) is an emerging
paradigm [13, 50, 54] that leverages Multilayer Percep-
trons (MLPs) to map spatial coordinates (e.g., (x, y) for im-
ages) to corresponding attributes (e.g., RGB values of pix-
els), enabling continuous representation of diverse natural
signals, including sketches [3], audio [52], images [50], 3D
shapes [37] and climate data [18]. Compared to conven-
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tional discrete representations, INRs offer significant ad-
vantages in memory efficiency and inverse problem solving
capability, demonstrating great potential in data compres-
sion [51], image enhancement [9], inverse imaging [19],
novel view synthesis [32], and physics simulation [40].

However, the encoding process of INRs remains com-
putationally intensive due to dense iterations required for
optimization, presenting a significant barrier to widespread
adoption. Furthermore, spectral bias [39], where neu-
ral networks inherently prioritize low-frequency over high-
frequency components, impedes fine detail fitting and in-
troduces additional training overhead. In response, various
acceleration approaches have been proposed, each with in-
herent limitations: partition-based methods [26, 30, 45] in-
crease architectural complexity through multiple networks,
explicit representation collaborations [6, 33, 57] compro-
mise memory efficiency, and meta-learning approaches [ 10,
55] demand substantial homogeneous data for pre-training.

Unlike these approaches, recent sampling-based meth-
ods [15, 61, 63] propose to accelerate training through spar-
sified forward passes by selectively sampling important co-
ordinates (samples). While this sampling paradigm offers
potential cost-free acceleration, existing methods are lim-
ited by either relying solely on static signal structures with-
out considering network dynamics [15, 61] or employing
computationally expensive greedy algorithms for coordi-
nate selection [61], thus constraining their efficiency gains.

To address these limitations, we propose EVOlutionary
Selector (EVOS), a sampling-based method to accelerate
INR training, inspired by principles of biological evolu-
tion. The basic motivation behind EVOS is that, the se-
lection of optimal coordinate subsets conceptually paral-
lels natural selection, where only the fittest individuals sur-
vive and merit computational resources, adaptively evolv-
ing with network dynamics via crossover and mutation op-
erations. This paradigm shares principles with Evolutionary
Algorithms (EA) [17], yet serves a fundamentally differ-
ent objective. While EA maintains a population of search
points to iteratively refine candidate solutions toward op-
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timal outcomes, our approach focuses on ef cient subsetutilization for signal tting tasks [13, 50]. To summarize,
selection rather than iterative solution optimization. De- our contributions can be outlined as follows:

spite this distinction, evolutionary principles offer com- « Inspired by principles of biological evolution, we pro-
pelling advantages for complex [60] and dynamic optimiza- pose EVOlutionary Selector (EVOS), a sampling-based
tion problems [34], making them well-suited for addressing method that accelerates INR training while preserving re-
the non-convex nature of neural optimization [11]. Thismo-  construction delity.

tivates us to preserve the core evolutionary concept whilee We reformulate key notions in conventional evolutionary

rede ning key componentsthess evaluation crossovey computation to meet our acceleration objectives, includ-

andmutatior) to align with INR acceleration goals. ing sparse tness evaluation, frequency-guided crossover,
Speci cally, given a signal composed of coordinates and augmented unbiased mutation.

and corresponding attributgs the objective is to optimize  * We conduct extensive experiments to verify the perfor-

an MLPF (x) to approximate with minimal loss. At each mance and compatibility of EVOS, demonstrating that

iterationt, EVOS treats a subset of coordinaiés  x as EVOS achieves state-of-the-art ef ciency improvement

survivors which is selected througmess evaluatiorfrom among recent sampling-based acceleration techniques.

