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ABSTRACT

FlexiPrune is an open-source library developed in Python using PyTorch, avai-
lable on GitHub. It supports the compression of convolutional neural network
(CNN) models for image classification by applying various pruning strategies.
The library includes three core modules: model training, pruning, and evalua-
tion. In the pruning module, users can choose from multiple methods and pru-
ning distribution types, such as homogeneous, bottom-up, and top-down. Howe-
ver, a major limitation is the need to manually specify the pruning rate (PR) for
each layer, which is time-consuming and error-prone, especially for non-uniform
distributions. To address this issue, we introduce a fully compatible Python mo-
dule that automates the calculation of per-layer PRs based on a global pruning
rate (GPR) and a selected distribution type (PD), from PD1 (homogeneous) to
PD5 (top-up/top-down). The module also estimates the resulting reduction in
floating-point operations (FLOPs) and parameters, ensuring consistent compu-
tational effort across distributions. We evaluated the module on five CNN archi-
tectures (AlexNet, VGG11, VGG13, VGG16, VGG19) and six global pruning
rate values (GPRs) (10 % to 60 %). Results show that PD2 consistently leads to
the highest parameter reduction, while PD3 gives the lowest. FLOP reductions
remain nearly identical across distributions for the same GPR, with standard de-
viations below 1. These outcomes confirm the module’s robustness and its con-
tribution to automating and fairly comparing pruning strategies in FlexiPrune.

RESUMEN

FlexiPrune es una librería de código abierto desarrollada en Python con PyTorch,
disponible en GitHub. Permite comprimir modelos de redes neuronales convo-
lucionales (CNN) para clasificación de imágenes mediante distintas estrategias
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de poda, e incluye tres módulos principales: entrenamien-
to, poda y evaluación. En el módulo de poda, los usuarios
pueden elegir entre varios métodos y tipos de distribución, co-
mo homogénea, descendente o ascendente. No obstante, una
limitación importante es que el usuario debe ingresar manual-
mente la tasa de poda (PR) para cada capa, lo cual es tedioso
y propenso a errores, especialmente en distribuciones no uni-
formes. Para resolver esta limitación, se propone un módulo
adicional totalmente compatible con FlexiPrune, que calcula
automáticamente las PR por capa a partir de una tasa de po-
da global (GPR) y un tipo de distribución (PD), desde PD1
(homogénea) hasta PD5 (ascendente/descendente). Además,
estima la reducción en operaciones de punto flotante (FLOPs)
y en parámetros, garantizando una carga computacional equi-
valente entre distribuciones. El módulo fue evaluado en cinco
arquitecturas (AlexNet, VGG11, VGG13, VGG16 y VGG19)
y seis valores de GPR (10 % al 60 %). Los resultados mues-
tran que la distribución PD2 logra la mayor reducción de pa-
rámetros, mientras que PD3 obtiene la menor. Las reduccio-
nes de FLOPs se mantienen prácticamente iguales para todas
las distribuciones bajo el mismo GPR, con desviaciones es-
tándar por debajo de 1. Estos resultados validan el diseño del
módulo y fortalecen su utilidad para automatizar y comparar
estrategias de poda en FlexiPrune.

1. Introduction
At the end of 2024, FlexiPrune was released as an open-

source library written in Python and based on PyTorch [1,
2], designed for compressing image classification models
using pruning techniques in convolutional neural networks
(CNNs). This modular tool includes three main components:
training, pruning, and model evaluation. FlexiPrune allows
users to select different pruning methods—such as Random
[3–6], Weight [7, 10], and SeNPIS-Faster [11]—as well as to
define global pruning rates (GPRs) and pruning Distribution
types (PDs), enabling the application of suitable compression
policies for specific models and datasets. This flexibility fa-
cilitates comparisons between multiple pruning policy com-
binations, which is particularly valuable given that no single
configuration is optimal across all scenarios. Previous studies
have shown that, even within the same classification problem,
significant performance differences can arise in compressed
models when varying the GPR value [12–16].

However, FlexiPrune presents a key limitation: users must
manually input the pruning rate (PR) for each layer of the
network, which becomes especially complex in cases invol-
ving non homogeneous distributions. This process is not only
time-consuming but also error-prone, and may hinder fair
comparisons between models if equivalent FLOPs reductions
are not achieved. A lack of familiarity with the specific cal-

culations required for different layer types (convolutional,
pooling, fully connected) can significantly reduce the tool’s
accessibility and usability.

To overcome this limitation, we propose a new complemen-
tary module for FlexiPrune that automates the generation
of layer-wise PR lists, based on a user-defined GPR value
and selected pruning distribution type (PD). The module is
compatible with sequential architectures such as AlexNet,
VGG11, VGG13, VGG16, and VGG19, and supports five
distribution types: homogeneous (PD1), descending (PD2),
ascending (PD3), descending/ascending (PD4), and ascen-
ding/descending (PD5). In this scheme, fully connected la-
yers are pruned according to the specified GPR, and the final
classification layer remains unchanged.

