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Abstract—Deep convolutional neural networks (CNNs) have
achieved remarkable performance in visual recognition but
remain computationally expensive for deployment on embedded
or edge devices. This paper introduces Hybrid Spectral-Gradient
Saliency Pruning (HSGSP), a structured pruning framework
that unifies spectral analysis and data-driven gradient saliency
to achieve efficient CNN compression. The proposed method
incorporates a lightweight Frequency Relevance Network
(FRN) that learns to estimate the spectral importance of
convolutional filters through frequency-band energy ratios,
enabling fast, task-driven scoring. A hybrid saliency metric
fuses the FRN’s spectral relevance with gradient-based Taylor
sensitivity, ensuring filters are preserved only when important
both spectrally and task-wise. An adaptive iterative schedule
dynamically adjusts pruning intensity based on validation
feedback, preventing over-pruning and maintaining stability.
Experiments on CIFAR-10 and CIFAR-100 using VGG-16BN
demonstrate up to 90% parameter reduction with negligible
accuracy loss, outperforming recent structured pruning methods.
Furthermore, on a Raspberry Pi 5, our pruned model delivers
a 3.4x inference speedup while slightly improving accuracy,
and when permitting only a 1% accuracy trade-off, the
speedup increases dramatically to 7.5x. The results confirm
that combining spectral cues with gradient saliency offers a
robust and interpretable path toward efficient CNN deployment.
The official implementation code of our method is available at
https://github.com/locth/HSGSP.git.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/10332

Index Terms—CNN compression, structured pruning, fre-
quency domain, and model optimization.

I. INTRODUCTION

EEP convolutional neural networks have transformed

computer vision, yet their high computational and mem-
ory demands hinder edge deployment. Structured pruning,
which removes entire filters or channels, offers practical
compression and real speedups without specialized hardware.
Existing approaches use various filter-importance criteria [1]-
[3], but two issues persist: pruning rates are often fixed and
ignore dataset complexity, and most methods focus solely on
spatial domains, neglecting frequency-domain information that
can reveal filter redundancy [4], [5].
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To address these issues, we propose a new structured
pruning framework named Hybrid Spectral-Gradient Saliency
Pruning (HSGSP). HSGSP combines a frequency-domain
analysis with a data-driven gradient-based saliency in a unified
approach. The method adaptively adjusts its pruning schedule
based on validation feedback to avoid over-pruning. The key
contributions of HSGSP can be summarized as follows:

o Frequency Relevance Network (FRN) for spectral impor-
tance: HSGSP introduces a task-driven procedure to learn
the spectral importance of filters. A small neural net-
work (FRN) is trained to predict each filter’s importance
distribution across frequency bands using inputs derived
solely from the filter’s weights. Weight-domain spectral
ratios are computed without data while FRN training uses
task signal to adapt dataset characteristic. This learned
predictor serves as a proxy to estimate filter relevance
without requiring expensive data-driven computations for
each filter during pruning.

o Hybrid spectral-gradient saliency score: HSGSP defines
a novel importance score that fuses the FRN’s frequency-
based prediction with the conventional gradient-based
saliency (first-order Taylor loss sensitivity). By dynam-
ically weighting the frequency score and gradient score,
the method preserves filters that are both spectrally cru-
cial to the loss, thus maintaining both frequency diversity
and task relevance in the pruned model.

o Adaptive iterative pruning with validation-aware control:
Instead of using a fixed pruning rate or schedule, HSGSP
adjusts the fraction of filters pruned in each iteration
based on the observed validation loss change. When
pruning has little effect on validation loss, the process
can continue aggressively; if a significant accuracy drop is
detected, the pruning rate is reduced or pruning is halted.
This self-correcting mechanism helps prevent overshoot-
ing the optimal sparsity level for a given dataset.

Through these innovations, HSGSP aims to achieve higher
compression rates without retraining from scratch, and with
minimal accuracy loss even on complex datasets. The re-
mainder of this paper is organized as follows. Section 2
reviews related work on structured pruning and frequency-
based network analysis. Section 3 details the proposed method,
including the FRN design and the hybrid importance score
formation, and the pruning mask strategy. Section 4 presents
experimental results on CIFAR-10 and CIFAR-100, compar-
ing HSGSP to recent pruning methods on metrics such as
accuracy, FLOPs, parameter count, and inference time. Finally,
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Section 5 concludes the paper with a summary of contributions
and future directions.

II. RELATED WORKS
A. Structured CNN Pruning

Structured pruning compresses and accelerates CNNs by
removing entire filters or channels. Early methods pruned
filters with small weight magnitudes, while Soft Filter Pruning
(SFP) [6] enabled filters to regrow during training, and FPGM
[1] targeted redundant filters via geometric criteria. Feature-
map-based methods like HRank [2] rank filters by output
characteristics, and adversarial approaches such as GAL [7]
leverage generative networks to replicate original features.

Recent advances refine pruning criteria and schedules.
SCOP [8] identifies redundancy using knockoff features, and
ResRep [3] achieves nearly lossless pruning via alternating
remembering/forgetting phases with fine-tuning, showing the
value of iterative pruning [3], [6].