the full coordinatex. Subsequentlyoffspringz; are gen-
erated from thessurvivorsthroughcrossovemndmutation 2. Related Work
operations, and then fed inte (z;) to achieve sparsied - .
forward passegZ%;j | Xj). The network parametersare 2.1. Implicit Neural Representations
then updated through backpropagation. Through reducingimplicit Neural Representations (INRs) [13, 50, 54] con-
the number of forward passes frgmj to jz;j in each itera-  tinuously represent natural signals by training coordinate-
tion, computational acceleration is achieved. based MLPs, whose structures are meticulously designed
We rede ne tness evaluation crossover and mutation to achieve high representation capability, including posi-
as follows: (1) Sparse Fitness Evaluati¢Bec. 3.2). Com-  tion encoding [54] and frequency-guided activation func-
puting tness values in our context requires network for- tions [28, 41, 46, 50]. This representation paradigm has
ward passes for each coordinate, making conventional perdemonstrated broad applicability across diverse modali-
iteration tness evaluation computationally prohibitive. To ties, including images [12, 50, 57], videos [8, 22, 29],
address this, we perform sparse evaluations at strategic inshapes [5, 24, 37], 3D scenes [6, 32, 33], and unconven-
tervals and cache results for intermediate steps, signi cantly tional data formats [3, 7, 18]. Leveraging its memory ef -
reducing computational overhead?2) Frequency-Guided ciency and inherent capability in solving inverse problems,
Crossover(Sec. 3.3). To address spectral bias that im- INRs have expanded beyond signal representation to ap-
pedes high-frequency component tting, we select coor- plications in data compression [51], generation [36], novel
dinates from both low and high-frequency perspectives. view synthesis [32], inverse imaging [19], and partial differ-
These serve as parents for crossover operations, generatingntial equation solving [40]. Despite these advantages, the
offspring that balance different frequency preferences andencoding process of INRs remains constrained by intensive
enhance performance with negligible computational cost. computational requirements and spectral bias [39], which
(3) Augmented Unbiased Mutatigi®ec. 3.4). Continuous impedes high- delity detail reconstruction and limits their
reliance on cached evaluation results can introduce train-widespread adoption.
ing bias and degrade performance [66]. We mitigate this . .
through stochastic incorporation of non-surviving points 2-2- Acceleration for INR Training
into the offspring set, introducing controlled uncertainty in Numerous approaches have been proposed to address the
each iteration through mutation-like operations. computational intensity of INR training, which can be cate-
We conduct extensive experiments to verify the perfor- gorized into four main streamgl) Partition-based methods
mance (Sec.4.2), compatibility (Sec. 4.3 & Sec. 4.4) and decompose the input signal into smaller components, em-
effectiveness (Sec. 4.5) of our method. With the integration ploying multiple compact MLPs for local representation.
of EVOS, the time cost of INRs' training can be reduced These include approaches based on regular blocks [43],
by 48%-66% without compromising reconstruction quality. adaptive blocks [30], Voronoi diagrams [42], Laplacian
Compared to existing sampling-based methods, includingpyramids [45], and segmentation maps [26{2) Prior-
recent approaches such as Soft Mining [21] and INT [61], driven methods leverage knowledge distilled from large-
EVOS achieves state-of-the-art training ef ciency. A key scale datasets to expedite convergence. This category en-
insight emerging from our study is that strategic sparsi- compasses meta-learning approaches for parameter initial-
cation of training samples not only reduces computational ization [10, 55] and hyper-network-based weight genera-
cost but also consistently enhances training performancetion [50, 52]. (3) Explicit caching methods trade spa-
challenging the conventional paradigm of exhaustive datatial complexity for temporal ef ciency by maintaining en-




Figure 1.0Overview of EVOS framework. The proposed method aims to optimize a MLP for implicit signal representation via evolution-

ary selector. The process comprises three key components: (1) (Sparse) Fitness Evaluation (Sec. 3.2) for ef ciently guiding coordinate
selection, (2) (Frequency-Guided) Crossover (Sec. 3.3) for improving performance by balancing frequency domain preferences, and (3)
(Augmented Unbiased) Mutation (Sec. 3.4) for mitigating selection bias in each iteration. The selected coordinates from this evolutionary
process are then fed into the network, enabling sparsi ed forward passes and reduced computational costs.

coded features in explicit data structures, such as hastcoordinate subset at iteratianandy, vy denotes their
maps [33, 57], point cloud [58], low-rank tensors [6], and corresponding ground truth values. Held,) represents
tree structures [27, 5914) Alternative approaches explore the loss function. The coordinate subgetis determined
diverse strategies to enhance training ef ciency, includ- through three key steps:

ing modulator networks [31], reparameterized training [49], 1. The survivors x% x are selected through Sparse
data transformation [47, 64], batch normalization [4], and  Fitness Evaluation (Sec.3.2), ef ciently identifying the
gradient adjustment [48]. ttest candidates at a coarse level.

