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Abstract

Vision Transformers (ViTs) have emerged as a dominant class of deep
learning models for image recognition tasks, demonstrating superior per-
formance compared to traditional Convolutional Neural Networks (CNNs)
across various benchmark datasets. However, the computational complex-
ity and memory consumption associated with ViTs remain significant chal-
lenges, particularly when applied to large-scale datasets or deployed in
resource-constrained environments. One of the key contributors to this in-
efficiency is the patch-based approach utilized by ViTs, where images are
divided into fixed-size patches, and each patch is treated as an indepen-
dent token. This results in a large number of tokens and thus a substantial
computational burden in both the attention mechanism and the subsequent
layers of the model. In recent years, several strategies have been proposed
to mitigate the inefficiencies introduced by the patching mechanism, col-
lectively referred to as Patch Slimming techniques. These techniques aim
to reduce the number of patches or tokens, either through selective patch
pruning, token aggregation, or dynamic patch selection, while maintaining
or even improving the model’s performance. The idea behind Patch Slim-
ming is to reduce the amount of redundant information processed by the
model, enhance computational efficiency, and decrease memory overhead,
without compromising the model’s capacity to capture meaningful features
in the input image. This survey presents a comprehensive review of the
state-of-the-art Patch Slimming techniques for Vision Transformers. We
begin by providing a brief overview of Vision Transformers and their inher-
ent inefficiencies, followed by an in-depth discussion of various Patch Slim-
ming methods, including token pruning, patch aggregation, attention-based
patch selection, and hybrid approaches that combine multiple strategies. For
each method, we examine the underlying principles, implementation details,
advantages, and limitations, as well as the trade-offs involved in adopting
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these techniques for different types of vision tasks. Additionally, we present
a detailed analysis of the impact of Patch Slimming on model accuracy,
computational cost, and memory consumption, supported by empirical re-
sults from recent research. Furthermore, we explore the integration of Patch
Slimming with other optimization techniques such as knowledge distillation,
model quantization, and hardware-aware design, to further enhance the effi-
ciency of ViTs. We also provide insights into future directions for research in
this area, highlighting promising avenues such as adaptive patch selection,
transformer model compression, and the use of advanced neural architec-
ture search algorithms for efficient patch representation. Finally, we discuss
the challenges and open questions in the field, including the trade-offs be-
tween accuracy and efficiency, the potential for real-time deployment, and
the generalization of Patch Slimming techniques across diverse vision tasks.
In summary, this survey serves as a valuable resource for researchers and
practitioners interested in improving the efficiency of Vision Transformers.
By providing a thorough review of the existing Patch Slimming methods,
their applications, and future research directions, we aim to contribute to the
ongoing efforts to make Vision Transformers more accessible and practical
for real-world applications, particularly in scenarios where computational
resources are limited.

Keywords: Vision Transformers, Patch Slimming, Computational Efficiency,
Self-Attention, Token Pruning, Token Aggregation, Model Optimization, Image
Classification, Transformer Efficiency, Memory Reduction, Computational Com-
plexity, Adaptive Token Selection, Deep Learning, Computer Vision.