While many pruning approaches rely on manually selected
pruning ratios combined with filter-importance criteria, au-
tomated ratio-selection methods (e.g., reinforcement learning
in AMC or evolutionary search in MetaPruning) can intro-
duce additional optimization complexity. Our method instead
adjusts the pruning ratio adaptively during iterative pruning
using validation feedback, aiming to balance compression with
accuracy recovery across iterations. In contrast to pruning from
scratch [9], which trains a sparse/pruned architecture from the
beginning, our approach starts from a trained dense model and
performs iterative prune and fine-tune cycles, where filters are
re-evaluated at each iteration to determine which ones should
be retained.

B. Post-training Pruning

Modern deep neural networks often contain substantial
redundancy, leading to inefficiencies and deployment chal-
lenges on resource-constrained devices. A common compres-
sion pipeline is post-training pruning, where pruning is applied
to an already trained model and is typically followed by
lightweight calibration and/or short fine-tuning to recover
performance, depending on the pruning granularity and target
compression [10], [11]. In contrast to iterative prune - fine-tune
pipelines, post-training approaches usually aim to minimize
the number of pruning and retraining cycles by relying on
weight-importance metrics or reconstruction-based criteria to
sparsify or compress the model efficiently [12].

Recent progress in post-training pruning has introduced sev-
eral novel frameworks. Kwon et al. [13] developed a fast post-
training pruning method for Transformer models that elim-
inates retraining while significantly lowering computational
cost. Frantar et al. [12] integrated pruning and quantization
into a unified framework that balances model size and accuracy
via precision reduction and parameter elimination. Similarly,
Li et al. [14] and Xiao et al. [15] proposed reconstruction-
based techniques improving sparsity and neuroregeneration,
enhancing the recovery of pruned networks.

Overall, post-training pruning reduces inference overhead
and allows efficient deployment on mobile and embedded
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devices [11], [13]. It eliminates retraining costs, increases flex-
ibility across architectures, and enhances hardware efficiency.
However, excessive pruning may degrade accuracy, and certain
structural methods depend on specific activation functions or
architectures [11]. Moreover, these techniques often require
expert tuning and are sensitive to calibration data quality [13].

C. Frequency-Domain Analysis in Pruning

Most pruning methods act in the spatial domain, examining
weights or activations. Frequency-domain analysis provides a
complementary view based on the spectral interpretation of
convolutions. Using Fourier or Cosine transforms, filters or
feature maps can be evaluated by their spectral content. Liu
et al. [16] introduced Frequency-Domain Dynamic Pruning,
removing frequency coefficients during training. Later, Chen
et al. [4] applied the Discrete Cosine Transform to retain key
filters, and Zhang et al. [5] defined a uniqueness measure
preserving distinct spectral patterns. Khaki and Luo [17]
merged spatial and frequency saliency in CFDP, improving
efficiency without retraining.

These studies show that frequency analysis exposes redun-
dant filters, such as overly smooth or noisy ones. Building on
this, our FRN learns filter importance from spectral compo-
sition. Instead of fixed heuristics, it uses a small network to
predict frequency-wise relevance, trained with teacher signals
from filter loss contributions, enabling adaptive identification
of essential spectral components across layers and tasks.

D. Sparse Training from Scratch

Sparse-from-scratch training methods are divided into struc-
tured and unstructured sparsity. Structured sparsity enforces
weight patterns for hardware efficiency, while unstructured
sparsity prunes individual weights for flexibility. Unlike post-
training pruning, these methods embed sparsity during train-
ing, reducing computation and retraining costs [18], [19],
though design choices may limit performance.

Recent advances include sparse momentum for efficient
gradients [18], orthogonal initialization for stability [19], and
dynamic evolutionary sparsity for adaptability [20]. Liu et
al. showed sparse RNNs can match dense accuracy [21] and
extended sparse training to GANs and random pruning [22],
[23].

Sparse training improves efficiency, memory, and inference
cost [18], [19], yet poor sparsity selection can harm accuracy,
motivating adaptive initialization and weight updates [20].
Structured sparsity suits hardware but needs custom design;
unstructured sparsity is flexible but less hardware-aligned.
Current work aims to sustain accuracy under extreme sparsity
through adaptive and gradient-regenerative techniques.

III. PROPOSED METHOD

The proposed HSGSP method consists of two main compo-
nents: (1) a Frequency Relevance Network (FRN) that learns
to estimate filter importance from frequency-domain features,
and (2) a hybrid spectral-gradient saliency scoring mechanism
that fuses the FRN’s output with gradient-based saliency
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Algorithm 1 Proposed Frequency-Aware Structured Pruning

with FRN Guidance

Input: Pretrained model M, training set Dyiy, validation set
Dyal, pruning limit per layer p;, maximum iterations
T, accuracy-drop budget A,y initial mixing factor
o.

Output: Pruned model M *) and iteration log .

Stage 1: Frequency Relevance Network (FRN) Training.
1. Extract spectral features from each convolutional filter
using 2D DCT to compute low-, mid-, and high-band energy
ratios.

2. Estimate frequency-based saliency targets using first-order
Taylor expansion (gradient x weight) across several mini-
batches.

