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Abstract 

Vision Transformers achieve strong performance in image recognition, but their 

self-attention layers produce high computational cost because all patch tokens are repeatedly 

processed across transformer blocks. Token pruning can reduce redundant computation, yet many 

existing methods estimate token importance from local attention scores or fixed pruning ratios, 

which may remove visually important regions before deeper semantic representations are formed. 

This study investigates low-latency Vision Transformer inference through global token utility 

learning. We propose the Global Utility Pruning Transformer (GUPT), which estimates token 

contribution from three sources: cross-layer attention persistence, class-token dependency, and 

gradient-sensitive feature variation. A lightweight utility predictor is inserted before selected 

transformer blocks to assign each token a retention probability. Instead of pruning tokens 

independently at each layer, GUPT applies a global budget controller that adjusts pruning 

decisions according to accumulated token loss, predicted accuracy risk, and hardware latency 

feedback. The model is trained with a joint objective containing classification loss, token-retention 

regularization, and latency-aware penalty. Experiments were conducted on ImageNet-1K, 

CIFAR-100, and Stanford Cars, including 1.31 million training images and 93,000 validation 

images in total. The method was evaluated on DeiT-Tiny, DeiT-Small, DeiT-Base, and ViT-B/16. 

On ImageNet-1K, GUPT reduced DeiT-Small computation from 4.6 GFLOPs to 2.7 GFLOPs 

while maintaining 79.4% top-1 accuracy, only 0.5 percentage points lower than the unpruned 

baseline. For DeiT-Base, the average number of retained tokens decreased from 197 to 104, and 

inference throughput on an NVIDIA A100 increased from 1,420 to 2,310 images per second. On 

Jetson Orin, end-to-end latency decreased by 37.8%, showing practical value for edge deployment. 

Ablation analysis showed that removing the global budget controller caused a 1.3-point accuracy 

drop under the same FLOPs constraint, while removing gradient-sensitive utility estimation 

increased fine-grained classification errors by 8.6%. These results indicate that global token utility 

learning can provide a more stable trade-off among accuracy, computational cost, and inference 

latency in efficient Vision Transformers. 
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1. Introduction 

Vision Transformers (ViTs) represent an image as a sequence of patch tokens and model 

interactions among these tokens through self-attention. By allowing information to be exchanged 

across distant image regions, ViTs have achieved strong performance in image classification and 

other visual recognition tasks [1,2]. However, standard self-attention requires every token to 

participate in repeated attention and feed-forward operations across multiple transformer blocks. 

As image resolution increases, the number of patch tokens grows rapidly, leading to higher 

computational cost, memory consumption, and inference latency. This limits the practical use of 

ViTs in resource-constrained environments such as mobile devices, embedded systems, and 

real-time vision platforms. Efficient inference has therefore become an important research 

direction for transformer-based vision models. Several studies have reduced ViT computation 

through architectural redesign. Swin Transformer restricts self-attention to shifted local windows, 

reducing the cost of global attention while preserving hierarchical feature learning [3]. 

Lightweight transformer architectures such as LeViT have further combined efficient attention 

with compact network structures for faster inference [4]. Related research on collaborative 

optimization has also shown that complex computational tasks can be divided among specialized 

components and progressively refined through coordinated feedback rather than optimized 

through a single fixed procedure [5]. This idea is relevant to efficient vision inference because 

token selection, information preservation, computational budgeting, and hardware adaptation may 

require different forms of evaluation. EfficientFormer and EfficientViT further reduce latency 

through hardware-friendly operations, lightweight attention mechanisms, and simplified model 

structures [6,7]. These approaches significantly lower the baseline computational cost of vision 

transformers, but most image tokens are still propagated through a large proportion of the network 

even when many patches contain redundant or weakly informative visual content. 

Token pruning provides another direction for reducing transformer computation. Instead of 

only redesigning the backbone, token-pruning methods dynamically reduce the number of tokens 

processed by later layers. TokenLearner generates a compact set of learned visual tokens from 

spatial features, while DynamicViT progressively removes tokens according to learned 

importance scores [8,9]. Patch Slimming estimates the contribution of individual patches and 

removes less informative tokens during inference [10]. A-ViT introduces adaptive computation by 

allowing tokens to halt at different transformer layers [11]. Adaptive Token Sampling selects 

tokens according to learned sampling policies, whereas EViT preserves important tokens and 

reorganizes less informative ones to reduce redundant processing [12,13]. Evo-ViT further 