1 Introduction
The advent of Vision Transformers (ViTs) has significantly transformed the land-
scape of computer vision, offering competitive performance across a wide range
of visual recognition tasks [1]. Unlike traditional Convolutional Neural Networks
(CNNs), which rely on localized receptive fields and hierarchical feature extraction,
ViTs leverage the self-attention mechanism to capture long-range dependencies
and global contextual information. This architectural shift has led to substantial
improvements in image classification, object detection, and semantic segmenta-
tion [2]. However, despite their remarkable success, ViTs suffer from substantial
computational and memory costs, primarily due to their quadratic complexity in
computing self-attention across all image patches. As a result, deploying these
models in resource-constrained environments, such as edge devices and real-time
applications, remains a formidable challenge. To address these computational inef-
ficiencies, researchers have explored various techniques aimed at reducing the cost
of ViTs while maintaining their performance. One promising direction is patch
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slimming, a technique that seeks to optimize the number and arrangement of in-
put patches to enhance efficiency [3]. Unlike methods that focus on model pruning,
knowledge distillation, or token merging at later layers, patch slimming emphasizes
early-stage efficiency improvements by selectively reducing redundant or uninfor-
mative patches before they enter the Transformer pipeline [4]. This approach offers
several advantages, including lower computational overhead, reduced memory foot-
print, and improved inference speed [5]. Patch slimming techniques can be broadly
categorized into static and dynamic methods [6]. Static patch selection methods
involve predefined strategies such as uniform downsampling, adaptive grid-based
selection, or fixed low-rank representations [7]. These approaches are straight-
forward to implement and do not require additional computational overhead at
inference time [8]. However, they often lack adaptability to different input images,
potentially discarding critical information. On the other hand, dynamic patch se-
lection methods leverage learnable mechanisms, such as attention-based sampling,
reinforcement learning, or differentiable selection policies, to adaptively determine
the most informative patches for each input image [9]. While these methods intro-
duce additional computational cost during training, they offer greater flexibility
and performance improvements. Another important aspect of patch slimming is
the trade-off between computational efficiency and accuracy [10]. Aggressive re-
duction of input patches can lead to information loss, negatively impacting model
performance [11]. To mitigate this, researchers have proposed hybrid strategies
that combine patch slimming with feature distillation, hierarchical token merg-
ing, or adaptive reweighting mechanisms. Additionally, recent advancements in
hardware-aware optimizations have enabled more efficient deployment of patch-
slimmed ViTs on specialized accelerators such as TPUs, FPGAs, and low-power
AI chips [12]. Given the growing interest in efficient Transformer models, this
survey provides a comprehensive review of the latest advancements in patch slim-
ming techniques [13]. We systematically categorize existing approaches, analyze
their advantages and limitations, and discuss potential research directions for fu-
ture improvements [14]. By synthesizing insights from recent literature, this work
aims to provide a deeper understanding of how patch slimming can be leveraged
to develop more efficient and scalable Vision Transformers. Our contributions can
be summarized as follows:

• We provide a detailed taxonomy of patch slimming techniques, differentiat-
ing between static and dynamic strategies and highlighting their respective
trade-offs [15].

• We analyze the impact of patch slimming on model efficiency, accuracy, and
deployment considerations, shedding light on the practical implications of
these methods [16].
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• We discuss emerging trends and potential future directions in the field, in-
cluding self-adaptive pruning, multimodal patch selection, and hardware-
efficient implementations [17].

The rest of this survey is organized as follows. Section 2 provides a back-
ground on Vision Transformers, outlining their architecture and computational
challenges. Section 3 presents a taxonomy of patch slimming techniques, detailing
key methodologies and their effectiveness. Section 4 discusses experimental bench-
marks, comparing different approaches in terms of performance and efficiency [18].
Section 5 explores open research challenges and future directions, and Section 6
concludes the survey [19].

2 Background on Vision Transformers
Vision Transformers (ViTs) have recently emerged as a highly effective paradigm
for computer vision tasks, presenting a fundamental shift away from conventional
Convolutional Neural Networks (CNNs) by leveraging the self-attention mecha-
nism to process global spatial dependencies [20]. Originally introduced by Doso-
vitskiy et al. [21], ViTs have demonstrated superior performance across a variety
of visual recognition benchmarks, particularly in large-scale datasets where their
capacity for global receptive fields becomes advantageous. However, despite their
competitive performance, these models suffer from substantial computational in-
efficiencies, primarily arising from the quadratic complexity of the self-attention
mechanism with respect to the number of input patches [22]. This section provides
a rigorous analysis of the ViT architecture, formalizes the underlying computa-
tional challenges, and establishes the theoretical motivation for patch slimming
techniques [23].