3. Train a small MLP (FRN) to map spectral ratios to
normalized frequency relevance distributions.

4. Save the trained FRN model frrn for subsequent scoring.

Stage 2: Iterative Hybrid Pruning.
fort=1to T do

(1) Frequency Scoring: For each filter, compute spectral
ratios from current weights and obtain frequency rele-
vance scores f() via frry and adaptive «; which is
the scalar that selects how much of each filter’s DCT
spectrum counts as “low frequency” during scoring.
(2) Gradient Scoring: Compute Taylor-based gradient
saliency g(l) using a small subset of Dy .
(3) Hybrid Fusion: Normalize both scores and combine
them using weighting coefficient a:
s =40 @ (f(l) T g)a'
(4) Pruning Selection: Remove the lowest-scoring chan-
nels per layer under pruning limit p;, keeping at least
C™in channels.
(5) Model Surgery: Rebuild network by removing
pruned channels and adjusting dependent layers.
(6) Fine-Tuning: Retrain the pruned model for a few
epochs.
(7) Adaptive Control: Evaluate validation accuracy and
update x; based on validation loss trend.

if validation accuracy drop > A« then
| break

end

end

return M), H

for pruning decisions. These are integrated into an iterative
pruning framework with an adaptive schedule. Algorithm 1
provides a high-level overview of the HSGSP pruning proce-
dure, and the following subsections describe each component
in detail.

A. Frequency Relevance Net

The Frequency Relevance Network (FRN) is a learnable
model that predicts each convolutional filter’s importance
based on its frequency features and activations. Acting as a
spectral proxy for filter saliency, it estimates a filter’s rele-
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vance before pruning, helping prioritize those with valuable
frequency content and reducing costly calculations.

Unlike traditional pruning that relies on norms or loss
impact, FRN learns how a filter’s spectral profile relates to
task-specific importance. It predicts which frequency bands
matter most through a lightweight neural module, shifting
pruning from rule-based to data-driven while preserving filters
key to generalization.

Formally, FRN maps each filter’s spectral feature vector
to an importance distribution y; across B frequency bands
(e.g., low, mid, high). The FRN is a function fggn such that:

fFRN LX S Rd —Y; S [O, 1}B (1)

where d is the dimensionality of the input feature vector
(typically d = 3 in our design). The output y; is a probability-
like distribution over the predefined frequency bands, indicat-
ing the relative importance of each band for filter j. We next
describe how the training data for the FRN is constructed and
how the network is trained.

1) Construction of the FRN Training Dataset: The training
dataset for the FRN is automatically derived from a pre-trained
CNN model M and a small activation dataset D, (a subset
of images representative of the training data distribution).
Each training sample for the FRN corresponds to a single
convolutional filter j from M. We obtain both the input
features x; and the target output y; for each filter through
the following steps:

(a) Frequency decomposition: For each convolutional kernel
K € REXWxCaxCou e first convert it to the frequency
domain. A 2D Discrete Cosine Transform (DCT-II) is applied
to the spatial dimensions of the kernel, yielding a frequency-
domain representation 5 = DCT2(K ). Three frequency bands
of interest are defined as: low, mid, and high frequency regions
within the K spectrum (for example, low-frequency could
correspond to the low-frequency coefficients concentrated near
the (0,0) position of the DCT).

Denote these band index sets as { Blow, Bmid, Bhigh} c R?,
the energy of filter j in band b is computed as the sum of
squared magnitudes of the DCT coefficients in that band:

b € {low, mid, high}
) @)

Here Kwu,v,j denotes the DCT coefficient at frequency
position (u,v) for filter j. These energies are normalized
into spectral energy ratios. Let Ejow, j, Emid,j> Enigh,j be the
energies in each band for filter j. The spectral ratio 7 ; for
band b is defined as the fraction of the filter’s total energy that
lies in band b:

~ 2
By = H{Kumi (u,v) € Bb}Hg’

Ey ;

) b € {low, mid, high}
Zb’e{low, mid, high} Ey

3

These three ratios (for low, mid, high) form the FRN’s input
feature vector x;.

(b) Taylor-based relevance To create the training target for

the FRN, we need a measure of the filter’s true importance

Toj =
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in terms of the network’s loss. The Taylor-based saliency
metric is employed, which estimates how the loss L would
change if filter j were removed or altered. Specifically, using
a first-order Taylor expansion, the importance T} of filter j
can be approximated by the magnitude of the element-wise
product of its gradient and its weight values (also known as
the gradient-weight product) averaged over some data samples
[2]. Intuitively, T; measures how much the loss would change
if K; were scaled down slightly (filters with large weights and
large gradients contribute more). We further decompose this
saliency into the same frequency bands used earlier: using
the DCT of the filter, we can attribute portions of T} to
low, mid, and high-frequency components, yielding band-wise
contributions T, j, Tmid,j» Thigh,j- To smooth out variations,
an exponential moving average (EMA) with decay factor [ is
applied over these estimates across batches. We then normalize
the band-wise importance to form a distribution y; over the
three bands:

1/~
Ty +e¢
(To; +<) = b,b € {low, mid, high}
Dy (Tb’,j + 5) @

Here v > 1 is a sharpening hyper-parameter (in imple-
mentaion 7 ~ 2.2 was used) that accentuates the largest
components so that y; is a peaked distribution emphasizing the
most critical frequency band for filter j. £ is a small constant
to avoid zero. The resulting ¥; = [Yiow,;j; Ymid,j» Ynigh, ;] SErves
as the target output for the FRN, representing the ideal impor-
tance assigned to each frequency band for filter j, according
to the Taylor saliency analysis.

