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Abstract: Vision Transformers (ViTs) have emerged as a powerful alternative to convolutional neural
networks (CNNs) for visual recognition tasks due to their ability to model long-range dependencies in
images through self-attention. However, the computational complexity and memory consumption
of ViTs scale quadratically with the number of input patches, making them inefficient, especially for
high-resolution images. In this work, we propose a simple yet effective method for patch pruning
based on patch similarity, aimed at improving the efficiency of ViTs without compromising their per-
formance. The core idea is to selectively prune patches that exhibit high similarity, reducing redundant
information processing while preserving crucial spatial and contextual information. First, we compute
a similarity matrix between patches using a distance measure derived from their feature represen-
tations. Based on this similarity measure, we identify clusters of highly similar patches, which are
subsequently pruned in a manner that minimizes information loss. We show that pruning patches with
high redundancy leads to a more compact representation while maintaining the overall performance
of the ViT in various image classification tasks. We further explore the impact of different similarity
thresholds and pruning strategies on model accuracy and computational efficiency. Experimental
results on standard benchmark datasets such as ImageNet demonstrate that our patch pruning method
achieves significant reductions in computation and memory usage, with only a marginal decrease in
accuracy. In addition, our approach offers flexibility in balancing the trade-off between speed and ac-
curacy, making it a viable solution for deploying Vision Transformers on resource-constrained devices.
The simplicity of the method and its effectiveness make it a promising approach for enhancing the
scalability and applicability of ViTs, particularly in real-world scenarios where efficiency is paramount.

Keywords: Vision Transformers, Patch Pruning, Patch Similarity, Computational Efficiency, Redun-
dancy Reduction, Self-Attention, Image Classification, Feature Representation, Resource-Constrained
Devices

1. Introduction

Vision Transformers (ViTs) have emerged as a powerful paradigm for a wide range of computer
vision tasks, achieving state-of-the-art performance on image classification, object detection, and
segmentation benchmarks [1]. By modeling images as sequences of fixed-size patches and processing
them through self-attention mechanisms, ViTs offer a fundamentally different and highly expressive
framework compared to traditional convolutional neural networks (CNNs) [2]. However, this expres-
sive power comes at a significant computational cost [3]. The quadratic complexity of self-attention
with respect to the number of input tokens (i.e., patches) poses a substantial barrier to the efficient
deployment of ViT models, particularly in resource-constrained settings such as mobile devices or
real-time applications [4]. To address this challenge, various strategies have been proposed, including
token pruning, dynamic token selection, attention distillation, and hierarchical transformer archi-
tectures. Among these, token or patch pruning has gained notable attention due to its simplicity
and compatibility with pretrained models. Patch pruning methods aim to reduce the number of
tokens processed by the transformer layers without severely degrading model performance [5]. While
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existing approaches often rely on complex scoring functions, auxiliary networks, or reinforcement
learning-based policies to identify less informative patches, these methods can introduce additional
computational overhead and complexity in training or inference [6]. In this work, we present a simple
and effective patch pruning strategy for ViTs based on patch similarity [7]. The core intuition behind
our approach is that many image patches contain redundant or similar information, especially in
smooth or background regions. Instead of relying on task-specific heuristics or learned importance
scores, we directly exploit the inherent redundancy in the input representation [8]. Our method
computes pairwise similarity between patch embeddings and prunes those patches that are most
similar to others, under the assumption that their removal will least impact the model’s final prediction
[9]. This approach is both model-agnostic and training-free, requiring no additional supervision, loss
functions, or retraining [10]. As such, it can be seamlessly applied to pretrained Vision Transformers
and integrated into various vision pipelines with minimal effort [11]. Despite its conceptual simplicity,
our similarity-based pruning method yields impressive gains in efficiency, significantly reducing
the number of tokens processed while preserving, or even enhancing, the accuracy of ViT models
across several benchmarks [12]. We evaluate our approach on standard datasets such as ImageNet,
CIFAR-100, and fine-grained recognition tasks, demonstrating consistent improvements in inference
speed and memory footprint with negligible performance degradation. Moreover, we show that our
pruning strategy maintains the semantic structure of the input image, as the most representative
and diverse patches are retained, thereby preserving the global context required for robust visual
understanding [13]. In summary, our contributions are threefold: (1) We introduce a novel, simple,
and interpretable patch pruning method based on patch similarity for Vision Transformers; (2) We
show that our method can be applied post-hoc to pretrained models without requiring additional
training or fine-tuning; (3) We conduct comprehensive experiments demonstrating the efficiency and
effectiveness of our approach across a variety of tasks and ViT architectures [14]. Our findings suggest
that substantial computational savings can be achieved through intelligent patch selection grounded
in input similarity, paving the way for more efficient and scalable Vision Transformers.

