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Abstract

While Vision Transformers (ViT) have demonstrated re-
markable performance across diverse tasks, their computa-
tional demands are substantial, scaling quadratically with
the number of processed tokens. Compact attention rep-
resentations, reflecting token interaction distributions, can
guide early detection and reduction of less salient tokens
prior to attention computation. Motivated by this, we
present SParsification with attentiOn dynamics via Token
relevance (SPOT), a framework for early detection of re-
dundant tokens within ViTs that leverages token embed-
dings, interactions, and attention dynamics across layers to
infer token importance, resulting in a more context-aware
and interpretable relevance detection process. SPOT in-
forms token sparsification and facilitates the elimination
of such tokens, improving computational efficiency with-
out sacrificing performance. SPOT employs computation-
ally lightweight predictors that can be plugged into various
ViT architectures and learn to derive effective input-specific
token prioritization across layers. Its versatile design sup-
ports a range of performance levels adaptable to varying re-
source constraints. Empirical evaluations demonstrate sig-
nificant efficiency gains of up to 40% compared to standard
ViTs, while maintaining or even improving accuracy. Code
and models are available at https ://github.com/
odedsc/SPOT.

1. Introduction

Transformers [45] have become a leading neural network
architecture, demonstrating outstanding performance across
diverse tasks. This success is largely attributed to their pow-
erful attention mechanism, which allows dynamic weight-
ing of input interactions. While Convolutional Neural Net-
works (CNNs) have proven effective in various computer
vision applications [19, 29, 31, 41], their inherent local-
ity limits global context modeling. In contrast, the atten-
tion mechanism facilitates simultaneous consideration of all
input elements, effectively modeling long-range dependen-
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Figure 1. Overview of the proposed SPOT framework. Top: cur-
rent sparsification methods primarily rely on partial information
from the current model layer—either token embeddings or atten-
tion maps—to determine token importance, potentially leading to
suboptimal predictions. Middle: SPOT enhances this process by
integrating compact representations of both token embeddings and
attention maps and their dynamics from multiple ViT blocks (high-
lighted in green) to SPOT and select the most crucial input-specific
information. Providing this multi-layer information facilitates the
gradual pruning of less relevant tokens, improving efficiency while
maintaining accuracy. Bottom: Example visualizations of the
gradual relevance-driven token selection performed by SPOT.

cies. This ability has proven crucial for understanding com-
plex visual scenes. Following the success of Vision Trans-
formers (ViT) [14], which partition each image into a set
of patches forming a sequence of tokens, transformer-based
models have achieved state of the art performance across
various tasks [1, 5, 15, 24, 34, 38, 42-44, 50, 54-56].
However, this strength comes at a significant computa-
tional cost. The quadratic complexity of attention with re-
spect to the number of input tokens necessitates substantial
computational resources [40], limiting their scalability and



posing a significant bottleneck in resource-constrained set-
tings. This computational burden stems from the indiscrim-
inate processing of all input image regions, including those
that are less informative to the task at hand. A further chal-
lenge in utilizing attention mechanisms within ViTs stems
from the presence of spikes with seemingly spurious high-
attention values that do not correlate with semantically rel-
evant image features [12, 17, 52]. This phenomenon can
hinder the utilization of attention maps, particularly when
relying on a single model state for decision-making.

This paper addresses the computational bottleneck of
ViTs by introducing an effective method for the early de-
tection of less informative tokens. Our token relevance pre-
diction mechanism enables efficient and robust salient to-
ken selection based on contextual and dynamics informa-
tion across network layers, as illustrated in Figure 1. We
demonstrate that this relevance prediction can inform spar-
sification during inference, maintaining or even improving
model accuracy with considerable computational savings.

Our proposed SParsification with attentiOn dynamics
via Token relevance (SPOT) framework leverages token-
derived information and pre-existing attention maps with-
out altering the underlying ViT backbone to detect less in-
formative tokens early in the attention pipeline. To accom-
plish this, attention values are aggregated across L layers,
reducing the relevance estimator variance by a factor of
L, thereby mitigating attention inter-layer noise fluctuation
effects (see Appendix 8). Specifically, SPOT is equipped
with information regarding the dynamic evolution of atten-
tion distributions across model layers. This approach ex-
ploits inter-layer attention dynamics, effectively capturing
how the relative importance of tokens changes throughout
the processing pipeline, as illustrated in Figure 2.