Our method aligns with recent sampling-based acceler-2. Thesurvivorsx® undergo Frequency-Guided Crossover
ation approaches. Several methods have emerged in this (Sec.3.3) to genera@fspringw;, where parent selec-
direction: EGRA [15], Expansive Supervision [63], and tion is guided by frequency preferences to balance dif-
Soft Mining [21], tailored for Neural Radiance Field [32] ferent spectral components.

(NeRF) training, demonstrate acceleration through selective3. Theoffspringw, are further re ned through Augmented
Ray Samplingbased on edge detection, frequency priors,  Unbiased Mutation (Sec.3.4) to obtain the nal subset
and Monte-Carlo methods, respectively. Most relevant to  z, incorporating stochastic perturbations to mitigate se-
our approach, INT [61] addresses general INR acceleration |ection bias.

by reformulating the learning process as a nonparametricrinally, the network parameters are optimized by gradi-
teaching problem and employing greedy functional algo- ents ofL (F (z);y). By reducing the number of forward
rithms for coordinate selection. EVOS distinctively lever- passes fronjxj to jz;j in each iteration, EVOS achieves an

ages evolutionary prmmples for coordinate s_elect|0n, intro- 5cceleration factor df(JXJ_jx_zu ), wherel ( ) represents the
ducing novel mechanisms for tness evaluation, crossover, X

d mutation that achi ) ; ({)atio of forward pass time to total computation time. The
and mutation that achieve SUperior performance comparet,, o iew of EVOS is illustrated in Fig. 1.
to existing sampling-based methods.

3.2. Sparse Fitness Evaluation

3. Method In conventional evolutionary algorithms, the tness func-
tion evaluates the quality of each individual in the popu-
lation, iteratively re ning it until convergence to an opti-
Consider a natural sign8 = (x;y), wherex 2 R™ and mal solution. Adapting this concept to EVOS, we de ne
y 2 R" represent coordinates and their corresponding at-the tness function as the distance between reconstructed
tributes inm and n dimensions, respectively. Our target and ground truth values, prioritizing coordinates with larger
is to learn an INR by overtting a MLPF (x) : x 2 discrepancies for selection. Formally, the tness function
R™ 7! y 2 R" to represent signdb. Under the EVOS  is expressed as(x) = D(F (x);y), whereD( ) denotes
training paradigm, the optimization &f is guided by a  the distance metric. The survivax§ are selected through
sparse forward pads(F (z;);y,) rather than the conven- x% =arg maxo < (f(x)).

tional L(F (x);y), wherez;  x represents the selected However, since implementing the tness functibfix)

3.1. Formulation and Overview



requires computing all coordinates, performing such by selecting survivors using tness functioh®" (x) and
resource-intensive computations at each iteration would im-f 9" (x), respectively:
pose signi cant overhead, contradicting our ef ciency ob-

jectives. To address this, we introduce sparse tness eval-  x?= argmax (ijF (xe yii2);

uation, which performs assessment only at key iterations X0 f xgn flowz(r}

while caching the results for intermediate steps. The sparse 00 o L (3)
tness function at iteration is formulated as: Xg = fg[.glkT%N (PLlap(F (X)BZ Liap (Y)JJ}):

_ : Ax)- 1 (x)

fi(x)= ( )(D(F (x);y)+@  (HF () (1)

