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Abstract

Convolutional Neural Networks (CNN) are widely used in
many computer vision tasks. Yet, their increasing size and
complexity pose significant challenges for efficient deploy-
ment on resource-constrained platforms. Hence, network
pruning has emerged as an effective way of reducing the
size and computational requirements of neural networks
by removing redundant or unimportant parameters. How-
ever, a fundamental challenge with pruning consists in op-
timally removing redundancies without degrading perfor-
mance. Most existing pruning techniques overlook struc-
tural dependencies across feature maps within a layer, re-
sulting in suboptimal pruning decisions. In this work, we
introduce LinDeps, a novel post-pruning method, i.e., a
pruning method that can be applied on top of any pruning
technique, which systematically identifies and removes re-
dundant filters via linear dependency analysis. Particularly,
LinDeps applies pivoted QR decomposition to feature maps
to detect and prune linearly dependent filters. Then, a novel
signal recovery mechanism adjusts the next layer’s kernels
to preserve compatibility and performance without requir-
ing any fine-tuning. Our experiments on CIFAR-10 and
ImageNet with VGG and ResNet backbones demonstrate
that LinDeps improves compression rates of existing prun-
ing techniques while preserving performances, leading to a
new state of the art in CNN pruning. We also benchmark
LinDeps in low-resource setups where no retraining can be
performed, which shows significant pruning improvements
and inference speedups over a state-of-the-art method. Lin-
Deps therefore constitutes an essential add-on for any cur-
rent or future pruning technique.

1. Introduction

Convolutional neural networks are used in many computer
vision tasks. Yet, the increasing complexity and size of
state-of-the-art architectures pose significant challenges in
terms of training cost, inference latency, memory footprint,
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Figure 1. Overview of our LinDeps post-pruning method. We
propose LinDeps, a post-pruning method applicable on top of any
pruning method. LinDeps identifies and removes linear depen-
dencies between input neurons xi and output neurons y of a layer
using a pivoted QR decomposition, and provides a signal recovery
mechanism to preserve the network’s performance without fine-
tuning leading to compression improvements with guaranteed per-
formance preservation of the model. Specifically, after pruning a
neuron xi linearly dependent of the others, the weights wi are up-
dated to compensate for the removal such that the same output y
is preserved.

and energy consumption. The need for efficient deployment
of such networks on resource-constrained devices, such as
mobile devices and edge computing platforms, has intensi-
fied research into network compression techniques, among
which network pruning is a key solution.

Network pruning aims to reduce the size and computa-
tional requirements of neural networks by removing redun-
dant or less important parameters while preserving as much
as possible overall performance. Pruning techniques gener-
ally fall into two broad categories: unstructured pruning [4],
which removes individual weights, often leading to irregu-
lar sparsity that requires specialized hardware for accelera-
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tion, and structured pruning [4, 18], which removes entire
neurons, filters, or layers to yield smaller dense networks
that benefit more from common GPU acceleration [15, 26].
While pruning has demonstrated effectiveness in reducing
network size and inference latency, a fundamental challenge
remains: how to optimally identify and remove redundan-
cies without degrading network performance.

Traditional pruning techniques rely on heuristic crite-
ria such as weight magnitude [15] or norm-based impor-
tance scores [26]. However, these approaches may overlook
deeper structural dependencies within the network. Recent
works have proposed alternative strategies, such as informa-
tion bottleneck-based pruning [13] and redundancy-aware
pruning techniques that leverage linear dependency anal-
ysis [34]. Nevertheless, existing techniques often fail to
fully eliminate basic linear dependencies across multiple
feature maps of the same network layer, leading to subopti-
mal pruning decisions.

In this work, we introduce LinDeps, a novel post-pruning
method, i.e. a pruning applicable on top of any pruning
technique. LinDeps systematically identifies and removes
redundant filters by leveraging linear dependencies within
feature maps, as illustrated in Figure 1. In complement to
traditional low-importance pruning approaches, which fo-
cus on removing the least informative neurons, LinDeps
further prunes layer-wise linear dependencies. By apply-
ing PQR decomposition on feature maps, our method iden-
tifies and removes linearly dependent filters. Importantly,
we incorporate a novel signal recovery mechanism to com-
pensate for removed parameters, thereby guaranteeing per-
formance preservation while achieving higher compression
rates, without needing to fine-tune the network. We exper-
imentally demonstrate that LinDeps significantly enhances
the compression rate of state-of-the-art pruning techniques,
while preserving the performance, thus establishing a new
state of the art for CNN pruning. Finally, we test our meth-
ods on different devices and measure the pruning time and
inference speedup when the first compression method is ap-
plied without finetuning. This allows to evaluate the ef-
fectiveness of LinDeps in setups where a finetuning would
be considered too costly, such as test-time adaptation or on
very scarce resources devices.

