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Abstract

Increasingly expensive training of ever larger models
such as Vision Transfomers motivate reusing the vast library
of already trained state-of-the-art networks. However, their
latency, high computational costs and memory demands
pose significant challenges for deployment, especially on
resource-constrained hardware. While structured pruning
methods can reduce these factors, they often require costly
retraining, sometimes for up to hundreds of epochs, or even
training from scratch to recover the lost accuracy resulting
from the structural modifications. Maintaining the provided
performance of trained models after structured pruning and
thereby avoiding extensive retraining remains a challenge.

To solve this, we introduce Variance-Based Pruning, a
simple and structured one-shot pruning technique for effi-
ciently compressing networks, with minimal finetuning. Our
approach first gathers activation statistics, which are used
to select neurons for pruning. Simultaneously the mean ac-
tivations are integrated back into the model to preserve a
high degree of performance. On ImageNet-1k recognition
tasks, we demonstrate that directly after pruning DeiT-Base
retains over 70% of its original performance and requires
only 10 epochs of fine-tuning to regain 99% of the original
accuracy while simultaneously reducing MACs by 35% and
model size by 36%, thus speeding up the model by 1.44×.

1. Introduction
In both Computer Vision (CV) and Natural Language Pro-
cessing (NLP), Transformers have become the dominant ar-
chitecture [8, 21]. In CV, Vision Transformers (ViTs) [8]
and their derivatives, such as Data-efficient image Trans-
formers (DeiTs) [21], Swin-Transformers (Swins) [14] and
ConvNeXts [15], achieve remarkable results but at signifi-
cant costs in three main areas: training, storage, and infer-
ence. These large models require long training times, often
spanning hundreds of epochs to achieve their performance,
extensive memory to store their parameters, and high com-
putational resources for inference causing high latency [21].

Fixing all three issues simultaneously remains especially
challenging. For example, using the available collection of
trained networks provided by the research community is
a straightforward way to solve the first problem of costly
training. However, this does not address the storage and
inference costs, which can still make the use of these
trained networks impractical for deployment on resource-
constrained hardware [1]. To address these demands, vari-
ous model pruning techniques have been proposed. These
range from removing individual weights within layers in un-
structured pruning [12] to removing entire neurons, layers,
or blocks in structured pruning [1].

While unstructured pruning can often retain a high de-
gree of accuracy in trained networks, it is difficult to trans-
late these theoretical gains into real-world speed-ups [1].
Since modern hardware is optimized for dense matrix mul-
tiplications, they cannot exploit the resulting sparsity effec-
tively and therefore cannot solve the inference costs [1, 12].

In contrast, structured pruning leads to straightforward
reductions in both inference costs and memory, but again
requires extensive retraining to recover the lost accuracy re-
sulting from these major structural modifications. For in-
stance, Global Vision Transformer Pruning with Hessian-
Aware Saliency (NViT) [27] requires 300 epochs of fine-
tuning despite using trained networks, highlighting how ad-
dressing memory and inference speeds alone can still de-
mand large additional training overhead.

On the other hand, dynamic pruning approaches, such
as token pruning, avoid permanently modifying the model
architecture and instead dynamically reduce the number of
features processed by the network [3, 19]. This minimizes
the accuracy drop after pruning, indicating that the model
preserved most important features and representation, thus
providing a better starting point for subsequent fine-tuning.
Token Merging (ToMe) [3] embraces this idea by merging
tokens to reuse the pruned information, thus reducing the
accuracy drop even further and allowing off-the-shelf de-
ployment without any fine-tuning. While this solves the in-
ference costs as well as the training costs, since the methods
do not modify the model structure itself, the memory foot-
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(a) We compute neuron-wise mean and variance
of activations at the hidden layer of each MLP.
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(b) We prune neurons with the smallest variances
and replace their activation with the mean.
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(c) We shift the mean activation of the removed
neurons into the bias of the next layer.

Figure 1. Schematic visualization of the steps of Variance-Based Pruning. (a) Activation Statistics Computation, (b) Variance-Based
Pruning, (c) Mean-Shift Compensation

print remains unchanged [3]. This again is a limitation for
hardware-constrained settings [1]. Fully resolving all three
problems of training costs, storage, and inference speed si-
multaneously remains a challange.