A i whereN denotes the total number of coordinates kmdp-
where (x') represents the c.:ac'hed evalua.tlon from the last o sents the number of selected survivors. This selection pro-
key iteration and( t) is an indicator function that equals  ;oqintegrates with the sparse tness evaluation mechanism
1 at key iterations and 0 otherwise. Whért) = 1, the described in Eq. 1

cached evaluation is update‘&:x):_:ft(x). . Subsequently, the offspring/; is generated through
Notably, the frequency of key iterations it) presents . ossover operation betwegf andx

a trade-off: more frequent evaluations offer ner-grained

guidance but increase computational overhead. Our em- we = x0 xP= £x0\ x99 ( x%x%; (4)

pirical analysis reveals that the distribution changes in

D(F (x);y) exhibit a gradual linear increase across iter- wherefx?\ x%4 represents coordinates of cross-frequency

ations. Based on this observation, we implement a lin- importance preserved in the offspring,. The balancer

early increasing schedule for key iterations to balance per-function ( x?;x9 augments the offspring by selecting ad-

formance and ef ciency: ditional individuals fromx? andx®based on the current
8 i reconstruction quality across frequency components. This
()= < 1:if t mod ( ?) =1 @) function is formulated ag x%;x% = v?[ v2? where:
* 0; otherwise V? ] ol (X? nxg(j; (5)

00 00 .
whereT denotes the total number of iterations, and the in- v U g ”X?)-

terval between key iterations is <+, controlled by co- low
efcients and . This interval decreases as training pro- Here,p = Wl = k j x{\ x{{ denotes the
t t

gresses, resulting in more frequent tness evaluations. number of samples, arld represents the uniform distribu-
tion. When low-frequency reconstruction exhibits superior
quality (@ < 0:5), ( x2x?9 prioritizes coordinates from
After tness evaluation, the survivors® are selected using  the high-frequency preference séf and vice versa.
the tness functionf (x) = D(F (x);y). While de ning Cross-Frequency Supervision.To leverage the Lapla-
D() as the square errgii (x) yjj? presents a straight- cian gradient computed in Eq. 3, we introduce cross-
forward measure of reconstruction quality, this coordinate- frequency loss to complement the crossover operation. For
wise approach neglects spatial correlations, resulting inthe mutated offspring; (Sec. 3.4), we formulate the cross-
oversmoothed reconstructions and insuf cient emphasis onfrequency loss as:
high-frequency details. Given that INRs inherently exhibit
spectral bias toward low-frequency components, this simple  L{ = |L{ + LM
Isquare error-paseq selection further exacerbates the chal- |_|t iF (20 VaiiZ: 6)
enge of learning high-frequency features.

To address this limitation, we propose a dual-perspective Lt = jiLiap[F (z)+ F (xnz)]  Liap (¥)ij?:
coordinate selection strategy that considers both low and
high-frequency components. These two complementarySince thelLis, () operator requires a full volume of at-
subsets serve as parents in a crossover operation, produdtibutes for its spatial convolution lter, the sparsi ed co-
ing offspring that balance different frequency preferences. Ordinatesz; cannot be directly applied. We address this by
Speci cally, we employ the Laplacian operatop, , a dif- mcorpor_atmg_cached evaluation resuffts(x _nzt) from the
ferential operator based on the gradient divergence, to mealast key iteration. ; and n, denote the scaling factors.
sure high-frequency components, while retaining square er-
ror for low-frequency assessment. At iteratigrgiven co-
ordinatesx;, we compute two sets of parents? (low- While EVOS's sparse tness evaluation (Sec. 3.2) signi -
frequency preference) and®(high-frequency preference) cantly reduce computational cost, they introduce a potential

3.3. Frequency-Guided Crossover

3.4. Augmented Unbiased Mutation



parameters with INT( increasing fron0:2N to N). Both
schedulers are implemented by adjustin(Eq. 3) accord-
ingtog=(1+ )k. Fig. 2illustrates the temporal dynamics
of both scheduling mechanisms.

Complexity. Our method achieves acceleration without in-
troducing additional storage overhead. Selection operations
in EVOS account for merely 1.34% of training time, which

is negligible considering the method's 48%-66% reduction
in total training duration.

