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Abstract

Resolution scaling enhances the performance of Vision Transformers (ViTs) but in-
curs substantial computational costs due to the quadratic time complexity of self-attention.
Our study reveals that sparsity naturally emerges in the attention maps of pre-trained vi-
sion encoders. Building on this observation, we introduce Sparse Vision Encoder (SVE),
a post-training optimization framework that exploits sparsity to accelerate inference of
vision encoders. SVE selectively applies sparsity in key layers, performs sparsity dis-
tillation to adapt models to sparse attention, and incorporates a lightweight predictor to
eliminate redundant computations. Furthermore, we leverage cross-layer consistency in
sparsity patterns, enabling efficient reuse of sparsity structures. Experiments on DINOv2,
CLIP, and SAM2 show that SVE scales effectively for high-resolution encoding, deliv-
ering up to 80% speedup while preserving model performance. This demonstrates that
SVE is a scalable and cost-effective solution for high-resolution visual representation.
Our code is available at https://github.com/xuxalan/SVE.

1 Introduction

Recent advances in Vision Transformers (ViTs) [14] demonstrate the benefits of resolution
scaling [31, 40], which enhances feature granularity and is essential for tasks such as se-
mantic segmentation [41, 46], object detection [5, 50], and Vision-Language Model (VLM)
encoders [3, 9]. In contrast to Convolutional Neural Networks (CNNs) [25], which face
scalability limits due to their restricted receptive fields, ViTs offer a global receptive field,
enabling them to effectively capture both long-range and local dependencies.
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Image Layer 9 Layer 18 Layer 21

Figure 1: Visualization of Attention Maps. We plot the average attention maps in DINOv2 layers
and have the following observations: (a) Sparsity emerges in deep layers but not in shallow layers. (b)

The sparsity patterns are consistent across layers (e.g., layers 18 and 21).

However, resolution scaling introduces significant computational challenges. The self-
attention module has quadratic complexity, leading to a quartic increase in time cost as res-
olution grows. Even with optimizations such as FlashAttention [10, 11], attention remains
the primary bottleneck due to the large number of tokens, limiting real-time applicability.

While prior methods aim to improve attention efficiency [28, 38], they require costly re-
training and rely on fixed, heuristic sparsity patterns that lack adaptability. A more practical
approach is to leverage pre-trained vision foundation models [32, 35, 36], apply lightweight
high-resolution fine-tuning through parameter-efficient methods [19] or adapters [15], and
then perform post-training efficiency optimization. This strategy not only adapts to dynamic
attention patterns but also generalizes across diverse models, offering a flexible and cost-
effective solution. Given the strong representational power of vision foundation models,
improving their inference efficiency remains a critical yet underexplored research direction.

Our pilot study reveals that sparsity naturally emerges in the attention of vision encoders.
In deeper layers, attention maps concentrate on a few tokens, while most show near-zero ac-
tivations (Fig. 1). These “attention sinks” dominate feature representation, suggesting that
computation can be selectively reduced without affecting performance. Despite the oppor-
tunities for sparsity optimization, efficiently extracting sparsity is challenging, as vision en-
coders process all tokens simultaneously, making direct attention computation costly. We
show that lightweight modules can accurately predict attention maps without expensive ma-
trix multiplications. Additionally, the observed cross-layer consistency in sparsity patterns
allows reuse across layers, reducing redundancy and further improving efficiency.

Building on this observation, we propose Sparse Vision Encoder (SVE), a framework
that accelerates inference of pre-trained vision encoders by exploiting attention sparsity.
SVE is guided by two objectives: preserving model performance and maximizing inference
efficiency. To maintain accuracy, it begins with layer selection, identifying layers where
sparsity can be introduced without degrading feature representations. Next, sparsity distilla-

tion adapts the model from dense to sparse attention, avoiding the need for full re-training.
To reduce overhead, SVE incorporates a lightweight sparsity projector that directly estimates
attention weights from input tokens, eliminating costly matrix multiplications for sparsity ex-
traction. Finally, SVE leverages cross-layer consistency by reusing sparsity patterns across
adjacent layers to further accelerate inference. Extensive experiments validate the effective-
ness of SVE, showing that it achieves substantial inference speedups while preserving strong
model performance. Our contributions can be summarized as follows:

• We present key insights into optimizing the inference efficiency of pre-trained vision
encoders by exploiting attention sparsity, identifying both bottlenecks and strategies
for acceleration.
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• We propose SVE, a novel framework that accelerates inference of diverse pre-trained
vision encoders while preserving accuracy.