In this work, we fill this gap by introducing Variance-
Based Pruning (VBP), a simple and structured pruning
approach that provides speed-ups and memory savings
with minimal fine-tuning. In order to keep the method
simple and allow deployment across a wide variety of
architectures, we prune only the heavy Multi-Layer Per-
ceptron (MLP) layers within the transformer blocks. In
the first step, our approach leverages activation statistics
gathered in the hidden layers of the MLP using Welford’s
algorithm [24] (see Fig. 1a). In the second step, these
statistics are used to identify and remove the least impactful
hidden neurons (see Fig. 1b). In the last step, which we
refer to as Mean-Shift Compensation, we use the mean
activation values of pruned neurons to mitigate accuracy
drop by redistributing these mean contributions into the
bias of the output layer (see Fig. 1c). This retains high
levels of model performance and requires only minimal
fine-tuning to then regain most of the original accuracy.

Our contributions are summarized as follows:
• We introduce VBP, a simple low-cost structured pruning

method broadly applicable across various architectures to
significantly reduce computational costs while maintain-
ing performance.

• We apply our method to multiple architectures, including
ViTs, Swin-Transformers, and ConvNeXts, demonstrat-
ing its generalizability.

• We compare VBP to similarly straightforward neuron-
importance measures adapted for structured pruning, as
well as to state-of-the-art (SoTA) pruning approaches. We
benchmark against NViT pruning, highlighting the bene-
fits of our accuracy retention in constrained fine-tuning
settings. We also apply VBP on top of ToMe demonstrat-
ing orthogonality and achieving 2× speed-ups using our
hybrid approach.

• We perform an extensive ablation study, demonstrating
the efficacy of each component of our method and pro-
vide a sensitivity analysis for the variance as a pruning
criterion.

2. RELATED WORK

2.1. Transformer Architectures

Initially introduced in NLP by [22], Transformers have
largely replaced Convolutional Neural Network (CNN),
since their adaption to CV by [8] with the ViT. ViTs pro-
cesses images as a sequence of non-overlapping patches,
and have since been further improved. DeiT [21] refined
the training procedure to decrease the training costs and re-
duce the data reliance. More recent architectures [7, 9, 10],
such as Swin [14] and the transformer-inspired ConvNeXt
[15], which use hierarchical designs, have built upon this
architecture to improve efficiency and scalability. However,
despite these advances, these large models remain computa-
tionally demanding, in part due to their dense MLP blocks,
which significantly impacts inference speed and memory
requirements [22, 30].



2.2. Model Compression
To reduce the costs of large models, model compression ef-
forts focus on scaling down different components of a net-
work. Traditionally pruning aims to identify and remove
redundant structures within the network [12, 26]. For exam-
ple, magnitude pruning eliminates weights with the smallest
absolute values, while SNIP and related methods [13, 25]
identify crucial connections using gradient-based sensitiv-
ities. Structured pruning approaches, remove entire neu-
rons, layers or filters producing smaller matrices that allow
direct computational savings in current hardware [1, 5, 27–
29, 32]. Most closely related to our method are works ex-
ploring variance-based criteria for structured pruning, such
as Molchanov et al. [18], which performs dropout at the
neuron level and can introduce sparsity in neurons with high
dropout rates. Weinstein et al. [23] use these statistics in
the initial training phase to remove neurons during train-
ing. These approaches operate on models before training,
improving training time but still requiring the models to be
trained from scratch. Contrary to that, NViT [27] utilizes
trained ViTs. They apply iterative structured dimensional-
ity reductions across the entire ViT architecture and signif-
icantly reduce costs. However, these structured modifica-
tions still have a substantial impact on performance, requir-
ing high pruning iterations of 50 epochs and retraining costs
of 300 epochs to regain accuracy.

