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Abstract: The rapid growth of Transformer-based architectures has led to significant advancements in
natural language processing (NLP), computer vision, and speech processing. However, their increas-
ing computational demands pose challenges for real-time inference, edge deployment, and energy
efficiency. Token pruning has emerged as a promising solution to mitigate these issues by dynamically
reducing sequence lengths during model execution while preserving task performance. This survey
provides a comprehensive review of token pruning techniques, categorizing them based on their
methodologies, such as static vs. dynamic pruning, early exit strategies, and adaptive token selection.
We explore their effectiveness across various domains, including text classification, machine translation,
object detection, and speech recognition. Additionally, we discuss the trade-offs between efficiency
and accuracy, challenges in generalization, and the integration of token pruning with other model
compression techniques. Finally, we outline future research directions, emphasizing self-supervised
token selection, multimodal pruning, and hardware-aware optimization. By consolidating recent
advancements, this survey aims to serve as a foundational reference for researchers and practitioners
seeking to enhance the efficiency of deep learning models through token pruning.

Keywords: token pruning; model compression; efficient transformers; dynamic sequence reduction;
neural network optimization; deep learning acceleration; NLP efficiency; computer vision pruning;
speech processing optimization; adaptive pruning

1. Introduction
The rapid advancement of deep learning, particularly in the field of natural language processing

(NLP), has led to the widespread adoption of large-scale Transformer models such as BERT, GPT,
and T5. These models have demonstrated remarkable performance across various tasks, including
text classification, machine translation, question answering, and text generation [1]. However, their
ever-growing size and computational complexity pose significant challenges in terms of efficiency,
deployment, and real-world applicability, particularly in resource-constrained environments such as
mobile devices, edge computing, and real-time inference systems [2]. To address these challenges, a
wide range of model compression techniques have been explored, including pruning, quantization,
knowledge distillation, and low-rank approximation. Among these, pruning has gained particular
attention due to its ability to systematically remove redundant parameters or operations while main-
taining competitive performance. While traditional pruning techniques focus on weight sparsification
or structured pruning of entire neurons and layers, the advent of Transformer-based architectures
has given rise to a more specialized pruning strategy: token pruning. Token pruning is a form of
dynamic model compression that aims to reduce the computational burden of Transformer models
by selectively removing tokens during inference, thereby reducing the sequence length and, conse-
quently, the number of operations required in self-attention layers. Unlike weight pruning, which
primarily targets the parameter efficiency of models, token pruning directly optimizes inference-time
efficiency by discarding less informative tokens, leading to significant reductions in computational
cost without requiring retraining or extensive fine-tuning. This makes token pruning particularly
attractive for latency-sensitive applications such as real-time translation, speech recognition, and
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interactive dialogue systems. The core idea behind token pruning is motivated by the observation that
not all tokens contribute equally to the final model output. In many NLP tasks, a large proportion of
tokens—especially function words, punctuation, or repetitive structures—carry limited semantic value
in deep Transformer layers. By identifying and removing such tokens dynamically, token pruning can
achieve a trade-off between efficiency and accuracy [3]. Several methodologies have been proposed
to achieve this, including attention-based importance scores, reinforcement learning strategies, and
saliency-based token selection mechanisms [4]. These techniques vary in terms of granularity, adap-
tiveness, and computational overhead, leading to a diverse landscape of token pruning approaches.
Despite its promising advantages, token pruning introduces several challenges. One key issue is
determining which tokens to prune in a manner that is both computationally efficient and effective in
preserving model accuracy. Unlike static pruning, which involves removing parameters once during
training, token pruning is inherently dynamic and requires lightweight yet reliable importance estima-
tion mechanisms. Moreover, aggressively pruning tokens may lead to degraded performance, loss of
contextual information, and instability in sequence-to-sequence tasks [5]. Recent research efforts have
attempted to mitigate these issues through learnable pruning strategies, hybrid pruning approaches
that combine token and weight pruning, and architectural modifications that inherently reduce token
redundancy [6]. Given the growing importance of token pruning in efficient NLP model design, this
survey aims to provide a comprehensive overview of the field. We begin by reviewing the fundamental
concepts of Transformer-based models and their computational bottlenecks. Next, we categorize
and analyze different token pruning techniques, highlighting their methodologies, advantages, and
limitations. We also discuss the interplay between token pruning and other compression techniques,
such as quantization and distillation. Finally, we outline open challenges and future research directions,
emphasizing the need for more robust, adaptable, and interpretable token pruning strategies [7]. By
systematically examining existing work and identifying key trends, this survey serves as a valuable
resource for researchers and practitioners seeking to optimize Transformer models for real-world
deployment [8]. As the demand for efficient deep learning models continues to grow, token pruning is
poised to play a crucial role in bridging the gap between large-scale NLP models and practical, efficient
AI applications.