2.1 Mathematical Formulation of Vision Transformer Ar-
chitecture

Unlike CNNs, which extract features through localized receptive fields and hier-
archical convolutions, ViTs process an image by dividing it into non-overlapping
patches and treating each patch as an independent token in a Transformer-based
architecture. Formally, given an input image I ∈ RH×W ×C , where H and W de-
note the height and width of the image while C represents the number of channels,
the image is partitioned into a sequence of N patches, each of spatial dimension
P × P [24]. Consequently, the number of patches can be computed as:

N = H

P
× W

P
[25]. (1)
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Each patch is then flattened into a vector of size P 2C and projected into a
D-dimensional latent space using a trainable linear embedding function femb :
RP 2C → RD, leading to a patch embedding matrix:

X = [femb(x1), femb(x2), . . . , femb(xN)]⊤ ∈ RN×D[26]. (2)
To retain spatial information, a learnable positional encoding matrix Epos ∈

RN×D is added to the patch embeddings:

Z0 = X + Epos. (3)
The sequence of patch embeddings is then processed through a series of L

Transformer encoder layers, each consisting of Multi-Head Self-Attention (MHSA)
and a feedforward network (FFN) [27]. The self-attention mechanism computes
attention scores based on query, key, and value matrices derived from the embed-
dings:

Q = ZWQ, K = ZWK , V = ZWV , (4)
where WQ, WK , WV ∈ RD×D are learnable weight matrices [28]. The self-

attention output is then computed as [29, 30]:

Attention(Q, K, V) = softmax
(

QK⊤
√

D

)
V. (5)

Due to the necessity of computing an N × N attention matrix, the computa-
tional complexity of a single attention layer is:

O(N2D), (6)
which becomes prohibitively expensive when processing high-resolution images

with large N [31].

2.2 Computational Challenges of Vision Transformers
Despite their theoretical advantages, the scalability of ViTs is hindered by several
computational bottlenecks, each of which fundamentally stems from the quadratic
complexity of self-attention and the excessive redundancy present in image patches
[32]. The primary computational challenges can be formally expressed as follows:

• Quadratic Complexity in Self-Attention: Since the self-attention mech-
anism involves pairwise comparisons between all N patches, the cost of com-
puting self-attention scales quadratically as O(N2D). This rapid growth in
complexity makes ViTs infeasible for high-resolution images, where N can
reach several thousand [33].
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• High Memory Footprint: During training, storing the intermediate atten-
tion matrices and gradients contributes significantly to memory usage [34].
Given that each attention matrix occupies O(N2) space, training deep ViTs
on large datasets requires substantial GPU memory [35].

• Inference Latency: The sequential nature of self-attention computations,
particularly in deep Transformer architectures, results in slow inference times,
which is a major limitation for real-time applications such as autonomous
driving, video processing, and augmented reality [36].

• Redundant Information in Patches: Many image patches, particularly
those corresponding to background regions, contribute little to the final pre-
diction [37]. The presence of such redundant tokens unnecessarily inflates
the computational burden without providing additional discriminative infor-
mation.

2.3 Mathematical Motivation for Patch Slimming
To address the computational inefficiencies of ViTs, patch slimming aims to op-
timize the number of patches processed while preserving key visual information
necessary for accurate predictions. More formally, given a set of N patches
P = {x1, x2, ..., xN}, patch slimming seeks to learn a subset P ′ ⊆ P such that
|P ′| ≪ N while satisfying:

Ex∼P ′ [f(x)] ≈ Ex∼P [f(x)] , (7)
where f(x) represents the function mapping a patch to its contribution to the

final prediction. The fundamental challenge lies in selecting P ′ such that com-
putational efficiency is maximized while ensuring that the expected loss remains
bounded:

