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ARTICLE INFO ABSTRACT
Keywords: Filter pruning has accomplished considerable progress in reducing the memory and computa-
Ll-norm tional cost of convolutional neural networks (CNNs); however, most existing approaches depend

Pearson correlation

Pruning

Model compression
Convolutional neural networks

on a single importance criterion such as weight magnitude or activation similarity, which limits
their accuracy-efficiency trade-off. We propose a dynamic framework that unifies L1-norm-based
importance with Pearson-correlation-based redundancy into a normalized, per-layer score gov-
erned by time-varying weights. Early pruning iterations emphasize L1-norm to eliminate low-
magnitude filters, while later stages progressively prioritize correlation to reduce redundancy.
A layer-adaptive pruning rate preserves deeper, semantically specialized layers, and a
performance-driven fallback mechanism stabilizes pruning across iterations. Extensive experi-
mental results demonstrate that our method achieves strong compression-accuracy trade-offs
across standard benchmarks. On CIFAR-10 with VGG-16, a 30% global target reduces FLOPs by
55.6% and parameters by 78.3% with a marginal accuracy gain 0.01%. On ImageNet with
ResNet-50, our framework achieves 51.8% FLOPs and 44.9% parameter reductions with only a
0.43% Top-1 accuracy drop. Overall, the proposed approach is architecture-agnostic and provides
a practical and robust method for deploying CNNs under resource constraints.

1. Introduction

Convolutional Neural Networks (CNNs) have demonstrated remarkable capabilities across various computer vision applications,
including object detection [1,2], fault detection in UAVs [3], image recognition [4,5]. However, their inherent computational
complexity and significant memory demands pose substantial challenges for deployment on resource-constrained devices. To address
this challenge, model compression techniques, particularly filter pruning [6] has emerged as an effective solution to reduce the
model’s computational burden without significantly sacrificing accuracy. Filter pruning has emerged as a promising strategy to
eliminate redundant parameters or filters, thereby reducing FLOPs and memory usage while preserving performance. However,
conventional pruning approaches, structured (e.g., filter removal) [7,8] or unstructured [9,10] (sparse weights), typically rely on a
single evaluation metric, such as weight magnitude (L1-norm), activation statistics, or entropy, to determine the importance of each
filter. While effective to an extent, such single-metric approaches often fail to capture the full complexity of filter relevance.

A critical limitation of current methods lies in their inability to adaptively prioritize filter importance and redundancy. For
example, L1-based pruning neglects inter-filter redundancy, while correlation-based pruning may remove filters with low redundancy
but high individual importance. These limitations lead to suboptimal efficiency-accuracy trade-offs. Li et al. [11] establish filter
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pruning via L1-norm as a simple baseline. They do not use correlation or dynamic fusion. Additionally, correlation-driven methods
[6,12], prune similar filters but may inadvertently remove unique, high-magnitude features. Hybrid approaches that statically
combine metrics [13,14] partially address this gap but fail to account for the evolving importance of filters across training stages. Early
layers, capturing basic textures, benefit from magnitude-based pruning, while deeper layers require redundancy reduction to eliminate
semantically overlapping features. Recent efforts have aimed to address this issue by exploring novel importance indicators. However,
these approaches often treat importance and redundancy as disjoint criteria, failing to model their interdependence across network
depth and training stages.

While contemporary pruning approaches contribute valuable insights, they suffer from two limitations that restrain optimal
performance: the failure to dynamically adapt to the progressing contributions of filters across different training phases and network
depths, and the need of a robust, performance-guided mechanism to balance the competing criteria of filter importance and redun-
dancy. Static pruning schedules, where pruning thresholds remain constant during training, neglect the dynamic evolution of filter
significance throughout training. Filters in early convolutional layers largely encode low-level features for instance edges and textures,
where magnitude-based importance serves as a consistent proxy for relevance. In contrast, deeper layers are subject to capture high-
level semantic features, which are more prone to redundancy due to overlapping activation patterns [15]. This suggests a need for
depth- and stage-aware pruning mechanisms that adaptively balance importance and redundancy criteria.

To address the limitations identified above, we propose dynamic filter pruning framework that combines filter importance and
redundancy during training. Instead of treating magnitude and similarity as separate or statically combined signals, our approach fuses
them into a single, normalized per-filter score whose relative weighting progresses over training and is regulated by observed vali-
dation performance. This strategy enables globally coherent pruning decisions across layers. Furthermore, it incorporates a feedback
controller, providing a principled guarantee against aggressive pruning that could degrade accuracy. The key advantages of this
approach are adaptive, metric fusion, explicit cross-layer comparability, and a stability-oriented control mechanism. The primary
contributions are summarized as follows:

(1) We introduce a normalized per-layer metric that fuses L1-norm magnitude with Pearson correlation redundancy, enabling
meaningful cross-layer comparisons for global pruning decisions.

(2) We propose a training-stage schedule for the fusion weights (a/p) and an online, performance-aware feedback controller that
adaptively updates these weights; we provide a stability/convergence guarantee for the controller.

(3) We derive depth-weighted per-layer pruning rates and supply reproducibility-oriented implementation choices (activation
normalization, sample averaging, pruning frequency) that preserve semantically critical deep layers while compressing shallow
ones.

The remainder of this paper is organized as follows: Section 2 discusses related work. Section 3 presents the proposed methodology.
Section 4 describes experimental settings, results, and ablations. Section 5 discuss the potential future direction. Finally, Section 6
concludes the paper with future directions.

2. Related work

Filter pruning techniques broadly categorized into structured and unstructured approaches, distinguished by their methods for
removing network components. Structured pruning, a widely recognized method, involves removing entire convolution kernel
structures [16,17], which maintains the overall network architecture through complete channel or layer removals. This compatibility
with existing hardware and software platforms has led to widespread research interest in structured pruning. Moreover, unstructured
pruning operates by reducing individual parameters within each convolution kernel [9,10], often resulting in sparse weight matrices
that require specialized support. Therefore, structured pruning, particularly filter pruning, entire convolutional kernels, yielding
models that are more readily accelerated on standard hardware.

Existing filter pruning approaches primarily use one of three classes of importance criteria; magnitude-based metrics, categorized
techniques such as L1-norm pruning [11] rank filters by the sum of their absolute weights, discarding low-magnitude filters assumed
to contribute little to the output. While simple and effective, magnitude-based techniques do not account for redundancy among filters.
In activation-based and information-theoretic measures, methods like feature map entropy [7] or gradient sensitivity [18] evaluate
filters based on their response statistics or impact on the loss. These approaches can capture dynamic behavior during training but may
overlook structurally redundant filters that exhibit similar activations. Moreover, in correlation and similarity-based methods, com-
putes pairwise filter correlations or clusters filters with similar outputs [19,20,21]. By pruning highly correlated filters, these methods
reduce redundancy. However, they may inadvertently remove filters with low redundancy but high individual importance (e.g., high
magnitude). One study further refines this idea by adding a regularizer to boost correlation between activation maps of adjacent layers
[22].

Several hybrid strategies combine multiple criteria in a static manner [12,13], but they do not adapt to changes in filter importance
over the course of training. Moreover, most existing methods apply a uniform pruning rate across all layers, ignoring the fact that early
convolutional layers and deeper abstraction layers differ in their tolerance to compression. Prior work establishes that magnitude-
based pruning is fast but blind to redundancy, while correlation-based strategies are helpful to reduce overlapping features but
might eliminate valuable filters. Additionally, methods that statically combine metrics without considering their evolving roles. To
address these limitations, our proposed framework addresses these gaps by dynamically integrating L1-norm and Pearson correlation,
employing a stage-aware schedule, performance feedback with convergence guarantees, and layer-adaptive pruning rates. These
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features enable our unified method to outperform existing methods in accuracy-efficiency trade-offs.