2. Background and Preliminaries
2.1. Transformer Models and Their Computational Complexity

Transformer-based architectures have revolutionized the field of natural language processing
(NLP) by introducing the self-attention mechanism, which allows models to capture long-range
dependencies in text. The foundation of Transformer models is the multi-head self-attention (MHSA)
mechanism, which enables contextualized token representations by attending to all other tokens in a
sequence. Given an input sequence of length N, self-attention computes attention scores between all
pairs of tokens, resulting in an O(N2) complexity per layer in terms of both computation and memory
[9]. The computational burden of self-attention grows quadratically with sequence length, making it
one of the primary bottlenecks in large-scale models such as BERT, GPT, and T5. Although techniques
like sparse attention, low-rank approximations, and memory-efficient attention mechanisms have been
proposed, reducing the effective sequence length remains one of the most direct ways to improve
inference efficiency. This motivates the need for token pruning as a means to dynamically shorten
sequences while maintaining model performance.

2.2. Model Compression Techniques for Transformers

Before delving into token pruning specifically, it is essential to understand the broader landscape
of model compression techniques used to improve the efficiency of Transformer architectures. The
primary methods include:
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• Weight pruning: This approach removes individual weights or entire neurons in a network to
create sparse models [10,11]. Variants such as unstructured pruning and structured pruning have
been explored extensively.

• Quantization: Reducing the precision of model parameters from 32-bit floating point to lower-bit
representations (e.g., 8-bit, 4-bit) significantly decreases memory usage and accelerates inference.

• Knowledge distillation: A smaller student model is trained to mimic the behavior of a larger
teacher model, achieving efficiency without significant loss in accuracy.

• Low-rank factorization: Decomposing weight matrices into low-rank components reduces the
number of parameters and computational complexity [12].

• Efficient architectures: Specialized architectures such as Longformer, Linformer, and Reformer
modify the Transformer structure to handle longer sequences with reduced computational over-
head [13].

While these methods provide various ways to enhance efficiency, token pruning stands out as a
dynamic technique that adapts sequence length per input instance, making it particularly useful for
real-time applications [10].

2.3. Definition and Taxonomy of Token Pruning

Token pruning refers to the process of selectively removing tokens from an input sequence during
model inference to improve computational efficiency [14]. Unlike static pruning methods that modify
a model’s architecture permanently, token pruning operates dynamically, allowing the model to adjust
sequence lengths based on input characteristics. Broadly, token pruning methods can be categorized
into the following types:

• Hard token pruning: Tokens are entirely removed from the sequence, preventing them from
contributing to future computations [15]. This results in direct computational savings but may
lead to information loss [16].

• Soft token pruning: Instead of completely discarding tokens, their contributions are down-
weighted or aggregated into fewer representations. This allows the model to retain some informa-
tion while reducing the effective sequence length.

• Adaptive token pruning: The decision to prune is dynamically determined based on the impor-
tance of tokens, often using learnable gating mechanisms or attention-based importance scores
[17].

• Hybrid approaches: Some methods combine token pruning with other compression techniques,
such as knowledge distillation or weight pruning, to maximize efficiency.

Each approach offers a different trade-off between computational savings and accuracy, and the ef-
fectiveness of token pruning largely depends on the underlying pruning criterion and implementation
strategy.

2.4. Challenges in Token Pruning

While token pruning has shown promising results in improving Transformer efficiency, several
challenges remain:

• Token importance estimation: Accurately determining which tokens to prune in a computation-
ally efficient manner is nontrivial. Many approaches rely on attention scores, gradient-based
saliency measures, or reinforcement learning.

• Preserving model accuracy: Aggressive token pruning can lead to performance degradation,
particularly for tasks requiring fine-grained token interactions such as named entity recognition
and machine translation [18].