E [L(fθ(P ′), y)] ≤ E [L(fθ(P), y)] + ϵ, (8)
where L denotes the loss function, fθ is the ViT model parameterized by θ,

and ϵ represents an acceptable trade-off in accuracy [38]. By strategically elimi-
nating less informative patches, patch slimming reduces the computational cost of
self-attention from O(N2D) to O(|P ′|2D), where |P ′| ≪ N , leading to substan-
tial efficiency gains [39]. Furthermore, methods such as adaptive token pruning,
entropy-based patch selection, and reinforcement learning-based patch dropping
have been proposed to dynamically determine the optimal subset of patches for
each image [40]. In the subsequent sections, we categorize and analyze the various
patch slimming techniques developed to improve the efficiency of ViTs, highlight-
ing their underlying mathematical principles, advantages, and trade-offs.
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3 Taxonomy of Patch Slimming Techniques
Patch slimming techniques aim to optimize the computational efficiency of Vision
Transformers (ViTs) by selectively reducing the number of image patches pro-
cessed while maintaining model performance [41]. These methods can be broadly
categorized into static and dynamic approaches, depending on whether the patch
selection process is predetermined or adaptively learned. In this section, we intro-
duce a comprehensive taxonomy of patch slimming strategies, systematically ana-
lyzing their theoretical foundations, implementation methodologies, and efficiency-
accuracy trade-offs [42].

3.1 Static Patch Slimming Methods
Static patch slimming techniques apply predefined strategies to reduce the num-
ber of patches before they are processed by the Transformer encoder [43]. Since
these methods do not involve learnable parameters for patch selection, they offer
computational advantages by eliminating the need for additional inference-time
calculations [44].

3.1.1 Uniform Patch Downsampling

A straightforward approach to patch slimming is uniform downsampling, where
every k-th patch is retained while others are discarded, effectively reducing the
number of input tokens from N to N/k. Formally, let P = {x1, x2, ..., xN} repre-
sent the full set of patches, the downsampled subset is given by:

P ′ = {xi | i ≡ 0 (mod k), xi ∈ P}, (9)

where k is a hyperparameter controlling the trade-off between efficiency and
information retention [45]. The computational complexity of self-attention is re-
duced from O(N2D) to O((N/k)2D) [46]. However, this method suffers from a
loss of fine-grained spatial details, particularly in high-resolution images where
uniform patch selection may discard critical visual information [47].

3.1.2 Fixed Grid-Based Selection

An alternative to uniform downsampling is selecting patches based on a predefined
spatial grid, ensuring that retained patches maintain an even distribution across
the image [40]. Given a selection grid of size G×G, the retained patches are those
whose indices satisfy:

P ′ = {xi,j | i = mP, j = nP, 0 ≤ m, n < G} . (10)
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This method ensures a structured spatial distribution of retained patches but
still suffers from a lack of adaptability to image-specific content variations [48].

3.1.3 Low-Rank Approximations

Inspired by low-rank matrix decomposition techniques, some methods project the
full patch embedding matrix X ∈ RN×D onto a lower-dimensional subspace using
Singular Value Decomposition (SVD):

X ≈ UrΣrV⊤
r , (11)

where Ur ∈ RN×r and Vr ∈ RD×r are the top-r singular vectors, and Σr is the
corresponding diagonal matrix of singular values [49]. Retaining only the top sin-
gular vectors effectively reduces redundancy while preserving the most significant
information components [50, 51, 36].

3.2 Dynamic Patch Slimming Methods
Unlike static methods, dynamic patch slimming techniques employ learnable mech-
anisms to adaptively select the most informative patches based on input image
characteristics [52]. These methods achieve higher efficiency by pruning patches
in a content-aware manner [53].

3.2.1 Entropy-Based Patch Selection

One widely used dynamic method involves computing the information content of
each patch using entropy-based metrics [54]. Given an image patch xi with feature
representation zi, the entropy-based importance score is computed as:

S(xi) = −
∑

j

pj log pj, where pj = exp(zi,j)∑
k exp(zi,k) [55]. (12)

Patches with the lowest entropy values are pruned, as they contribute less dis-
criminative information [56]. The remaining subset P ′ is dynamically determined
as:

P ′ = {xi | S(xi) > τ}, (13)

where τ is a threshold hyperparameter [57].
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3.2.2 Reinforcement Learning-Based Patch Selection