An alternative to structurally modifying the network is
dynamic pruning, which adaptively selects and processes
only a subset of features or combines features during in-
ference to reduce costs. For CNNs, these have shown
promising speed-accuracy trade-offs [4, 16]. Analogously
for transformer-like models, token pruning reduce the num-
ber of tokens to be processed [3, 17, 19, 20]. For instance,
Bolya et al. [3] merges similar tokens rather than pruning
them, thereby conserving most of the information and re-
taining high accuracy before the fine-tuning. However, by
design these methods cannot reduce the memory footprint.

2.3. Our Approach
Our work builds upon these ideas by combining (i) the ad-
vantages of structured pruning by removing low-variance
activation neurons with (ii) the advantages of dynamic prun-
ing by incoorperating their mean contribution into the bias
of the last MLP layer. Our approach is based on the ob-
servation that neurons within MLP layers exhibit varying
levels of contribution to the overall representation, as estab-
lished in works on emerging modularity in trained Trans-
formers for both NLP and CV [2, 31]. By applying our
variance-based pruning approach to the widespread MLP
layers, we provide a structured method applicable across a
broad range of models. Our method is particularly bene-
ficial for transformer-like architectures, where MLP layers
heavily contribute to the computational overhead [22, 30].

3. Methodology
In this section, we detail the components involved in our
proposed VBP approach and provide a mathematical deriva-
tion, justifying our pruning criterion and compensation
strategy.
Our method consists of three major steps:
1. Activation Statistics Computation The neuron activa-

tion statistics are computed using Welford’s algorithm.
2. Variance-Based Pruning The neurons to be pruned are

selected based on the lowest activation variance.
3. Mean-Shift Compensation The mean activations of the

selected neurons are added back into the output bias.

3.1. Step 1: Activation Statistics Computation
As we aim for a simple and widely adoptable method, we
prune only the MLPs. This requires reducing the hidden
layers of the network while keeping the input and output
layers intact to ensure seamless integration with the rest of
the model structure by maintaining dimensional consistency
in the input and output.

W.l.o.g. we therefore consider a MLP with a single hid-
den layer of dimension Dhid, that maps an input vector
x ∈ RDin to an output vector y ∈ RDout . Using a point-
wise nonlinear activation function σ(·), this MLP can then
be described as a function

h = σ
(
W1 x + b1

)
, y = W2 h + b2, (1)

where W1 ∈ RDhid×Din , b1 ∈ RDhid , W2 ∈
RDout×Dhid , b2 ∈ RDout . Since we deal with trained net-
works, these parameters W1,b1,W2,b2 remain fixed dur-
ing pruning, which will become important in the Mean-
Shift Compensation in Sec. 3.3.

For the hidden layer, we now want to calculate the per-
neuron mean and variance vectors

µ =
(
µ1, . . . , µDhid

)>
and σ2 =

(
σ2
1 , . . . , σ

2
Dhid

)>

To compute these statistics, we capture the activations h
for every batch and use Welford’s algorithm to compute a
running mean µ(j) and running second moment m(j)

2 for
an efficient online calculation of streaming data*. Given a
total of N data samples, let the j-th sample h(j) ∈ RDhid be
the activation vector after the nonlinearity. Welford’s algo-
rithm ensures numerically stable calculations by updating
µ(j) and m

(j)
2 after observing the j-th sample as follows:

µ(j) =
j − 1

j
µ(j−1) +

1

j
h(j) (2)

m
(j)
2 = m

(j−1)
2 + (h(j)−µ(j−1)) � (h(j)−µ(j)) (3)

*Our method does not require a minimum number of data samples for
calculating activation statistics, but using an efficient online computation
allows the use of as many data samples for pruning as available.



where � denotes elementwise multiplication. Once all N
samples are processed, the variance is given by:

σ2 =
m

(N)
2

N − 1
. (4)

3.2. Step 2: Variance-Based Pruning
Using this variance vector σ2 ∈ RDhid , we rank neurons
by their variance values, σ2

i . Intuitively, if an activation
rarely deviates from its mean µi, the corresponding neuron
contributes less to the expressiveness of the network. The
pruning decision is formed across all hidden neurons in the
network, to capture the neuron with the least variance across
all layers.