Contributions. We summarize our contributions as fol-
lows: (i) We propose LinDeps, a post-pruning method based
on PQR decomposition to identify and remove linear de-
pendencies in convolutional neural networks, incorporat-
ing a novel signal recovery mechanism that compensates
for the removed filters, preserving the network’s accuracy
without requiring any additional fine-tuning, that can be
combined with any other existing state-of-the-art pruning
technique. (ii) We demonstrate that LinDeps consistently
improves the compression rates of existing pruning tech-
niques while maintaining their performance, establishing

new state-of-the-art pruning results. (iii) In addition, we
apply LinDeps in setups with low resources, e.g., where re-
training is considered too costly or where the model needs
frequent updates, and notice significant inference speedups.

2. Related Work

Pruning networks to increase the speed and reduce the needs
in memory size and computation resources has always
been tied to research on neural networks, from the early
stages [16, 25] to more recent advancements [4, 18, 28].
Many variants exist, the more relevant to our work be-
ing: unstructured vs. structured pruning, data-independent
vs. data-dependent pruning, low-importance vs. similarity-
based pruning, and pruning of pairwise vs. layer-wise linear
relations. In the following, we position LinDeps with re-
spect to these categories and highlight its benefits over the
existing literature.
Unstructured and structured pruning. Network pruning
can be divided into two main approaches: structured prun-
ing that removes neurons, filters, or layers of a network,
and unstructured pruning that removes individual weights.
While unstructured pruning techniques [10, 14, 15] usually
allow removing more weights, they cannot be fully lever-
aged by most pieces of hardware. Even though some recent
devices allow for acceleration of specific sparsity ratio (e.g.,
Hu et al. use the NVIDIA Ampere architecture GPUs to ac-
celerate networks with a 2:4 sparsity ratio [22]), this solu-
tion lacks flexibility and genericity. Conversely, structured
pruning [13, 19, 20, 27, 29, 32, 34, 35] does not require us-
ing specific hardware configurations and reduces the mem-
ory size needs of the network, making it a more flexible and
generic solution. LinDeps removes entire filters and feature
maps, which thus falls within the structured pruning cate-
gory and inherits its benefits over unstructured pruning.
Data-independent and data-dependent methods. Among
structured pruning techniques, some are data indepen-
dent [19, 20, 26, 32], meaning that they rely solely on the
weights of the network for the pruning decision process,
while other techniques use training data to aggregate infor-
mation about the feature map distribution [21, 29, 34], about
gradients [42], or retrain an auxiliary network [11] that will
make the pruning decision. Recent data-dependent pruning
techniques, despite a slight computational overhead, tend
to provide more informed pruning decisions, as they allow
a better retention of task-relevant structures. LinDeps fol-
lows this trend, as we use a batch of training data to find and
prune linear dependencies between filters of the network.
Low-importance and similarity pruning. Some prun-
ing techniques have been developed around an importance
score used to rank channels within convolutional neural net-
works, such as HRank [29], and prune the network until
a certain pruning objective is met. That importance score
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is usually used to represent how much information is con-
tained by the associated filter so that filters carrying the least
information can be pruned, yielding what is called a “low-
importance pruning”. A drawback of low-importance prun-
ing techniques is that they cannot remove neurons that carry
similar and significant information.

Complementary approaches, such as APIB [13] propose
to use an information bottleneck principle [41], where they
evaluate the mutual information between feature maps to
identify filters with similar information. This technique
computes a score that maximizes information used for the
task while reducing similarity, yielding what is called a
“similarity pruning”. The downside of similarity-based
pruning alone is that they cannot prune neurons that con-
vey little to no significant information within the network.

To bridge both worlds, recent state-of-the-art techniques
propose to combine low-importance and similarity-based
pruning modules, such as the most complete variant of
APIB [13], resulting in hybrid approaches. In a different
fashion, NORTON [35], breaks down convolutional filters
into small triplets of factorized components, before prun-
ing the triplets deemed non informative enough or too sim-
ilar to another according to a custom distance function. We
present LinDeps as a post-pruning method, in the spirit of
hybrid ones, in that we first leverage a base low-importance
pruning technique, and then we apply our linear dependen-
cies removal for maximized efficiency.
Pruning pairwise and layer-wise linear dependencies.
APIB [13] and NORTON [35] compute mutual informa-
tion or similarity in a pairwise manner, i.e. only between
two filters at a time. This is limitative, as it cannot account
for more complex linear relationships among multiple fil-
ters. By contrast, LinDeps considers each filter’s relation-
ship within a layer, allowing for a comprehensive assess-
ment of layer-wise linear dependencies and a more relevant
pruning of the filters.