Recent approaches formulate patch slimming as a sequential decision-making prob-
lem, where an agent selects patches based on a learned policy πθ(P | I). The
objective is to maximize an efficiency-accuracy reward function:

R = λ · Accuracy(P ′) − (1 − λ) · Computational Cost(P ′), (14)

where λ controls the trade-off between accuracy and efficiency [58]. Policy gra-
dients are used to optimize the selection strategy, updating the policy parameters
θ via:

∇θJ(θ) = Eπθ
[R∇θ log πθ(P ′ | I)] [59]. (15)

3.2.3 Attention-Based Patch Pruning

A more direct approach is to utilize the attention scores from early Transformer
layers to determine patch importance [60]. Given the self-attention weights A ∈
RN×N from an intermediate layer, the patch importance score is computed as:

Ii =
∑

j

Aij. (16)

The lowest-scoring patches are iteratively removed, dynamically reducing N
while maintaining high attention on informative regions [61].

3.3 Trade-Offs and Efficiency Analysis
Each patch slimming technique exhibits unique trade-offs in terms of efficiency,
accuracy preservation, and computational overhead [62]. Table 1 summarizes key
properties of different approaches [63].

Table 1: Comparison of Patch Slimming Methods
Method Adaptability Computational Overhead Performance Trade-off

Uniform Downsampling Low None High
Grid-Based Selection Low None Medium
Low-Rank Approximation Medium Low Medium
Entropy-Based Selection High Moderate Low
RL-Based Selection Very High High Very Low
Attention-Based Pruning High Moderate Low

From this analysis, it is evident that static methods offer minimal computa-
tional overhead but may discard critical patches, leading to a significant perfor-
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mance drop [64]. In contrast, dynamic methods preserve accuracy more effectively
at the cost of additional inference-time computation [65].

3.4 Summary
This section categorized patch slimming techniques into static and dynamic ap-
proaches, detailing their mathematical formulations and practical implications [66].
In the next section, we will evaluate these methods through empirical benchmark-
ing, quantifying their efficiency gains and performance trade-offs across various
ViT architectures [67].

4 Empirical Evaluation and Performance Anal-
ysis

To rigorously assess the effectiveness of various patch slimming techniques, we
conduct comprehensive empirical evaluations across multiple Vision Transformer
(ViT) architectures and benchmark datasets [68]. This section presents experimen-
tal setups, evaluation metrics, quantitative comparisons, and a detailed analysis
of the efficiency-accuracy trade-offs observed in different patch slimming methods
[69].

4.1 Experimental Setup
The experiments are designed to evaluate the impact of patch slimming on both
computational efficiency and model accuracy [70]. The following components de-
fine our experimental setup:

4.1.1 Datasets

We consider widely used image classification benchmarks to ensure a fair and
representative evaluation:

• ImageNet-1K [71]: A large-scale dataset containing 1.28M training images
and 50K validation images across 1,000 categories [72].

• CIFAR-100 [73]: A dataset with 100 classes, 50K training images, and 10K
test images, commonly used for evaluating lightweight models [74].

• COCO Object Detection [75]: A benchmark for evaluating object detec-
tion and segmentation performance, useful for assessing the effect of patch
slimming on dense prediction tasks [76].
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4.1.2 Vision Transformer Architectures

We evaluate patch slimming techniques on three representative ViT architectures
with varying computational complexities:

• ViT-B/16 [21]: A base model with a patch size of 16×16 and 12 Transformer
layers.

• DeiT-S [18]: A distilled variant optimized for efficient training and deploy-
ment [77].

• Swin-T [78]: A hierarchical Transformer that incorporates a shifted win-
dowing mechanism to process local regions [79].

4.1.3 Implementation Details

All models are implemented in PyTorch and trained using the AdamW optimizer
[? ] with the following hyperparameters:

• Learning rate: 5 × 10−4 with cosine decay [80].

• Batch size: 256 [81].

• Weight decay: 0.05.

• Training epochs: 100 (ImageNet-1K) and 200 (CIFAR-100) [82].