• We validate our approach through extensive experiments on DINOv2 [32], CLIP [35],
and SAM2 [36] across classification and segmentation tasks, demonstrating strong
scalability to high-resolution encoding and achieving up to 80% speedup with minimal
performance loss.

2 Related Work

Vision Foundation Model. Vision Foundation Models are large-scale, pre-trained models
with general feature representations. Training techniques include contrastive learning in
multi-modal models [20, 26, 35, 44] for tasks like zero-shot learning, and self-supervised
learning [6, 7, 32] for learning without labels. Models like [24, 36] employ semi-supervised
learning for promptable segmentation. Most of these models use the Vision Transformer
(ViT) [14], built on the Attention module [39]. In this work, we focus on optimizing the
backbone, the core component of vision foundation models.

Resolution Scaling. Scaling laws [22] are applied to model parameters to enhance perfor-
mance [18, 45]. In the vision domain, researchers have also identified scaling laws in image
resolution [31, 40], where increasing the number of tokens per image leads to performance
improvements. However, a key challenge is that computational costs grow significantly with
higher resolution, necessitating efficient inference techniques to maintain feasibility.

Sparse Attention. Sparse attention has gained growing interest [17, 29, 43] for its ability
to reduce computational costs without compromising performance. In the computer vision
domain, where the number of image tokens can scale significantly, various strategies have
been proposed to enhance attention efficiency by introducing heuristic sparsity [27, 28, 37,
38]. However, reliance on pre-determined sparsity may limit adaptability and hinder optimal
performance. [8] also exploits attention sparsity in the post-training stage but is restricted to
window-based attention. In contrast, we target general-purpose ViTs.

LLM Inference. To accelerate inference in Large Language Models (LLMs), particularly
with long-context inputs, researchers have explored sparse attention as a way to reduce com-
putation and memory usage without compromising accuracy [1, 4, 16, 21, 42, 47]. However,
applying these techniques to vision models remains challenging, as vision encoders process
all tokens simultaneously, other than autoregressively. This key difference underscores the
need for optimization strategies tailored to the unique characteristics of visual tasks.

3 Observations and Key Insights

We present several key empirical insights from pre-trained vision encoders that motivate
the design of SVE. In this section, we use DINOv2 [32] as a representative example, with
supporting evidence from other models provided in Sec. C.

3.1 Attention Sparsity

Consider the attention computation:

Attention(Q,K,V ) = softmax(QK
T ) ·V, (1)
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Image Attention Map Prediction

Figure 2: Linear Projector Prediction. We compare the average attention map m from layer 17 of
DINOv2 with the predictions given by a linear projector applied to the input tokens of the same layer.
The results show that the projector effectively identifies tokens with high activation.

where Q,K,V 2 RL⇥d , with L denoting the number of tokens and d the feature dimension.1
The full attention map is given by M = softmax(QK

T ) 2 RL⇥L, and the average attention
map m 2 RL is defined as mi =

1
L

ÂL

j=1 Mji. If some values in m are close to zero, the corre-
sponding Key-Value (KV) pairs contribute less to the output, which presents an opportunity
to skip computation. When most values are near zero, the attention is considered sparse.

Sparsity in Deeper Layers. Fig. 1 shows average attention maps m in DINOv2, revealing
that sparsity naturally emerges in certain layers (e.g., layers 18 and 21). This supports the
findings of [12] that Vision Transformers (ViTs) often rely on a small subset of tokens for
representation. In contrast, the shallower layers (e.g., layer 9) show more diffuse attention.
We hypothesize that sparsity arises as the model shifts from local to global feature extraction,
making deeper layers ideal for exploiting sparsity. Pruning less-contributive KV pairs in
these layers could reduce redundancy and speed up inference without harming performance.