Formally, for each MLP l, let D(l)
hid denote the number of

hidden neurons. For each neuron i in MLP l, we then sim-
ply select its activation variance σ2

l,i as the corresponding
pruning score. Given a pruning ratio p ∈ (0, 1), we then
only need to form the global set of scores

S =
⋃

l∈L
{σ2

l,i | i = 1, . . . , D
(l)
hid}.

from which we select the p% neurons with the smallest
scores for pruning.

Optimality from a Mean-Replacement Perspective To
retain the contribution of the pruned network, we approx-
imate the activation of a pruned neuron hi by replacing it
with its mean µi. This introduces an error proportional to
|hi − µi|, which, by definition of the sample variance for
any distribution, has an expected value:

E[(hi − E[hi])
2] = E[(hi − µi)2] = σ2

i .

Thus, pruning the neurons with the lowest variance re-
sults in the least reconstruction error, making variance the
optimal metric in this context. This is intuitively confirmed
by the fact that when the variance is zero, all activations are
exactly equal to the mean.

3.3. Step 3: Mean-Shift Compensation
The intuitive approach of removing neurons and replacing
their activations with µi† at inference time already reduces
the output dimension of W1, but the reconstruction of the
original embedding dimension Dhid through replacement
of the pruned activations still requires carrying out the full
matrix multiplication for W2.

Instead, we perform an equivalent transformation by
shifting these mean values directly into the bias of the fi-
nal linear layer b2, allowing us to reduce both the output
dimension of W1 as well as the input dimension of W2,
doubling the cost savings.

†We omit the MLP indices for clarity.

We start from the usual two-layer linear mapping in the
MLP block:

y = W2 h + b2,

where h is the hidden activation after pruning. For pruned
neurons, we replace hj with its mean µj , which we collect
into a vector ∆µ ∈ RDhid

(∆µ)j =

{
µj , j ∈ P,
0, j /∈ P,

where P is the set of pruned neuron indices.
Instead of explicitly inserting these means into h and

then multiplying by W2, we exploit the linearity of the
mapping:

W2 h = W2

(
h−∆µ

)
+ W2 ∆µ.

The second term is a constant vector, so we can shift it
into the bias:

b′2 = b2 + W2 ∆µ,

which results in an equivalent output:

y = W2

(
h−∆µ

)
+ b′2. (5)

Because for each pruned index j, we have replaced the
activations hi by their means hj = µj , it follows that (h −
∆µ)j = 0. Consequently, we can both drop the row j of
W1 as well as the column j of W2 without affecting the
computation, reducing the hidden dimension by |P|.

Why Use Trained Networks? Our approach uses the
fact that W1,W2,b1,b2 are constants in trained networks.
This allows the mean to be easily shifted into the bias of the
next layer, which in turn allows the low-variance neurons to
be removed without requiring extensive additional training.
Only minor fine-tuning is sufficient to adjust the remaining
weights for best performance.

4. Experiments
In this section, we apply our VBP method to various trans-
formers and similar architectures, namely DeiT, Swin, and
ConvNeXt in the Tiny, Small, and Base sizes, all trained on
the ImageNet-1k [6] dataset.

We evaluate these models twice. Once immediately af-
ter pruning (before fine-tuning) to measure how much ac-
curacy is retained, and the second time after a brief fine-
tuning to measure the final accuracy. Fine-tuning is per-
formed over merely 10 epochs using knowledge-distillation
from the unmodified base model. We use the AdamW op-
timizer with an initial learning rate of 1.5e-5, decayed by a
cosine-annealing scheduler, and a batch size of 32. As reg-
ularization, we include a weight decay of 0.01. All experi-
ments are performed on NVIDIA H200 Tensor Core GPUs.