3. Methodology

3.1. Unified filter pruning framework

The overall workflow of the proposed unified framework is illustrated in Fig. 1. This iterative process begins with metric extraction,
where two metrics are computed in parallel for each filter in a target layer: The L1-norm (to estimate individual importance) and the
Pearson correlation with every other filter (to estimate redundancy). These metrics are then normalized to a common scale per layer
and fused into a single unified importance score through a weighted sum governed by the dynamic fusion phase. These weights are not
static but are adaptively adjusted by a performance-feedback controller across pruning iterations.

The process continues with performance-adaptive control. After pruning and a fine-tuning step, the model’s validation accuracy is
monitored. A feedback controller uses the change in accuracy to adjust the weights a and p for the next iteration, creating a closed-loop
system that prioritizes filter magnitude early in training (a high) and shifts focus to redundancy reduction later (f high), while pre-
venting accuracy collapse. Finally, in structured pruning and fine-tuning, filters are ranked by their unified score, and a layer-specific
pruning rate calculated from the depth and average importance of the layer is applied to determine a threshold for removal. The model
is then fine-tuned to recover any accuracy loss before the next iteration begins. This integrated workflow ensures that pruning de-
cisions are both globally informed and dynamically adapted to the network’s current state.

3.2. Preliminaries

The following definitions and notation are standard and included for completeness. Let M convolutional neural network with L
convolutional layers; layers I. Let W; € RCeut x Cin x k x k represent its weight tensor, where C,, and Cj, are output and input
channel counts, and k is kernel size. After the t-th pruning iteration, the updated model is denoted M;, starting from the initial model
Moy, the full iterative pruning process that yields the final compressed model Mr. The training dataset is denoted Zain . In residual
networks, Wy, represent the 1 x 1 convolutional weights in skip connections. During pruning, we adjust both W; and Wy, to
maintain dimensional compatibility.

3.3. Filter importance and redundancy metrics

The selection of L1-norm and Pearson correlation is motivated by their complementary utilities in filter evaluation and low
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Fig. 1. An overview of the dynamic framework. The process is iterative: for a given model at iteration t, filter importance (S;;) and redundancy
(Spc) metrics are computed in parallel, normalized, and fused into a unified score (Syniieq) using dynamic weights a and p. This score determines a
pruning mask, which is applied before the model is fine-tuned. The validation accuracy of the pruned model is fed into a performance-feedback
controller, which calculates updated weights a1 and g, for the next iteration, creating a closed-loop, adaptive system.
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computation necessary for iterative pruning. The L1-norm assists as an efficient and sparsity-promoting measure of individual filter
magnitude, allowing the early identification and removal of low-contributing filters that negligibly impact model performance, as
established in works like [11]. On the contrary, Pearson correlation effectively measures linear dependencies in activation maps,
highlights those filters that produce similar features and hence the best candidates for removal [6]. This hybrid model addresses the
fundamental limitations of single-criterion pruning. Our hybrid approach fuses them to overcome both weaknesses simultaneously.
Where L1-norm term preserves filters with high individual strength and correlation term preserves filters that produce unique features.
This ensures that neither uniquely important filters nor critically weak but unique filters are removed, leading to a superior accuracy-
compression trade-off.

This particular combination is preferred over substitutes, such as L2-norm which could overemphasize outliers or cosine similarity
which overlooks activation scales, because absolute weighting of L1-norm urges computational efficiency and sparsity, whereas
Pearson’s normalized approach provides scale-invariance and low sampling variance when averaged over inputs. While non-linear
measures exist, Pearson offers an optimal balance of expressive power for feature similarity and low computational cost. Crucially,
these metrics address orthogonal aspects of filter utility: L1-norm alone may retain highly correlated filters, while correlation-based
methods may prune unique, high-magnitude filters. Their unified integration allows to simultaneously eliminate both weak and
redundant filters, a core advantage over single-criterion methods.

The L1-norm is a widely used metric for filter pruning, as it quantifies the magnitude of filter weights, following the baseline
established in [11]. For a filter Wy, with dimensions (Cin, H, W), C;; denotes the number of input channels, height H, and width W of the
filter, the L1-norm is computed as:

Cin w

[IWell, = Z i Z | Wihm | [€))

i=1 h=1 w=1

where Cj, is the number of input channel. Filters with smaller L1-norm are pruned to reduce computational complexity while pre-
serving critical features. To ensure fair comparison across layers with varying filter sizes (e.g., 3 x 3 vs. 1 x 1), the L1-norm is divided
by the total number of parameters in the filter. This normalization converts the total magnitude into an average magnitude per weight,
ensuring comparability across filters of different sizes. To normalize the L1-norm by the number of parameters per filter:

w,
(W) = 5 @

here, S;; (W) represents the average contribution per weight in the filter.

Pearson correlation measures linear relationships between filters, identifying redundant feature maps, as employed in correlation-
based pruning methods such as [6], For the j-th and k-th filters in layer i, we compute their activation maps across N randomly sampled
0.
ij

(* ) )
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training images. Let U, ) and V&) denote flattened feature maps for image A:
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Let T, = H; x W; represent the total spatial dimensions of the feature map, here H;and W; are the height and width of the i-th layer.
A)

Finally, we will normalize both f]l%), V?k using the following equations, adapting the approach from [6].
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Pearson correlation of both j-th and k-th vector of feature maps are as follows similar to [6]:
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where ng-) = Tlfnglpfz‘)l is mean of the normalized feature map Pl%) . P&) = TI—MZ{:”‘l pfi)l is mean of the normalized feature map P&) .InEq.

(9),ng) denotes the normalized feature map vector Pl%.), and PE.};() denotes the mean of Pﬁg Averaging over N random samples and over

all other filters yields each filter’s redundancy score, we define as:

o1 LS~ (p) pih
Sec (W) —Im;ﬁ ;/}<Pi.f P ) (10)

A higher Sp¢ indicates that Wy produces feature maps similar to others and thus can be considered redundant.

3.4. Unified normalized importance score and scheduling

To enable cross-layer ranking we normalize magnitude and redundancy, then combine them into a unified per-filter score. Also
provide a theoretical justification for unified-metric strategy, grounded on two key pillars: metric complementarity and training
dynamics alignment. To empower global filter ranking throughout heterogeneous layers, we introduce a per-layer normalization and a
unified score that fuses normalized L1-norm and normalized Pearson. We propose Proposition 1 complementarity of magnitude and
redundancy and motivates our normalization choices.

Proposition 1. (metric complementarity): The combined metric aSy; +4(1 —Spc) gets a strictly lower expected approximation
error for pruning-induced loss gradient than either metric alone, we define as:

E[€combined | < min(E[er; ], E[epc] ) an

This occurs because S;; captures individual filter strength, while 1 —Spc quantifies uniqueness, two orthogonal aspects of filter
importance. This multi-objective approach minimizes both filter magnitude and redundancy, resulting in a more efficient pruning
decision than using either criterion alone. Additionally, the dynamic weighting of o and f is motivated by the progressive speciali-
zation of filters during training [23]. As illustrated in Fig. 2, early stages (low t/T) exhibit high redundancy across filters, favoring
magnitude-based pruning (@ > ). However later stages (high t/T) develop specialized features where redundancy reduction becomes
critical (a« > p). This aligns with the neural tangent kernel theory [24], which describes evolving feature correlations.