2) Architecture and Training of the FRN: The FRN is im-
plemented as a simple multilayer perceptron (MLP) designed
to be lightweight yet sufficiently expressive to capture non-
linear relationships between spectral features and importance.
In our implementation, the MLP has two hidden layers of
moderate size. Specifically, we use:

Yo.j =

« Input layer of size d = 3.

o Two hidden fully-connected layers with 64 and 32 units
respectively, followed by a ReLU activation o (-).

e An output layer with B = 3 units (one per frequency
band), followed by a softmax function to produce an
output distribution § = [Jiow, Umid; Jhigh)-

In formula form, the FRN’s forward pass can be written as:

g = softmax(Wga(Wla:+b1)+b2> )

where W, € R4 1, € RBX" are weight matrices for the
hidden and output layers, by, by are bias vectors, and o is the
ReLU activation.

The FRN is trained using the constructed dataset of filters.
We use a standard categorical cross-entropy loss between the
predicted distribution §; and the target distribution y; for
each filter j. To account for the fact that filters contribute
unequally to the network (for instance, filters from earlier
layers vs. later layers, or some layers having more filters),
one can introduce a weighting factor w; for each training
sample. In our experiments we set w; = 1 for simplicity
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(equal weighting), but this could be tuned if certain layers
needed emphasis. The loss function is:

Lery = — Y _w; ¥ yo; log(in,;) ©)
j b

After training, the FRN learns to output, for any given filter,
a prediction §; that approximates the filter’s true frequency-
band importance distribution y;.

3) Inference and Integration into Pruning: Once trained,
the FRN becomes a handy tool to estimate frequency impor-
tance on the fly. For each filter j (with weights K;) in the
model, we can compute its spectral feature x; (as in step 1) at
any point during pruning, feed it into the FRN, and obtain
a predicted distribution ¢; over frequency bands. We then
condense this distribution into a single frequency relevance
score .S; for the filter. One simple way is to take a weighted
sum of the band importance predictions:

S = WiowTlow,j + WmidUmid,j + WhighUhigh, j @)

where  wiow, Wmid, Whigh are weighting coefficients for the
bands. In the simplest case, these w weights can be all set
to 1 (making S; just the average predicted importance, which
still tends to be higher for filters that FRN deems important
in any band).

Filters with lower S; are considered more dispensable
(either they lack significant low-frequency content and FRN
predicts them as less relevant, or overall their predicted
spectral importance is low), whereas filters with higher S;
are deemed important to keep. This FRN-based score .S; will
later be combined with the gradient-based score to make final
pruning decisions.

B. Hybrid Spectral - Gradient Saliency Score

HSGSP’s pruning decision for each filter is based on
a hybrid score that fuses the frequency-domain perspective
(through the FRN) with the spatial, gradient-based perspective
(through the filter’s loss gradient). This hybrid score aims to
capture both complementary aspects of filter importance: (1)
whether the filter carries important frequency information for
the task, and (2) whether the filter has a strong influence on
the network’s output (as measured by gradient saliency). By
requiring a filter to be important in both senses to be retained,
the method is more selective in pruning truly redundant filters.
Fig. 1 demonstrates hybrid scoring which works in two parts:

1) Frequency Score: As described above, for each convo-
lutional layer ¢ and each filter j in that layer, we compute
a frequency score s;»r;q that reflects how much the filter
emphasizes low-frequency information and how important that
low-frequency content is, according to the FRN. Concretely,
let le’;” be the low-frequency energy ratio of filter j (from
Equation 3), and let 5% be the FRN-predicted importance for
the low-frequency band of that filter (which is §iow,; from the
FRN output). We define the frequency saliency score for filter
7 as:

i, 2,7

SIS = Ry x (14 9) ®)
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Fig. 1. Overview of the Hybrid Spectral-Gradient Saliency Pruning (HSGSP) framework

Filters with higher low-frequency energy and high FRN-
predicted relevance p'°V receive larger frequency scores s?j-q
The amplification term (1 + p'°%) boosts filters where low-
frequency content is important, while those dominated by
high-frequency energy get lower scores and are more likely
to be pruned. This approach favors filters capturing broad,
generalizable patterns over potentially noisy high-frequency

features.

2) Gradient Saliency: Alongside the frequency analysis,
we compute a gradient-based saliency for each filter, which
measures the sensitivity of the network’s loss to that filter.
We use the classical first-order Taylor criterion, which was
given in Eq. (9). In implementation, the network processes
a subset of the training data in batches, each mini-batch

m € {1,2,..., M} produces a gradient of the loss £™) with
respect to each weight Wz(k) '
M
1 oLm ;
grad _ L (2)
gad E — W, . ©))
1,7 (¢ lk,c,g
M m=14,k,c 6I/Vl lc),c,j

where Wl(lk)p ; denotes the weight element at spatial position
(I, k), input channel ¢, and output filter j in layer i.