Few pruning techniques have investigated structured
data-dependent similarity pruning at the layer level (i.e. be-
yond pairwise correlations). Only LDFM [34] goes in that
direction, by leveraging a QR decomposition of a feature-
based matrix and pruning the filters, yielding features lin-
early independent of others. While we use the same de-
composition principle in the first step of LinDeps, we ad-
ditionally derive a novel recovery mechanism that allows
us to prune the network while compensating for the pruned
filters without needing fine-tuning, contrary to LDFM. Con-
sequently, this allows LinDeps to be seamlessly combined,
in a post-pruning fashion, with any state-of-the-art pruning
technique that focuses on identifying and removing low-
importance filters, pushing pruning levels to larger values
without any accuracy drop.
Note on transformer pruning. We developed LinDeps on
convolutional neural networks (CNNs), yet a separate and

growing body of literature focuses on pruning transformer
architectures [5, 23, 40]. Although pruned transformers
are less frequently deployed on low-resource devices due
to their larger memory and computation requirements, we
will explore in future work whether LinDeps can be effec-
tively extended to this distinct architectural paradigm on top
of existing transformer pruning techniques.

3. Methodology
We first describe our pruning procedure by focusing on a
single layer with C feature maps of size H×W produced
by as many convolution kernels before explaining how we
sequentially prune successive layers of the network. As
shown in Fig. 2, we proceed in three main stages, described
hereafter: (1) aggregation of feature maps into a matrix, (2)
pruning via PQR decomposition, and (3) signal recovery to
adapt subsequent layers.
Step 1: Aggregation of feature maps. Let us define a
batch size B. Passing the entire batch through the network
up to the layer i of interest yields B sets of feature maps,
each of shape C×H×W. We flatten and concatenate these
feature maps across the batch and spatial dimensions to
form a single matrix A ∈ RC×(B·H·W ). Specifically, the
j-th row of A corresponds to the flattened feature map of
channel j, concatenated over all B images.
Step 2: Pruning via PQR decomposition. Following [34],
to identify linearly dependent feature maps, we perform a
pivoted QR decomposition (PQR) [12] on the transposed
aggregated matrix A⊤. Concretely,

A⊤ P = QR = Q

[
R11 R12

0 0

]
, (1)

where Q is orthonormal, R ∈ R(B·H·W )×C with R11 ∈
RC′×C′

an upper-triangular matrix, C ′ the effective rank of
A, and P ∈ RC×C is a permutation matrix ensuring that
the diagonal elements of R11 are sorted in decreasing order
(in absolute value). The effective rank C ′ of A measures
how many rows (feature maps) are linearly independent.
We introduce a pruning threshold τ ∈ [0, 1) that deter-
mines how aggressively we discard near-dependent chan-
nels. Conceptually, we set to zero all diagonal entries of
R11 that are smaller than τ times the largest diagonal ele-
ment, denoted as (R11)11, such that:

(R11)kk ← 0, ∀k where (R11)kk < τ(R11)11. (2)

This ensures that only the most significant independent
components are retained while pruning weaker dependen-
cies based on the threshold τ . More precisely, if τ = 0, we
only prune channels that are exactly linearly dependent; if
τ > 0, we allow a mild approximation error to remove ad-
ditional channels that exhibit near-dependence. In this case,
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Step 1: Aggregation

(a) Batch of images (b) Inference  (c) Extracted feature maps (d) Aggregated matrix

Step 2: Pruning via PQR decomposition

Step 3: Signal recovery

N
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w
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k

(e) Transposed matrix (f) PQR decomposition and pruning (g) Pruned aggregated matrix

...
...

(h) Next layer kernels (i) Recovery matrix and kernel update (j) Adapted layer kernels

Figure 2. Pipeline of LinDeps applied to a single layer. Our method proceeds in three steps. [Step 1] Aggregation: (a) A batch of
images of size B is passed through (b) the network up to the layer to be pruned. (c) This produces C feature maps per image, which
are (d) flattened and concatenated into a matrix A ∈ RC×(B·H·W ), where each row corresponds to one channel, aggregated over all
spatial locations and all images in the batch. [Step 2] Pruning via PQR decomposition: (e) The aggregated matrix is transposed, and
(f) a pivoted QR decomposition (PQR) is applied to A⊤, producing: A⊤ P = QR, where P permutes channels and R reveals linear
dependencies on the diagonal of the upper-left matrix R11. A threshold τ prunes (near-)dependent channels by setting to 0 all values of
(R11)kk < τ(R11)11, resulting in (g) a pruned matrix A′ ∈ RC′×(B·H·W ), keeping only C′ independent feature maps. [Step 3] Signal
recovery: (h) To adapt the next layer’s kernels, (i) a recovery matrix is computed by solving: LA′ ≈ A, by leveraging a least-squares
error approximation. Each kernel in (h) the next layer, originally of size C × p × p, is (j) updated to a new kernel of size C′ × p × p by
multiplying its flattened version with L.

we update C ′ to be the resulting count of channels to keep.
Then, we apply the inverse of P to map back to the original
indexing of A, thereby identifying C ′ feature maps to retain
and C − C ′ feature maps to prune. Since each feature map
is produced by a convolution kernel, we actually remove the
whole kernel from the network, which incidentally prunes
its corresponding feature map.