We normalize both L1-norm and Pearson correlation scores before their combination so they can operate on consistent mea-
surement scales. The normalization procedure maintains the balance between score metrics because it prevents one factor from
becoming the decisive element in the pruning process. Before fusion, we normalize each criterion per layer via min-max scaling:

S11(Wy) — min(Spy)

max(Sy;) — min(Sg1) 12)

Su(wy) =

N B SPC(Wf) — min(Spc)
Sre(Wr) = ax(Svc) — min(Sy)
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Fig. 2. Dynamic weight schedule. Evolution of a; (solid) and S, (dashed) over the normalized pruning iteration t/T. Shaded regions: Light yellow
denotes the magnitude-driven phase and light blue denotes the redundancy-driven phase. Where (a = p) at t/T = 0.5 at the intersection point.
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here Si; (Wy) represents the normalized average magnitude of filter f: it captures how large that filter’s weights are on average, and

thus how much individual strength it contributes to feature extraction. §pc(Wf) represents normalized average Pearson correlation
between filter f and all other filters in the same layer: it measures redundancy, since a high correlation means f produces very similar
feature maps to others.

Furthermore, to determines each filter score through the integration of weight importance assessed by L1-norm and the redundancy
evaluation using Pearson correlation. We employ a linear interpolation schedule for o and p over pruning iterations to smoothly
transition focus from magnitude to redundancy, guided by empirical observations. Besides, a performance-driven adjustment method
together with a linear schedule controls the weights (a and B), which adapt during training to deliver efficient pruning. We define the
unified score Sy,ifeq for each filter as:

Sunitiea (Wf) = aSu (W) +4.(1— Sec (W) (13)

Inverting the normalized correlation term makes higher values consistently reflect greater filter importance. we use 1 —Spc (W) so that

both terms, §L1 and 1 —§pc consistently reflect importance, such as larger values always indicate filters that are stronger (higher
magnitude) and less redundant (more unique). Next, within each layer [, all filters are sorted in ascending order by their unified score
Sunified (Wf). We define the pruning threshold 7; is then determined as the K-th smallest score in that layer:

= Sfl?ified , where K = [rN]] 14)

here r; target prune rate for layer [ and N; total number of filters in layer L Finally, any filter W} in layer [ with Sypified (Wf) <1 is
marked for removal.

Algorithm 1 RFP — High-Level Dynamic Pruning Loop

Require: Pretrained model Mpy; training set Dirain, validation set Dya); global
sparsity target ); total pruning iterations 7'; prune frequency f; initial
weights Qgtart, Bstart; final weights cend, Bend; sensitivity factor v; sample
size N

Ensure: Compressed model My

> Initialize fusion weights

1: @ < Qstart; ﬂ « ,Bstart
2: Perf,rey < EVALUATE(Mj, Dyal)
3: fort=1toT do > Iterative pruning loop
4: Train model one epoch on Dy ain
5: if t mod f =0 then > Only prune at frequency f
6: S + SAMPLE(Dtrain, N)
T {Si} «+ CoMPUTEALLLAYERSCORES(M;_1,S, «, B)
8: {r1} + CoMPUTELAYERTARGETS(?)) > depth-weighted Eq.(16)
9: APPLYPRUNING( M;_1, {Si}, {r1} )
10: FINETUNESTEP(M;_1)
11: Perfpew + EVALUATE(M:—1, Dval)
12: APerf < Perfyew — Perfyrey
13: UPDATECONTROLLER (APerf, v) > updates «, 3 via Eq.(18)
14: if APerf < —7 then
15: FALLBACKROUTINE(M;_;) > Algorithm 2
16: end if
17: Perfyrev ¢ Perfpey
18: end if
19: M; — M;_,
20: end for
21: return My

To describe the complete dynamic pruning procedure, Algorithm 1 summarizes the high-level dynamic pruning loop. At each
pruning iteration we sample a small representative batch, compute per-layer unified scores, and then map the global sparsity target as
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layer-wise prune rates. Selected filters are removed with a structured mask, followed by an in-place fine-tuning step and a validation-
based controller update of o and f.

3.4.1. Stage-aware a and S schedule

The dynamic adjustment of a and # guarantees the pruning scheme adjusts gradually throughout training to balance magnitude-
based pruning early and redundancy reduction later. We select dgarr = 0.8 and @eng = 0.2 to emphasize magnitude based pruning early,
removing low impact filters first, and shift toward redundancy removal later. Conversely, f.« = 0.3 and f.,q = 0.7 to gradually
increase the influence of Pearson correlation. We validated these bounds across multiple architectures: VGG 16 and ResNet 56 on
CIFAR 10, and ResNet 50 on ImageNet. In every case, setting agare = 0.8 compare to 0.7 or 0.9 and Qenq = 0.2 compare 0.1 or 0.3
yielded the highest accuracy, deviations outside these ranges consistently reduced accuracy by 0.2-0.5%. Similarly, Sy, = 0.3 and
Pend = 0.7 proved optimal. These cross model sensitivity results demonstrate both the necessity and the broad applicability of our
dynamic-weight boundaries.

Primary schedule: We propose a primary schedule that smoothly transitions pruning focus from a (importance) to  (redundancy)
as training progresses:

t t
Qr = Astart (1 - T) ~+ Qend i—.

t t
/}t :ﬂstart <1 7?) +ﬁend f (15)
where t is the current pruning iteration and T is the total number of training steps, and @start , @end, Pstart ;s Bend ar€ hyperparameters set
by the grid search. Furthermore, the linear schedule for @ and # make sure an even transition from prioritizing filter magnitude
(o =~ asare = 0.8) to emphasize redundancy reduction (5, ~ f.,q = 0.7) as training progresses. Values are determined based on grid
search; these values maximize validation accuracy. Early layers (e.g., VGG/ResNet shallow blocks) prioritize magnitude to retain
critical low-level features, while deeper layers focus on redundancy reduction by combining and compressing information from earlier

layers, effectively performing feature refinement and abstraction [25].

3.4.2. Performance-feedback controller

We propose a time-varying schedule for fusion weights (o/p) that emphasizes magnitude early in training and redundancy later.
The coefficients a, and g, follow a two-stage adjustment. Algorithm 2 administers the iterative training process by dynamically
balancing the weights of L1-norm and Pearson correlation (« and f). It ensures the pruning focus shifts from magnitude-based to
redundancy-based criteria as training progresses and adapts to validation performance to circumvent accuracy collapse.

Theorem 1. ((convergence): We derive Theorem 1 under K-Lipschitz continuity, for the fallback adjustment with y < 1/K, guarantees:)

}im.E[APerf] =0 (16)

Proof: The convergence guarantee is formally proven using Lyapunov analysis [26]. Therefore, proposed method provides theo-
retically stranded balance between compression and accuracy through: 1) complementary metric fusion, and 2) dynamics-aware
weight adaptation.