In addition to automatically calculating PRs for each la-
yer, the module estimates the total number of parameters
and FLOPs in the pruned model, as well as the reductions
compared to the original model. This feature allows users to
evaluate multiple pruning policies under comparable condi-
tions and make informed decisions about trade-offs between
compression and performance. The integration of this module
significantly enhances FlexiPrune’s capabilities by elimina-
ting the need for manual calculations and facilitating broader
and more rigorous experimental applications.

2. Materials and Methods

The following describes the current state of the FlexiPru-
ne library and how the proposed module would be integrated
into it.

2.1. FlexiPrune Library

FlexiPrune is a PyTorch-based library that inclu-
des the following modules: custom dataset, model trai-
ning (train_model), model parameters (ModelParams), mo-
del pruning (prune_model), and model evaluation (evalua-
te_models). See Figure 1.
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Figure 1: General architecture of the FlexiPrune library.
Source: Own.

Users can choose a dataset (e.g., CIFAR10) and a net-
work (e.g., VGG16) and then train the model for a specified
number of epochs. After training, the model is pruned using
one of the methods provided in the library (i.e., Random,
Weight, SeNPIS-Faster), or a custom method (see [17–20])
and a selected pruning distribution. The pruned model is then
evaluated against the original model in terms of accuracy (for
balanced datasets) or F1-score (for unbalanced datasets), as
well as in FLOPs and parameters. When multiple methods
and distribution types are selected, the library can generate
performance plots for the metrics.

In the pruning module, users must select the pruning method
and input the pruning rate (PR) for each convolutional and
fully connected (FC) layer in the network (i.e., the pruning
list). For example, for VGG16, the following pruning list
could be entered: 20, 40, 46, 46, 50, 50, 50, 60, 60, 60, 68,
70, 70, 50, and 50. These values result in a global pruning
rate (GPR) of 50 % with an ascending pruning distribution.
However, users needed expertise in estimating FLOPs and
CNN parameters to determine each PR value based on a
desired GPR and distribution type. Otherwise, comparisons
with other pruned models using the same GPR and method,
but a different distribution, would not be fair. Thus, manually
entering PRs became a potential limitation of the FlexiPrune
library.

2.2. FlexiPrune Library with the Proposed
Module

Based on the above, a new module compatible with Fle-
xiPrune has been proposed (see Figure 2 – New distribution
module).

Figure 2: General architecture of the FlexiPrune library with
the proposed new module. Source: Own.

This module computes the The pruning rate values (PRs)
for each convolutional and fully connected (FC) layer of the
network (i.e., the distribution list), using the GPR and the
selected distribution type (i.e., PD1 = homogeneous, PD2 =
descending, PD3 = ascending, PD4 = descending/ascending,
and PD5 = ascending/descending) for a specific network (mo-
del_architecture). Additionally, it estimates the expected re-
duction in FLOPs and parameters. With the proposed modu-
le, FlexiPrune users would no longer need to manually enter
The pruning rate values (PRs); instead, these would be auto-
matically calculated within the pruning library.

2.3. Task of the proposed module

The proposed module performs the following tasks: (1)
PR calculation per layer, (2) calculation of retained filters af-
ter pruning, (3) FLOPs estimation, and (4) parameter estima-
tion. Each of these tasks is described below.

2.3.1. The Pruning Rate values (PRs)

This step computes the The pruning rate values (PRs) for
each of the convolutional and FC layers. For example, in the
case of VGG16, 13 PRs are required for the convolutional
layers and 2 for the FC layers. First, the 15 The pruning rate
values (PRs) are assigned when GPR = 50 %, for the different
PDs (see Table 1).

It is important to note that regardless of the selected PD
type, the number of pruned neurons in the FC layers corres-
ponds to the GPR value (in VGG16, this applies to the last
two layers). The values presented in Table 1 are not the only
ones that satisfy the GPR and selected distribution type, but
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they are the ones used by the new module to standardize the
number of FLOPs across the pruned models.

Table 1: Pruning distributions and PR per layer

Pruning
Distribution

PR per layer

PD150
{50, 50, 50, 50, 50, 50, 50, 50, 50, 50, 50, 50, 50, 50, 50}

PD250
{20, 40, 46, 46, 50, 50, 50, 60, 60, 60, 68, 70, 70, 50, 50}

PD350 {70, 70, 62, 62, 50, 50, 50, 40, 40, 40, 34, 34, 32, 50, 50}
PD450

{30, 30, 48, 48, 60, 60, 60, 60, 60, 60, 30, 30, 30, 50, 50}
PD550

{66, 64, 50, 50, 40, 40, 40, 50, 50, 50, 64, 66, 66, 50, 50}

Source: Own

From the above values, the PRs for any GPR can be obtai-
ned by applying a weighting between the (new) GPR and the
reference GPR (which in this case is GPR = 50 %), as follows:
PDiGPR = PDi50 ∗ GPR/50. For example, when GPR =
20, then GPR/50 = 20/50 = 0.4, and PDi20 = PDi50 ∗ 0,4.