Step 3: Signal recovery by weight adjustment. To com-
pensate for the information loss in the current layer of inter-
est and incidentally enable pruning the next layer of the net-
work independently of the current one, we develop a fine-
tuning-free signal recovery mechanism, detailed hereafter.
Having pruned channels at layer i, we must make the sub-
sequent layer (i + 1) compatible again with layer i. Orig-
inally, layer (i + 1) expects an input of size C × H ×W .
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Now, we only provide C ′ channels. To ensure that the next
layer’s output remains equivalent (or nearly so in the case
of τ > 0) to what it was before pruning, we compute a
recovery matrix L ∈ RC×C′

such that

LA′ ≈ A, (3)

where A′ ∈ RC′×(B·H·W ) is obtained by selecting the C ′

retained rows of A, corresponding to the nonzero diagonal
elements of R11 after thresholding. Mathematically, each
pruned channel in A is (approximately if τ > 0) a linear
combination of the retained channels in A′. If τ = 0 and
the pruned channels are strictly dependent, then L can be
computed theoretically from the blocks of R. Nevertheless,
the exact solution requires inverting R11, which might be
unstable numerically if its diagonal contains very small ele-
ments. Therefore, we rather solve for L in the least-squares
sense of the Euclidean norm as follows:

L = argmin
L̃

∥L̃A′ −A∥2, (4)

which also allows us to handle the case of τ > 0. Each
element (L)ij represents the contribution of the j-th re-
tained channel in A′ to reconstruct the i-th original channel
in A. Finally, to accommodate the pruning performed in
layer i, we adapt the convolution kernels of layer (i + 1)
thanks to L. Specifically, each kernel in layer (i + 1) is
initially of shape C × p × p (typically p = 3). We flat-
ten it to a p2 × C matrix, multiply it by L, and reshape it
into a C ′ × p × p kernel. Thus, the new kernel can ingest
C ′ channels instead of C, becoming compatible with the
pruned layer i, and produces equivalent outputs under the
no-approximation (τ = 0) scenario. Once the kernels pro-
ducing feature maps of layer (i + 1) are updated this way,
we can prune this layer independently using the procedure
described previously, ensuring that each layer’s pruning de-
cisions do not conflict with preceding modifications.

Eventually, to prune a whole network, we iteratively
prune a layer, compensate for the information loss with
our novel fine-tuning-free signal recovery mechanism, then
prune the next layer, and so on. Importantly, our recov-
ery mechanism does not need the network to be retrained
or fine-tuned to compensate for a performance drop due to
the pruning. This is a major advantage over other pruning
techniques, and it allows LinDeps to be applied efficiently
after any pruning technique, providing a guaranteed extra
pruning at little (τ > 0) to no (τ = 0) performance cost.
Implementation details. Hereafter, we provide a few
generic details about our practical implementation:
• Batch size B. We typically use B = 256, following

the experimental protocols presented in [13], although
this can be adjusted if memory is constrained. Let us
note that the equations governing LinDeps hold when

B ·H ·W > C, which is easily satisfied in current network
architectures, even with moderate batch sizes.

• Batch Normalization (BN). If a layer is immediately fol-
lowed by a batch normalization module, we prune the cor-
responding BN parameters together with the channel.

• Practical pruning threshold. In practice, using τ = 0
retains even the smallest, numerically unstable values in
the diagonal of R11. Therefore, we call “lossless prun-
ing” the results obtained with the application of LinDeps
with an actual value of τ = 10−6 instead of τ = 0 .

4. Experiments

We first describe the experimental settings in Sec. 4.1, in-
cluding the dataset and network architectures, the evalua-
tion scores, the base pruning techniques, and the LinDeps
settings used. We then present the main quantitative results
in Sec. 4.2 on various datasets and network architectures, as
well as a study where LinDeps is used as a standalone prun-
ing technique, i.e., not as a post-pruning method. Finally, in
Sec. 4.3, we present results in low-resource setups, first by
computing the pruning gain brought by LinDeps over two
methods when compute or time resources do not allow any
retraining, second by computing the time needed to apply
LinDeps and the inference speedup gain on various devices,
from consumer laptops to edge devices.