• Generalizability: Token pruning strategies that work well on one task or dataset may not
generalize effectively to others [19]. Models need adaptive mechanisms that can adjust pruning
strategies based on task requirements [20].
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• Implementation complexity: Unlike weight pruning, which can be applied statically, token
pruning requires runtime modifications to the model’s execution graph, making deployment
more complex.

Addressing these challenges is an active area of research, and recent innovations aim to develop
more robust, adaptive, and interpretable token pruning techniques.

2.5. Scope and Organization of the Survey

This survey provides a comprehensive review of token pruning techniques for efficient
Transformer-based models [21]. The subsequent sections are organized as follows:

• Section 3 discusses various token pruning methodologies, including rule-based, learning-based,
and hybrid approaches [22].

• Section 4 provides an in-depth comparison of token pruning methods in terms of computational
savings, accuracy trade-offs, and practical deployment considerations [23].

• Section 5 highlights real-world applications of token pruning in NLP tasks, computer vision, and
speech processing.

• Section 6 outlines open research challenges and future directions in token pruning.

By systematically exploring existing approaches and identifying key trends, this survey aims to
serve as a valuable reference for researchers and practitioners seeking to develop efficient NLP models
through token pruning [24].

3. Token Pruning Methodologies
Token pruning strategies can be broadly classified based on their approach to token selection,

pruning granularity, and whether the pruning decisions are static or dynamic. In this section, we
explore different methodologies for token pruning, categorizing them into three main groups: rule-
based methods, learning-based approaches, and hybrid techniques [25].

3.1. Rule-Based Token Pruning

Rule-based token pruning methods rely on predefined heuristics or criteria to determine which
tokens should be removed during inference. These approaches do not require additional learnable
parameters and are typically computationally inexpensive. Some of the most common rule-based
pruning techniques include:

3.1.1. Attention Score-Based Pruning

One intuitive way to prune tokens is to leverage the attention scores computed in Transformer
layers. Since self-attention mechanisms assign varying importance to different tokens, tokens receiving
consistently low attention can be considered less informative and safely removed. Several methods
use a threshold-based strategy, where tokens with attention scores below a predefined threshold are
pruned at each layer.

3.1.2. Entropy-Based Pruning

Entropy measures the amount of uncertainty or variability in a distribution [26]. In the context
of token pruning, token representations with low entropy (i.e., those that do not change significantly
across layers) are considered less important and can be removed [27]. This method assumes that tokens
with stable representations contribute minimally to the model’s final output.

3.1.3. Fixed-Length Pruning

A simpler approach involves reducing sequence length to a fixed number of tokens, either by
truncation or by removing tokens based on predefined heuristics such as stop words or punctuation
marks. While effective in reducing computational costs, this method lacks adaptability and may result
in performance degradation for tasks requiring longer context windows [28].
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3.2. Learning-Based Token Pruning

Unlike rule-based methods, learning-based approaches use trainable mechanisms to decide which
tokens to prune. These methods typically rely on reinforcement learning, gating mechanisms, or
auxiliary networks to dynamically select tokens [29].

3.2.1. Reinforcement Learning-Based Pruning

Reinforcement learning (RL) has been applied to token pruning by formulating it as a sequential
decision-making problem. In this setup, a policy network determines which tokens to keep based on
task-specific rewards such as model accuracy and efficiency gains [30]. RL-based pruning enables
adaptive token selection but often requires additional training and fine-tuning [31].

3.2.2. Gated Token Pruning

Gated pruning methods introduce lightweight gating mechanisms that learn token importance
during training [32]. A gating function, parameterized by a small neural network, is applied to
each token representation to decide whether to retain or discard the token. These methods allow for
dynamic, input-dependent pruning.

3.2.3. Saliency-Based Pruning

Saliency-based methods compute token importance scores using gradient-based techniques.
Similar to saliency maps in computer vision, these methods measure how much removing a token
affects the model’s output. Tokens with minimal impact are considered redundant and pruned [33].

3.3. Hybrid Token Pruning Approaches

Hybrid token pruning strategies combine multiple techniques to balance efficiency and perfor-
mance. These approaches often integrate rule-based heuristics with learning-based mechanisms for
greater adaptability.

3.3.1. Progressive Token Pruning

Progressive pruning methods gradually reduce the number of tokens over multiple Transformer
layers rather than removing a fixed number of tokens at once [34]. This allows for a smoother transition,
preserving essential contextual information while improving efficiency [35].