Model MACs (G) Parameters (M) Top-1 Acc. (%)

(Pruning Rate) Full VBP Full VBP Full Ret. VBP

DeiT-T (45%) 1.26 0.94 (-25.16%) 5.72 4.12 (-27.97%) 72.02 49.77 (69.13%) 70.08 (97.33%)
DeiT-S (50%) 4.61 3.21 (-30.37%) 22.05 14.96 (-32.15%) 79.70 64.44 (80.85%) 78.62 (98.64%)
DeiT-B (55%) 17.58 11.44 (-34.93%) 86.57 55.40 (-36.01%) 81.73 57.58 (70.48%) 80.67 (98.74%)

DeiT-B (20%) 17.58 15.35 (-12.68%) 86.57 75.24 (-13.09%) 81.73 80.87 (98.98%) 81.76 (100.07%)

Swin-T (45%) 4.50 3.23 (-28.22%) 28.29 21.31 (-24.67%) 80.91 55.12 (68.13%) 79.41 (98.15%)
Swin-S (50%) 8.76 5.63 (-32.19%) 49.61 35.02 (-29.41%) 83.04 67.01 (80.70%) 81.86 (98.58%)
Swin-B (55%) 15.46 10.22 (-33.89%) 87.77 56.29 (-35.87%) 84.71 62.61 (73.91%) 83.61 (98.70%)

Swin-B (20%) 15.46 13.58 (-12.16%) 87.77 76.42 (-12.93%) 84.71 83.90 (99.04%) 84.67 (99.95%)

Table 1. Results comparing the full baseline model with our VBP model using four metrics: MACs: computational operations, measured in
billions of operations; and Parameters: the total model size in millions of parameters; Accuracy Retention (Ret.): retained accuracy after
pruning, before fine-tuning; and Final Accuracy: accuracy after fine-tuning. Our method achieves competitive accuracy with significant
reductions in MACs and parameters after fine-tuning, and even right after pruning, when reducing the pruning rate to 20%.

4.1. Main Results

As is common with various pruning techniques, the pruning
rate is adapted for the size of the models. Larger models
typically exhibit higher redundancy for similar tasks, and
therefore allow for more pruning while maintaining accu-
racy. We report our results for DeiT and Swin in Tab. 1 and
Tab. 2. Note that the pruning rate is applied to the MLPs
only and does not indicate the total reduction in model size.
• For the base-sized models, we prune all MLPs globally

using a pruning rate of 55% keeping 99% of the original
performance after fine-tuning, reducing the total model
size of DeiT-Base, Swin-Base both by 36%. This corre-
sponds to 35%, and 34% fewer MACs respectively and
provides a speed-up of 1.44× and 1.30× times.

• The small-sized models have notably fewer parameters
than the base models and are thus pruned 50% again
reaching 99% of the original performance. This leads
to a DeiT-Small size reduction of 32% and Swin-Small
reduction of 29% with 30% and 32% MACs savings re-
spectively for a total speed-up factor of 1.34× and 1.29×.

• Finally, for the DeiT- and Swin-Tiny models, we apply a
lower pruning rate of 45%, achieving 97% and 98% final
performance with 28% and 25% reductions in model size.
This translates to 25% and 28% fewer MACs, along with
speed-ups of 1.17× and 1.20× respectively.

• For the Base-Models, we demonstrate that when globally
pruning the MLPs by 20% the accuracy retention directly
after the one-shot structured pruning reaches 99% of the
unpruned performance without any fine-tuning. This al-
lows for an off-the-shelf 13% size and MACs reduction
and a speed-up of 1.11× for DeiT-Base and a similar re-
ductions for Swin-Base

All further pruning rates ranging from 5% to 50% for all
DeiT Models can be found in Appendix B.

Model Tiny Small Base Base
(Pruning Rate) (45%) (50%) (55%) (20%)

DeiT 1.17 1.34 1.44 1.11
Swin 1.20 1.27 1.30 1.10

Table 2. Speed-ups of the pruned models relative to the baseline
for different sizes and pruning rates.