4.1. Experimental settings

Datasets and network architectures. We assess the
pruning capabilities of our post-pruning LinDeps method
in combination with existing pruning techniques on two
datasets: CIFAR-10 [24] and ImageNet [7]. On CIFAR-
10, we compare three architectures: VGG-16 [37], ResNet-
56 [17], and ResNet-110 [17]. On ImageNet, we use
the ResNet-50 architecture, following common practice in
pruning benchmarks [35].
Evaluation scores. We assess the compression induced by
LinDeps in comparison to existing pruning techniques us-
ing the reduction ratio of FLOPs (floating-point operations)
and the reduction ratio of the number of network param-
eters. We measure the amount of FLOPs and parameters
using the ptflop [38] library. To measure the pruned net-
work performance, we report the corresponding top-1 accu-
racy, in line with standard benchmarks commonly used in
the pruning literature. Furthermore, it is the most neutral
choice of ranking score in terms of application preferences,
as demonstrated in Piérard et al. [36].
Base pruning techniques. We study the effect of our pro-
posed post-pruning LinDeps method on top of two of the
latest state-of-the-art pruning techniques: APIB [13] re-
leased in 2023, and NORTON [35] published in 2025. For
completeness, we also provide the results of LinDeps with-
out a base pruning technique. To combine the APIB prun-
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ing technique with LinDeps, we first reproduced the results
of the pruned network by using the code released by the
authors on GitHub1. After several trainings with different
seeds, we selected the baseline VGG-16 as the one whose
accuracy before pruning is the closest to the one reported
in the original paper [13]. We kept all training and post-
pruning fine-tuning settings similar to the ones reported by
the authors, i.e., all networks are trained using the Stochas-
tic Gradient Descent (SGD) optimizer with a momentum
of 0.9 and a weight decay of 2 × 10−4. The initial learn-
ing rate is set to 0.1 and decayed using the cosine anneal-
ing scheduling [33]. The batch size is set to 256 and the
number of epochs to 350. As APIB allows targeting any
amount of pruning, we pruned several networks with prun-
ing ratios between 65% and 80%. For each amount of
pruning, we fine-tuned the network obtained as described
in [13]. To avoid the seed cherry-picking reproducibility
issue, we repeated the fine-tuning process eight times from
the start and reported the average accuracy over the eight tri-
als. Regarding LinDeps, the eight fine-tuned networks were
post-pruned without additional fine-tuning, and the perfor-
mances in terms of top-1 accuracies, FLOPs, and parame-
ters were averaged, also to ensure reproducibility. Similarly,
we combined the current state-of-the-art NORTON pruning
technique [35] with LinDeps. To do so, we also first re-
produced the results of the paper through the code provided
on the authors’ GitHub2. As a base, we used the check-
points of the pruned and retrained networks available from
the GitHub page, without retraining the networks ourselves.
We then applied LinDeps without additional fine-tuning and
reported the accuracy, FLOPs, and parameters.

4.2. Main quantitative results
In this section, we present the main quantitative results
of our post-pruning LinDeps method in the performance-
preserving setting applied on top of APIB and NORTON on
various datasets and with different network architectures.
VGG-16 on CIFAR-10. The results of post-pruning us-
ing LinDeps in combination with APIB and NORTON on
CIFAR-10 are reported in Tab. 1. For all compression lev-
els, LinDeps increases the reduction ratios while keeping
the original top-1 accuracy. Particularly, with APIB, Lin-
Deps increases the number of FLOPs pruned by an addi-
tional 1.23%, 1.26%, 1.25%, 1.01%, 0.91%, 0.96%, 0.71%,
and 0.54% for initial reduction ratios ranging from 65.78%
to 79.85%. Combined with NORTON, LinDeps increases
the reduction ratios by 1.39%, 0.52%, 5.7%, and 0.54%
for initial reduction ratios ranging between 59.58% and
95.58%. Furthermore, we provide a complete benchmark of
pruning techniques in Fig. 3. As illustrated, LinDeps com-
bined with NORTON leads to a new state-of-the-art perfor-

1https://github.com/sunggo/APIB
2https://github.com/pvti/NORTON
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Figure 3. Benchmark of pruning techniques with VGG-16
trained on CIFAR-10. LinDeps, applied on top of NORTON,
achieves a new state of the art, surpassing all previously published
pruning techniques by a significant margin in terms of compres-
sion level while maintaining the top-1 accuracy.

mance, outperforming previously published techniques.

ResNet-56/110 on CIFAR-10. Tables 2 and 3 respec-
tively, show the results of LinDeps combined with NOR-
TON with a ResNet-56 and ResNet-110 network architec-
ture on CIFAR-10. In the performance-preserving regime,
LinDeps similarly pushes the pruning ratio of FLOPs by an
additional 1.44%, 0.16%, 2.57%, and 1.1% on ResNet-56
for reduction ratios ranging from 26.69% to 89.20% and
2.82%, 0.48%, and 0.21% on ResNet-110 for ratios ranging
from 36.87% to 81.26%. This shows that LinDeps works
on both small and large network architectures.