The gradient saliency vector ng highlights which filters
would cause the largest increase in loss if removed (those with
highest sgra ). Conversely, filters with very low s° jd contribute
little to the loss and are prime candidates for pruning unless
they carry other importance (which is where the frequency

score comes in).

freq grad

3) Fusion of Scores: Once we have both s; -* and g; ;= for
every filter j in layer ¢, we combine them to forrn the final
hybrid importance score s; ;. A straightforward combination is
a weighted product or sum. We choose to multiply the gradient
saliency by a transformed frequency score, as this naturally
zeroes out filters that are low on either metric. Specifically,
we use an element-wise multiplication with an exponent to
tune the influence:

sig =i o (s +e) (10)
where f() is the vector of frequency scores for layer (with

components slrzq for each filter j in that layer), ¢ = 1078 i

a small constant to avoid multiplying by zero, and « is a

hyperparameter that determines how strongly the frequency

score influences the hybrid score.

C. Pruning Mask Strategy and Adaptive Schedule

After computing the hybrid saliency scores s; ; for all filters,
HSGSP proceeds to remove the least important filters in a
structured way. We employ a pruning mask that indicates
which filters (and corresponding channels) are to be pruned at
each iteration. The mask is determined by a global threshold
on the hybrid scores, combined with per-layer constraints.

1) Mask Computation: At each pruning step, all filter
scores s; ; are combined and sorted in ascending order. Ac-
cording to the pruning fraction m, filters with the lowest scores
are removed until the target count is reached, while ensuring
each layer i keeps at least CI™" filters to avoid over-pruning.
After determining the mask, filters and their related kernels,
channels, and parameters are deleted. Dependent components
such as batch normalization or fully connected inputs are
updated, and for simple networks like VGG, new smaller
layers are created. Finally, a short fine-tuning on training data
restores performance, allowing remaining weights to adapt and
recover accuracy lost during pruning.

2) Adaptive Pruning Schedule: A key novelty in HSGSP
lies in the self-adaptive control of the pruning rate for each
iteration. An initial pruning fraction g is first applied, mean-
ing that in the initial iteration. This fraction is maintained
for iterations ¢ = 1 up to the designated taper point Tisper.
Up to tth jteration, a constant fraction g is pruned at each
step, provided that the validation loss indicates pruning may
continue safely. After this stage, as the network is reduced
in size and the risk of over-pruning increases, the pruning
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fraction is gradually annealed to a smaller value. Specifically,
for ¢ > Tiaper, ¢ is linearly decreased from 7y to a lower
bound by the final iteration 7'. The schedule can be described
as:

o Initial pruning rate: m; = my for ¢ < Tiaper

o Tapered pruning rate: for ¢ > Tiper, let D = max(1,T —
Tiaper) be the number of iterations in the tapering phase.
We define a progress ratio

t— ﬂaper
D

which goes from 0 at ¢ = Tiaper + 1 to 1 at ¢ = T'. Then
the pruning fraction is decreased linearly as:

) (1)

v = mian(1,

7 = T — (M0 — Tmin) Ve (12)

where Ty, is the minimum pruning fraction.

Beyond the preset schedule, pruning effects on accuracy are
tracked through validation control. After each prune—fine-tune
step, performance on a validation set D,,,; measures accuracy
loss. If this drop exceeds a limit A,,,, pruning halts early to
avoid over-compression. In tests, the adaptive schedule plus
validation check let HSGSP stop automatically once accuracy
declined past tolerance, even if more iterations were possible.

IV. EXPERIMENTS AND RESULTS

A. Experimental Setup

Datasets: The method is tested on CIFAR-10 and CIFAR-
100 image classification benchmarks. CIFAR-10 includes
60,000 color images (32x32), divided into 10 classes with
50,000 for training and 10,000 for testing. CIFAR-100 has
the same size and count but 100 classes, making it more
fine-grained and difficult. These datasets represent different
complexity levels, allowing evaluation of how well the method
adapts to varying dataset difficulty when deciding pruning
levels.

Base Model: VGG-16BN serves as the base model for
pruning. This 16-layer CNN is over-parameterized for CIFAR,
making it suitable for pruning tests. After full training, it
achieves about 93-94% on CIFAR-10 and 73-74% Top-1
on CIFAR-100, matching reported baselines. For CIFAR-100,
Top-5 accuracy is around 91%, while for CIFAR-10 it’s nearly
100% due to its small class set.

Hardware All pruning experiments were conducted on a
NVIDIA GeForce RTX 3090 Ti with 24GB Memory. The
implementation of HSGSP (including FRN training and iter-
ative pruning) is done in Python 3.10 using TensorFlow 2.x.
While the absolute runtimes are not the focus, we note that one
iteration of pruning (including scoring, mask application, and
fine-tuning 25 epochs) on CIFAR-100 took roughly 4 minutes
on this setup.

Each main experiment is repeated with three different
random seeds and report the mean and standard deviation of
the final validation accuracy. Pruning schedules and training
hyperparameters are kept identical across seeds to ensure a
fair comparison.
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B. Implementation

We run iterative pruning for 30 iterations, pruning within
each iteration until validation accuracy drops by at most
Apax = 0.01, then fine-tune for 25 epochs. The initial prune
fraction is mp = 0.08, with a per-layer constraint of at least
C’;’“i“ = 8 filters retained. Unless stated otherwise, we use
a = 0.5 for the hybrid score and set the initial mixing factor
to kg = 0.5.