We revisit the attention mechanism application within
the transformer architecture, maximizing the utilization of
all pre-computed attention values from preceding layers.
Instead of discarding these computationally expensive in-
termediate representations after a single processing step,
SPOT further exploits this information for enhanced perfor-
mance. To this end, SPOT incorporates the moments of the
distribution of the attention received and originating from
the tokens, considering each attention map in the current
and preceding layers. By maintaining and addressing at-
tention dynamics throughout the transformer blocks, SPOT
informs token relevance prediction with a more holistic per-
spective. This, in turn, leads to better-informed hierarchical
token sparsification and prevents the premature removal of
tokens due to fluctuations in importance across layers.

Our main contributions are:

* We introduce SPOT, a framework for detecting the im-
portance of individual input tokens while modeling cross-
layer attention dynamics and leveraging comprehensive
token-level and attention-derived information.
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We present a modular, computationally inexpensive to-
ken prioritization module that can be plugged into exist-
ing ViT architectures, enabling substantial computational
savings without requiring structural modifications.
Comprehensive experimental results demonstrate the ef-
ficacy and versatility of our proposed method in detect-
ing less informative tokens in ViT models, aligning with
human-interpretable feature relevance and facilitating ef-
ficient deployment in resource-constrained applications.

2. Related Work

Vision Transformers. Transformers have revolutionized
computer vision, delivering state-of-the-art performance
across various tasks. Their adoption began with image clas-
sification, where ViTs [14] demonstrated competitive re-
sults compared to CNNs—the dominant architecture prior
to transformers. Subsequent research, e.g., Swin Trans-
former [34] and CaiT [44], introduced hierarchical struc-
tures and improved training stability. Transformers have
also shown exceptional promise in object detection [5, 54,
56], semantic segmentation [6, 42, 50, 55], and image gen-
eration [15, 38]. This diverse body of work underscores the
broad applicability of transformers across computer vision
domains. However, the high computational cost of the at-
tention mechanism remains a significant barrier.

Efficient ViTs. Different techniques have been explored to
mitigate the computational demands of ViTs and improve
model efficiency. DeiT [43] introduced efficient training
strategies aiming to reduce the reliance on extensive compu-
tational resources and data, while LV-ViT [24] investigated
token labeling strategies and employed convolutions. Other
works approximated the attention mechanism using low-
rank matrices [47], locality-sensitive hashing [26], or alter-
native formulations [9, 40]. Complementary computational
optimization techniques such as caching [16], tiling [11],
and chunking [27] further enhance computational and mem-
ory efficiency. Another notable approach is reducing the
number of computed attention interactions through sparsifi-
cation. Early methods, e.g., Child et al. [8], employed fixed,
heuristic-based sparsity patterns, limiting their adaptability.
Subsequent research has shifted toward detecting redundant
tokens dynamically, allowing input-dependent sparsity pat-
terns, often referred to as pruning, by processing and adjust-
ing token sets based on input features and network state.
Hard vs. Soft Sparsification. Hard sparsification is a cat-
egory of these methods which removes identified redundant
tokens [32, 33, 36, 37, 39, 46, 53], preventing their fur-
ther processing in subsequent attention blocks. Conversely,
soft sparsification methods take further steps to generate
new tokens from these tokens, typically through modifica-
tions to the attention mechanism, including token compres-
sion [7, 49], fusion [25, 48], packaging [28], merging [3],
or aggregation [51]. Both categories are fundamentally de-
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Figure 2. [llustration of the proposed redundant token detection data flow. Our modular design enables effective redundant tokens identifi-
cation within ViT-based architectures by plugging the proposed module (blue) into any of the model’s self-attention layers (gray). At each
stage, the method leverages a combination of token embeddings and attention map statistics across layers until the current one from each
head, as described in Section 3.2. This provides the SPOT module with rich contextual information and a comprehensive representation of
inter-token interactions and their dynamics throughout the model, enabling it to predict redundant tokens effectively.

pendent on the accurate and early identification of redun-
dant tokens. While soft sparsification methods introduce
post-identification processing, they often rely on the same
relevance predictions as hard sparsification methods.