4. Experiments

. o ) 4.1. Implement Details
Figure 2. Visualization of Constant (Top) and Step-wise (Bottom)

schedulers. Constant maintains xed selection ratio throughout Experimental Settings. We set the total number of itera-

iterations, while Step-wise implements progressive increase. tionsT to 5000, with hyperparameters= 100, = 0:01,
=05 | =1,  =1leb and = 0:5 Following

. L . [28, 54], we evaluated our method on processed DIV2K

drawback: the network receives deterministic offspring co- datasets [2] using 3256 MLP with SIREN [50] architec-

ordinatesw, during consecutive iterations, potentially in- ;e njess otherwise stated. Additional experiments across

ducing selection bias and degrading performance [66]. To,oi0us modalities and datasets are provided irstiEple-

address this, we incorporate uncertainty through mutation,mentary materialsAll experiments in this section were per-

stochastically integrating a small portion of non-selected in- formed using the PyTorch framework [38] on 4 NVIDIA

dividualsf x nw,g into the offspring. This strategy main-

tains population diversity and mitigates training bias.
At iterationt, given offspring setv;, we generate mu-

tated coordinates; through the augmented unbiased muta-

tion operatoM ( ):
ze=M W)= wi [ mg; me U g (Fxnweg); (7)

wherem denotes mutated coordinates of length uni-
formly sampled from the non-selected $&tnw;g, and

RTX 3090 GPUs with 24.58 GB VRAM each.

Evaluation Mechanisms. We evaluated reconstruction
quality using PSNR, SSIM [56], and LPIPS [62] metrics.
The ef ciency improvements were assessed through two
mechanisms(1) comparing time required to achieve target
reconstruction quality, anf®2) comparing performance and
computational cost under xed iterations. The rst directly
reveals ef ciency gains across different strategies, while the
second compares the per-iteration performance between full

represents the mutation ratio controlling uncertainty. The data utilization and partial data sampling.

nal number of mutated offspring igz;j = (1 + )k <N .

Given the negligible computational cost of uniform sam- 4.2. Comparison with State-of-the-arts Strategies

pling, Eq. 7 is executed in each iteration.

Finally, we utilize the mutated offspringy as the ttest
subset of coordinates for iterationin training networkF .
The network parametersare optimized according to:

= r LE(F (z1):Y2); 8

where denotes the learning rate ahd represents the
cross-frequency lossetailed in Eq. 6.

3.5. Discussions

Scheduler for Selection Size.For determining the selec-
tion intensityq (q = jzij), we implement two scheduling
mechanisms(1) Constant schedulemaintains a xed se-
lection sizeq = N throughout training, where 2 (0; 1)

andN denotes the total number of coordinatesensur-

ing consistent memory ef ciency2) Step-wise scheduler
progressively increasesfollowing a step function during

Settings. We compared our method against Uniform Sam-
pling (Uniform.), EGRA [15], Expansive Supervision (Ex-
pan.) [63], Soft Mining [21], INT [61], and conventional
full-coordinate training (Standard) commonly used in INR
encoding [28, 41, 46, 50, 54]. For INT, which addresses
the identical application scenario as ours, we strictly fol-
lowed to its of cial implementation and settings. Although
EGRA and Expan. were originally tailored for NeRF train-
ing, their straightforward mechanisms enabled direct adap-
tation to our experiments. For Soft Mining, we modi ed
parameters to accommodate general INR training, though
it demonstrated limited effectiveness in 2D image tting
tasks. Through empirical tuning, optimal performance was
achieved with sy = 0:5and disabled fuzzy indexing (de-
tailed in supplementary materials). Apart from these neces-
sary adjustments, all experimental settings remained con-
sistent across methods.

training, which achieves optimal performance as demon- Quantitative Results. Tables 1 and 2 present quantita-
strated in INT [61]. We adopt this scheduler with default tive comparisons under xed iterations and target PSNR



1k Iterations 2k Iterations 5k Iterations Timett

Strategies PSNR" SSIM" LPIPS# | PSNR SSIM' LPIPS# | PSNR  SSIM'  LPIPS# | (sec)
Standard | 3106 0.899 0.123 | 3434 0.944 0.042 | 37.10 0964 0.021 | 180.45
Uniform. 30.35 0.885  0.149| 33.33 0932 0.058| 36.11 0.956  0.026| 94.13
EGRA [15] 3037 0.885 0.150| 3340 0932 0.057| 36.22 0.957  0.025| 103.31
Expan. [63] 30.95 0.893 0.121 | 33.70 0933 0.049| 36.28 0.955  0.023| 96.39
Soft Mining [21] 3149 0903 0.124| 3352 0931 0.072| 3531 0.948  0.045| 100.35
INT [61] (incre.) 3167 0901 0117 | 31.95 0894 0.096| 34.62 0.923 0.059| 110.55