These values were chosen based on a few preliminary trials
on CIFAR-10 to ensure the network is pruned gradually and
to balance the influence of frequency and gradient criteria.
The fine-tuning epochs (25) are relatively small, relying on
multiple iterations rather than heavy retraining in one go.

To build the data used for computing supervision signals,
an activation dataset D, is defined as a clean subset of the
training split (after the validation split), i.e., we use the training
portion without data augmentation or mixup. For CIFAR with
50k training images and a 10% validation split, D, contains
approximately 45k images. In our implementation, the FRN
builder reads up to 256 batches (batch size 256), which
is sufficient to cover all images in D, for CIFAR. FRN
samples are constructed per convolutional filter by aggregating
statistics over images in D,, yielding one training sample per
filter across convolutional layers (4,224 samples for VGG-
style networks). The 3-64-32-3 MLP FRN was trained for 15
epochs on the filter dataset using Adam optimizer with a 0.001
learning rate.

The experiments fix the optimizer, learning-rate schedule,
number of pruning iterations, and the number of fine-tuning
epochs per iteration to ensure a controlled comparison. The
remaining hyperparameters relate to pruning control: the fu-
sion coefficient «, the adaptive schedule ratio «, and the per-
iteration prune fraction. These pruning-related parameters are
selected via a small set of pilot runs using the validation split
and are then kept fixed for all reported results and method
comparisons.

C. Results on CIFAR-10

Table I summarizes the pruning results on CIFAR-10 with
VGG16-BN. Since each work trains its base model differently,
resulting in varying baseline accuracies, accuracy drop was
used as the metric. It measures the difference in accuracy
between the pruned and original models, where a negative
value indicates the pruned model performs better. For each
method, the number of remaining parameters and FLOPs
after pruning were also reported. Two operating points of
HSGSP were presented. HSGSP achieves significant model
compression while maintaining competitive or even improved
accuracy. In the first configuration, where accuracy preserva-
tion is prioritized, the model retains 1.81M parameters and
282.91M FLOPs, corresponding to an approximately 90% re-
duction in parameters relative to the unpruned network, while
improving accuracy by 0.78% over baseline. In the second
configuration, where higher compression is targeted, the model
is pruned to 0.90M parameters and 128.52M FLOPs—a 94%
reduction—with only a 0.58% accuracy loss.
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TABLE 1
PRUNING RESULTS ON CIFAR-10 WITH VGG-16BN

Method Base Acc. Pruned Acc. Acc. Drop Params FLOPs
(%) (%) (%) M) M)
CFDP Pruned [17] 93.96 94.10 -0.14 276  131.17
APRS [24] 93.87 94.73 -0.86 292 109.09
Novel Deep-Learning [25]  94.17 93.22 0.95 1.10  185.80
SPECTRAL [26] 93.51 93.90 -0.39 526  211.62
NUCLEAR [26] 93.51 93.81 -0.30 526  211.62
FROBENIUS [26] 93.51 93.82 -0.31 5.26 211.62
NV-it [27] 85.05 84.83 0.22 7.60  338.04
GFI-AP [28] 92.54 92.09 0.45 320  177.00
HSGSP (Ours) 93.64 94.424+0.12 -0.78+0.12 1.81 28291
HSGSP (Ours) 93.64 93.06+0.10 0.58+0.10 0.90  128.52

Compared with recent structured pruning baselines, HS-
GSP delivers a superior balance between compactness and
performance. Although APRS [24] and CFDP [17] achieve
slightly higher FLOPs reduction (approximately 110M — 130M
FLOPs), they require more parameters (approximately 2.7M
— 29M) and occasionally degrade accuracy. SPECTRAL,
NUCLEAR, and FROBENIUS [ [26] slightly improve model
accuracy (about 0.4%) but compress the model only to 5.26M
parameters—Iless than half the reduction achieved by HSGSP.
NV-it [27] and GFI-AP [28] further increase FLOPs but remain
less parameter-efficient.

These results confirm that the proposed hybrid spec-
tral-gradient criterion prunes filters more selectively, effec-
tively removing redundancy while retaining generalizable low-
frequency structures. The slight accuracy gain at moder-
ate compression suggests a regularization effect, whereas
deeper pruning still preserves acceptable accuracy due to the
validation-aware adaptive schedule.

To complement parameters and FLOPs, we benchmark
inference latency on a Raspberry Pi 5 (4GB) using Tensor-
Flow 2.10 with FP32 .tflite models. We report mean
batch=1 inference latency over 1,000 runs after 50 warm-up
runs (inference-only). As shown in Table II, HSGSP reduces
complexity by about 90% and achieves a 3.45 x speedup in the
first configuration and up to 7.54 x with less than 1% accuracy
drop; notably, the first configuration slightly improves CIFAR-
10 top-1 accuracy (93.78% — 94.65%), confirming practical
efficiency gains on-device.