This work addresses the critical challenge of redundant
token detection by offering a modular foundation that can
also be integrated to enhance soft sparsification. Focus-
ing on this task facilitates a direct and more interpretable
demonstration of computational efficiency improvements
via a masking strategy employed in hard sparsification, as
visualized in Figure 3. Nevertheless, to comprehensively
evaluate the efficacy of the proposed relevance prediction
method, we conducted experiments using both hard and soft
sparsification techniques, thereby demonstrating a versatile
token prioritization mechanism alongside complementary
benefits for refined optimization in existing methods.

Token Redundancy Detection. Existing detection meth-
ods differ in their primary information source, typically uti-
lizing either token-level features or attention-based relation-
ships. Within the category of token-based approaches, Dy-
namicViT [39] employs simple prediction modules using
current layer tokens, adding low computational overhead.
A-ViT [53] proposes computing halting probabilities for
each token using their embeddings. RLAEViT [36] incorpo-
rates reinforcement learning to facilitate token pruning de-
cisions. Methods relying solely on token embeddings may
overlook the broader dynamics of tokens across the net-
work, which is, in part, the core of the attention mechanism.
Attention-driven strategies, exemplified by EViT [32], typ-
ically assess token importance based on the class token at-
tention scores. This is often followed by preserving the
top-K tokens exhibiting the highest attention values. Evo-
ViT [51] offers residual connections between class token
attention scores across layers to maintain the information
flow within the network. Kong et al. [28] enable a more
nuanced consideration by considering tokens’ relevance to
each attention head. PPT [49] also considers the values ma-

2337

trix, V/, and proposes a more comprehensive token scoring
metric. Nevertheless, these approaches overlook the infor-
mation embedded within the full attention maps.

Other sparsification methods typically base token impor-
tance decisions on these token and attention-derived foun-
dations, e.g., dTPS [48] utilizes DynamicViT [39] predic-
tors. In contrast, our proposed SPOT leverages broader in-
put dynamics and unifies both token embeddings and the
rich information from all attention maps, within and across
layers, in a compact fashion. This hybrid strategy allows
us to analyze inter-token dynamics and efficiently identify
tokens that contribute minimally to the task at hand.

3. Methods

3.1. Preliminaries

ViT [14] employs a tokenization strategy that divides im-
ages into non-overlapping patches, linearly projecting each
patch into a latent token embedding. A learnable class
token, [cls], is prepended to this sequence to facilitate
global image representation. These tokens are processed
by the model, a core element of which is the self-attention
mechanism, which quantifies inter-token relationships. The
self-attention mechanism first projects the input tokens via
learnable projection matrices to obtain the query, ), and
key, K matrices, and then computes their similarity scaled
by the square root of their dimensionality, dy, followed by
a softmax normalization:

Q
A(Q, K) = softmax ( NP
This operation, performed across all token pairs within each
layer and head of the architecture, yields a set of square at-
tention matrices, enabling the model to capture complex,
long-range dependencies within the image. The final out-
put of the attention module is then obtained by multiplying
A(Q, K) with a value matrix V:

Attn(Q, K, V) = A(Q,K) - V.

T
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3.2. Proposed Methodology

We offer a modular approach that does not modify the back-
bone of the attention model through which we sparsify the
input tokens. Our proposed lightweight module provides in-
formation derived from attention maps by leveraging and re-
utilizing information already computed within the model,
which is typically discarded after a single forward pass.
Dynamics-Aware Feature Aggregation. To predict what
tokens would be the most crucial in subsequent model lay-
ers for a given task, we introduce a hybrid approach consid-
ering both token embedding representations and the atten-
tion map in the current layer, along with those from preced-
ing layers. These attention dynamics through the layers of
the transformer serve as a historical context for how atten-
tion is propagated. To this end, we aggregate this informa-
tion via the statistical moments of attention score distribu-
tions across the current and preceding layers.