Model MACs Param. Top-1 Acc. (%)

(G) (M) Ret. Final

DeiT-T 1.26 5.72 – 72.02
Magnitude 0.91 3.94 3.56 68.49
SNIP 0.91 3.94 24.89 69.10
VBP (ours) 0.91 3.94 39.58 70.61

DeiT-S 4.61 22.05 – 79.70
Magnitude 3.21 14.96 4.05 76.55
SNIP 3.21 14.96 52.39 77.27
VBP (ours) 3.21 14.96 64.44 78.62

DeiT-B 17.58 86.57 – 81.73
Magnitude 12.0 58.24 0.37 78.88
SNIP 12.0 58.24 53.24 80.40
VBP (ours) 12.0 58.24 66.40 80.99

Table 3. Comparison of different one-shot pruning scores in struc-
tured pruning to our VBP approach at fixed 50% pruning rates.
For constant MACs and parameters, our approach retains more
accuracy (Ret.) and reaches a higher final accuracy compared to
other pruning approaches.



Model MACs (G) Param. (M) Speed-Up Top-1 Acc. (%)

Ret. Final

DeiT-B 17.58 86.57 – – 81.73
ToMe-24 6.02 86.57 2.15 35.85 75.74
ToMe-14 & VBP 6.08 58.24 2.05 60.53 80.09

ToMe-20 7.14 86.57 1.84 66.31 78.66
ToMe-12 & VBP 6.90 58.24 1.83 62.09 80.29

ToMe-18 7.88 86.57 1.75 73.79 79.97
ToMe-10 & VBP 7.73 58.24 1.70 63.72 80.45

Table 4. Comparison of ToMe for different token reduction rates of 24, 20, and 18, with the hybrid combination of ToMe using token
reduction rates of 14, 12, and 10, and VBP using 50% pruning rates on top. Our hybrid method achieves significantly higher final
accuracies throughout while also providing reductions in parameters, for similar MACs and speed-ups. The hybrid model thereby
reaches speed-ups of up to 2.05× while maintaining competitive performance.

Model Epochs Param. Top-1 Acc. (%)

(M) Ret. Final

NViT (50 Ep.) 50 56.37 81.13 82.18

NViT (1 Ep.) 1 56.85 69.10 81.92
VBP (ours) 1 56.18 72.37 82.32

Table 5. Comparison with NViT using two pruning durations of 50
epochs (as originally proposed) and 1 epoch (similar to our VBP
approach), both followed by 10 epochs of fine-tuning. Our method
achieves higher accuracy immediately after pruning, before fine-
tuning (Ret.) compared to NViT with the same pruning duration,
and reaches a higher final accuracy than the 50-epoch NViT model
after fine-tuning for 10 epochs.

4.2. Performance Comparison

To facilitate direct comparisons of all models with different
sizes across all experiments, we fix the pruning rate at 50%
for all further experiments.

We demonstrate the effectiveness of our selection crite-
rion, by benchmarking against two other common and well-
established one-shot-pruning baselines, namely Magnitude
and SNIP, adapted for structured pruning. For a fixed prun-
ing rate of 50% using all selection criteria, this produces
identical parameter counts of 3.94, 14.96, and 58.24 million
parameters, as well as fixed 0.91, 3.21, and 12.00 GMACs
for the three model sizes. Our results indicate that VBP pro-
vides higher accuracy retention compared to the baselines,
improving DeiT-Base by 13.16%, DeiT-Small by 12.05%,
and DeiT-Tiny by 14.69% percentage points compared to
SNIP. This difference in accuracy retention yields a final
fine-tuned performance that is 0.59% to 1.51% percentage
points higher after fine-tuning.

4.3. SoTA Pruning Methods

To further validate our approach, we compare against
the SoTA structured transformer pruning method NViT
(CVPR’23). Specifically, we apply our method to the NViT
Base model (DeiT-Base distilled from RegNetY-160) and
run NViT with a latency target of 70%, pruning once for 50
epochs (as per the published results) and once for one epoch
(similar to our setup), with both scenarios followed by ten
epochs of fine-tuning using the NViT settings. In a simi-
lar pruning setting, VBP achieves a 0.4% percentage points
higher final accuracy, for similar number of parameters.

Finally, we demonstrate the orthogonality of VBP to
token-pruning methods by applying our method on top
of the SoTA token-merging approach, ToMe (ICLR’23).
We observe that the accuracy retention drops relative to
the baseline remains consistent for both the VBP-pruned
base DeiT model in Tab. 1 and the VBP- & ToMe-pruned
model. This relative consistency also persists throughout
fine-tuning, indicating that our method operates orthogo-
nally to ToMe in terms of performance.