ResNet-50 on ImageNet. The results for LinDeps applied
on top of NORTON with a ResNet-50 architecture trained
on ImageNet are presented in Tab. 4. We still observe an
improvement for each compression level, up to 0.17% on
the pruning ratio while keeping the same top-1 accuracy.
Hence, this shows that even when trained on large datasets,
our post-pruning LinDeps method still allows pushing the
compression level at no performance cost. In this case, the
improvement is smaller than the one obtained on CIFAR-
10. This could be because ResNet-50 under-performs too
much on the ImageNet dataset (only around 75% accuracy),
and thus the feature maps may contain a lot of noise, making
it harder to find linear relationships.

LinDeps as a standalone pruning technique. We also
evaluated LinDeps as a standalone pruning technique, ap-
plied directly to VGG-16 trained on CIFAR-10, without
relying on any base pruning technique. The results, re-
ported for different threshold values τ , show that LinDeps
alone achieves the following pruning ratios and correspond-
ing top-1 accuracies: for τ = 0, LinDeps reaches a prun-
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Pruning techniques Baseline
Top-1 Acc.

Pruned
Top-1 Acc.

FLOPs
reduc. ↑

Params.
reduc. ↑

HRank [29] 93.96% 93.43% 53.50% 82.90%
CHIP [39] 93.96% 93.86% 58.10% 81.60%
EZCrop [31] 93.96% 94.01% 58.10% 81.60%
DECORE-500 [1] 93.96% 94.02% 35.30% 63.00%
AutoBot [2] 93.96% 94.19% 53.70% 49.80%
APIB [13] 93.68% 94.08% 60.00% 76.00%
NORTON [35]△ 93.96% 94.43% 59.58% 82.72%
NORTON+LinDeps (ours) 93.96% 94.43% 60.97% 83.02%

HRank [29] 93.96% 92.34% 65.30% 82.10%
CHIP [39] 93.96% 93.72% 66.60% 83.30%
EZCrop [31] 93.96% 93.72% 66.60% 83.30%
DECORE-200 [1] 93.96% 93.56% 64.80% 89.00%
AutoBot [2] 93.96% 94.01% 65.40% 57.00%
Yeom et al. [44] 93.96% 93.48% 66.60% 80.90%
DF [9] 94.14% 93.64% 70.00% 90.10%
FSM [8] 93.96% 93.73% 66.00% 86.30%
APIB [13] 93.68% 94.00% 66.00% 78.00%
APIB ∗ 93.69% 93.65% 65.78% 89.59%
APIB+LinDeps (ours) 93.69% 93.65% 67.01% 90.17%
NORTON [35]△ 93.96% 94.16% 67.43% 84.30%
NORTON+LinDeps (ours) 93.96% 94.16% 67.95% 84.38%

CHIP [39] 93.96% 93.18% 78.60% 87.30%
DECORE-100 [1] 93.96% 92.44% 81.50% 96.60%
FSM [8] 93.96% 92.86% 81.00% 90.60%
EPruner-0.73 [30] 93.02% 93.08% 76.34% 88.80%
HALOC [43] 92.78% 93.16% 86.44% 98.56%
ASTER [45] 93.90% 93.92% 70.90% N/A
ASTER [45] 92.90% 93.45% 80.70% N/A
AutoBot [2] 93.96% 93.62% 76.90% 63.24%
APIB ∗ 93.69% 93.65% 68.15% 91.00%
APIB+LinDeps (ours) 93.69% 93.65% 69.41% 91.49%
APIB ∗ 93.69% 93.66% 69.85% 92.00%
APIB+LinDeps (ours) 93.69% 93.66% 71.10% 92.41%
APIB ∗ 93.69% 93.59% 72.10% 92.58%
APIB+LinDeps (ours) 93.69% 93.59% 73.11% 92.99%
APIB ∗ 93.69% 93.46% 74.13% 93.39%
APIB+LinDeps (ours) 93.69% 93.46% 75.04% 93.72%
APIB ∗ 93.69% 93.39% 75.96% 94.29%
APIB+LinDeps (ours) 93.69% 93.39% 76.92% 94.61%
APIB ∗ 93.69% 93.22% 78.17% 95.14%
APIB+LinDeps (ours) 93.69% 93.22% 78.88% 95.42%
APIB ∗ 93.69% 93.03% 79.85% 95.80%
APIB+LinDeps (ours) 93.69% 93.03% 80.39% 96.07%
NORTON [35]△ 93.96% 93.24% 87.86% 87.04%
NORTON+LinDeps (ours) 93.96% 93.24% 93.56% 96.28%

HRank [29] 93.96% 91.23% 76.50% 92.00%
RGP [3] 93.14% 91.45% 90.49% 90.62%
DECORE-50 [1] 93.96% 91.68% 88.30% 98.30%
NORTON [35]△ 93.96% 92.54% 95.58% 98.33%
NORTON+LinDeps (ours) 93.96% 92.54% 96.12% 98.66%