To formalize this process, let N; be the number of input
patch tokens in layer [, and A; , the (NV; + 1) x (IV; + 1)
attention map for head h. Following Caron et al. [6], this
matrix is partitioned into three relevant sub-regions, reflect-
ing distinct attention relationships: AdS oul capturing the
attention weights from the class token to all other tokens;
Alc,l,f’m, capturing the attention weights from all other to-

kens to the class token; and A?g"*ds, the submatrix rep-
resenting interactions between all non-class tokens. These
can be written over the attention map as:

Ac,l}sl,out = Aall,2: Nl+1]»A}:f}‘:’i” = A2

N +1, 1],

3)
where we exclude the self-interaction term of the class to-
ken, represented by the top-left element of A; 5.

We incorporate dynamics awareness by extracting aggre-
gated information from the attention maps (see Figure 2).
For each head, we first concatenate the first row and first
column vectors of these matrices, representing the class to-
ken interactions with the image patch tokens. The remain-
ing elements of each attention map, AZ?L"*CZS, are then sum-
marized by computing row-wise and column-wise mean
and variance. The corresponding statistics for each token
t are:

Ml h Z Anon cls 4)
A,C[t 1 ZAnon cls[Z t} (5)
Hin N,
i=1
Ar 1 - non cls A,r 2
o [t = N Z Al {t.j] =y 1) (©)
A,c 1 al non.cls[,; A,c 2
9h [t] = N, Z (Al,h <oliyt] — Hin t) .
=1

Concatenating these scalar token-wise statistics for all [V,
tokens yields four vect Ar AT oAC By in-
y ur vectors, Nz,hn‘hhaalh"’zh y in
corporating the first two moments of the attention distribu-
tion, these vectors effectively summarize both incoming and
outgoing attention patterns of each token, providing a com-
pact representation of the underlying interaction dynamics
within the current layer. The extracted data from A; j, is
then represented as an N; x 6 concatenation of vectors of
the form

A cls,out cls,in  Aynr  Ac A2 Ac2
Dl,h—[Az,h 7Al,h sBy kB n s 0L sOR . ®

The mean and variance matrices are constructed by cal-
culating the corresponding quantities from the input layer
up to (and including) layer [ over retained tokens. These
matrices, denoted by M j;, and X j, respectively, are par-
titioned and processed following the procedure described
above, yielding D"} and Dp),. This characterization of
prior attention distributions aims to capture the dynam-
ics and interaction-aware contextual understanding of inter-
token relationships across the network layers.

Input features also include remapped token representa-
tions, which were projected via a fully connected layer into
a dremap-dimensional space. Each remapped token embed-
ding is partitioned into global and local features, denoted
as Zglobal aNd Ziocal, T€SPECtively, both with @ dimension-
ality, consistent with the methodology outlined in Dynam-
icViT [39]. Concatenated with token embeddings, we ob-
tain the resulting per-head feature vector of layer / encapsu-
lating the token characteristics, token interactions, and the
attention dynamics, as described by

A M 3
Dl,h = [Zglobala Zlocal s Dl,ha Dl,ha Dl,}J' ©)

This holistic and efficient summary compactly equips the
module with rich, context-aware information by integrat-
ing token-specific features with the broader attention dy-
namics captured both within and across the transformer
blocks, thereby facilitating informed redundant token detec-
tion without incurring significant computational overhead.
Token Relevance Prediction and Sparsification. The re-
sulting vector is then processed by a multilayer perceptron
(MLP), which serves as a learned importance prediction
function. The architectural specifications and potential ex-
tensions of the MLP are detailed in Appendix 6.1, supple-
mented by a theoretical perspective provided in Appendix 8.
The sparsification step entails filtering tokens that the
above-described relevance prediction finds to be less infor-
mative across multiple layers. This process is characterized
by a retention rate, p, which governs the proportion of to-
kens considered more informative and retained at each de-
tection iteration. Specifically, at iteration k, the effective
retention rate is pr = p". Subsequently, a binary mask,
By € {0,1}™ is derived for each of the | S| training sam-
ples, resulting in | S| masks across the training set for each
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Figure 3. Visualizations of the gradual redundant token detection performed by our proposed approach on DeiT-S on samples from
ImageNet-1K validation set. Increasingly transparent masking shades indicate later detection. Tokens identified as more informative, and
thereby retained, are well aligned with semantic image objects and visual features, pointing to SPOT’s interpretability.