Fallback adjustment: We define by validation performance adaptively adjusts a; and f, to prevent accuracy collapse:

A1 = - (1+y - APerf)
ﬂ[+l = ﬂt : (1 -7 APerf) a7

where APerf = Acc; —Acc-1/Acc-1, and y is a sensitivity factor that controls oscillation damping. The sensitivity factor y was
empirically set to 0.05 to ensure gradual adjustments to a and f. Larger values (for example y > 0.1) led to unstable pruning, while
smaller values (for example y < 0.01) resulted in insufficient adaptation. To further clarify and show how y controls the magnitude of a
and g, For example y acts as a damping factor: smaller values (e.g., y = 0.05) ensure gradual hyperparameter adjustments, while larger
values (y > 0.1) risk overshooting optimal o/f ratios, destabilizing training. The term (y - APerf) acts as a damping coefficient. The
following implications describe its effect:

o If (APerf) > 0, then a increases. This is signified as (APerf) > 0—increases(a)
o If (APerf) < 0, then increases. This is signified as (APerf) < O—increases(f)
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Algorithm 2 RFP — Fallback Routine
Require: Current model M, training set Dirain, validation set Dy,), number of
fallback epochs F
1: Save a checkpoint of M (pre-fallback state)
2: for epoch =1 to £ do
3: Train M on Dy,ain with a conservative learning rate (as in Section 3.3.2)
4 Evaluate validation performance Perf,,)
5: if Perfya1 exceeds pre-fallback performance then
6
7
8
9

return to main loop (successful fallback)
end if
: end for
: If fallback unsuccessful: revert to saved checkpoint and reduce pruning ag-
gressiveness (halve recent r; changes)
10: return

Considering stability and convergence, our linear schedule ensures a smooth transition between magnitude—focused and redun-
dancy-focused pruning over T iterations. The fallback mechanism provides a negative feedback loop: any validation accuracy drop
triggers an adjustment of « and $ proportional to y.APerf, with y set to 0.05 to guarantee only modest corrective steps. Besides, halving
y after each fallback further dampens potential oscillations, preventing drastic weight swings. Empirically, we observe that validation
accuracy recovers or improves in subsequent pruning iterations following each fallback event, confirming that the combined schedule
and feedback maintain stable convergence of the pruning process. The empirical validation of this mechanism, comprising the analysis
of the sensitivity factor vy, is presented in Section 4.6.

3.5. Layer-adaptive pruning rates (r)

To balance compression and accuracy, our method applies differentiated pruning rates across layers based on their normalized
importance. Rather than a uniform fraction, Using the layer importance defined in Eq. (18), we define the final pruning rate r; as
follows:

1 B Importance (1) l
Importance (I) _NZSMM (Wy),r = 1//(1 max, Tmportance ) 1 o0 (18)

l fel
where y is the global sparsity target (e.g., 0.5 for 50% overall pruning). Layers with lower importance, indicating many low-
-magnitude or redundant filters, receive higher r; while critical layers are pruned more conservatively. Shallow layers (low [): Prune
aggressively (up to ), as they encode redundant low-level features. Deep layers (high I): Prune conservatively (as low as y/2), pre-

serving task-specific semantics. The term <1 - ﬁ) acts as a linear decay factor that empirically optimizes this layer-wise pruning. It

ensures that as the layer depth (1) increases, the pruning rate inherently decreases, reinforcing the conservative pruning of deeper
layers. It’s important to note that even if deeper layers have a lower pruning rate (percentage), they might still have a higher absolute
number of filters pruned due to their significantly larger total filter count compared to shallower layers. The practical application and
evaluation of this layer-adaptive scheme, presenting the resulting pruning rates per layer, are presented in Section 4.2.

Although Eq. (18) applies uniformly across all layers, it inherently yields more aggressive pruning of early convolutional layers.
Early layers typically exhibit lower average unified scores, combining small weight magnitudes and limited feature diversity, so their
Importance (1) is smaller and r; correspondingly larger. In contrast, deeper layers accrue higher unified importance through stronger
activations and redundancy signals, resulting in smaller ;. In practice, under a global target y = 0.5, we observe that initial layers in
VGG-16 prune approximately 48-50% of filters, whereas final layers prune closer to 30-32%.

3.6. Complexity and pruning loop implementation
After calculating unified scores Sypified (Wf), filters are pruned using the following steps:

1) Threshold determination: For layer [ with N filters and target prune rate ry, sort filters by Synifieqa @scending and set the pruning
threshold 7; as the score of the filter at position [r;N;]-th in the sorted list.
2) Mask application: We define it by construct a binary mask A € {0,1}" where, N; is the number of filters, such that:
A= { 1, ifSunifiea (Wy) > 71

0, otherwise. (19)
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where Synified (Wf) us the importance score for filter f and 7; is a threshold value.
The pruned filter tensors is then computed via element-wise multiplication .7’ = .7 © A.

3) Architectural adjustment: After pruning filters in layer [, the output channels of [ are reduced. To maintain architectural consis-
tency, we adjust the input channels of the subsequent layer [+1 accordingly. Specifically, if layer [ originally had Co, output

channels and we prune P filters, the new output channel count is C,, = Coux —P. The weight tensor of layer I+1 is then sliced

along its input channel dimension to match this new count: Wy,; € R *Cou *HW_ w1 [: 0: C, . ,:,: ]. For networks with re-
sidual connections (e.g., ResNet), we similarly prune the 1 x 1 convolutional layer in the skip path to maintain channel alignment
between the residual branch and the main path. This involves reducing both input and output channels of the skip convolution to
match the pruned dimensions of the convolutional layers in the residual block.

4) Fine-tuning: After pruning, perform immediate fine-tuning on the training dataset for (E) epochs (e.g., (E = 10)) to recover accuracy

loss.

For the sake of clarity in the practical computation of performance change and the adjustment of weighting coefficients, the
implementation of the fallback mechanism within the iterative pruning process is displayed in Fig. 3. The global sparsity target y sets
the overall pruning. This is interpreted into per-layer pruning rates (r;) that adjust with each layer’s importance and depth. The
importance scores themselves are dynamically shaped during training through « and B, balancing filter magnitude (L1-norm) and
redundancy (Pearson correlation). This ensures that pruning adapts both across layers and over pruning iterations, while meeting the
global sparsity constraint.

Furthermore, in each iteration, the current weighting coefficients are used to compute a unified importance score for all filters, and
a pruning threshold is applied based on a layer-specific pruning rate. Filters with scores below this threshold are eliminated using a
binary mask, and the weight tensors of succeeding layers are changed to match the pruned output channels, guaranteeing architectural
consistency. The pruned model is then fine-tuned on the training data for a predetermined number of epochs to recover any accuracy
loss. If there is a substantial decrease in accuracy of more than 2%, the weighting coefficients are modified with fallback equations to
lower pruning severity. To stabilize the process, the adjustment rate is reduced by half. This iterative technique continues for 15
pruning iterations, with each iteration’s fine-tuning phase lasting 10 epochs, which corresponds to the overall training length recorded
in the experiment. This iterative process, which adequately monitors and handles performance changes, prevents accuracy collapse
during pruning.

4. Experiments
4.1. Experimental setting

Dataset: We evaluate the effectiveness our proposed technique by comparing it to numerous existing pruning methods on two
standard benchmarks (CIFAR-10 [20] and ImageNet [27]) datasets using Pytorch. The CIFAR dataset consists of 60,000 32 x 32 color
images, which contain 50,000 training images and 10,000 testing images. ImageNet comprising over 14 million hand-annotated
images organized into more than 20,000 categories. We fine-tuned pruned models to recover accuracy. We prune models including
VGGNet-16, VGGNet-19, for CIFAR-10, ResNet-32, ResNet-56 for CIFAR-10, and ResNet-50 for ImageNet dataset. For both datasets,

Fixed Global
Sparsity )

!

Layer-Wise
Pruning Rate )
7 :W( Importance(l) (1 7l>

max Importance 2

Depth

- J

Dynamic o/

« Unified Score
(Ly Norm,
Redundancy )

* Importance(l)

Fig. 3. Flow of pruning decision-making. The layer-wise pruning rate allocates pruning across layers based on importance, depth, and , enabling
adaptive, structured pruning.
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we apply standard data augmentation: random cropping with 4-pixel padding and horizontal flipping during training; center cropping
at test time.