INT [61] (dense.) 31.67 0.901 0.117 | 34.53 0.938 0.052| 37.21 0.959 0.027| 161.89
EVOS (w/o CFS.) 31.64 0.899 0.107 | 34.73 0.940 0.040 | 37.49 0.960 0.019 | 95.43
EVOS (proposed) 32.71 0912 0.082 | 3589 0951 0.031 | 37.81 0.962 0.018 | 97.39

EGRA[15] 29.59 0.867 0.187| 33.01 0.927 0.068| 37.08 0.963 0.020 | 105.71
Expansive Supg63] | 30.58 0.883 0.138| 33.55 0.930 0.058| 36.95 0.960 0.026| 103.09
INT [61] (incre.Y 31.52 0.880 0.137| 30.59 0.863 0.138| 37.17 0.962 0.020 | 124.35
EVOS(w/o CFS.) 30.99 0.873 0.124| 34.49 0.930 0.050| 37.81 0.965 0.019 | 105.82
EVOS (proposed) 31.69 0.882 0.106 | 35.61 0.940 0.041 | 38.43 0.968 0.016 | 108.60

y denotes the best-performing variant reported in INT [61].

Table 1. Comparison of sampling strategies under xed iterations. Strategies without underlines employ constant scheduitéy,(
while underlined strategiémplement step-wise schedulc Forest : the best performanc¢ Mint : exceeds standard training.

PSNR | Stand.| EGRA Expan. Soft. INY | EVOS fur regions, producing results closest to ground truth.
6.19 508 499 615 4.73 Temporal Evolution of Training. The temporal evolution

25dB | 9.04
30dB | 30.75 | 19.63 16.42 14.14 18.6{ 12.48 of reconstruction quality is illustrated in Fig. 4, which plots
35d8 | 8864 | 67.15 5941 8481 7531 29.73 PSNR and SSIM metrics against training time. For precise

evaluation, additional full-coordinate forward passes were
Table 2. Comparison of computational time (seconds) required to Performed after each optimization step to compute accu-
achieve target PSNR across different strategies. rate metrics, with these evaluation passes excluded from the
total training time. Our method demonstrates both faster
convergence and superior performance compared to alter-
benchmarks, respectively. In Table 1, INT (incre.) and native approaches, particularly in PSNR metrics. Moreover,
INT (dense.) denote variants optimized for minimal time EVOS exhibits more stable performance gains than INT,
cost and maximal reconstruction quality, respectively. For maintaining its advantage throughout the training process.
fair comparison independent of loss function variations, we Analysis of EGRA and Expan. While EGRA and Expan.
include EVOS (w/o CFS.), which implements vanilla L2 leverage edge detection and frequency priors for coordi-
loss without Cross-Frequency Supervision (Eq. 6). Our nate sampling, accelerating training in the early stages, their
method demonstrates consistent superior ef ciency acrossoverreliance on static image information without consider-
all comparative strategies. Speci cally, under xed itera- ing dynamic network changes results in suboptimal long-
tions, our approach achieves 39.82% time reduction while term performance.
improving PSNR by 1.33 dB compared to standard training Analysis of Soft Mining. Despite empirical parameter tun-
(nal row of Table 1). Furthermore, when targeting PSNR ing, Soft Mining exhibits deteriorating reconstruction qual-
values of 25, 30, and 35 dB, our method reduces compu-ity, particularly in later training stages. This limitation
tational time by 47.68%69.41% and_66.46%espectively  Jikely stems from sampling space incompatibility. While
(Table 2), outperforming all alternative approaches. Soft Mining effectively samples approximately 5% of coor-
Visualization Results. Fig. 3 presents reconstructed im- dinates from vast 3D radiance eld data in NeRF training,
ages after 60 seconds of training using different accelera-conventional INR training typically processes all available
tion methods. Under identical time constraints, our method data in each iteration due to relatively small data volume.
achieves superior reconstruction quality, surpassing alter-This fundamental difference in sampling requirements ex-
native approaches by 2.31 to 6.44 dB. Detailed examina-plains its reduced effectiveness in non-NeRF INR applica-
tion reveals that our method particularly excels in preserv- tions. Supporting experimental evidence is provided in the
ing high- delity details, as evidenced by the wolf's eye and supplementary material.