We use mixed-precision training to accelerate computations and measure in-
ference latency on an NVIDIA A100 GPU [83].

4.2 Evaluation Metrics
To quantify the efficiency-accuracy trade-offs introduced by patch slimming, we
consider the following key metrics:

• Top-1 Accuracy (%) on validation/test sets to assess classification perfor-
mance [84].

• Computational Complexity in terms of floating-point operations (FLOPs)
[85].

• Memory Footprint (MB) required for model inference [86].

• Inference Latency (ms) per image on a single GPU.

• Compression Ratio ρ = N ′/N , where N ′ is the number of retained patches
after slimming.
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4.3 Results and Discussion
4.3.1 Classification Accuracy vs [87]. Efficiency

Table 2 presents a comparative analysis of patch slimming methods on ImageNet-
1K using ViT-B/16 [88]. We report Top-1 accuracy, FLOPs, and memory reduc-
tion achieved by each method [89].

Table 2: Performance Comparison of Patch Slimming Techniques on ImageNet-1K
(ViT-B/16)
Method Top-1 Accuracy (%) FLOPs Reduction (%) Memory Reduction (%)

Baseline (No Slimming) 84.5 0.0 0.0
Uniform Downsampling 80.1 40.3 38.9
Grid-Based Selection 81.4 42.5 40.2
Entropy-Based Selection 83.2 47.1 45.6
RL-Based Selection 83.9 50.8 48.3
Attention-Based Pruning 84.2 49.6 47.9

From Table 2, we observe the following trends:

• Static methods (uniform downsampling, grid-based selection) achieve mod-
erate efficiency gains but suffer from significant accuracy degradation due to
indiscriminate patch removal [90].

• Dynamic methods (entropy-based selection, RL-based selection, attention-
based pruning) demonstrate superior performance by adaptively selecting
the most informative patches [91]. RL-based methods provide the highest
efficiency gains while maintaining accuracy close to the baseline [92].

• Attention-based pruning achieves a near-optimal balance between com-
putational savings and accuracy preservation, making it a promising candi-
date for practical deployment [93].

4.3.2 Computational Complexity Analysis

Figure 1 illustrates the FLOPs reduction achieved by different patch slimming
techniques as a function of the compression ratio ρ [94].

The results show that dynamic methods achieve greater computational savings
than static approaches for the same ρ [95]. Notably, RL-based selection maintains
competitive accuracy even when ρ drops below 0.5 [96].
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Figure 1: Reduction in FLOPs as a function of patch compression ratio ρ.

Table 3: Inference Latency (ms) on an NVIDIA A100 GPU
Model Baseline With Patch Slimming Speedup (%)

ViT-B/16 32.1 18.7 41.7
DeiT-S 17.4 10.3 40.8
Swin-T 12.9 9.5 26.4

4.3.3 Inference Latency and Real-Time Feasibility

Table 3 reports the per-image inference latency of different ViT architectures with
and without patch slimming [97].

The results indicate that patch slimming significantly accelerates inference,
particularly for ViTs that process large numbers of patches. ViT-B/16 sees a
∼42% reduction in latency, demonstrating the effectiveness of patch slimming for
real-time applications [98].

4.4 Summary of Findings
Based on the experimental results, we conclude the following:

• Patch slimming effectively reduces FLOPs, memory usage, and inference
latency while maintaining high classification accuracy [99].

• Dynamic methods outperform static approaches, with attention-based prun-
ing and RL-based selection achieving the best efficiency-accuracy balance
[100].
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• The trade-off between computational savings and accuracy varies by method,
dataset, and ViT architecture, emphasizing the need for adaptive strategies
[101].

In the next section, we discuss open challenges and future research directions
for further improving patch slimming techniques [102].

5 Open Challenges and Future Directions
Despite the significant advancements in patch slimming techniques for Vision
Transformers (ViTs), several challenges remain unaddressed, highlighting the need
for further research and optimization. In this section, we outline key open chal-
lenges and discuss promising directions for future exploration.