Table 1. Performance comparison of pruning techniques for
VGG-16 on CIFAR-10 roughly grouped by FLOPs reduction as
in [35]. The following symbols apply: no symbol means that the
results are directly imported from the original paper, ∗ refers to
results reproduced using the code from the official GitHub, and
△ means that the results are obtained from the available code and
checkpoints from the official GitHub. Applying LinDeps consis-
tently increases FLOPs reduction and parameters reduction.

ing ratio of 24.9% with no accuracy loss (93.68% top-1
accuracy), demonstrating that nearly 25% of the param-
eters can be safely removed at no performance cost by
eliminating strictly linearly dependent filters. However, as
the pruning threshold τ increases between 0.05 and 0.5,
the pruning ratios increase to 34.9%, 40.8%, 43.2%, and
64.2%, but at the cost of significant performance degrada-
tion, with top-1 accuracies dropping to 92.65%, 91.08%,

Pruning techniques Baseline
Top-1 Acc.

Pruned
Top-1 Acc.

FLOPs
reduc. ↑

Params.
reduc. ↑

HRank [29] 93.26% 93.52% 29.30% 16.80%
DECORE-450 [1] 93.26% 93.34% 26.30% 24.20%
NORTON [35]△ 93.26% 94.48% 25.25% 30.77%
NORTON+LinDeps (ours) 93.26% 94.48% 26.69% 31.06%

HRank [29] 93.26% 93.17% 50.00% 42.4%
DECORE-200 [1] 93.26% 93.26% 49.90% 49.00%
FSM [8] 93.26% 93.63% 51.20% 43.60%
AutoBot [2] 93.27% 93.76% 55.9% 45.9%
EZCrop [31] 93.26% 93.80% 47.40% 42.80%
NORTON [35]△ 93.26% 93.99% 41.33% 47.31%
NORTON+LinDeps (ours) 93.26% 93.99% 41.49% 47.34%

CHIP [39] 93.26% 92.05% 71.80% 72.30%
APIB [13] 93.26% 93.29% 67.00% 66.00%
NORTON [35]△ 93.26% 93.81% 69.67% 74.39%
NORTON+LinDeps (ours) 93.26% 93.81% 72.24% 76.72%

DECORE-55 [1] 93.26% 90.85% 81.50% 85.30%
APIB [13] 93.26% 91.53% 81.00% 83.00%
NORTON [35]△ 93.26% 91.61% 88.10% 89.69%
NORTON+LinDeps (ours) 93.26% 91.61% 89.20% 91.23%

Table 2. Pruning results with ResNet-56 trained on CIFAR-
10, comparing NORTON with and without LinDeps. In the
performance-preserving regime, LinDeps consistently increases
the pruning ratio of FLOPs across all compression levels, with
gains ranging from 0.16% to 2.57%. The symbol conventions
from Tab. 1 apply.

Pruning techniques Baseline
Top-1 Acc.

Pruned
Top-1 Acc.

FLOPs
reduc. ↑

Params.
reduc. ↑

DECORE-500 [1] 93.50% 93.88% 35.40% 35.70%
NORTON [35]△ 93.50% 94.85% 34.05% 37.16%
NORTON+LinDeps (ours) 93.50% 94.85% 36.87% 37.72%

DECORE-300 [1] 93.50% 93.50% 61.80% 64.80%
NORTON [35]△ 93.50% 94.05% 63.00% 65.13%
NORTON+LinDeps (ours) 93.50% 94.05% 63.48% 65.22%

DECORE-175 [1] 93.50% 92.71% 76.90% 79.60%
NORTON [35]△ 93.50% 92.77% 81.05% 82.41%
NORTON+LinDeps (ours) 93.50% 92.77% 81.26% 82.48%

Table 3. Pruning results with ResNet-110 trained on CIFAR-
10, comparing NORTON with and without LinDeps. Similarly to
ResNet-56, LinDeps enhances the pruning ratio of FLOPs across
all compression levels, with improvements ranging from 0.21% to
2.82%. The symbol conventions from Tab. 1 apply.

Pruning techniques Baseline
Top-1 Acc.

Pruned
Top-1 Acc.