separates informative and less informative tokens and updates them with different computational 

paths [14]. These methods demonstrate that substantial computation can be saved because not 



every image patch contributes equally to the final prediction. More recent studies have extended 

dynamic token reduction beyond direct pruning. Token merging combines similar tokens rather 

than discarding them completely, reducing the sequence length while retaining part of the original 

information [15]. Other approaches optimize trainable compression ratios, dynamic token budgets, 

or hardware-aware pruning strategies to adapt computational cost to different model or 

deployment requirements [16,17]. These developments improve the flexibility of token 

compression, but they also introduce an important trade-off between computational savings and 

information loss. Aggressive token removal may substantially reduce FLOPs while degrading 

classification accuracy, whereas conservative pruning may preserve accuracy but provide only 

limited acceleration. The optimal pruning level may also depend on image complexity, model 

depth, and the target hardware. A major challenge is that token importance is often estimated 

using information from a limited stage of the network. Many methods rely on attention values, 

local confidence scores, token similarity, or intermediate features from one transformer block 

[18,19]. Such signals are useful for identifying temporarily dominant patches, but they may not 

indicate whether a token remains important in deeper layers. A patch with weak attention in an 

early block may later become important when higher-level semantic relationships are formed [20]. 

Conversely, a token that appears highly relevant at one layer may contribute little after subsequent 

feature aggregation. Removing tokens based only on local observations can therefore introduce 

irreversible information loss because discarded tokens are unavailable to later transformer blocks. 

This problem becomes more important when the useful information in an image is distributed 

across multiple regions. Object recognition may depend not only on the most visually salient 

patches but also on weaker contextual tokens that establish relationships between object parts, 

background structure, and class-specific features. A pruning strategy that repeatedly favors only 

high-attention tokens may gradually narrow the representation and remove information that 

becomes useful at later stages [21,22]. Token importance should therefore be considered as a 

temporal or cross-layer property rather than as an isolated value measured at a single transformer 

block. Another limitation is the widespread use of predetermined pruning schedules or fixed 

retention ratios. A fixed schedule assumes that approximately the same amount of token reduction 

is appropriate for all images. In practice, however, image complexity varies considerably. Images 

with simple backgrounds and clearly separated objects may tolerate aggressive pruning, whereas 

images containing small objects, cluttered backgrounds, multiple object parts, or fine-grained 

visual differences may require a larger token budget. Fine-grained datasets such as Stanford Cars 

are particularly sensitive to this problem because classification may depend on subtle differences 

in local structures. Applying the same retention ratio to all samples can therefore waste 

computation on easy images while removing necessary information from difficult ones. The 

mismatch between training-time and inference-time compression provides an additional source of 

instability. Token Compensator has shown that model accuracy can decrease when the degree of 

token compression used during inference differs from that seen during training [23,24]. This 



suggests that token pruning is not only a ranking problem but also a distribution-shift problem. 

Removing different numbers of tokens changes the internal representation received by later 

transformer blocks. If the model has not learned to tolerate these variations, changing the pruning 

ratio for deployment may produce unpredictable accuracy loss. A more reliable pruning system 

should therefore estimate not only which tokens can be removed but also how much cumulative 

information loss the model can tolerate. Hardware characteristics further complicate the 

relationship between token count and actual inference speed. FLOP reduction does not always 

translate directly into lower latency because real execution depends on memory access, 

parallelism, kernel implementation, batch size, and device architecture. A token-pruning strategy 

that produces substantial theoretical computation savings may provide only limited acceleration 

on hardware that cannot efficiently execute irregular token sequences. Conversely, moderate 

pruning may yield larger practical speed improvements when it better matches the execution 

characteristics of a particular GPU, CPU, or edge accelerator. Evaluating only GFLOPs is 

therefore insufficient for determining whether a token-pruning method is useful in deployment. 

Throughput and measured device latency should also be considered when determining the 

computational budget. These observations indicate that efficient token pruning requires a broader 

definition of token utility. A useful token should not be identified solely by its attention value in 

one layer. Its importance may depend on whether it consistently contributes across transformer 

blocks, whether the class token continues to rely on its representation, and whether removing it 

causes meaningful changes in class-sensitive features. At the same time, token retention should be 

controlled globally so that computational savings do not accumulate excessive information loss. 

Such a mechanism should also respond to differences in image complexity and actual hardware 

latency rather than applying an identical pruning pattern to all samples and deployment 

environments. 