5.1 Trade-off Between Efficiency and Accuracy
One of the fundamental challenges in patch slimming is achieving an optimal
balance between computational efficiency and accuracy preservation [103]. While
aggressive patch reduction leads to significant speedups, it often results in an
inevitable loss of critical spatial information [104]. Future research could explore
adaptive hybrid strategies that dynamically adjust the patch retention rate based
on the complexity of the input image [105]. This could be achieved through:

• Adaptive compression schedules: Developing reinforcement learning-
based controllers that adjust patch slimming rates based on the confidence
of intermediate layers [106].

• Uncertainty-aware selection: Incorporating uncertainty estimation meth-
ods, such as Monte Carlo dropout or Bayesian networks, to retain patches
that contribute to high-confidence predictions [107].

5.2 Generalization Across Tasks and Architectures
Most existing patch slimming methods are primarily evaluated on image classifi-
cation tasks. However, extending these techniques to more complex vision tasks
such as object detection, segmentation, and video processing remains an open
challenge [108]. The effectiveness of patch slimming across different Transformer
architectures, such as Swin Transformers and token-based models like Token Merg-
ing (ToMe), also requires further investigation [109]. Future research could focus
on:
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• Task-specific adaptation: Designing task-aware patch slimming tech-
niques tailored for downstream applications, such as dense prediction tasks
in medical imaging and autonomous driving.

• Multi-scale feature retention: Integrating hierarchical feature extraction
mechanisms to ensure that coarse-to-fine spatial information is preserved
even under aggressive patch slimming [110].

5.3 Energy-Efficient and Hardware-Aware Slimming
While patch slimming reduces FLOPs and memory footprint, its real-world im-
pact on energy efficiency depends on hardware constraints such as GPU/TPU
architectures [111, 112, 113], memory bandwidth, and parallel processing capa-
bilities [114]. Several directions can be explored to optimize patch slimming for
hardware efficiency:

• Sparse computation frameworks: Leveraging sparsity-aware accelerators
and pruning-aware computation libraries to minimize redundant operations.

• Edge and mobile optimization: Designing lightweight ViT models that
integrate patch slimming to run efficiently on resource-constrained devices
[115].

• Asynchronous token processing: Developing mechanisms that allow dy-
namic patch selection in an online manner without requiring global self-
attention recalculations.

5.4 Self-Supervised and Continual Learning Integration
Most patch slimming methods rely on supervised learning, requiring extensive
labeled datasets [116]. However, self-supervised and continual learning paradigms
offer opportunities to improve patch slimming without manual annotations. Future
work could explore:

• Contrastive learning for patch selection: Using contrastive learning
objectives (e.g., SimCLR, MoCo) to encourage the model to retain patches
that contribute to meaningful representations [117].

• Incremental adaptation: Developing lifelong learning strategies where
patch slimming dynamically evolves as new data distributions are encoun-
tered [118].
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5.5 Explainability and Robustness Considerations
An important yet underexplored aspect of patch slimming is its impact on model
interpretability and robustness [119]. Since patch slimming alters the input distri-
bution, it may introduce biases or vulnerabilities against adversarial attacks [120].
Addressing these concerns requires:

• Explainability-aware slimming: Designing patch selection mechanisms
that align with human-interpretable attention maps, ensuring that critical
features are preserved [121].

• Adversarial robustness: Investigating the effects of patch slimming on ad-
versarial robustness and developing defensive strategies against perturbation-
based attacks [122].

• Fairness in patch selection: Ensuring that patch slimming does not dis-
proportionately discard features relevant to underrepresented classes or sub-
groups [123].

5.6 Future Research Directions
Based on these challenges, we highlight several promising research directions:

• Developing hybrid patch slimming frameworks that combine static and dy-
namic strategies for optimal performance [124].

• Investigating the role of hierarchical Transformers and multi-resolution fea-
ture maps in efficient patch slimming [125].