Figure 4. Comparison of reconstruction quality (PSNR & SSIM)
across different sampling-based methods over training time.

Figure 3. Visual comparison of sampling-based acceleration meth- . PSN"R . SS”Y' Time

ods for INR training. All methods are evaluated under identical _Backbones (k)" 2k (B | (BK)" | (secy

conditions with a xed training duration of 60 seconds. PEMLP [54] 2599 27.61 29.43 0.841 | 148.84
PEMLP+EVOS| 26.10 28.00 30.04 | 0.842 | 83.18
SIREN [50] 30.37 33.35 36.24 0.960 | 177.26

Analysis of INT. INT, which closely aligns with our ap-
plication context, employs a greedy algorithm to select SIREN+EVOS [pezst s r e T e
high-priority coordinates. While its best-performing vari- ~ WIRE [46] 28.96 31.17 33.72] 0.918 | 553.31
ant INT(incre.Y demonstrates improvements over standard WIRE+EVOS | 28.59 32.91 34.56 | 0.927 | 291.30
training (31% time savings, 0.07 dB PSNR gain), it ex- GAUSS [41] 30.38 32.83 35.48 0.945 | 244.91
hibits unstable reconstruction quality, as shown in Fig. 4. GAUSS+EVOS| 30.21 34.36 35.48 | 0.941 | 133.28
The performgnce .degradation in. early stages .stems from FINER [26] 36.93 3867 4072 0978 | 26081
abrupt reductions in MLP evaluation frequency inherentt0 \NER+EVOS | 3649 3954 4061| 0976 | 123.60
its greedy algorithm. EVOS circumvents this limitation
through our sparse tness evaluation design. Moreover, our
crossover and mutation mechanisms achieve superior per-

formance compared to INT's greedy selection approach.

Sample Weighting ALSO Bene ts “Over tting”. An in- WIRE [46], GAUSS [41], and FINER [28]. These ar-
tuitive assumption suggests that sparsifying training sam-chitectures represent diverse approaches to enhancing INR
ples would compromise per-iteration reconstruction qual- expressiveness through innovations in frequency encoding
ity while reducing computational cost, due to incomplete and activation functions. Following [28], we implemented
data utilization. However, the results of EVOS (w/o CFS) a consistent learning rate scheduler across all backbones
in Table 1 challenge this intuition, demonstrating that our while maintaining their of cial initial learning rates. The
strategy achieves superior tting quality compared to full- quantitative results in Table 3 demonstrate EVOS's consis-
data training under identical iteration counts. This phe- tent acceleration capabilities across different architectures,
nomenon can be understood through the lens of sampleshowing substantial ef ciency gains and performance im-
weighting [16, 65], a technique that improves model gen- provements. In most cases (highlightec green ), EVOS
erality by adjusting sample observation frequencies during achieves simultaneous improvements in both ef ciency and
training. Indeed, EVOS can be viewed as a specialized formreconstruction quality. Fig. 5 illustrates the reconstruc-
of sample weighting that reweights signal coordinates dur- tion quality across different backbones after 120 seconds
ing signal tting, implicitly regularizing the loss function  of training. EVOS integration consistently enhances detail
through selective sampling. Notably, this nding extends preservation across all architectures, particularly in the ne
the bene ts of sample weighting beyond traditional model features of the parrot's eye region.

generalization to signal tting tasks (inherently an over t- o . .

ting scenario without test set validation), revealing an in- 4.4. Compatibility for Different Network Sizes

triguing contradiction that merits further investigation. To evaluate EVOS's compatibility with varying network ar-
chitectures, we tested its performance across MLP con g-
urations ranging from 164 to 3 256. Table 4 presents

To evaluate EVOS's compatibility, we conducted exper- primary results, demonstrating EVOS's effectiveness in
iments across multiple INR architectures: PEMLP [54], improving training ef ciency across diverse architectures,

Table 3. Quantitative result across different backbones.