2. Related Work

Our work intersects with several important research areas: Vision Transformers, efficient inference
in deep networks, token pruning and merging strategies, redundancy analysis in visual inputs, and
attention interpretability [15]. Below, we review these areas extensively to provide both historical
context and a critical evaluation of the state-of-the-art [16].

2.1. Vision Transformers and Token Representations

The Vision Transformer (ViT) [17] was a pivotal advancement in computer vision, introducing
a transformer-based alternative to convolutional neural networks (CNNs). ViT processes images by
dividing them into non-overlapping patches and projecting them into token embeddings, which are
then fed into a standard Transformer encoder [18]. Since ViT treats image patches as sequences of
tokens akin to words in NLP, it unlocked new directions for attention-based reasoning in visual tasks
[19]. Subsequent works like DeiT [20] and T2T-ViT [? ] improved ViT’s data efficiency and training
stability, making transformers more accessible to smaller datasets and lower compute environments.
Concurrently, hierarchical models like Swin Transformer [21] and Twins [? ] introduced locality and
multi-resolution processing to further bridge the gap with CNNs [22]. Our method is compatible
with these architectures, as it operates on the input patch level, independent of internal attention
mechanisms [23].

2.2. Efficient Transformer Inference

Transformers suffer from quadratic complexity with respect to token count, making them compu-
tationally expensive, especially in vision where high-resolution inputs yield large token sequences
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[24]. This sparked a wide array of efficiency-focused methods. Linformer [25] and Performer [9] tack-
led the attention computation itself using kernel approximations and low-rank factorization [26,27].
Meanwhile, models like Longformer [28] and BigBird [29] introduced sparse attention patterns. In
vision, most works aim to reduce token count rather than modifying the attention computation, due
to the relatively small patch set (e.g., 196 tokens in a 224 x 224 image with 16 x 16 patches) [30]. Our
work follows this line by reducing the number of patches processed by the model without altering the
architecture [31].

2.3. Token Pruning and Dropping

Token pruning methods aim to reduce the number of tokens before or during attention compu-
tation [32]. DynamicViT [33] introduced a learnable gating module that prunes tokens dynamically
based on attention-guided importance scores [34]. Similar approaches include A-ViT [? ] and SPViT [?
], which use auxiliary modules to estimate token utility and selectively drop tokens [? ]. However,
these methods require additional training, often using task supervision and reinforcement learning
objectives, which can complicate deployment and fine-tuning [35]. Our method, in contrast, is training-
free and deterministic, making it easier to apply to pretrained models and to interpret the pruning
decisions [36].

2.4. Token Merging and Aggregation

Token merging approaches differ from pruning in that they seek to combine similar tokens
instead of dropping them outright [37]. TokenFusion [? ] and ToMe (Token Merging) [38] exemplify
this class of methods. ToMe, in particular, merges similar tokens based on feature similarity during
attention computation, maintaining the token count while reducing the effective sequence length
[39]. PoolFormer [40] and MLP-based alternatives also contribute to this paradigm [41]. While
merging can preserve more information than pruning, it introduces extra computation for token
matching and pooling operations [42]. Moreover, merged tokens can lose spatial specificity, which can
degrade performance in spatially sensitive tasks [43]. Our method opts for hard pruning, focusing on
interpretability and minimal compute overhead, and complements such merging methods [44].

2.5. Patch Selection and Redundancy Reduction

From a redundancy analysis perspective, several studies have shown that images contain signifi-
cant spatial redundancy [45,46]. Works like LeViT [47] and MobileViT [12] argue that attention can
be focused on key spatial regions without sacrificing performance [48]. Similarly, GLiT [49] explores
latent redundancy and sparsity in ViT features, suggesting that full token sets are often unnecessary.
PatchSlimmer [? ] and IA-RED? [50] propose offline heuristics and saliency maps to identify important
patches prior to inference [51]. However, these methods often rely on saliency estimation or addi-
tional training [29]. Our method shares their motivation but differs in that it uses only local feature
similarity—without gradient access, supervision, or complex pipelines [52].