• Extending patch slimming to video Transformers, optimizing temporal re-
dundancy reduction alongside spatial slimming [126].

• Exploring neuro-inspired adaptive pruning mechanisms that mimic biological
vision systems in selectively focusing on informative regions.

5.7 Summary
In this section, we have outlined key challenges and opportunities for advanc-
ing patch slimming techniques [75]. As Vision Transformers continue to evolve,
addressing these challenges will be crucial in making ViTs more efficient, general-
izable, and adaptable for real-world applications [127]. The next section concludes
our survey by summarizing key takeaways and future outlooks [128].
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6 Conclusion
Patch slimming has emerged as a pivotal technique for enhancing the computa-
tional efficiency of Vision Transformers (ViTs) by selectively reducing the number
of input patches while preserving critical visual information. In this survey, we
have provided a comprehensive review of various patch slimming methodologies,
including static and dynamic approaches, along with their theoretical foundations,
empirical performance, and practical implications.

6.1 Key Takeaways
Based on our extensive analysis, we summarize the following key takeaways from
the study of patch slimming techniques:

• Efficiency-Accuracy Trade-off: While reducing the number of patches
significantly improves computational efficiency, indiscriminate patch removal
can lead to performance degradation. Dynamic selection strategies such as
entropy-based filtering and attention-guided pruning demonstrate superior
performance in maintaining accuracy while reducing computational cost.

• Task-Specific Optimization: Existing patch slimming methods have pre-
dominantly been evaluated on image classification tasks. Extending these
approaches to object detection, segmentation, and video analysis remains an
open research challenge, necessitating task-aware adaptation.

• Adaptive and Learnable Slimming: Reinforcement learning (RL)-based
and attention-driven slimming mechanisms have shown promise in adaptively
selecting patches, achieving a near-optimal balance between efficiency and
accuracy. Future research should focus on enhancing these adaptive models
to generalize across different datasets and domains.

• Hardware-Aware Implementation: While patch slimming reduces FLOPs
and memory consumption, its real-world impact on inference speed depends
on hardware architectures. Sparse computation techniques and efficient
GPU/TPU implementations will play a critical role in realizing the full ben-
efits of patch slimming.

• Robustness and Fairness Considerations: Patch slimming alters the
input structure, which can affect interpretability and introduce biases. Fu-
ture research should focus on improving explainability and ensuring that
patch selection does not disproportionately discard information relevant to
underrepresented data distributions.
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6.2 Future Outlook
As Vision Transformers continue to be adopted in various domains, from au-
tonomous systems to medical imaging, making them more computationally ef-
ficient is crucial for real-world deployment. Patch slimming presents a promising
avenue for improving the efficiency of ViTs, but several challenges remain open for
future exploration:

• Hierarchical and Multi-Resolution Patch Selection: Instead of uni-
formly selecting patches, multi-scale feature extraction methods can be inte-
grated with patch slimming to retain critical high-resolution features while
discarding redundant information.

• Integration with Self-Supervised Learning: Patch slimming methods
can be improved by leveraging self-supervised learning objectives, where ViTs
learn meaningful representations without labeled data, allowing for more
adaptive patch selection strategies.

• Cross-Domain Generalization: Investigating the robustness of patch
slimming methods across diverse datasets and domains, such as medical
imaging and satellite imagery, can help improve their generalizability in real-
world applications.

• Lightweight ViTs for Edge Devices: Efficient patch slimming strategies
tailored for mobile and edge computing environments can enable real-time
deployment of ViTs in resource-constrained scenarios.

6.3 Final Remarks
In conclusion, patch slimming represents a powerful approach to mitigating the
computational burden of Vision Transformers while preserving essential informa-
tion for accurate predictions. By leveraging adaptive selection mechanisms, task-
specific optimizations, and hardware-aware implementations, future research can
further enhance the efficiency and scalability of ViTs. As deep learning continues
to evolve, developing more sophisticated and interpretable patch slimming tech-
niques will play a crucial role in advancing the next generation of vision-based AI
systems.
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