TABLE 11
EVALUATION ON EDGE DEVICE
Model Params FLOPS Model size Top-1 Acc. Latency
M) M) (MB) (%) (ms/image)
Baseline 15.00M 627.20 57.23 93.78 15.16
Pruned Model 1 1.81M 28291 6.94 94.65+0.11 4.39
Pruned Model 2 0.90M  128.53 3.45 93.37+0.12 2.01

D. Results on CIFAR-100

The pruning results on the more challenging CIFAR-100
dataset are next examined, as summarized in Table III. Since
CIFAR-100 contains 100 classes, it is considered significantly
more complex; therefore, maintaining accuracy after pruning
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is expected to be more difficult, making the advantage of an
adaptive strategy such as HSGSP more apparent.

HSGSP is presented again in two settings: one in which
a slight accuracy increase is observed (a —0.25% drop, cor-
responding to a +0.25% gain in accuracy) and another in
which prioritize model size (with a small accuracy drop of
0.42%). These settings correspond to different pruned model
sizes. The model with a —0.25% drop retains approximately
4.94M parameters and 354.23M FLOPs, while the model with
a 0.42% drop retains 3.39M parameters and 231.77M FLOPs.
For comparison, the unpruned VGG-16 model is characterized
by 15.0M parameters and roughly 627.5M FLOPs on CIFAR-
100.

In comparison, the methods from Sun and Shi [26] (SPEC-
TRAL, NUCLEAR, FROBENIUS) pruned VGG-16 to 5.29M
parameters (and 211.6M FLOPs) and reported very small
accuracy drops (0.17% to 0.64%). Although HSGSP has a
slightly lower compression rates: it removes about 63.8% of
the parameters, versus 64% removal by [26], it moderately
improves the accuracy. This is a remarkable result, indicating
HSGSP’s hybrid criteria can identify far more redundancy
without harming performance. The likely reason is that [26]’s
criteria (based on norms) are more conservative in removing
filters, whereas HSGSP, guided by both spectral and gradient
signals and constrained by validation feedback, can safely
prune the model.

TABLE III

PRUNING RESULTS ON CIFAR-100 WITH VGG-16BN
Method Base Acc. Pruned Acc. Acc. Drop Params FLOPs

(%) (%) (%) M) M)
SPECTRAL [26] 73.53 73.36 0.17 5.29 211.64
NUCLEAR [26] 73.53 73.03 0.50 5.29 211.64
FROBENIUS [26] 73.53 72.89 0.64 5.29 211.64

GFI-AP [28] 73.97 73.68 0.30 6.5 247
HSGSP (Ours) 73.22 73.74+0.15 -0.251+0.15 4.94  354.23
HSGSP (Ours) 73.22 72.80+0.13 0.42+0.13 339 23177

E. Results on Tiny-ImageNet

To address concerns regarding the low image resolution of
CIFAR datasets, we additionally evaluate HSGSP on Tiny-
ImageNet with 64x64 inputs under the same iterative prune
and fine-tune protocol. We report top-1 validation accuracy
along with model complexity metrics (parameters and FLOPs)
across pruning iterations.

Table IV reports representative checkpoints on Tiny-
ImageNet (64x64) to compare the pruning trajectories of
the gradient-only criterion and the proposed hybrid baseline.
Starting from the same unpruned model, both configurations
retain comparable accuracy at early iterations while reduc-
ing computation substantially. Importantly, in the moderate-
compression regime, the hybrid criterion reaches an ~2%
accuracy-drop checkpoint with stronger efficiency: it reduces
the model to 9.89M parameters and 875.60M FLOPs at
60.03% accuracy, whereas the gradient-only counterpart at-
tains a similar accuracy level at a larger compute cost which
is 12.88M parameters and 1064.24M FLOPs at 59.87%. This
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indicates that incorporating frequency-aware information can
preserve task-relevant filters under pruning, enabling greater
compute reduction at comparable accuracy.

TABLE IV
PRUNING RESULTS ON TINY IMAGENET WITH VGG-16BN

Model Iteration Acc. (%) Params (M) FLOPs (M)
Baseline - 61.88 15.89 2508.98
Gradient-only 1 61.14 15.16 1684.30
Gradient-only (2% drop) 3 59.87 12.88 1064.24
Hybrid (best acc.) 1 61.98 15.06 1783.70
Hybrid (~2% drop) 5 60.03 9.89 875.60

TABLE V

ABLATION OF FUSION COEFFICIENT «

Budget a Iter. Params (M) FLOPs (M) Acc. (%)
~ 1.85M GRAD. ONLY 16 1.85 275.36 94.06
0.25 17 1.78 273.64 94.18
0.50 17 1.819 282.92 94.42
1.00 17 1.87 266.28 94.40
FREQ. ONLY 23 1.82 58.98 82.41
~ 0.85M GRAD. ONLY 29 0.833 122.70 93.37
0.25 30 0.837 120.36 93.40
0.50 30 0.858 120.40 93.32
1.00 30 0.874 114.09 92.84
FREQ. ONLY 30 1.264 38.53 81.46

FE. Ablation Studies

We conduct an ablation study on CIFAR-10 to quantify the
role of the fusion coefficient v in the proposed importance
score (Eq.(10)). Across all settings, we keep the iterative
pruning schedule and fine-tuning protocol fixed and vary
only o to control the contribution of the frequency-based
score relative to the gradient-based score: @ = (0 disables
the frequency term (gradient-only), while o > 0 progres-
sively increases the influence of the frequency component;
we also evaluate a frequency-only variant that ranks filters
using only the frequency score to test whether spectral cues
alone suffice. As shown in TableV, hybrid settings consistently
outperform the gradient-only baseline at matched budgets,
with o = 0.5 achieving the best accuracy at ~1.82M pa-
rameters (94.42%) and o = 0.25 performing best near 0.85M
parameters (93.40%). In contrast, the frequency-only variant
suffers a large degradation (82.41% at ~1.82M and 81.46%
at ~1.26M parameters), indicating that spectral information
alone is not sufficiently task-specific and that the strongest ac-
curacy—efficiency trade-off comes from combining frequency-
aware cues with gradient saliency.