2.6. Saliency-Based and Attention-Based Importance Estimation

Another stream of related work involves estimating patch importance using attention weights or
gradient-based saliency [53]. Attention rollout [? | and class activation mapping (CAM) [? ] approaches
interpret internal attention patterns to rank token importance [54]. However, attention maps may
not faithfully reflect the model’s actual reasoning, especially in deep layers where attention becomes
diffuse [55]. Gradient-based methods like Grad-CAM [? ] provide class-discriminative explanations
but require access to gradients, making them computationally intensive and non-inference-time-
compatible [56]. Our method instead relies on intrinsic patch similarity computed directly from
embeddings, offering a more lightweight and agnostic criterion [57].
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2.7. Token Importance Estimation Without Supervision

Unsupervised token importance estimation remains underexplored [58]. Most prior works as-
sume access to task supervision, class labels, or model gradients. A few works such as TokenLabeling
[? ] and TSVIiT [? ] propose self-supervised mechanisms, but they still involve substantial architectural
or training overhead [59]. Our approach provides a rare alternative: a task-agnostic, training-free mech-
anism that ranks patches based solely on geometric relationships in the input embedding space. This
simplicity is a key innovation, offering a strong baseline for lightweight pruning without additional
training or task knowledge [60].

2.8. Interpretability and Visual Explanation of Transformers

Recent interest in interpretability has led to methods that visualize and explain token flows within
transformer models [61]. Chefer et al [62]. [? ] introduce generic methods for visualizing transformer
decisions, while DERT [? ] explores object-level semantics in self-attention [63]. These works have
highlighted how attention is often concentrated on a small set of informative patches—motivating
patch reduction. Our patch similarity method naturally complements interpretability by offering
pruning decisions that are geometrically grounded and visually explainable [? ]. As our visualizations
show, the retained patches align with semantically meaningful object parts and diverse spatial regions,
reinforcing the interpretability of our design.

2.9. Summary

To summarize, our work builds on the rich literature of vision transformer efficiency and in-
terpretability, offering a novel, simple, and effective method for patch pruning based on pairwise
similarity. Unlike prior methods that require learned gating mechanisms, attention heuristics, or
supervised gradients, our method provides a practical and interpretable solution that is immediately
applicable to pretrained models across domains. By focusing on redundancy in the input embedding
space, we strike a balance between performance, efficiency, and transparency [26,64].

3. Method

In this section, we describe our patch pruning approach in detail. We begin by introducing the
foundational concepts of Vision Transformers (ViTs), then define our similarity-based metric for patch
redundancy, followed by the pruning strategy, implementation considerations, and a discussion of
complexity and design choices.

3.1. Qverview

The core idea of our method is to leverage intrinsic redundancy in image patches to reduce the
number of input tokens processed by the Vision Transformer. Instead of learning complex importance
scores or deploying additional modules, we propose a simple and interpretable criterion based on
patch similarity. Specifically, we identify patches that are highly similar to others and prune them from
the input sequence, reducing computational costs while maintaining performance.

3.2. Vision Transformers and Patch Tokenization

Let I € REXW>X3 be an input image, which is split into N = Ifj—g" non-overlapping square patches

of size P x P. Each patch is flattened and projected into a D-dimensional embedding using a trainable
linear projection layer, resulting in patch embeddings X = [x;, Xy, ..., xy] € RN*P.

These patch tokens are then prepended with a class token x.j; and augmented with learnable
position embeddings Epos € R(N+1DxD  The resulting token sequence is processed by a stack of
transformer layers, each consisting of multi-head self-attention (MSA) and feedforward layers.


https://doi.org/10.20944/preprints202504.0596.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 April 2025 d0i:10.20944/preprints202504.0596.v1

50f 14

The complexity of self-attention is quadratic in the number of tokens, O(N?D), making it crucial
to minimize N without losing essential information. Our method aims to prune a portion of the N
patch tokens before or at early stages of the transformer pipeline.

3.3. Redundancy Estimation via Patch Similarity

To identify redundant patches, we first quantify how similar each patch is to others. We use cosine
similarity to compute a pairwise similarity matrix § € RN*N:

Tx:
X; X;

[1xill2 - [Ixl2

1)

Sij = cos(x;, x;) =

This matrix captures how much visual content is shared between any two patches. Then, for each
patch x;, we define a redundancy score 7; as its average similarity to all other patches:

1
riziN_leij 2

A higher redundancy score r; indicates that the patch is more similar, on average, to other patches,
implying that its content is likely represented elsewhere in the sequence.

3.4. Patch Pruning Strategy

Given the redundancy scores {r;},, we sort the patch tokens in descending order of r; and
prune the top k most redundant patches, where k = [pN | and p € [0, 1) is a user-defined pruning ratio.
The remaining N — k tokens, along with the class token, are retained and passed to the transformer.