detection iteration. These masks indicate whether each to-
ken is retained or removed during sparsification, except for
the class token, which is always retained. To maintain dif-
ferentiability during training, By, is obtained using Gumbel-
Softmax sampling [23] applied to the output of the MLP.
The masks are hierarchically compatible, such that if a to-
ken is masked at iteration k, it remains masked in all subse-
quent iterations 7' > k. Therefore, filtered tokens are sub-
sequently excluded from further processing, concentrating
computational resources on more salient token subsets.
Optimization Objective. The resulting training regime
involves optimizing the relevance prediction modules and
adapting the model backbone to accommodate token re-
duction through fine-tuning. This fine-tuning process min-
imizes an objective function (Equation 14) comprising sev-
eral components: a task loss (Equation 10), a sparsity rate
deviation loss (Equation 11), and loss terms promoting
similarity to an unaltered pre-trained model (equations 12
and 13). For a classification task, given the predicted classes
y, and ground truth labels y;,,., a typical task loss is the
Cross-entropy

Leis = CrossEntropy(Yrue, Y)- (10
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The sparsity rate deviation loss regulates the discrepancy
between the empirical token retention rate { ﬁk}szl derived
from the input specific predicted mask { By}, and target
retention rates, {py, }1_,, across K sparsification iterations
and | S| training samples. This can be expressed as

S| K

Z Z (pk,m - ﬁk,m)z'

m=1k=1

L'r‘ate = (11)

1
S| - K
The prediction similarity loss is the Kullback—Leibler diver-
gence between the pre-trained model’s prediction probabil-
ities 3/, and those of the sparsified model y

Lpred = Drr(y'||y)- (12)

Finally, the token similarity term is given by the cosine sim-
ilarity in last-layer token representations between the unal-
tered model’s tokens ¢/, and the fine-tuned model’s tokens
tm, considering only retained tokens,

1 & oot
Ltoken = 7o <1 - m—m> . (13)
|5 mzzl (el - Em]]

The total loss is a weighted sum of these terms, given by

L= Lus+ MLrate + /\2Lpred + >\3Ltokena (14)
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Figure 4. Performance of SPOT on the ImageNet-1K dataset.
We evaluate SPOT classification accuracy across four differ-
ent models: (a) DeiT-T, (b) DeiT-S [43], (c) LV-ViT-T, and
(d) LV-VIiT-S [24]. In contrast to prior works, which often re-
port results only at selected operating points, we present compre-
hensive performance curves under varying computational budgets
quantified in GFLOPS, corresponding to different retention rates,
set by p. As expected, our framework exhibits a trade-off between
efficiency and performance, as higher computational budgets lead
to higher accuracy.

where the values A1, Ao, and A3 were empirically set.

4. Experiments

Our main experiments compare SPOT with existing spar-
sification methods, alongside qualitative observations on
SPOT’s performance, and ablation studies including exper-
iments evaluating different SPOT variants and the proposed
framework’s versatility on various benchmark datasets.

4.1. Experimental Setup

We conduct image -classification experiments on the
ImageNet-1K dataset [13], unless otherwise stated, using
two ViT-based architectures, DeiT [43] and LV-ViT [24],
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with their tiny and small-sized variations, denoted by T and
S, respectively. Models were fine-tuned following standard
protocols; full training and optimization details are pro-
vided in Appendix 6.2. Following standard practice, model
performance is assessed using classification accuracy, while
computational complexity is quantified by giga floating-
point operations per second (GFLOPS) during inference.

All models described herein were initialized from pre-
trained models. Subsequently, both the prediction mod-
ules and the transformer model underwent joint optimiza-
tion and fine-tuning with a retention rate of p = 0.7, over
K = 3 sparsification iterations.