This study proposes the Global Utility Pruning Transformer (GUPT), a dynamic 

token-pruning framework for low-latency ViT inference. GUPT estimates token utility using 

cross-layer attention persistence, class-token dependency, and gradient-sensitive feature variation. 

Cross-layer attention persistence measures whether a token remains relevant across multiple 

transformer blocks rather than relying on a single local attention score. Class-token dependency 

evaluates the contribution of individual patches to the evolving global representation used for 

classification. Gradient-sensitive feature variation provides an additional signal for determining 

whether changes in a token are likely to influence the final prediction. By combining these signals, 

the proposed method aims to identify tokens whose usefulness persists throughout the network 

and to reduce the risk of prematurely removing patches that become important only in deeper 

layers. A global budget controller is further introduced to regulate the degree of token 

compression. Instead of following a fixed pruning schedule, the controller adjusts token retention 

according to accumulated token loss, predicted accuracy risk, and hardware latency feedback. This 

allows easy images to use more aggressive compression while preserving additional tokens for 



samples with greater visual complexity. Hardware feedback is incorporated so that the pruning 

decision is guided not only by theoretical computation but also by actual device-level inference 

behavior. The framework is evaluated on ImageNet-1K, CIFAR-100, and Stanford Cars using 

DeiT and ViT backbones. Evaluation includes classification accuracy, retained token count, 

GFLOPs, throughput, and measured device latency to examine both algorithmic efficiency and 

practical acceleration. The main objective of this study is to determine whether global, cross-layer 

token utility can provide a more reliable basis for adaptive computation than local importance 

scores or predetermined pruning ratios. Rather than maximizing token removal alone, GUPT is 

designed to balance computational reduction with preservation of task-relevant visual information. 

The study also investigates whether a globally controlled token budget can maintain stable 

accuracy under different compression levels and whether hardware-aware feedback can convert 

theoretical token savings into measurable latency improvements. In this way, the proposed 

framework aims to bridge the gap between token-level efficiency and practical ViT deployment. 

The broader significance of the study lies in establishing a pruning strategy in which 

computational resources are assigned according to the persistent contribution of visual tokens and 

the actual constraints of the execution environment, providing a more flexible approach for 

deploying vision transformers in low-latency and resource-constrained applications. 

 

2. Materials and Methods 

2.1. Samples and Study Setting 

The dataset included ImageNet-1K, CIFAR-100, and Stanford Cars. It contained 1.31 million 

training images and 93,000 validation images. ImageNet-1K includes many object classes. 

CIFAR-100 contains low-resolution images from 100 classes. Stanford Cars contains vehicle 

images for fine-grained classification. No geographic study area was defined because this was a 

computer-vision experiment. Images were included only when the file could be read and the class 

label was available. Training and validation images were kept separate. 

 

2.2. Experimental Design and Control Groups 

GUPT was tested with DeiT-Tiny, DeiT-Small, DeiT-Base, and ViT-B/16. The experimental 

models used the token utility predictor and the global budget controller. The main control models 

used the same backbones without token pruning. Two ablation models were also tested. One 

removed the global budget controller, and the other removed gradient-sensitive token scoring. 

Each comparison used the same dataset split, backbone setting, image preprocessing, and test 

procedure. This design measured the effect of each GUPT component. 

 

2.3. Measurement Methods and Quality Control 

Top-1 accuracy measured classification performance. The retained-token number and 

GFLOPs measured computational cost. Throughput was measured as images per second on an 



NVIDIA A100 GPU. Inference latency was measured on an NVIDIA Jetson Orin device. Timing 

tests were repeated after model warm-up. The same hardware setting, batch setting, numerical 

precision, and validation images were used within each comparison. Random seeds and image 

preprocessing were fixed. Validation labels were used only for performance evaluation and were 

not used to update the model. 

 

2.4. Data Processing and Model Formulation 

Images were resized and normalized according to the preprocessing rule of each backbone. 

Each image was divided into patch tokens. Before selected transformer blocks, GUPT assigned a 

utility score to each token. The score used cross-layer attention persistence, class-token 

dependency, and gradient-sensitive feature variation: 
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 represent attention 

persistence, class-token dependency, and gradient-sensitive feature variation, respectively. Tokens 

with higher scores were retained under the current token budget. The training loss included 

classification loss, token-retention loss, and a latency penalty: 

[ℒGUPT=ℒcls+λretℒret+λlat max
⬚

(0,t̂−ttar) ] 

In this equation, ℒcls is the classification loss, ℒret is the token-retention loss, and t̂ is the 

predicted latency. The term ttar is the target latency. 