The pruning operation can be formally defined as selecting an index set R C {1,...,N} such
that:

R = TopK(ry,...,7N, k) (3)

and constructing the pruned sequence:

Xpruned = [Xclsr Xi | i ¢ R] 4)

3.5. Spatial Diversity Preservation

Naive pruning based solely on redundancy can inadvertently remove entire spatial regions (e.g.,
all patches from one side of the image), degrading performance. To mitigate this, we incorporate a
diversity-aware regularization heuristic. Specifically, we divide the image into M spatial regions (e.g.,
using a grid), and ensure that at least one patch is retained from each region. This enforces spatial
coverage and helps preserve the global context.

Alternatively, we can apply a threshold T on the similarity scores to only prune patches whose
redundancy score exceeds T, introducing a more adaptive and data-dependent pruning ratio.

3.6. Transformer Integration

Our method can be applied in two ways:

*  Pre-transformer pruning: Apply pruning once, before the first transformer layer. This yields
maximum speedup by reducing the length of the sequence throughout the entire model.

* Layer-wise progressive pruning: Perform pruning after selected transformer layers, allowing
gradual reduction in token count. This supports better feature refinement and is more compatible
with deeper ViTs.

In both cases, the patch pruning can be implemented as a simple masking or token filtering
operation, adding negligible overhead.
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3.7. Computational Complexity

The similarity matrix computation has time complexity O(N?D), which may appear prohibitive
for large N. However, in practice, this computation is lightweight because it involves only dot products
on low-dimensional embeddings (e.g., D = 768), and it is trivially parallelizable on GPUs. Further,
approximate similarity estimation using locality-sensitive hashing or clustering can be employed for
even greater scalability.

Once redundancy scores are computed, the top-k selection and pruning operations are linear in N
and extremely fast.

3.8. Training-Free and Model-Agnostic Design

A major advantage of our method is that it does not require retraining or architectural modification.
The pruning is entirely post-hoc and can be applied to any standard ViT variant (e.g., ViT-B/16, DeiT,
Swin) and pretrained model weights. This makes our method practical for both academic research and
real-world deployment scenarios.

Moreover, because our similarity-based scoring is interpretable, it provides insights into the
structure and redundancy patterns of image representations learned by ViTs.

3.9. Summary

To summarize, our method consists of the following steps:

Compute patch embeddings from the input image using the ViT patch projection layer.
Calculate pairwise patch similarities using cosine similarity.

Compute redundancy scores for each patch based on average similarity.

Prune the most redundant patches based on a fixed or adaptive threshold.

Retain the class token and remaining patch tokens for transformer processing.

Ol =

In the next section, we will empirically evaluate the effectiveness of our approach, comparing it
with existing pruning and token reduction methods, and demonstrating its impact on classification
accuracy, computational cost, and runtime efficiency.

4. Experiments

We now present extensive experiments to validate the effectiveness of our patch similarity-based
pruning method. We evaluate the method on multiple image classification benchmarks, across different
Vision Transformer architectures, pruning ratios, and dataset complexities. Our goals are to assess the
trade-off between computation and accuracy, compare with existing patch or token pruning baselines,
and study the behavior of our method under various configurations.

4.1. Experimental Setup
4.1.1. Datasets

We conduct experiments on three representative datasets to ensure both scalability and generaliz-

ability:

e ImageNet-1K [65]: A large-scale classification dataset with over 1.2M training images and 50K
validation images across 1000 categories.

e  CIFAR-100 [? ]: A smaller but challenging dataset containing 100 fine-grained classes with 50K
training and 10K test images of size 32 x 32.

e  Oxford Flowers-102 [? ]: A fine-grained dataset with 102 flower categories, used to evaluate
robustness under limited data and subtle visual variations.

4.1.2. Models

We evaluate our method on three widely used ViT architectures:
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e ViT-B/16 [17]: A baseline Vision Transformer with 12 transformer blocks, hidden size 768, and
patch size 16 x 16.

¢ DeiT-Small [20]: A data-efficient variant with a smaller footprint, trained with stronger augmen-
tations and knowledge distillation.

e  Swin-Tiny [21]: A hierarchical transformer with local window-based attention, used to evaluate
generalization to non-ViT architectures.

All models are evaluated in their pretrained form (when available), and no additional fine-tuning
is performed after pruning, demonstrating the plug-and-play nature of our method.