G. Discussion

Fig. 2 visualizes the evolution of accuracy over 30 pruning
iterations under different fusion settings, together with the
parameter trajectory (green bars) of the reference run (o = 0).
The overall trend is consistent across settings: as pruning
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Fig. 2. Evolution of validation accuracy and parameter count across
30 pruning iterations under varying fusion coefficients «

progresses and the model becomes progressively smaller,
accuracy initially improves slightly and then gradually declines
under more aggressive compression (late iterations). Compared
with the gradient-only baseline (o = 0), hybrid configurations
with moderate frequency contribution, notably o = 0.25 and
o = 0.5, maintain higher and more stable accuracy over most
iterations, indicating that frequency-aware cues help preserve
structurally important filters during repeated prune and fine-
tune cycles. In particular, « = 0.5 achieves the strongest
performance in the mid-compression regime (approximately
iterations 8 - 20), suggesting that balancing gradient saliency
and frequency information yields the best accuracy and ef-
ficiency trade-off. In contrast, the @ = 1.0 curve exhibits a
visibly larger degradation in the heavily pruned regime (late
iterations), implying that excessively emphasizing frequency-
aware scoring reduces robustness when the network capacity
becomes limited.

The figure also suggests that the adaptive pruning schedule
promotes a gradual compression path. The parameter count
decreases smoothly across iterations rather than collapsing in a
few aggressive steps, which helps fine-tuning recover accuracy
after each pruning action and improves stability compared with
fixed-ratio schedules. Consistently, the accuracy curves exhibit
a relatively long stable plateau in the early to mid iterations,
where performance remains close to (or above) the baseline
despite continuous compression, indicating that the controller
prunes conservatively when the model is most sensitive. In
late iterations, accuracy degrades more noticeably across all «
settings, revealing a capacity-limited regime with diminishing
returns, which motivates the adaptive design as a mechanism to
dynamically modulate (or potentially slow/stop) pruning based
on validation feedback to delay severe performance drops.

To address how the frequency component affects pruning
decisions beyond gradients alone, Fig. 3 visualizes the joint
distribution of filter scores at a representative pruning step
(decision iteration = 12). Each point corresponds to one filter,
positioned by its gradient saliency (x-axis, log-scale) and its
frequency score (y-axis); green points are kept and red points
are pruned.

Under the gradient-only setting, pruning follows an almost
vertical threshold on gradient saliency, which can discard
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Fig. 3. Joint distribution of filter scores and pruning decisions at iteration 12 across gradient-only, hybrid (o = 0.5), and frequency-only

configurations

filters with weak gradients despite strong frequency scores.
Frequency-only yields an approximately horizontal separation
and ignores gradients, explaining its inferior ablation accu-
racy: spectral cues alone are not sufficiently task-specific. In
contrast, the hybrid setting with o = 0.5 produces an oblique
boundary that preserves moderately salient filters when sup-
ported by high frequency scores, using spectral information as
an auxiliary signal to complement instantaneous gradients.

Limitations: HSGSP has so far been tested only on small
datasets and one model. Evaluating it on larger sets like
ImageNet and newer architectures (ResNets, Transformers)
is key to assess scalability. FRN should generalize since
DCT/FFT apply to any conv filter, though larger models may
need tuning of B or FRN size. FRN scoring adds some
overhead, negligible for small models but notable for big
ones, though inference stays fast and pruning can overlap with
training.

Structured pruning is often combined with knowledge distil-
lation (KD) [29] to improve accuracy recovery under aggres-
sive compression, where a pruned student is trained to match
a stronger teacher model. While our study focuses on isolating
the effect of the proposed spectral - gradient pruning criterion
within an iterative pipeline, KD is complementary and can
be incorporated straightforwardly by adding a distillation loss
(e.g., logits- or feature-based matching) during the fine-tuning
stage after each pruning iteration. Investigating the interaction
between HSGSP and KD, especially under stronger compres-
sion regimes, is an interesting direction for future work.

V. CONCLUSION

This paper introduces Hybrid Spectral-Gradient Saliency
Pruning (HSGSP), a new framework for structured CNN
pruning that merges frequency-domain analysis with gradient-
based importance measures. It tackles two gaps: missing
dataset-aware pruning rates and limited use of spectral cues.
A lightweight Frequency Relevance Network (FRN) learns
to predict filter importance from weight-domain spectral de-
scriptors, reducing reliance on gradient-only scoring during
pruning iterations. HSGSP fuses FRN scores with Taylor
gradient saliency into a hybrid metric, ensuring filters pruned
are redundant both spectrally and task-wise. An adaptive
validation-driven schedule automatically tunes pruning inten-
sity to maintain accuracy.
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