 

2.5. Performance Comparison and Ablation Analysis 

GUPT was compared with the original DeiT and ViT backbones without token pruning. 

Models were also compared under the same GFLOPs limit. This test showed whether the 

token-selection method maintained accuracy at a lower computational cost. The ablation test 

removed the global budget controller and gradient-sensitive scoring in turn. Accuracy differences 

were reported in percentage points. Changes in GFLOPs, token number, throughput, and latency 

were calculated against the unpruned backbone. 

 

3. Results and Discussion 

3.1. Classification Accuracy and Computation 

On ImageNet-1K, GUPT reduced DeiT-Small computation from 4.6 GFLOPs to 2.7 GFLOPs. 

The reduction was 41.3%. Top-1 accuracy was 79.4%, only 0.5 percentage points below that of 

the unpruned model. Therefore, many patch tokens were not essential for the final class decision. 

DynamicViT and A-ViT also remove tokens according to the input image. However, their 

decisions mainly depend on local token scores. GUPT considered token information from several 

transformer blocks and used one token budget for the whole model [25,26]. Fig. 1 provides a 

published example of the relation among accuracy, latency, and FLOPs in token pruning. 



 

Fig. 1. Accuracy, latency, and FLOPs of Vision Transformer token pruning. 

 

3.2. Effect of Global Token Control 

For DeiT-Base, the mean token number fell from 197 to 104. GUPT therefore removed 47.2% 

of the input tokens. When the global budget controller was removed, accuracy decreased by 1.3 

percentage points at the same FLOPs level. This result shows that each transformer block should 

not make a separate token decision [27,28]. Early blocks mainly process basic image patterns. 

Later blocks contain more class-related information. A token with a low score in an early block 

may still be needed later. Fig. 2 shows a different method that removes image patches before 

tokenization. GUPT instead scores tokens after feature extraction and updates the retained-token 

set during transformer processing. 

 

Fig. 2. Comparison of token pruning after embedding and patch pruning before tokenization. 

 

3.3. Throughput and Device Latency 

For DeiT-Base, A100 throughput increased from 1,420 to 2,310 images per second. This was 

a 62.7% increase. On Jetson Orin, end-to-end latency decreased by 37.8%. The latency reduction 

was lower than the reduction in token number. This is expected because latency also depends on 



memory access, tensor size, and hardware scheduling. The result shows that lower FLOPs do not 

always produce the same decrease in inference time. ToMe merges similar tokens, while some 

hardware-aware methods set pruning rates for a specific device. GUPT used latency feedback 

during token selection. This helped reduce measured execution time on both devices. 

 

3.4. Fine-Grained Classification and Limitations 

Removing gradient-sensitive utility estimation increased fine-grained classification errors by 

8.6%. Gradient information therefore helped retain small regions that affected classification. 

These regions may include vehicle lights, grilles, edges, and local textures. Attention scores alone 

may assign low values to these regions in early blocks. GUPT reduced this problem by combining 

attention information with feature changes related to classification loss. The study used three 

image-classification datasets and two hardware devices [29,30]. It did not include object detection, 

semantic segmentation, video classification, or mobile CPUs. Future work should test the method 

with higher image resolution and other devices. 

 

4. Conclusion 

This study examined global token utility learning for low-latency Vision Transformer 

inference. GUPT combined cross-layer attention persistence, class-token dependency, 

gradient-sensitive feature variation, and global token-budget control. On ImageNet-1K, it reduced 

DeiT-Small computation from 4.6 GFLOPs to 2.7 GFLOPs while retaining 79.4% top-1 accuracy. 

For DeiT-Base, the retained-token number fell from 197 to 104, throughput on an NVIDIA A100 

increased from 1,420 to 2,310 images per second, and latency on Jetson Orin decreased by 37.8%. 

Ablation results showed that global budget control and gradient-sensitive scoring were important 

for accuracy and fine-grained recognition. These findings show that token pruning should consider 

information from several transformer blocks rather than use only local attention scores. The 

method may support image-recognition systems deployed on edge devices and latency-sensitive 

cloud services. The study was limited to image classification, three datasets, and two hardware 

platforms. Future work should test GUPT in detection, segmentation, video tasks, and additional 

deployment settings. 
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