Training setting: The classification accuracies of the models were recorded as baselines before the start of training. All images
were preprocessed with random cropping (32 x 32), horizontal flipping, and padding (4 pixels). For the VGGNet model, the mini-batch
size was configured to 128 during training and 1000 for testing, while for the ResNet models, the mini-batch size was 128 for training
and 256 for testing. Stochastic Gradient Descent (SGD) with a momentum term coefficient of 0.9 and a weight decay coefficient of 5 x
10~* is employed for optimization. Total pruning iterations are T = 15. After each iteration, we fine-tune for 10 epochs to recover any
accuracy loss. The learning rate initialized at 0.1 and adjusted dynamically with a variable learning rate schedule, reducing to 0.001
and 0.0001 at 50% and 75% of the iterations, respectively, to mitigate overfitting. We apply progressively increasing pruning rates, up
to 50%, iteratively to these networks. Weight initialization techniques [28] were also utilized to enhance convergence and minimize
overfitting during training. The experimental environment configuration is as follows: a NVIDIA GeForce RTX 3090 GPU featuring 24
GB of VRAM and an Ubuntu 22.04 LTS operating system.

Hyperparameters: We perform a grid search over the dynamic-weight bounds astare, Qend; Bstares Peng @long with sensitivity analysis
(y). The final values (used in all experiments) are listed in Table 1. The search method used in this work follows a strategy mentioned in
[29] that applied controlled layer-wise ratio pruning optimization for balancing model performance against efficiency retention. For
simplicity, we use the same o/f dynamic range across all architectures. In future work, we aim to tune these ranges per model to better
align with architecture-specific pruning behavior.

Performance metric: We evaluate network compression performance based on the, computational efficiency (FLOPs), accuracy,
and model size (parameters reduction). This comprehensive assessment validates how each pruning scheme balances efficiency and
performance.

Baselines: To comprehensively evaluate the effectiveness of our proposed dynamic pruning framework, we compare it against a
range of state-of-the-art pruning methods from the literature. These baselines were selected to represent diverse pruning criteria,
including magnitude-based, activation-based, correlation-based, hybrid, and neural architecture search (NAS)-based approaches. This
ensures a rigorous benchmarking against established and recent techniques. The following baseline methods are included and can be
categorized as follows:

Magnitude-Based Methods: This category includes foundational approaches that prune filters based on the L1-norm of their
weights, such as Li et al. [11]. These methods serve as a fundamental baseline for assessing individual filter importance.
Activation & Feature-Based Methods: Methods like HRank [30] and Wang et al. [7] use feature map rank or entropy to identify and
remove less informative filters, providing a baseline that considers the dynamic output of the network.

Correlation and group-based methods: This group, including FPGM [21] and CorrNet [6], targets redundant filters by analyzing
correlations or geometric relationships between feature maps. Moreover, by removing entire structures or groups for hardware
efficiency (e.g., Wei et al. [31], EigenDamage [32], LFPC [33]; preserve integrity but often static).

Hybrid & Optimized Methods: Techniques such as Kumar et al. [13] (static L1-norm fusion) and ACP [34] (swarm intelligence)
combine multiple criteria or utilize optimization algorithms to determine pruning policies, offering a comparison to other multi-
criterion approaches.

NAS-Based Methods: We also compare against neural architecture search inspired methods like TAS [35] and PDAS [36], which
represent a computationally intensive but powerful alternative for discovering efficient sub-networks.

Other specialized methods: Include adversarial (GAL [29]), end-to-end trainable (AutoPruner [37]), sensitivity-based (PIY [38]),
which determine pruning thresholds automatically, and CIE [14] evaluates cross-layer importance. Other allow recovery during
training for stability (e.g., SFP [39], ASCP [40], HBFP [41]; iterative but less aggressive on redundancy). Similarly, PRE-FW-II [42]
provide comprehensive coverage of recent advances.

Evaluating filter pruning on benchmarks like CIFAR-10 and ImageNet against these baselines is essential for assessing our
framework’s performance. These methods represent a spectrum of strategies, from single-criterion (magnitude, activation, correlation)
to hybrid, structured, iterative, and NAS-based, providing established metrics for compression and accuracy trade-offs. Comparing
with them ensures a rigorous validation of our dynamic fusion of importance and redundancy, demonstrating improvements in
adaptive pruning without heavy overhead.

Table 1

Hyperparameter search ranges.
Parameter Explored Range Final Value Role
start [0.7, 0.9] 0.8 Initial L1-norm weight
Xend [0.1, 0.3] 0.2 Final L1 norm weight
Pitart [0.2, 0.4] 0.3 Initial correlation weight
Pend [0.6, 0.8] 0.7 Final correlation weight
% [0.01, 0.1] 0.05 Sensitivity adjustment

10
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4.2. Analysis of pruning mechanisms

To validate the main mechanisms of the dynamic framework, we first analyze the sensitivity of the fallback controller and the
resulting layer-wise pruning distribution. These factors are essential to dynamic and adaptive nature. The fallback controller ensures
training stability by adjusting the metric weights (a, ) regarding performance feedback, whereas the layer-adaptive rate formula
tailors the pruning severity to each layer’s importance.

The stability of the performance-feedback controller is crucial. Fig. 4 displays the sensitivity for the fallback adjustment factor y on
ResNet-50 (ImageNet). We sweep y in {0.0, 0.01, 0.03, 0.05, 0.1} {y = 0 corresponds to no fallback} and plot final Top-1 accuracy. A
moderate y (0.03-0.05) yields the best accuracy, while extremes (0 or 0.1) underperform, demonstrating the necessity and optimal
range of our fallback mechanism.

Moreover, the capability of our depth-aware pruning rate formula (Eq. (18) is demonstrated in Fig. 4 for VGG-16 with a global
sparsity target y = 0.5. Fig. 5 (a) illustrates the per layer pruning rates for VGG 16 when y = 0.5. Early layers are pruned at nearly 50%,
whereas deeper layers’ rates are closer to 30%. These assignments emerge automatically from our importance formula, avoiding
manual tuning of layer specific rates. In practice, we fix two global targets, y = 0.3 (30%) and y = 0.5 (50%), to evaluate performance
under light and heavy pruning regimes. While Fig. 5 (b) illustrates the absolute number of filters pruned in each layer of the neural
network.

(a) Accuracy vs. Fallback Interval y
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Fig. 4. Sensitivity to fallback adjustment factor y and the trajectory of dynamic weights during pruning. (a) Top-1 accuracy vs. pruning iteration for
various y values. A stable y region emerges at y = 0.05, yielding peak performance. Both under adaptation (y = 0.0, 0.01) and instability (y = 0.10)
degrade accuracy. (b) Phase plot of dynamic o (L1-norm weight) and f (correlation weight) over pruning steps. The trajectory converges smoothly
from initial to final weights. The shaded region and dashed line indicate zones of unstable convergence.
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Fig. 5. Layer-wise pruning analysis for VGG-16 using the depth-weighted formula Eq. (18). (a) Pruning rates decrease with layer depth. (b) Absolute
number of filters pruned per layer.

4.3. Results for CIFAR-10

In this section, we prune two mainstream networks of VGGNets, ResNets on CIFAR-10 dataset. The experimental results are shown
in Table 2. We have applied different pruning rates to each convolutional layer. Formulated on the VGGNet architecture, the network
layers are grouped according to their filter counts: (1) layers with 512 filters, (2) layers with 256 filters, and (3) layers with fewer than
128 filters. For VGG-16 when pruning rate reaches 30% the parameters result in a 78.3% reduction and FLOPs are decreased by 55.6%
and a slight accuracy improvement by 0.05%. After increasing the pruning rate to 50% the parameters result in a 92.8% reduction and
FLOPs are decreased by 65.2% and the network accuracy drops 0.26% as compared to baseline accuracy. Besides, we also evaluated
VGG-19, when pruning rate reaches 30% the parameters result in a 55.8% reduction and FLOPs are decreased by 45.6% and a slight
accuracy degradation by 0.09%. With more aggressive pruning at 50% the parameters are reduced by 78.2% and FLOPs decreased by
62.2%, with a minor accuracy decrease with a 0.21% reduction.