4.2. Results

Figure 3 presents a qualitative visualization of our to-
ken identification process applied to samples from the
ImageNet-1K dataset. This visualization showcases that our
proposed method progressively eliminates image patches
that correspond to regions of lower semantic saliency and
importance, highlighting its interpretability.

Figure 4 presents the performance of the SPOT frame-
work on DeiT and LV-ViT model architectures. Our eval-

Model Method Accuracy (%) GFLOPS
Baseline [43] 72.2 1.3
DynamicViT* [39] 71.4 (-0.8) 0.8 (-0.5)

. A-ViT [53] 71.0 (-1.2) 0.8 (-0.5)

DT | pyirs 32 71.9(-03)  0.8(-0.5)
Zero-TPrune [46] 70.4 (-1.8) 0.9 (-0.4)
SPOT (ours) 72.3 (+0.1) 0.8 (-0.5)
Baseline [43] 79.8 4.6
DynamicViT [39] 79.3 (-0.5) 2.9 (-1.7)
A-ViT [53] 78.6 (-1.2) 3.6 (-1.0)
EViT [32] 79.4 (-0.4) 3.0 (-1.6)

DeiT-S IA-RED? [37] 79.1 (-0.7) 32(-14)
RLAEVIT [36] 79.2 (-0.6) 3.0 (-1.6)
Zero-TPrune [46] 79.4 (-0.4) 3.1 (-1.5)
METR [33] 79.5 (-0.3) 3.0 (-1.6)
SPOT (ours) 79.5 (-0.3) 2.8 (-1.8)
SPOT (ours) 79.7 (-0.1) 3.0 (-1.6)
Baseline [24] 79.1 2.9

LV-ViT-T | DynamicViT* [39] 77.1 (-2.0) 2.0 (-0.9)
SPOT (ours) 77.6 (-1.5) 2.0 (-0.9)
Baseline [24] 83.3 6.6

. DynamicViT [39] 83.0 (-0.3) 4.6 (-2.0)

LVVITS | pvir [32] 83.0 (-0.3) 4.7 (-1.9)

SPOT (ours) 83.1 (-0.2) 4.5 (-2.1)
Table 1. Results of hard sparsification methods on DeiT and

LV-ViT models over ImageNet-1K. Comparison is conducted be-
tween methods with comparable computational constraints. SPOT
achieves superior results, yielding a notable and consistent in-
crease in accuracy alongside larger computational savings. Dual
entries represent different p values. Starred entries (*) were
achieved via reimplementation using official code.



uation was conducted across a range of p values, enabling
comprehensive performance analysis under varying compu-
tational budgets, balancing accuracy and GFLOPS. As em-
pirically shown in Figure 4, our proposed method facilitates
significant efficiency enhancements, substantially reducing
computational load while concurrently preserving high lev-
els of model accuracy. A comparative analysis across ar-
chitectures and scales, presented in Table 1, reveals that our
proposed SPOT framework exhibits notable improvements
in computational efficiency while consistently achieving su-
perior performance compared to state-of-the-art hard token
sparsification techniques. Specifically, SPOT attains up to a
40% reduction in GFLOPS (e.g., from 4.6 to 2.8 in DeiT-S).
As demonstrated in Figure 4, this computational gain can
be further increased when adjusting the efficiency and per-
formance trade-off. In addition to efficiency and accuracy,
SPOT exhibits consistency and robustness to perturbations
(see Table 5), maintaining performance on noisy and cor-
rupted inputs, and interpretability across model scales.

Importantly, the proposed predictor introduces only min-
imal internal overhead of 0.032, 0.051, 0.129, and 0.129
GFLOPS for DeiT-T, LV-ViT-T, DeiT-S, and LV-ViT-S, re-
spectively. These amount to approximately 4% of the mod-
els” GFLOPS and parameter counts. Such a negligible cost
is effectively outweighed by the substantial computational
savings predictors achieve through token sparsification, as
shown in Table 1. Further low-resource predictor configu-
rations are detailed in Table 2.