2.3.2. Number of Retained Filters

It calculates the number of filters retained after pruning
for the specific network. It uses the list of pruning rates obtai-
ned in the previous step. Based on those values, the number of
retained filters is computed using the formula: retained_filters
= filters × 1 – (PDi_GPR / 100). For example, if GPR = 20 and
PD = 4, then: retained_filters = filters × 1 – (PDi_20 / 100),
or in other words: retained_filters = filters × 1 – [(PD4_50 ×
GPR / 50) / 100] = filters × 1 – (PD4_50 × 0.4 / 100). For
VGG16, which has 64 filters in the first layer, the number of
retained filters in that layer will be: 64 × 1 – (30 × 0.4 / 100)
= 64 × 1 – 0.12 = 64 × 0.88 = 56.

Table 2: Retained filters per layer for each pruning
distribution

Pruning
distribution

Retained filters

Before the pruning
process

{64, 64, 128, 128, 256, 256, 256, 512, 512, 512, 512, 512, 512, 4096,
4096}

PD120 {51, 51, 102, 102, 204, 204, 204, 409, 409, 409, 409, 409, 409, 3276,
3276}

PD220 {58, 53, 104, 104, 204, 204, 204, 389, 389, 389, 373, 368, 368, 3276,
3276}

PD320 {46, 46, 97, 97, 204, 204, 204, 430, 430, 430, 445, 445, 450, 3276,
3276}

PD420 {56, 56, 103, 103, 194, 194, 194, 389, 389, 389, 450, 450, 450, 3276,
3276}

PD520 {47, 48, 102, 102, 215, 215, 215, 409, 409, 409, 384, 378, 378, 3276,
3276}

Source: Own

2.3.3. Number of Parameters and FLOPs

Once the number of filters or neurons retained after pru-
ning is known, the corresponding equations for calculating
FLOPs and parameters are applied to the convolutional and
fully connected (FC) layers. The details of these equations

can be found in [12].

FLOPs for convolutional layers are computed based on the
filter size and the output shape (before convolution), while
FLOPs for pooling layers depend only on the output shape.
On the other hand, the parameters of convolutional layers
depend solely on the filter size, and pooling layers do not
contribute any parameters.

For example, for the first five layers of VGG16 (i.e., from
block1_conv1 to block2_conv2), the number of FLOPs and
parameters before and after pruning (with GPR = 20 % and
PD4) is shown in Table 3.

For VGG16, the total number of FLOPs and parameters
in the original network is 30,933,948,928 and 134,301,514,
respectively. For GPR = 20 % and PD4, these values are
19,608,314,278 and 92,668,552, respectively.

3. Results and Discussion

The results obtained for the five types of sequential net-
works included in the proposed module (AlexNet, VGG11,
VGG13, VGG16, and VGG19), and six GThe pruning rate
values (PRs) (10 %, 20 %, 30 %, 40 %, 50 %, and 60 %), with
the five pruning distribution types (PD1 to PD5), are presen-
ted below.

In each case, the FLOPs reduction remains statistically the
same when the network architecture and GPR are fixed, with
variations only occurring in the parameter reduction values.

The parameter reduction results for AlexNet are shown in
Figure 3. It can be observed that a clear “pattern” emerges:
the network exhibits the greatest parameter reduction with
PD2 and the least with PD5. Additionally, as the GPR increa-
ses, the reduction in parameters also increases.
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Figure 3: Parameter Reduction ( %). Network = AlexNet,
GPR: 10 %,. . . 60 %

Source: Own (New module in FlexiPrune).

Now, in terms of FLOPs reduction, the results are presen-
ted in Figure 4. It can be observed that the standard deviation
of the reduction is very small (close to zero), which aligns
with the design criterion of obtaining pruned networks with
the “same” FLOPs reduction.

Figure 4: FLOPs Reduction ( %). Network = AlexNet, GPR:
10 %,. . . 60 %

Source: Own (New module in FlexiPrune).

For the second network, VGG11, the results are presen-
ted in Figure 5 (parameter reduction) and Figure 6 (FLOPs
reduction).

Figure 5: Parameter Reduction ( %). Network = VGG11,
GPR: {10 %, . . . , 60 %}.

Source: Own (New module in FlexiPrune).