Additionally, for ReNet-56, when pruning rate reaches 30% the pruned accuracy rate has a slight accuracy degradation by 0.16%.
as compared to the baseline accuracy. Additionally, the parameters and FLOPs are reduced by 60.1% and 62.4%, respectively. When
pruning ratio reaches 50% the parameters results in a 68.5% and FLOPs are reduced by 72% but the pruned network accuracy is
slightly decreased by 0.27%. For ResNet-32, when pruning rate reaches 30% the network achieves a 41.1% drop in FLOPs and a 39.3%
reduction in parameters, with slight accuracy decrease by 0.26% and with more aggressive pruning at 50%, the FLOPs reduction

Table 2
Accuracy and pruning rate on CIFAR-10. Accuracy (Acc%) and accuracy (Acc% 1) gained and (Acc% |) drop after pruning using at 30% and 50%,
including reduced param% and FLOPs%.

Model Acc % Acc At] % Param|% FLOPs|%
VGG-16 Baseline 93.75 -

Ours (30%) 93.76 0.011 78.3 55.6
Ours (50%) 93.49 0.26) 92.8 65.2
VGG-19 Baseline 93.87 - - —
Ours (30%) 93.78 0.09) 55.8 45.6
Ours (50%) 93.66 0.21} 78.2 62.2
ResNet-56 Baseline 93.84 - - —
Ours (30%) 93.68 0.16] 60.1 62.4
Ours (50%) 93.57 0.27] 68.5 72.0
ResNet-32 Baseline 92.94 - — _
Ours (30%) 92.68 0.26] 39.3 41.1
Ours (50%) 92.45 0.49] 53.1 52.2
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Table 3
Accuracy and pruning rate on ImageNet. Accuracy (Acc%) and accuracy (Acc% 1) gained and (Acc% |) drop after applying 30% and 50% pruning,
including retained param (%) and FLOPs (%).

Model Top-1 Acc % Top-1Acc At] % Top-5 Acc % Top-5 Acc ATl % Param|% FLOPs|%
ResNet-50 Baseline 76.32 - 93.26 - - -

Ours (30%) 75.89 0.431 93.04 0.22] 44.9 51.8
Ours (50%) 75.67 0.58] 92.89 0.63] 50.1 52.2

increases to 53.1% and parameters pruned to 52.2%, with a decrease in pruned network accuracy by 0.49%. Overall, our method
consistently maintains or slightly improves accuracy at moderate pruning rates, and exhibits graceful accuracy degradation under
heavier pruning. The substantial reductions in model size and computation demonstrate the effectiveness in compressing CNNs.

4.4. Results for ImageNet

To further verify the effectiveness of our proposed method, we evaluate on the large-scale ImageNet dataset using ResNet-50. As
defined in the outline of ResNet architectures, ReLU and Batch-Norm layers precede each convolutional layer in the bottleneck blocks.
Given the presence of skip-connections in ResNet blocks and the consequent sharing of valuable information throughout the archi-
tecture, at a pruning rate of 30% our method achieves Top-1 accuracy 75.89% with 51.8% FLOPs reduction. The use of dynamic
weighting allows the pruning process to adapt throughout training, first favoring magnitude, then gradually shifting toward redun-
dancy removal. Compared to static single—criterion methods (e.g., L1-norm, entropy, or correlation-only), our proposed consistently
delivers better accuracy, efficiency tradeoffs. It also avoids heavy dependence on hand-tuned pruning schedules or retraining from
scratch.

4.5. Comparison with different approaches

To evaluate our method, we compare it with state-of-the-art pruning techniques across various models and datasets, with detailed
results reported in Tables 4-8. These tables provide a structured overview of metrics including accuracy (with gains/drops), parameter
reduction, and FLOPs reduction. In the following analysis, we interpret key trends and insights from these comparisons, focusing on
how our method’s dynamic integration of L1-norm importance and Pearson correlation redundancy enables better compression-
accuracy trade-offs.

4.5.1. VGG-16 on CIFAR-10

Our framework demonstrates balance in compression and accuracy retention, particularly at moderate (30%) and aggressive (50%)
pruning rates. Compared to magnitude-based methods like Li et al. [11] and hybrid approaches like Kumar et al. [13], our method
achieves higher parameter and FLOPs reductions while often gaining or minimally dropping accuracy. As shown in Table 4, for
instance, at 30% pruning, our approach yields a 55.6% FLOPs reduction with a marginal 0.01% accuracy gain, outperforming Li et al.
34.2% FLOPs reduction that comes with a 0.25% accuracy drop. This suggests that the dynamic shift from magnitude emphasis early in
pruning to redundancy reduction later preserves critical features more effectively than static criteria. Other methods such as GAL-0.05
[29] and HRank [30], Wang et al. [7], CIE [14], and AutoPruner [37] validate varying trade-offs in accuracy and compression, with
our method consistently showing a strong balance.

4.5.2. VGG-19 on CIFAR-10

Our proposed method at 30% pruning achieves 93.78% accuracy with a 0.09% drop, reducing parameters by 55.8% and FLOPs by
45.6%. This outperforms Wei et al. [31], which has a lower accuracy of 92.66% (0.87% drop) and smaller FLOPs reduction (53.1%)
despite a higher parameter reduction (65.7%). As detailed in Table 5, our method at 50% pruning achieves a 62.2% FLOPs reduction
with only a 0.21% accuracy drop. EigenDamage [32] achieves the highest accuracy at 93.98% (0.19% drop) but with a lower FLOPs
reduction (37.1%) compared to our method. CIE [14] shows a significant parameter reduction of 93.2% with a 93.22% accuracy,

Table 4

Comparison of various pruning methods for VGG-16 on the CIFAR-10 dataset.
Model Acc % Acc ATl % Param|% FLOPs|%
Ours (30%) 93.76 0.011 78.3 55.6
Ours (50%) 93.49 0.26] 92.8 65.2
Lietal [11] 93.40 0.25] 64.0 34.2
GAL-0.05 [29] 92.03 0.99) 77.1 39.6
Kumar et al [13] 93.80 0.031 92.7 75.8
HRank [30] 92.34 1.62] 82.1 65.3
Wang et al [7] 92.49 0.54| 77.6 43.4
CIE [14] 92.85 0.31) 85.93 —
AutoPruner [37] 90.75 1.361 — 52.98
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Table 5

Comparison of various pruning methods for VGG-19 on the CIFAR-10 dataset. Note: “-” shows that experimental data is not found.
Model Acc % Acc ATl % Param|% FLOPs|%
Ours (30%) 93.78 0.09) 55.8 45.6
Ours (50%) 93.66 0.21} 71.2 62.2
Wei et al [31] 92.66 0.87] 65.7 53.1
CIE [14] 93.22 0.24] 93.2 -
EigenDamage [32] 93.98 0.19] 78.1 37.1

Table 6

Comparison of various pruning methods for ResNet-56 on the CIFAR-10 dataset. Note: “-”” shows that experimental data is not found.
Model Acc % Acc At] % Param|% FLOPs|%
Ours (30%) 93.68 0.16} 53.1 57.4
Ours (50%) 93.57 0.27] 66.5 69.6
Lietal [11] 93.06 0.021 14.1 27.6
GAL [29] 92.98 0.28] 77.1 11.8
ACP [34] 93.78 0.601 30.6 38.6
HRank [30] 93.17 0.09] 42.4 50.0
ABCPruner [43] 93.23 0.03} - 52.6
FilterSketch [44] 93.19 0.07} 41.2 41.5
LFPC [33] 93.24 0.35) - 52.9
TAS [35] 93.69 0.77 - 50.2

Table 7

Comparison of various pruning methods for ResNet-32 on the CIFAR-10 dataset. Note: “-” shows that experimental data is not found.
Model Acc % Acc A1) % Param|% FLOPs|%
Ours (30%) 92.68 0.26] 39.3 41.1
Ours (50%) 92.45 0.49] 52.2 53.1
SFP [39] 92.08 0.55] — 41.5
FPGM [21] 92.31 0.32) - 41.5
KPGP(56.25) [46] 92.19 0.52] 51.3 53.9
LFPC [45] 92.12 0.51} - 52.6

Table 8

Comparison of various pruning methods for ResNet-50 on the ImageNet dataset. Accuracy reported as Top-1 (%). Note: “-” shows that experimental
data is not found.