3.3.2. Multi-Stage Pruning

Multi-stage pruning involves applying different pruning criteria at different layers of the Trans-
former. For example, early layers may use attention-based heuristics, while deeper layers leverage
learned importance scores. This hierarchical pruning strategy helps mitigate performance loss by
ensuring that only the least useful tokens are removed [36].

3.3.3. Integration with Other Compression Techniques

Token pruning is often used in conjunction with other model compression techniques such
as quantization and weight pruning. By combining pruning with quantization-aware training or
knowledge distillation, researchers have achieved further efficiency gains while maintaining accuracy.

3.4. Comparison of Token Pruning Strategies

Table 1 provides a comparison of the different token pruning methodologies based on criteria
such as computational cost, adaptability, and ease of implementation.
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Table 1. Comparison of token pruning strategies.

Method Computational Cost Adaptability Implementation Complexity
Attention-Based Low Moderate Low
Entropy-Based Low Low Low
Fixed-Length Low Low Low
Reinforcement Learning High High High
Gated Pruning Moderate High Moderate
Saliency-Based High High High
Hybrid (Progressive) Moderate High Moderate

3.5. Summary and Insights

Token pruning has emerged as a powerful technique for improving Transformer efficiency by
reducing sequence length dynamically [37]. Rule-based methods offer simple and computationally
efficient solutions but lack adaptability, while learning-based methods provide greater flexibility at
the cost of additional computational overhead [38]. Hybrid approaches balance these trade-offs by
integrating multiple pruning strategies [39]. The next section provides an in-depth analysis of the
effectiveness of these methods, examining their impact on model accuracy, computational savings,
and real-world applicability [40].

4. Effectiveness and Trade-Offs of Token Pruning
Token pruning presents a compelling solution for enhancing the efficiency of Transformer-based

models, yet it inherently involves trade-offs between computational savings and task performance
[41]. In this section, we analyze the effectiveness of different token pruning approaches, examine their
impact on model accuracy, and discuss factors influencing their real-world applicability [42].

4.1. Impact on Model Accuracy

The primary concern when pruning tokens is maintaining model accuracy, particularly for
complex NLP tasks. The extent of accuracy degradation depends on several factors, including the
pruning method, the pruning rate, and the nature of the task. Key observations from prior research
include:

• Effect on Classification Tasks: In text classification tasks, token pruning has been found to work
well since many input tokens contribute redundantly to the final decision [43]. Studies have
shown that models can retain up to 95% of their accuracy while reducing sequence length by 50%.

• Impact on Sequence Labeling: For tasks such as named entity recognition (NER) and part-of-
speech (POS) tagging, aggressive token pruning may lead to loss of fine-grained information, as
every token contributes to the final output [44]. Adaptive pruning methods often perform better
in such cases.

• Challenges in Generative Tasks: Tasks such as machine translation and text generation are
particularly sensitive to token pruning, as the quality of generated text depends on maintain-
ing long-range dependencies. In these cases, softer pruning strategies such as saliency-based
approaches are often more effective [45].

4.2. Computational Efficiency Gains

Token pruning significantly reduces the computational cost of Transformer models by decreasing
the number of tokens processed in each self-attention layer. The efficiency gains depend on the pruning
rate and the depth at which pruning is applied [46–48]. Notable improvements include:

• Reduction in FLOPs: Studies have shown that token pruning can reduce floating point operations
(FLOPs) by up to 60% while maintaining comparable accuracy [49].

• Inference Speedup: Models with token pruning achieve 1.5× to 3× speedups on real-world
benchmarks without requiring additional hardware modifications [50].
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• Memory Savings: Since self-attention layers have quadratic complexity with respect to sequence
length, reducing the number of tokens directly decreases memory consumption, making models
more feasible for deployment on edge devices.

4.3. Robustness and Generalization

A major challenge in token pruning is ensuring that the learned pruning strategies generalize
well across different datasets and tasks. Some key insights include:

• Task-Specific Adaptability: Methods like reinforcement learning-based pruning can adapt prun-
ing policies based on task requirements, improving robustness across datasets [51].

• Sensitivity to Domain Shifts: Token pruning strategies trained on one dataset may not generalize
well to out-of-domain data. Hybrid approaches that combine multiple selection criteria tend to be
more resilient to domain shifts.

• Pruning Stability: Applying token pruning in earlier layers generally results in more stable
performance compared to late-layer pruning, as early layers encode redundant representations
that can be safely removed.