Regarding the MAC savings it is important to note that
ToMe progressively reduces the throughput of tokens pro-
cessed across the layers. Later layers therefore process less
tokens, making pruning less effective. The relative MAC
savings from our hybrid method therefore decrease as the
network depth increases. Nonetheless, VBP additionally re-
duces the total parameter count, which cannot be achieved
by simply increasing the ToMe token reduction rate.

In fact, increasing the reduction rate to get an approxi-
mate 2× speed-up yields similar MAC savings but reduces
both the accuracy retention as well as the final accuracy
significantly. Instead applying VBP on top of ToMe with
a smaller reduction rate, allows more than 2× speed-ups
while still maintaining 98% of the original accuracy with
additional parameter savings.



Variance- Mean- Top-1 Acc. (%)

Based Shift Ret. Final

7 3 55.19 80.23
3 7 26.04 80.62
3 3 66.40 80.99

Table 6. Ablation study results showing the impact of Variance-
Based Pruning, and Mean-Shift Compensation on the retained ac-
curacy after pruning (Ret.), as well as the final: accuracy after
fine-tuning. Both steps together yield the highest accuracy of
80.99%.
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DeiT-Base.
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5. Analysis

To assess the contribution of each individual component of
our approach, we perform an ablation study in which we
systematically modify the pruning criterion and the Mean-
Shift Compensation. We report our results in Tab. 6.

Model MACs Param. Top-1 Acc. (%)

(G) (M) Ret. Final

Pre-Act. (eq. [23]) 12.0 58.24 0.43 77.92
Post-Act. (ours) 12.0 58.24 66.40 80.99

Table 7. Comparison of different locations for the activation statis-
tics computation in the network: before (Pre-Act.) as well as af-
ter the activation function (Post-Act.). For the same MACs and
parameters, using pruning rates of 50%, gathering statistics post-
activation significantly outperforms pre-activation in both accu-
racy retention (Ret.) as well as the final accuracy.

We first remove the variance-based pruning selection while
still shifting the mean activation to the next bias. Removing
the Variance-Based Pruning alone reduces the final accu-
racy by 0.76% percentage points.

We also remove the Mean-Shift Compensation while
pruning using the variance-based criterion. This improves
the final accuracy by 0.39% compared to using only the
Mean-Shift Compensation.

However, the best results are achieved when both
Variance-Based Pruning and Mean-Shift Compensation are
used together. As discussed in Sec. 3.2, replacing the re-
moved activations with their means is optimal when pruning
based on variance. When both components are combined,
the immediate accuracy retention increases by 11.21% per-
centage points, ultimately improving the fine-tuned accu-
racy by an additional 0.37%. This highlights the signifi-
cance of both components.

5.1. Sensitivity of Variance Thresholding

We further examine the stability of the activation variance
criterion by applying different pruning rates to the DeiT-
Base model, and plotting the accuracy retention and final
accuracy in Fig. 2. We observe that for smaller pruning rates
(up to around 25%), the accuracy retention is high enough to
allow for off-the-shelf deployment without any fine-tuning.

Beyond these rates, the accuracy begins to degrade more
noticeably, reflecting the non-uniform distribution of neu-
ron variances, as seen in Fig. 3. Notably, to account for
10% of the cumulative variance across all neuons, nearly
60% of the lowest-variance neurons are needed. This is a
disproportionately large share compared to the next 15% of
neurons that also account for 10% of the total variance in
a layer. Consequently, more aggressive pruning leads to
an increasingly faster reduction in the total variance and
thus expressiveness of the network. Nevertheless, signifi-
cant performance issues arise only at very high pruning lev-
els, validating the feasibility of our method over a broad
range of pruning rates (see Appendix B).