Model Top-1 Acc % Top-1 Acc ATl % Top-5 Acc % Top-5 Acc A1) % Param|% FLOPs|%
Ours (30%) 75.89 0.43| 93.04 0.22] 44.9 51.8
Ours (50%) 75.67 0.58] 92.89 0.63] 50.1 52.2
PIY [38] 74.71 1.42] 92.09 0.77] 37.26 35.78
ASCP [40] 75.13 0.43| 92.55 0.15] - 48.5
PRF-FW-II [42] 75.03 1.06] 92.30 0.56] 5291 52.97
SFP [39] 74.61 1.54| 92.06 0.81] - 41.8
HBFP [41] 69.89 4.97 — — 64.50 70.49
PDAS [36] 76.51 0.66 93.32 0.20 - 51.7
BNP [47] 75.51 1.01 92.43 0.66 - 44.9
TAS [35] 76.20 1.26 93.07 0.48 - 43.5

although its FLOPs reduction data is unavailable. Our proposed method consistently offers a strong balance between high accuracy and
substantial compression for VGG-19.

4.5.3. ResNet-56 on CIFAR-10

For residual architectures like ResNet-56, our framework excels in substantial parameter and FLOPs reductions while maintaining
accuracy close to or better than NAS-based methods TAS [35] and clustering-based approaches ACP [34]. Our unified score’s stage-
aware scheduling addresses both weak and redundant filters, leading to better generalization across pruning rates. In Table 6, for
example, at 30% pruning, we achieve a 62.4% FLOPs reduction with a minimal 0.16% accuracy drop, surpassing TAS’s 50.2% FLOPs
reduction that involves a 0.77% drop and ACP’s 38.6% FLOPs reduction despite its 0.60% accuracy gain. Other methods like Li et al.
[111, GAL [29], HRank [30], ABCPruner [43], FilterSketch [44], and LFPC [33] show varying trade-offs between accuracy and
compression, with our framwork generally providing a competitive balance.
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4.5.4. ResNet-32 on CIFAR-10

Our method provides competitive compression for shallower ResNets, achieving FLOPs reductions comparable to or exceeding
methods like LFPC [45] and KPGP (56.25) [46], with smaller accuracy impacts. Our proposed method at (30%) achieves 92.68%
accuracy with a 0.26% drop, while reducing FLOPs by 41.1% and parameters by 39.3%. This performance demonstrates efficiency of
our method, as it maintains higher accuracy than SFP [39] (92.08% Accuracy, 0.55% drop, 41.5% FLOPs) and FPGM [21] (92.31%
Acc, 0.32% drop, 41.5% FLOPs) while achieving comparable or superior compression. As reported in Table 7, at 50% pruning, our
framework delivers a 53.1% FLOPs reduction with a 0.49% accuracy drop, while KPGP’s 53.9% and LFPC’s 52.6% FLOPs reduction is
on par or even better than our method but with larger accuracy drops compared to our method. The experimental data confirms that
proposed method provides mobile device deployment capabilities for ResNet-32 by effectively balancing high accuracy and low
computational needs.

4.5.5. ResNet-50 on ImageNet

On the large-scale ImageNet dataset, our framework consistently surpasses non-NAS methods SFP [39] and ASCP [40] in Top-1
accuracy retention and FLOPs reduction, while remaining competitive with NAS- based methods PDAS [36]. The dynamic weights
and fallback mechanism mitigate overfitting on diverse data, explaining the low accuracy drops (e.g., 0.43% at 30% pruning)
compared to HBFP [41] or BNP [47]. From Table 8, our 30% pruning variant achieves a 51.8% FLOPs reduction with a 0.43% Top-1
drop, improving on SFP’s equivalent FLOPs reduction but with a higher 1.28% drop in accuracy, and closely matching PDAS’s 51.7%
FLOPs while offering 0.62% better accuracy retention. Across NAS and hybrid methods, our approach offers a lighter computational
footprint, demonstrating scalability for real-world vision tasks.

Our proposed method generally achieves superior Top-1 accuracy and comparable or greater model compression compared to
other non-NAS based pruning methods. For example, at (30%) (75.89% Top-1 accuracy, 0.43% drop, 51.8% FLOPs reduction) out-
performs PIY [38] by 1.18% in Top-1 accuracy, by 1.28%, and ASCP [40] by 0.76%, while also providing competitive or better FLOPs
reductions. Although achieves a higher FLOPs reduction, its Top-1 accuracy of 69.89% is significantly lower than our method, making
a better choice for maintaining performance.

4.6. Ablation study

To comprehensively analyze the contributions of our unified framework with various components, our analysis is structured into
four distinct ablation studies. This comparative analysis is designed to validate the necessity of adaptive hyperparameter strategies,
emphasizing the importance of layer-specific adjustments for optimizing feature learning and redundancy reduction across the
network. we perform three detailed ablation experiments on CIFAR-10 (ResNet-56) and ImageNet (ResNet-50). Unless otherwise
specified, we use a global pruning target at y = 0.3.

4.6.1. Influence of sensitivity to adjustment rate (y)

The adjustment rate y controls how aggressively a and § adapt to validation performance. In Fig. 6 we evaluated y across ResNet-50.
Smaller values (y < 0.01) delayed adaptation, resulting in suboptimal FLOPs reduction (48.0% vs. 51.8% for y = 0.05). Larger values
(y > 0.1) destabilized training, causing accuracy fluctuations (>1.5%). y = 0.05 optimally balanced adaptation speed and stability,
achieving 51.8% FLOPs reduction with minimal accuracy loss (0.06%). Fig. 7 Layer—wise sensitivity analysis on ResNet-50 (Image-
Net). Each curve shows Top-1 accuracy (%) when pruning only the indicated convolutional block at varying prune rates (10%-50%),
with all other layers intact.

4.6.2. Stability coefficient
We describe the stability coefficient S =E HAPyﬂ to quantify convergence robustness. Lower S values (S < 1) indicate stable

convergence. As shown in Table 9, achieves significantly lower S than static baselines across datasets. This empirically validates
Theorem 1, confirming adaptive weights converge stably. Moreover, Gradient norms during pruning yield K = 8.7 £ 0.9 (ResNet-50,
ImageNet), confirming y = 0.05 satisfies y < 1/K ~ 0.115.
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Table 9
Stability coefficient (S) comparison.
Method S (CIFAR-10) S (ImageNet)
Proposed (dynamic) 0.18 + 0.03 0.22 + 0.05
Static ap 1.27 £ 0.41 1.83 + 0.62

4.6.3. Influence of fixed a and

To validate the necessity of dynamic a and p adjustment, we compared our proposed method against fixed a and p baselines on
ResNet-50 (Table 10). Fixing a = 0.8 and p = 0.7 reduced accuracy by 1.2% (vs. + 0.15% for dynamic) and FLOPs reduction by 6.2%.
Static schedules fail to adapt to layer-specific filter distributions: shallow layers (e.g., VGG Conv1l) require a-dominant pruning, while
deeper layers (e.g., ResNet bottlenecks) benefit from p-driven redundancy reduction.