4.4. Comparison with Other Compression Techniques

Token pruning is one of several model compression techniques used to enhance the efficiency of
large-scale Transformers [52]. Table 2 compares token pruning with weight pruning, quantization, and
knowledge distillation.

Table 2. Comparison of token pruning with other compression techniques.

Method Accuracy Retention Computational Savings Deployment Complexity Adaptability
Weight Pruning Moderate Moderate High Low
Quantization High High Moderate Moderate
Knowledge Distillation High High High Low
Token Pruning Variable High Moderate High

Token pruning offers a unique balance of computational savings and adaptability, making it
particularly well-suited for real-time inference and energy-efficient NLP applications.

4.5. Summary and Key Insights

Token pruning has demonstrated significant promise in reducing the computational cost of
Transformer models while maintaining task performance [53]. The key takeaways from this analysis
are:

• Token pruning can achieve up to 60% computational savings with minimal impact on accuracy
for classification and retrieval-based tasks.

• Generative and sequence labeling tasks require more careful pruning strategies to avoid loss of
critical information.

• Adaptive and hybrid pruning approaches offer greater generalization and robustness compared
to static rule-based methods.

• Token pruning is highly complementary to other model compression techniques and can be
integrated into broader efficiency frameworks.

In the next section, we explore real-world applications of token pruning, highlighting its use in
NLP, computer vision, and speech processing.

5. Applications of Token Pruning
Token pruning has been successfully applied across various domains, including natural language

processing (NLP), computer vision, and speech processing. By dynamically reducing sequence lengths,
token pruning enhances efficiency while maintaining task performance. This section explores its
applications in different fields, highlighting real-world use cases and potential benefits.
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5.1. Natural Language Processing (NLP)

Transformer models have become the backbone of modern NLP, powering tasks such as text
classification, question answering, and machine translation. Token pruning enables these models to
operate more efficiently, particularly for long-text processing and real-time inference [54].

5.1.1. Text Classification

Text classification models often process input sequences that contain redundant information [55].
Token pruning helps by selectively removing unimportant tokens, reducing computational costs while
maintaining high classification accuracy [56]. Methods such as attention-based pruning have been
shown to achieve up to a 2× speedup with minimal accuracy loss.

5.1.2. Question Answering (QA)

QA systems, such as those based on BERT and T5, require processing lengthy passages to extract
relevant information. Token pruning helps focus on the most informative tokens, reducing the number
of computations per query. Adaptive pruning strategies have improved inference speed in QA
benchmarks while preserving answer accuracy [57].

5.1.3. Machine Translation

Sequence-to-sequence models for translation must retain important context across long input
sequences [58]. Aggressive pruning can degrade translation quality, making soft or adaptive pruning
strategies more suitable. Techniques such as saliency-based pruning have been employed to selectively
retain tokens critical for generating fluent and accurate translations.

5.2. Computer Vision

Token pruning is increasingly being adopted in vision transformers (ViTs), which process image
patches as tokenized inputs. Since many image regions contain redundant information, pruning less
informative tokens significantly accelerates vision models.

5.2.1. Image Classification

ViTs split an image into patches and process them as tokens [59]. Studies have shown that
dynamically pruning uninformative patches results in substantial computational savings without
compromising classification accuracy [60].

5.2.2. Object Detection

Object detection models based on transformers process dense sets of object proposals [61]. Token
pruning reduces the number of tokens considered in each stage, leading to improved inference speed
while preserving detection quality.

5.2.3. Video Understanding

For video tasks, the input sequences consist of multiple frames, leading to extremely long token
sequences [62]. Token pruning selectively removes redundant temporal information, making long-
range video analysis more computationally feasible.

5.3. Speech Processing

Speech recognition and processing systems have benefited from token pruning by reducing the
sequence length of spectrogram features or intermediate transformer representations.

5.3.1. Automatic Speech Recognition (ASR)

In ASR, self-attention is applied over frame sequences extracted from raw audio [63]. Pruning
methods discard less informative frames, improving inference efficiency with minimal impact on word
error rates [64].
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5.3.2. Speaker Identification

Speaker recognition models process long audio streams to extract speaker embeddings. Token
pruning reduces computational costs by discarding redundant segments without affecting speaker
verification performance [65].

5.4. Deployment in Real-World Systems

Token pruning has been integrated into various real-world AI systems, demonstrating its practical
value in optimizing deep learning models for production environments [66].