Notably, when applied to DeiT-T, SPOT leads to simul-
taneous accuracy and efficiency gains. This likely stems
from an implicit regularization effect; by pruning and elim-
inating less informative tokens that may act as noise, SPOT
reduces the model’s tendency to overfit and enhances gener-
alization, a benefit particularly pronounced in models with
smaller representational capacity, that are more susceptible
to overfitting [2]. Similar trends are echoed in Section 4.4.

Consistent results on different ViT models used in our
experiments suggest that the proposed approach is not lim-
ited to a specific model design, but rather generalizes effec-
tively across distinct architectures and sizes. This further
highlights the utility of the efficiency gains facilitated by
sparsifying less informative tokens via SPOT, as it can be

Removed | Accuracy  Predictor Overall

from D (%) GFLOPS GFLOPS
I 79.4(-0.4) 0.120 3.0 (-1.6)
&2 79.5(-0.3) 0.120 3.0 (-1.6)
DM D* | 79.5(-0.3) 0.111 3.0 (-1.6)

Table 2. Reduced attention information results demonstrating the
efficacy of our compact attention dynamics representation. This
representation alone already provides substantial information to
the token importance predictors, resulting in computational gains.
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Figure 5. Reduced token-derived information results.

combined with different ViT models, maximizing resource
utilization without sacrificing accuracy.

Additional experimental findings highlighting SPOT’s
efficacy and robustness, including evaluations of accuracy
under image perturbations (Table 5), attention aggrega-
tion strategies comparison (Table 7), information granular-
ity analysis (Table 8), smaller-scale model redundant token
identification visualizations (Figure 6), and a throughput
analysis (Figure 7), are provided in Appendix 7. Together,
these findings provide comprehensive empirical evidence
supporting the effectiveness and generalizability of SPOT
across multiple ViT architectures and datasets.

4.3. Ablation Study

We conduct a set of ablation experiments involving key
component modifications and integration with complemen-
tary techniques, consistent with the setup in Section 4.1.

Reduced Attention-derived Information. To understand
the impact of each informational element provided to the
predictor, we explore the roles of the interaction and dynam-
ics awareness incorporated through the condensed atten-
tion information derived from the mean and variance within
attention maps. Calculated across all model layers and
attention heads, ,[L — [ILLA,T7MA,C’NJV[J’MJW,C,ME,T’ ‘LLZ’C]
and 6 = [O’A’T, ghe gMr gMe O’E’T,UZ’C] represent the
means and standard deviations, respectively. We further in-
vestigate the influence of dynamics awareness due to the in-
formation from previous layers, D™ and D>, thereby iso-
lating the contribution of multi-layer historical context ver-
sus single-layer attention. To this end, we evaluate perfor-

Model | Method Accuracy (%) GFLOPS
SPViT* [28] 72.0 0.8 (-0.5)
DeiT-T SPViT+SPOT (ours) 72.1 (+0.1) 0.8 (-0.5)
dTPS [48] 72.9 0.8 (-0.5)
dTPS+SPOT (ours)  73.0 (+0.1) 0.8 (-0.5)
SPViT* [28] 79.5 29 (-1.5)
DeiT-S SPViT+SPOT (ours) 79.7 (+0.2) 2.9 (-1.5)
dTPS [48] 80.1 3.0 (-1.6)
dTPS+SPOT (ours)  80.2 (+0.1) 3.0 (-1.6)

Table 3. SPOT integration with soft sparsification methods eval-
uated over ImageNet-1K. The observed performance gains under-
score the versatility and efficacy of SPOT when applied synergis-
tically with complementary techniques.