Model MACs (G) Parameters (M) Top-1 Acc. (%)

Full VBP Full VBP Full Retention VBP

ConvNeXt-T 4.47 2.96 (-33.8%) 28.59 12.61 (-55.9%) 82.90 16.80 (20.3%) 81.30 (98.1%)
ConvNeXt-S 8.71 5.11 (-41.3%) 50.22 23.50 (-53.2%) 84.57 30.92 (36.6%) 82.82 (97.9%)
ConvNeXt-B 15.38 8.91 (-42.1%) 88.59 41.32 (-53.4%) 85.51 57.10 (66.8%) 83.40 (97.6%)

Table 8. Results comparing the full ConvNeXt baseline models with the VBP models using a pruning rate of 50%. The MACs are reduced
by up to 42% and parameters by over 50% while reaching competitive final accuracies of 98% original performance.

Model Tiny Small Base

ConvNeXt 1.28 1.42 1.49

Table 9. Speed-ups of the pruned models relative to the baseline
for different-sized ConvNeXt models.

5.2. Application Pre- vs. Post-Activation
While Sec. 3.2 shows that our mean-replacement strategy
can be grounded in theory for any distribution, the question
remains whether the variance should be measured before or
after the activation function. The Central Limit Theorem
confirms that pre-activation sums (composed of indepen-
dent weight contributions) tend to approximate a normal
distribution. However, once the nonlinearity σ is applied,
this distribution changes. Consequently, the pre-activation
variance does not necessarily correlate with the neuron im-
portance for retaining accuracy in an already trained model.

For instance, highly varying negative activations are
compressed into range of about (−0.2, 0) by GeLU, reduc-
ing their variance. As a result, such a neuron would be
less likely to be pruned in a pre-activation setting and more
likely to be pruned post-activation (see Appendix E).

To validate this experimentally, we tested an alterna-
tive design in which pruning decisions are made based on
the pre-activation variance in Tab. 7. While this approach
has been successfully applied when pruning during training
[23], we find that in a trained network setting, it signifi-
cantly degrades performance. Therefore, measuring vari-
ance post-activation better captures neuron importance in
already trained models, and helps maintain model perfor-
mance despite structural modifications.

5.3. Other Transformer-Like Architectures
While our method is broadly applicable to any model con-
taining MLP layers, network architectures that have more
and larger MLPs benefit more from VBP. We therefore ap-
ply our pruning on ConvNeXt as a transformer-like archi-
tecture, that relies heavily on MLP layers, to further evalu-
ate the generilizability of our method.

We summarize our performance comparisons for Con-
vNeXt in Tab. 8. We achieve significant parameter reduc-

tions of over 50% throughout all three sizes and reduced
MACs by 34% for ConvNeXt-Tiny and over 40% for the
larger sizes, while maintaining 98% of the original accu-
racy after 10 epochs of fine-tuning across the board. The
corresponding speed-ups are listed in Tab. 9, and reach up
to 1.49× for ConvNeXt-Base.

Noteably, we observe significantly less accuracy reten-
tion throughout the smaller sized models compared to the
true transformers. We attribute this to the fact that the
ConvNeXt architecture is built upon convolutions, which
have significantly higher costs compared to their parame-
ters. Consequently, since the MLPs take over a higher over-
all percentage of the total capacity, removing a similar frac-
tion of neurons causes a relatively higher drop in accuracy
retention. By contrast, transformers typically have less pa-
rameters in their MLP relatively speaking, therby allowing
for higher pruning rates while maintaining capacity.

6. Conclusion

We introduce VBP, a one-shot pruning method, designed
to remove neurons based on their statistical importance in
a single pruning operation while minimizing accuracy loss
by integrating their mean activations in a Mean-Shift Com-
pensation step.

Our experiments demonstrate that VBP retains model
performance significantly better than existing structured
pruning methods. By taking advantage of trained networks,
our approach provides a favourable starting point for the
subsequent finetuning, eliminating the need for extensive
retraining and thereby making it practical for low-cost de-
ployment.

Furthermore, we show that VBP operates orthogonally
to SoTA token pruning methods, allowing it to be seam-
lessly combined with approaches like ToMe to achieve even
greater computational savings.

We believe that the simplicity and efficiency of our ap-
proach contributes to the democratization of deep learning
by enabling a wider reuse of trained networks and hope it
inspires further research in the CV community toward effi-
cient model compression techniques.
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