5.4.1. Edge AI and Mobile Applications

Deploying large-scale transformers on edge devices and mobile processors is challenging due to
limited computational resources [67]. Token pruning has enabled efficient inference on mobile devices
for tasks such as real-time speech recognition and text generation [68].

5.4.2. Cloud-Based NLP Services

Token pruning has been incorporated into cloud-based NLP services, reducing operational costs
for inference-heavy applications such as chatbot systems and document summarization services [69].

5.4.3. Energy-Efficient AI

Reducing unnecessary computations via token pruning lowers energy consumption, making AI
models more sustainable and environmentally friendly [70]. This has implications for deploying AI in
low-power settings, such as wearable devices and IoT applications.

5.5. Summary and Key Insights

Token pruning has demonstrated effectiveness in a wide range of applications across NLP, com-
puter vision, and speech processing. Key takeaways include:

• Token pruning significantly accelerates NLP models, particularly for classification, question
answering, and retrieval tasks [71].

• Vision transformers benefit from pruning redundant image patches, leading to faster and more
efficient object detection and classification [72].

• Speech models use token pruning to reduce audio sequence lengths, improving real-time process-
ing efficiency [73].

• Token pruning is highly beneficial for deploying deep learning models on edge devices, mobile
platforms, and cloud environments.

The next section discusses open challenges and future research directions in token pruning,
addressing limitations and opportunities for further improvements.

6. Challenges and Future Directions in Token Pruning
Despite its promising benefits, token pruning faces several challenges that limit its widespread

adoption in deep learning applications [74]. In this section, we discuss key obstacles and outline
potential future directions for research and development in token pruning.

6.1. Challenges in Token Pruning
6.1.1. Accuracy vs. Efficiency Trade-Off

One of the fundamental challenges in token pruning is balancing efficiency gains with minimal
loss in model accuracy [75]. While pruning redundant tokens accelerates computation, excessive or
poorly designed pruning strategies can degrade task performance. Achieving an optimal trade-off
remains an open problem, particularly for complex tasks such as machine translation and generative
modeling.
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6.1.2. Dynamic vs. Static Pruning

Most pruning techniques fall into two categories: static pruning, which applies fixed rules re-
gardless of input, and dynamic pruning, which adapts pruning decisions based on contextual token
importance. While dynamic pruning offers greater flexibility, it introduces additional computational
overhead, often requiring auxiliary models or gating mechanisms. Balancing adaptability with compu-
tational efficiency remains an active research challenge [76].

6.1.3. Pruning Granularity

Token pruning can be applied at different levels of granularity, including word-level, subword-
level, or feature-level pruning [77]. While coarse-grained pruning is computationally efficient, fine-
grained pruning can preserve more information [78]. Finding the optimal granularity level is still an
open question.

6.1.4. Generalization Across Tasks and Domains

Pruning strategies trained on a specific dataset may not generalize well to different tasks or
domains [79]. For instance, a pruning policy optimized for text classification may not work effectively
for sequence labeling tasks [80]. Designing task-agnostic or adaptive pruning mechanisms that
generalize across multiple domains is a crucial research direction.

6.1.5. Compatibility with Other Efficiency Techniques

Token pruning is often used alongside other efficiency techniques such as quantization, knowledge
distillation, and weight pruning [81]. However, combining these methods in a synergistic manner
without compounding accuracy losses is non-trivial. Future research should focus on designing
integrated compression frameworks that maximize efficiency while preserving performance [82].

6.1.6. Robustness to Adversarial Attacks

Recent studies suggest that pruning techniques may introduce vulnerabilities to adversarial
attacks, where slight modifications to input data lead to unexpected performance degradation [49].
Ensuring robustness against such adversarial manipulations is an emerging concern in token pruning
research.

6.2. Future Research Directions
6.2.1. Neural Architecture Search for Token Pruning

Neural architecture search (NAS) has shown promise in designing efficient deep learning models.
Applying NAS to automatically discover optimal pruning policies could lead to more effective and
adaptive token pruning strategies.

6.2.2. Self-Supervised Learning for Token Importance Estimation

Self-supervised learning has demonstrated the ability to learn meaningful token representa-
tions without labeled data. Future work could explore self-supervised techniques to predict token
importance dynamically, reducing the need for task-specific fine-tuning in pruning methods.