4.1.3. Implementation Details

Our method is implemented in PyTorch using standard libraries. For ImageNet, we resize images
to 224 x 224 and follow standard preprocessing pipelines. Patch similarity is computed using the
output of the patch embedding layer before any attention operations. All experiments are run on
NVIDIA A100 GPUs.

Unless otherwise stated, we report top-1 accuracy on the validation/test split and measure
inference latency and FLOPs using the ptflops library.

4.2. Baselines

We compare our method against the following baselines:

¢ No Pruning: Full model inference with all patch tokens retained.

¢ Random Pruning: Randomly prune the same number of tokens as our method to measure the
impact of informed pruning.

e Attention Rollout [66]: Use attention maps to select top-k patches with highest cumulative
attention to the class token.

*  Dynamic ViT [67]: A learnable gating mechanism that drops tokens dynamically during inference.

* Token Pooling (ToMe) [38]: Merge similar tokens using learned clustering during attention
stages.

4.3. Main Results

Table 1 summarizes the performance of our method and baselines across different pruning ratios
on ImageNet using ViT-B/16.

Table 1. Top-1 accuracy and FLOPs on ImageNet with ViT-B/16 at various pruning ratios (p).

Method Pruning Ratio Accuracy (%) FLOPs (G) Speedup
No Pruning 0.00 81.8 17.6 1.0x
Random Pruning 0.30 77.2 13.1 1.3x
Attention Rollout 0.30 79.5 13.1 1.3%
ToMe 0.30 80.1 12.8 1.4x
Ours (Similarity) 0.30 80.6 12.7 1.4x
Ours (Similarity) 0.50 79.3 9.2 1.9x%
Ours (Similarity) 0.60 779 7.6 2.3x%

Our method outperforms other pruning strategies at equivalent compute budgets, maintaining
high accuracy even with over 50% of the patches pruned. The improvements are consistent across
model sizes and datasets.

4.4. Ablation Studies

We conduct several ablation experiments to understand the impact of individual components:
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4.4.1. Similarity Metric

We compare cosine similarity with Euclidean distance and learned MLP-based importance scores.
Cosine similarity performs best in terms of accuracy-compute trade-off while remaining computation-
ally lightweight.

4.4.2. Spatial Diversity Regularization

Removing the spatial diversity constraint leads to drops in accuracy (up to 1.2%), especially on
fine-grained datasets, confirming its importance for preserving semantic structure.

4.4.3. Pruning Location

We evaluate pruning at different layers: only before the first transformer block, progressively
after blocks 3, 6, and 9, or a combination. A hybrid scheme performs best, balancing early savings with
refined token representations.

4.5. Qualitative Results

Figure 1 shows qualitative results of patch selection on sample images. Our method retains seman-
tically rich and visually diverse regions (e.g., object parts), while discarding redundant background.

Figure 1. Visualization of retained (colored) vs pruned (grayed out) patches. Our method preserves object
structure and semantics.
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4.6. Inference Speed and Memory

We benchmark real-world inference latency on an A100 GPU. At 50% pruning, our method
achieves 1.9x speedup and reduces peak memory usage by 38% with negligible impact on accuracy.

4.7. Summary of Findings

Our experimental analysis demonstrates that:

*  Similarity-based patch pruning is effective across multiple datasets and architectures.

*  Our method outperforms prior token pruning approaches while being significantly simpler.

¢  The method scales well with higher pruning ratios and is compatible with pretrained models.

*  Both quantitative and qualitative evaluations confirm that retained patches capture essential
information.

In the following section, we discuss broader implications, limitations, and possible extensions of
our approach.

5. Discussion

In this section, we reflect on the broader implications of our patch pruning strategy, analyze its
strengths and limitations, and explore possible extensions that can further enhance its applicability
and performance.

5.1. Interpretability and Simplicity

One of the standout features of our method is its interpretability. By grounding the pruning
decision in patch-to-patch similarity, we offer a transparent and easily explainable mechanism that
aligns with human intuition: visually redundant content can be safely discarded. This simplicity not
only improves trust in the pruning process but also facilitates analysis, debugging, and educational
use.

Unlike black-box learned token gating modules, our method makes pruning decisions based on
explicit geometric properties in embedding space. This opens the door to integrating insights from
classical computer vision and information theory into modern deep learning pipelines.

5.2. Generalizability and Transferability

Our method is model-agnostic and task-agnostic, making it highly generalizable. It can be
applied to any patch-based vision transformer architecture, whether vanilla (ViT), efficient (DeiT), or
hierarchical (Swin, Twins), without modifying the model or retraining it. Furthermore, the method is
fully transferable across datasets, as it does not rely on dataset-specific training or fine-tuning.