4.6.4. Influence of N

The number of randomly selected input images (N) has a leading role in both the effectiveness of the Pearson correlation
computation and its associated memory usage. Higher values of N better the robustness of correlation estimates through decreasing
noise in feature map similarity calculations (Section 3.3). However, they also upsurge memory requirements, as more feature maps
must be kept and processed. In our experiments, we calculated the impact of N on the pruning process’s performance, which directly
impacts the final model accuracy. Lower values (N = 16, 32, 50, 64) contributed to the observed performance (91.5% for N = 16), as
inadequate samples incited noisy correlation estimates. Intermediate values (N = 100, 128, 150, 200) generated average performance
(92.3% for N = 128), while higher values (N = 256, 512) led to the best performance (93.1% for N = 512). Conversely, extremely high
values of N (N > 512) resulted in deteriorated performance due to increased memory overhead and computational cost, as shown in
Fig. 7 for plots ResNet-56.

5. Discussion and implications
5.1. Theoretical implications

Our work provides several key contributions that enrich the theoretical foundations of structured network pruning. First, we move
beyond the established paradigm of static, single-criterion pruning by formally introducing and validating a dynamic, multi-criteria
fusion strategy. While previous hybrid methods [12,13] combined metrics, they did so statically. Our framework is grounded in the
theoretical principle of metric complementarity, formally presented in Proposition 1, which proves that the combined metric achieves
a lower expected approximation error than either L1-norm or Pearson correlation alone Eq. (11). This provides a rigorous justification
for fusing orthogonal aspects of filter utility: individual strength and inter-filter uniqueness.

Second, the stage-aware scheduling of the fusion weights (o and p) is theoretically aligned with the known dynamics of neural
network training [23,24]. Our method operationalizes the insight that filter importance evolves, with early training characterized by
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Table 10

Fixed vs. Dynamic o/p on ResNet-50.
Method Accuracy (%) FLOPs Reduction (%)
Fixed (¢ = 0.8, p = 0.7) 74.71 46.1
Dynamic o/f (proposed) 75.89 51.8

redundant, low-level features best pruned by magnitude, and later stages developing specialized, high-level features where redun-
dancy reduction becomes critical. The convergence guarantee provided in Theorem 1, underpinned by Lyapunov analysis [26], assures
that our performance-feedback controller stabilizes this dynamic process, preventing accuracy collapse and ensuring robust conver-
gence Eq. (16). This offers a principled, closed-loop alternative to the common heuristic of manually tuning pruning schedules.
Finally, the layer-adaptive pruning rate formula Eq. (18) provides a data-driven method to resolve the long-standing challenge of
uniform versus manual layer-wise pruning. By linking the pruning rate to a layer’s depth and its empirically measured unified
importance, our approach automatically encodes the network’s feature hierarchy into the compression process. This confirms and
leverages the theoretical understanding that shallow and deep layers contribute differently to the network’s function [15,25], pre-
serving semantically critical features in deeper layers while more aggressively compressing redundant low-level filters in earlier ones.

5.2. Practical implications

A primary practical implication is the significant reduction in computational cost and model size without a commensurate loss in
accuracy. For instance, on ImageNet with ResNet-50, we achieved a 51.8% reduction in FLOPs and a 44.9% reduction in parameters
with only a 0.43% drop in Top-1 accuracy Table 3. This level of compression translates directly into faster inference times and lower
energy consumption, enabling the deployment of complex models like ResNet-50 on edge devices with limited computational power
and battery life. The comparison with state-of-the-art methods in Tables 4-8 shows that our approach consistently provides a better or
highly competitive accuracy-efficiency trade-off, making it a preferable choice for practitioners.

Furthermore, the framework is architecture-agnostic and requires minimal manual tuning. The consistent success across VGG-Net
and ResNet families on both CIFAR-10 and ImageNet Tables 2-3 proves its general applicability. The hyperparameters for the dynamic
schedule were validated across these architectures Table 1, providing a reliable starting point for new models. The integrated fallback
mechanism further enhances its practicality by automatically preventing failed pruning iterations, thus reducing the need for expert
intervention and making the compression process more accessible and reliable.

The ablation studies (Section 4.6) solidify these practical benefits. They demonstrate that the dynamic adjustment of o and f is
crucial, as a fixed strategy led to a 1.2% accuracy drop (Table 10), and that the fallback controller with an optimally tuned y = 0.05 is
essential for stable convergence (Fig. 4 and Fig. 6). By providing clear guidelines on implementation choices, such as the number of
input samples N for correlation calculation (Fig. 8), our work offers a comprehensive and practical recipe for effective model
compression, paving the way for wider adoption of high-performance CNNs in mobile computing, embedded systems, and large-scale
industrial applications.
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Fig. 8. Impact of Input Image Count (N) on Accuracy. This plot shows that increasing the number of randomly selected input images (N) generally
improves model accuracy up to a certain point, after which accuracy declines.
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6. Future direction

While Unified framework demonstrates robust performance, several directions remain for further investigation and deployment.
Our future work will focus on the following directions to moderate current limitations and exploit the practical impact of the
framework.

6.1. Mitigating risks and extending applicability

The existing scope is limited to image classification. A main future direction is to demonstrate on more complex vision tasks such as
semantic segmentation and object detection. This will necessitate task-aware fine-tuning and might comprise modifying the impor-
tance metric to account for task-specific loss functions. While proposed framework is architecture-agnostic, its hyperparameters such
as the dynamic weight a and f is to use automated approaches like reinforcement learning, Bayesian optimization or even neural
architecture search to discover optimal pruning policies tailored to specific network architectures (e.g., Transformers, MobileNets).
Moreover, we schedule to evaluate under distributional shifts expending to benchmarks like CIFAR-10-C to make certain the pruned
models retain performance on out-of-distribution or corrupted data, which is critical for real-world deployment.

6.2. Practical impact and cost concerns

The key cost impact is the drastic reduction in computational resources required for inference. A model with 51.8% fewer FLOPs
(like our pruned ResNet-50) translates to comparative savings in computing costs or even permits deployment on inexpensive, lower-
power edge devices. This can decrease the ongoing operational cost of serving Al models at scale. Although pruning itself has a
computational cost, it is a one-time cost that settles over the model’s entire duration. Additionally, by compressing large models rather
than training small ones from scratch, proposed method can decrease the carbon footprint and financial cost connected with extensive
training cycles. The substantial reduction in model size qualifies applications formerly considered impractical on resource-constrained
devices, unfolding new opportunities and use cases.

7. Conclusion

In this work, we presented a framework that dynamically integrates L1-norm and Pearson correlation to evaluate both the
importance and redundancy of convolutional filters. Unlike static multi-criteria methods, proposed method dynamically balances L1
magnitude and redundancy elimination throughout training, adapting to layer-wise specialization patterns observed during feature
hierarchy formation. This dual-criterion approach enables selective compression of weak and redundant filters while maintaining task-
relevant representations. We conducted extensive experiments on CIFAR-10 and ImageNet, demonstrating that proposed method
consistently achieves strong trade-offs between accuracy, parameter reduction, and FLOPs, outperforming state-of-the-art pruning
methods across VGG and ResNet architectures. We also incorporated an ablation study validating the critical role of dynamic
weighting and fallback adaptation.
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