6.2.3. Multimodal Token Pruning

With the rise of multimodal models that process text, images, and audio simultaneously, token
pruning methods must extend beyond single-modal data [83]. Research into cross-modal pruning
strategies could further enhance efficiency in multimodal transformers [84].

6.2.4. Hardware-Aware Pruning Strategies

Most existing pruning techniques focus on reducing theoretical computational complexity rather
than optimizing for real-world hardware constraints. Future research should explore pruning methods
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that are optimized for specific hardware architectures, such as GPUs, TPUs, and edge AI processors,
ensuring that pruning translates into real-world speedup [85].

6.2.5. Energy-Efficient and Green AI Pruning

With growing concerns about AI’s carbon footprint, energy-efficient AI research is gaining traction.
Token pruning can play a critical role in reducing the environmental impact of large-scale models.
Future work should explore pruning strategies designed explicitly for sustainability, optimizing energy
consumption in both training and inference.

6.3. Summary and Key Takeaways

Token pruning has emerged as a crucial technique for enhancing the efficiency of Transformer
models, but several challenges remain to be addressed. Key takeaways from this discussion include:

• The trade-off between efficiency and accuracy remains a core challenge in token pruning research
[86].

• Dynamic pruning methods offer adaptability but introduce additional computational complexity.
• Generalization across tasks and domains is a major concern, requiring more flexible pruning

mechanisms.
• Future research should explore NAS-based pruning, self-supervised token importance estimation,

and multimodal pruning strategies.
• Hardware-aware pruning and energy-efficient AI are promising areas for real-world deployment

of token pruning techniques.

The next section concludes the survey by summarizing the key contributions of token pruning
research and outlining its implications for the future of deep learning [87].

7. Conclusion
Token pruning has emerged as a powerful technique for improving the efficiency of Transformer-

based models by dynamically reducing sequence lengths while maintaining task performance. This
survey has provided a comprehensive overview of token pruning, covering its methodologies, effec-
tiveness, real-world applications, challenges, and future research directions [88].

7.1. Key Contributions of Token Pruning

Through a detailed examination of existing pruning techniques and their applications, we high-
light the following key contributions of token pruning to deep learning:

• Efficiency Gains: Token pruning significantly reduces computational overhead, leading to faster
inference times and lower memory consumption, making Transformer models more scalable for
real-world deployment.

• Task-Specific Adaptability: Various pruning strategies have been developed to cater to different
NLP, vision, and speech processing tasks, demonstrating the versatility of token pruning across
multiple domains.

• Integration with Other Efficiency Methods: Token pruning complements other model com-
pression techniques, such as weight pruning, quantization, and knowledge distillation, enabling
holistic model optimization.

• Real-World Impact: Token pruning has been successfully deployed in edge computing, cloud-
based AI services, and mobile applications, proving its practical value in reducing latency and
energy consumption [89].

7.2. Challenges and Open Questions

Despite its promising advantages, token pruning is still an evolving research area with several
challenges to address:
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• The accuracy-efficiency trade-off remains a crucial factor, as excessive pruning may degrade
model performance.

• Dynamic pruning techniques introduce additional computational complexity, necessitating more
efficient selection mechanisms [90].

• Ensuring robustness and generalization across different datasets and domains is an ongoing
challenge in pruning research [91].

• The integration of token pruning with hardware-aware optimizations is an important future
direction for maximizing real-world performance gains.

7.3. Future Outlook

Looking ahead, we anticipate several promising directions in token pruning research:

• Advances in self-supervised learning and neural architecture search may lead to more intelligent
and adaptive token pruning strategies.

• Multimodal pruning techniques can enable efficient processing in models that handle text, images,
and speech simultaneously.

• Green AI initiatives will likely drive research toward more energy-efficient token pruning meth-
ods, reducing the environmental impact of large-scale deep learning models.

• Hardware-aware token pruning methods tailored for specialized accelerators (e.g., GPUs, TPUs,
edge processors) will enhance the deployability of pruned models in real-world applications.

7.4. Final Remarks

As Transformer models continue to scale in size and complexity, token pruning offers a crucial
mechanism for ensuring their efficiency and accessibility. By addressing current challenges and
exploring new research directions, token pruning has the potential to reshape the landscape of deep
learning, enabling powerful AI systems that are both high-performing and computationally efficient.

We hope this survey serves as a valuable resource for researchers and practitioners interested in
token pruning, fostering further innovation in efficient deep learning architectures.
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