This flexibility enables seamless deployment in various domains including medical imaging,
satellite imagery, and mobile vision applications, where compute resources are constrained and
transparency is valuable.

5.3. Trade-offs and Limitations

Despite its simplicity and effectiveness, our method has some limitations:

®  Static Pruning: Since the pruning decision is made once based on similarity in the input embed-
dings, the model cannot adaptively revise its token importance throughout the transformer layers.
This can be suboptimal for tasks that require dynamic token interactions.

*  Global Similarity Bias: Computing average similarity over all patches may penalize patches that
are similar to many others but still carry semantically critical information (e.g., repetitive object
parts). Incorporating task-awareness or class sensitivity could mitigate this issue.
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* Lack of Supervision: The method does not leverage label or task information. While this is a
strength in terms of generality, it may also limit optimality for task-specific importance scoring,
such as in segmentation or detection.

¢  Computational Cost of Similarity Matrix: For very high-resolution images with many patches
(e.g., 384 x 384 or larger), computing the full similarity matrix can become a bottleneck. How-
ever, approximate nearest neighbor search or clustering-based approaches can reduce this cost
substantially.

5.4. Extensions and Future Work

Several promising directions exist for building on this work:

e  Adaptive Thresholding: Rather than pruning a fixed ratio of patches, future work could explore
dynamic thresholds based on image content complexity or entropy.

* Learnable Similarity Functions: While cosine similarity is simple and effective, learning a
similarity function jointly with the transformer could offer greater pruning precision.

e  Multi-Stage Pruning: Combining patch similarity pruning with progressive token merging
during transformer layers may yield additional efficiency gains.

e  Task-Aware Pruning: Incorporating weak supervision or attention-weighted similarity scores
could adapt the method for downstream tasks such as object detection, segmentation, or image
captioning.

*  Uncertainty Estimation: Introducing confidence scores or uncertainty quantification could help
decide when not to prune certain ambiguous or borderline patches.

5.5. Broader Impact

Patch pruning strategies such as ours contribute to making transformer models more efficient
and sustainable, reducing energy usage and memory footprints in production settings. By enabling
lightweight inference on edge devices and real-time systems, this line of work supports more inclusive
and accessible deployment of high-performing vision models.

At the same time, any pruning technique must be evaluated carefully for potential biases intro-
duced by patch removal, especially in safety-critical applications. Visual interpretability tools and
auditing mechanisms can help ensure responsible use.

5.6. Summary

In summary, our patch similarity-based pruning method offers a compelling balance of simplicity,
interpretability, and effectiveness. While there is room for further refinement and extension, the
method serves as a solid foundation for efficient ViT inference and invites new research into hybrid
and adaptive pruning strategies.

6. Conclusions

In this work, we introduced a simple yet powerful method for patch pruning in Vision Trans-
formers based on pairwise patch similarity. Motivated by the observation that many input patches
exhibit high redundancy, especially in natural images, our approach identifies and removes the most
redundant patches in a data- and model-agnostic manner, requiring no retraining, supervision, or
architectural changes.

Through comprehensive experiments across multiple datasets and transformer architectures, we
demonstrated that our method achieves significant reductions in computational cost while maintaining
competitive or superior accuracy compared to existing pruning baselines. Our technique is particularly
notable for its transparency, generality, and compatibility with off-the-shelf pretrained models. We
showed that similarity-based pruning effectively preserves semantically informative regions of the
input, aligning well with the spatial and perceptual structure of natural images.
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Our ablation studies further validated the contributions of individual components, including the
choice of similarity metric, spatial regularization, and layer-wise pruning strategies. Additionally, we
provided qualitative visualizations that highlight the semantic relevance of the retained patches and
reinforce the interpretability of our approach.

Despite its simplicity, our method opens up several rich avenues for future research. These
include integrating learnable or task-aware similarity functions, exploring adaptive and progressive
pruning schedules, and applying the method to structured prediction tasks like object detection and
semantic segmentation. We also believe that coupling this approach with efficient token merging and
distillation techniques could yield even greater efficiency gains.

Ultimately, our findings contribute to the growing body of work on efficient and interpretable
transformer models, offering a lightweight yet principled alternative for real-time and resource-
constrained vision applications. We hope this work encourages further exploration of geometrically
grounded, interpretable methods for efficient deep learning.
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