FLOPs
reduc. ↑

Params.
reduc. ↑

NORTON [35]△ 76.15% 76.90% 42.91% 43.06%
NORTON+LinDeps (ours) 76.15% 76.90% 43.08% 43.10%

NORTON [35]△ 76.15% 76.59% 48.82% 47.03%
NORTON+LinDeps (ours) 76.15% 76.59% 48.85% 47.05%

NORTON [35]△ 76.15% 75.95% 63.16% 58.72%
NORTON+LinDeps (ours) 76.15% 75.95% 63.24% 58.73%

NORTON [35]△ 76.15% 74.00% 75.80% 68.78%
NORTON+LinDeps (ours) 76.15% 74.00% 75.85% 68.79%

NORTON [35]△ 76.15% 73.65% 77.22% 76.91%
NORTON+LinDeps (ours) 76.15% 73.65% 77.33% 76.93%

Table 4. Pruning results with ResNet-50 trained on ImageNet,
comparing NORTON with and without LinDeps. Similarly, Lin-
Deps further improves the pruning ratio by up to 0.17% at identi-
cal top-1 accuracy. The symbol conventions from Table 1 apply.
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78.60%, and 23.2%, respectively. This confirms that Lin-
Deps alone does not achieve competitive performance com-
pared to modern pruning techniques (see Tab. 1), as it was
designed to complement existing pruning techniques rather
than replace them. The lack of re-fine-tuning after pruning
further exacerbates this drop, as no training step compen-
sates for the removed filters. Additionally, the purely lin-
ear dependency-based approach of LinDeps only captures
correlations between highly similar feature maps, but fails
to target low-importance neurons that could be pruned in-
dependently regarding other neurons, which are typically
removed by conventional importance-based pruning tech-
niques. This highlights why LinDeps performs best when
combined with other pruning techniques, leveraging com-
plementary pruning criteria to maximize both compression
and performance preservation.

4.3. LinDeps in a low-resource setup
In this section, we consider the practical case of low-
resource environments where a model can be pruned but the
resources to retrain it are not available. This can be the case
when the retraining process is long and/or computationally
expensive, or when regular and fast updates need to be made
on the model, e.g., in the case of test-time adaptation [6].

In that regard, Fig. 4 shows the pruning gain obtained
by applying LinDeps on top of a VGG model trained on
CIFAR-10 then compressed with NORTON (using their
low-rank method with a rank of 6), but not retrained af-
ter pruning. We used τ = 0.1 which empirically gave the
best trade-off between pruning gain and accuracy loss when
pruning without retraining. We achieve gains of up to 30%
of pruning with losses in accuracy lower than 0.3%, high-
lighting the benefits of LinDeps in this setup.

Furthermore, Tab. 5 compares the time needed to per-
form NORTON and LinDeps on several devices, from con-
sumer laptops to resource-limited systems, as well as the
gain in inference time for a batch of 256 images before and
after applying LinDeps (after the NORTON pruning). We
can observe that, comparatively, running LinDeps takes sig-
nificantly less time than running NORTON, and that Lin-
Deps provides a consistent and valuable speedup in infer-
ence, which is critical in real-time applications3.

5. Conclusion
In this paper, we introduced LinDeps, a novel post-pruning
method designed to systematically identify and eliminate
redundant filters in convolutional networks through the
analysis of linear dependencies within feature maps. By
leveraging pivoted QR decomposition, LinDeps effectively
detects dependent filters and removes them, while a novel

3We also note that some operations in NORTON were not supported by
the MPS chip of the MacBook, defaulting to the CPU whenever needed,
which might explain the large corresponding time in Tab. 5
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Figure 4. LinDeps pruning improvement without retraining.
In low-resource environments where post-pruning retraining can-
not be afforded, LinDeps gives a significant pruning boost for a
comparatively negligible decrease in performance.

Device NORTON
time (s)

LinDeps
time (s)

Inference
latency

Asus GPU RTX 3070 607 13 -23%
Asus CPU Intel Core i7 460 33 -21%
MacBook M1 MPS 8,872 30 -29%
MacBook M1 CPU 288 111 -33%
Orin AGX GPU 3,718 17 -25%
Orin AGX CPU 1,903 403 -23%
Raspberry Pi CPU 1,738 247 -28%

Table 5. Time benchmark of LinDeps. Comparison of NOR-
TON and LinDeps runtimes across consumer laptops (Asus lap-
top with a NVIDIA GeForce RTX 3070, MacBook Pro M1) and
low-resource devices (Orin AGX, Raspberry Pi 5), and inference
latency gain by applying LinDeps on batches of 256 images.

signal recovery mechanism adjusts the subsequent layer to
preserve the network’s compatibility and performance. A
key advantage of LinDeps is its flexibility: it can be ap-
plied on top of any existing pruning technique, boosting its
compression rate with either zero or controlled accuracy
degradation, depending on the desired compression rate.
This versatility makes it a valuable complement to state-of-
the-art pruning techniques across various architectures and
datasets. Our experiments demonstrated that LinDeps con-
sistently improves the compression rates of multiple prun-
ing baselines on CIFAR-10 and ImageNet, achieving new
state-of-the-art results. Furthermore, we highlighted that
LinDeps performs well on both small and large networks.
Overall, LinDeps is an efficient and theoretically grounded
approach to post-pruning, contributing to the broader goal
of enabling lightweight yet high-performing deep learning
networks for low-resource devices.
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