Figure 6: FLOPs Reduction ( %). Network = VGG11, GPR:
{10 %, . . . , 60 %}.

Source: Own (New module in FlexiPrune).

According to Figure 5 and Figure 6, the pruning distri-
bution type that results in the lowest parameter reduction is
PD4, while PD2 achieves the highest reduction. Similar to
the previous network, the standard deviation values obtained
are low, in line with the design objective.

We now continue with the VGG13 network, whose results
are presented in Figure 7 and Figure 8.
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Figure 7: Parameter Reduction ( %). Network = VGG13,
GPR: {10 %, . . . , 60 %}.

Source: Own (New module in FlexiPrune).

Figure 8: FLOPs Reduction ( %). Network = VGG13, GPR:
{10 %, . . . , 60 %}.

Source: Own (New module in FlexiPrune).

In the case of VGG13, the distribution type that results
in the lowest parameter reduction is PD3, while once again,
PD2 yields the highest reduction. On the other hand, in terms
of FLOPs reduction, the standard deviation values remain be-
low one.We now proceed with the results for VGG16, which
are presented in Figure 9 and Figure 10.

Figure 9: Parameter Reduction ( %). Network = VGG16,
GPR: {10 %, . . . , 60 %}.

Source: Own (New module in FlexiPrune).

Figure 10: FLOPs Reduction ( %). Network = VGG16, GPR:
{10 %, . . . , 60 %}.

Source: Own (New module in FlexiPrune).

In the case of VGG16, the pruning distribution that re-
sults in the lowest parameter reduction is PD3, while PD2
once again achieves the highest reduction. In terms of FLOPs
reduction, the standard deviation is very low for all evaluated
GThe pruning rate values (PRs), even falling below 0.5. Fi-
nally, the results for VGG19 are presented in Figure 11 and
Figure 12.
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Figure 11: Parameter Reduction ( %). Network = VGG19,
GPR: {10 %, . . . , 60 %}.

Source: Own (New module in FlexiPrune).

Figure 12: FLOPs Reduction ( %). Network = VGG19, GPR:
{10 %, . . . , 60 %}.

Source: Own (New module in FlexiPrune).

According to Figure 11, the distribution that achieves the
greatest parameter savings is PD2, while the least reduction
is obtained with PD3. Regarding FLOPs reduction, the stan-
dard deviation remained below 0.5 across all evaluated GThe
pruning rate values (PRs), reflecting a high degree of consis-
tency among the distributions.

When examining the overall behavior of the five evalua-
ted architectures (AlexNet, VGG11, VGG13, VGG16, and
VGG19), it is clearly observed that the highest parameter re-
duction for each GPR value is consistently achieved with the
PD2 distribution (i.e., descending pruning). In contrast, the
lowest reduction typically occurs with PD3 (ascending pru-

ning). This trend is consistent across all architectures, with
the only exception being VGG11, where the lowest reduction
is seen with PD4.

As the GPR increases, the parameter reduction also increases,
and the differences between distributions become more no-
ticeable, especially from GPR 40 % onwards. This suggests
that the impact of the pruning distribution type becomes more
significant under more aggressive pruning levels.

On the other hand, in terms of FLOPs reduction, the module
ensures very similar results for the same GPR value and net-
work, regardless of the chosen distribution. This consistency
is reflected in the very low standard deviation values (<1 in
all cases, and <0.5 for networks like VGG16 and VGG19),
confirming that the module meets its objective of maintaining
uniform computational load, thus enabling fair comparisons
between different pruning policies.

4. Conclusions
In conclusion, the development of a module that calcula-

tes the The pruning rate values (PRs) for sequential CNN la-
yers (e.g., VGG16) across various pruning distribution types
(specifically PD1 to PD5) represents a significant advance-
ment in pruning policy selection by incorporating not only the
pruning method but also the pruning distribution type. This
module, compatible with the FlexiPrune library, provides a
low-computational-cost solution that enables users to easily
compute The pruning rate values (PRs) based on the selected
GPR, pruning distribution type, and CNN architecture. By
automatically generating pruning distribution lists rather than
requiring manual input, it overcomes a previous limitation of
the FlexiPrune library.

In this way, FlexiPrune users can now automatically per-
form all tasks—from model training to pruning with various
pruning policies—and compare the performance of compres-
sed models under constant FLOPs conditions. The results
obtained show that the PD2 distribution type consistently
achieves the highest parameter reductions, while PD3 tends
to produce the lowest. Moreover, a growing reduction pattern
is preserved as the GPR increases. The low standard devia-
tion observed in FLOPs (less than 1 in all cases) validates the
proposed approach, as it enables the comparison of compres-
sed models using homogeneous efficiency metrics, thereby
strengthening informed decision-making across different net-
work architectures.
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