4.3. Compatibility for Different Backbones



Figure 5. Visualization of performance improvements across different backbone architectures when integrated EVOS. All experiments are
conducted under consistent conditions with a xed training duration of 120 seconds.

PSNR Time PSNR SSIM | Time
Sizes ak)"  (2k)"  (Bk)" (A0k)" | (sec)# Settings Ak " (Bk)" | (5k)" | (sec)#
1 64 20.60 21.49 2231 2258 47.71 EVOS | 3271 37.81| 0.962 | 97.39
1 64(EVOsS) meblcommesanl 2226  22.54 s wlo Eval. (Sec. 3.2) | 20.80 35.41| 0.952 | 93.41
2 64 2257 2371 2457 2479 72.19 =0 (Eq.2) 32.69 37.54| 0.961 | 95.26
2 64(EVOS) | 22.72 2385 2456 24.77| 47.18 =1 (Eq. 2) 3157 3551| 0.943 | 142.39
2 128 2529 2697 2833 28.82 114.04 =10 (Eq.2) 3242 36.37] 0.953 | 105.23
2 128(EVOS)| 25.68 27.29 28.40 28.83 | 74.59 wlo Cross. (Sec. 3.3) 31.67 37.04| 0.956 | 94.35
> 256 2825 3030 3227 3330 26246 wlo CFS. (Eq. 6) 31.64 37.49| 0.960 | 95.43
2 256 (EVOS)| 29.05 31.09 3251 33.49 | 144.98 wlo Mutat. (Sec. 3.4)| 31.18 | 34.94 | 0.921 | 97.13
3 256 31.06 34.34 37.10 38.60 366.30 fgfé(gq' ;) ggig gﬂ, 8'322 19(?1'6;'1
3 256 (EVOS)| 3271 36.09 37.81 38.71 | 254.33 =1:0(Ea. 7) : 141 O :
Table 4. Quantitative result across different network sizes. Table 5. Ablation study Coral : the worst performance.

unguided selection, signi cantly degrading early-stage per-

with ef cien in ming more pronoun net- ; . .
t et ciency gains becoming more pro Jou ced as ne formance. Without Mutat. (Sec. 3.4), selection bias from
work size increases. From these observations, we draw two

. . cached selections substantially impairs nal performance.
key conclusions(1l) EVOS demonstrates strong generaliza- .
. : . ; . . Components from Cross. (Sec. 3.3), CFS Eg. 6, and the lin-
tion across network architectures, enabling ef cient training . S .
. . . . ear increasing indicator (Eq. 2) enhance performance with
acceleration for varying INR expressiveness requirements.

(2) The effectiveness of EVOS increases with network size minimal computational overhead. Interestingly, increasing
" evaluation frequency (reducingto 1 or 10) does not im-

suggesting that larger architectures exhibit greater redun- o :

dancy which our method effectively addresses prove performance despite higher computational costs. We
Y y ‘ suspect that overly frequent evaluation induces excessive

4.5. Ablation Study training instability, making it dif cult for INRs to consis-

tently capture signal features during the training process.
Settings. We conducted comprehensive ablation studies
to evaluate the quantitative contributions of EVOS com- 5. Conclusion
ponents: Sparse Fitness Evaluation (Eval.), Frequency- ) i
Guided Crossover (Cross.), and Augmented Unbiased Mu-In this paper, we propose EVOlutionary Selector (EVOS)
tation (Mutat.). Beyond component-level analysis, we ex- to accelerate INR tral_nlng. Extensive expenme_nts de_mc_m-
amined key design parameters including the interval param-Strateé EVOS's superior performance, surpassing existing
eter and linear increasing coef cient in Eq. 2, Cross- ~ Sampling-based acceleration methods. Notably, we dis-
Frequency Supervision (CFS, Eq. 6), and mutation ratio COVer that strategic sparsi cation of training samples not
in Eq. 7. All experiments followed the settings in Sec. 4.2, Only reduces computational cost but also improves per-
varying only the parameter under investigation. iteration performance, suggesting that sample weighting
Results and Analysis.Table 5 presents the result of abla- techniques can enhance optimization in signal tting tasks

tion experiment. The absence of Eval. (Sec. 3.2) results inbeyond their traditional role in model generalization.
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