Model ‘ GFLOPS CIFAR-100 [30] (%)

Food-101 [4] (%)

DTD [10] (%) EuroSAT [20] (%)

Baseline [43] | 1.3
SPOT (ours) | 0.8 (-0.5)

66.2
66.9 (+0.7)

56.7
60.7 (+4.0)

58.7
62.0 (+3.3)

87.8
90.1 (+2.3)

Table 4. Cross-dataset evaluation of SPOT using the DeiT-T backbone on diverse datasets under identical fine-tuning settings. SPOT
achieves higher accuracy than the baseline across various visual domains while operating at significantly reduced computational cost.

mance by selectively excluding each of these elements, with
the resulting performance variations reported in Table 2.
As attention-derived information is heavily condensed, its
processing merely changes the computational demands, as
reflected by the constant GFLOPS count. Meanwhile, the
consistent decline in accuracy for ablating each element
highlights the importance of the holistic approach of SPOT,
both within each layer and across preceding layers.
Reduced Token-derived Information. A key part of the
comprehensive dynamics allowing for better-informed de-
tection is token representations, which are projected to a
dremap-dimensional space. Gradually decreasing dremap, We
reduce the dimensionality of the projected token embed-
dings. The GFLOPS count when dyemap = 0 is 2.9. Hence,
the computational savings from dremap = di 10 dremap = 0
(not using token-derived information) are 0.1 GFLOPS. Re-
sults from this analysis (Figure 5) indicate that compact at-
tention map representations using our proposed predictor
facilitate effective token sparsification, even with limited or
no reliance on token embedding information.

Soft Sparsification Integration. To further assess the gen-
eralizability and modularity of SPOT, we integrate it with
two common and distinct soft sparsification methods over
two model scales, while following their recommended fine-
tuning protocols. To ensure fair comparison, we employ the
SPOT variant without cross-layer information (correspond-
ing to the setting reported in the third line of Table 2), and
consistent with the previous experiments, employ sparsifi-
cation with p = 0.7. As summarized in Table 3, SPOT con-
sistently improves soft sparsification accuracy while main-
taining similar computational budgets. Although the gains
may appear modest in absolute terms, they are achieved
in settings where existing methods already saturate perfor-
mance and leave little room for improvement, underscoring
SPOT’s effectiveness in soft sparsification regimes as well.

4.4. Comparison over Additional Benchmarks

To further validate the versatility and transferability of
SPOT, we conducted evaluations across diverse image
datasets, with their key properties summarized in Table 6.
These datasets collectively cover a broad range of domains,
allowing assessment under varying visual semantics and
data distributions.

For this analysis, we compare the baseline DeiT-T model
initialized from its publicly available ImageNet-1K pre-
trained weights, and the SPOT-augmented DeiT-T model
corresponding to the configurations reported in Table 1.
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Full training details are provided in Appendix 6.2.2.

Importantly, the objective of this experiment is to assess
the adaptability and cross-domain generalization capacity
of SPOT compared to the baseline under identical settings.
Thus, it provides a fair evaluation of its transfer behavior,
rather than maximizing dataset-specific performance.

As summarized in Table 4, SPOT consistently exceeds
baseline accuracy across diverse datasets while operating
at significantly lower computational costs. Under identical
fine-tuning settings, SPOT-augmented models adapt faster
to distributional shifts and new visual domains in smaller
datasets. Its conditioning on both intra-layer and cross-layer
attention dynamics, combined with token-level information,
allows it to preserve semantically informative regions that
generalize across diverse domains, while discarding redun-
dant tokens, as evidenced by overall performance.

These findings suggest that SPOT not only maintains
strong performance on large-scale datasets such as Ima-
geNet, but also transfers effectively to smaller or domain-
specific datasets, highlighting its robustness and suitability
as a well-generalized token sparsification framework.

5. Conclusions

We presented an effective and robust framework for token
importance prediction, designed to improve the efficiency
of Vision Transformers (ViT). The proposed SParsification
with attentiOn dynamics via Token relevance (SPOT)
framework leverages both token and attention-derived dy-
namics information propagated across the layers of the ViT
architecture. This mechanism enables to SPOT salient to-
kens while pruning contextually redundant ones, yielding
sparsification patterns that align with human-interpretable
feature relevance. Through comprehensive empirical exper-
iments conducted using two ViT-based architectures with
different model sizes, evaluations over diverse visual do-
main benchmarks, and integration with complementary ef-
ficiency enhancement methods, SPOT outperforms existing
methods in ViT sparsification informed via salient token
identification. Critically, SPOT achieves a substantial re-
duction in computational cost, up to 40%, while maintain-
ing near-identical or even improving model accuracy.
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