3.2 Sparsity Extraction

Sparsity patterns in vision encoders are highly dynamic and data-dependent, requiring online
extraction during inference. The most direct way to obtain the average attention map m is
to compute the full attention map M, which requires expensive matrix multiplications and
softmax operations. As noted in [11], computing M is the main computational bottleneck
and can incur even greater latency than full attention with FlashAttention [10, 11]. This
underscores the need for a more efficient method of extracting sparsity patterns.

Sparsity Prediction. Since sparsity is encoded in the average attention map m, rather than
the full attention map M, we can bypass the costly computation of M by introducing a light-
weight projector. Our experiments show that a simple linear projector can accurately predict
m from input tokens. Specifically, each token xi 2 Rd predicts its corresponding attention
weight in m, i.e., mi 2R, through the projector. As demonstrated in Fig. 2, predicting tokens
with large values in m achieves a high recovery rate, enabling efficient sparsity prediction.

Layer Consistency. Another key observation is the consistency of the sparsity patterns
in consecutive layers. Specifically, average attention maps persist over layers (e.g., layers
18 and 21 in Fig. 1). This cross-layer similarity can reduce the cost of sparsity extraction
(e.g., computing QK

T or applying a linear projector) by allowing patterns to propagate from
earlier layers, improving efficiency with minimal impact on performance.

1The scaling factor 1/
p

d is omitted for simplicity.
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Figure 3: SVE Overview. (a) We use a pre-trained vision encoder as the teacher and apply layer-wise
distillation to a student model. The student model employs sparse attention for adaptation and extracts
sparsity patterns from the average attention map m. To enable efficient computation, we sort tokens
based on m, compute sparse attention, and then restore the original order. In the illustration, green
arrows denote sorting indices, and the blue arrow shows inverse indices. (b) We visualize the efficient
sparse attention computation. (c) After distillation, we replace m with a lightweight linear projector to
reduce overhead by predicting attention maps without heavy matrix multiplication.

4 Method

We propose SVE to accelerate inference in pre-trained vision encoders by efficiently incor-
porating sparse attention. Our framework begins with layer selection (Sec. 4.1) to identify
layers suitable for sparsity. Then, sparsity distillation (Sec. 4.2) adapts the model to sparse
attention while maintaining feature quality. Next, we train linear projections for fast spar-

sity prediction (Sec. 4.3). Finally, we reuse sparsity patterns across layers to further reduce
computation, achieving a balance between efficiency and performance.

4.1 Sparse Layer Selection

As discussed in Sec. 3.1, sparsity appears only in a subset of layers in pre-trained vision
encoders. To avoid large output deviations, we apply sparsity optimization selectively to
layers that exhibit clear sparsity patterns. Specifically, we define a sparsity indicator s

(l) for
layer l based on its average attention map m

(l), i.e.,

s
(l) =

1
N

N

Â
i=1

[m(l)
i

< m
(l)
max/c], (2)

where N is the number of tokens, m
(l)
max is the maximum value in m

(l), and c is a threshold
(c= 10 in our experiments). We compute these statistics on a calibration set and select layers
where the sparsity indicator s

(l) exceeds the threshold. The curves are shown in Fig. 4.

Sparse Attention Computation. A common sparse attention strategy is to compute atten-
tion using only a subset of Key-Value (KV) pairs. However, if the same subset is applied
uniformly across all queries, tokens excluded from it lose the ability to interact with each
other, thereby reducing the model’s expressive capacity. To address this, we introduce a
small subset of tokens with a global receptive field, enabling interaction with all KV pairs.
These global tokens are selected according to the highest values in the average attention map.
As shown in the cross-layer consistency analysis (Sec. 3.2), this subset remains stable across
layers, ensuring that any two tokens can exchange information within two consecutive layers
through global tokens.

To further enhance efficiency, we transform the token layout before performing attention
computation. Specifically, we sort tokens based on their values in the average attention map
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m, enabling efficient block-sparse attention [33]. This process is formulated as follows:

index = argsort(m), (3)
Q
0 = permute(Q, index), (4)

K
0 = permute(K, index), (5)

V
0 = permute(V, index), (6)

O
0 = Attention(Q0,K0,V 0,mask), (7)

O = permute(O0, inverse(index)), (8)

where the attention mask is defined as

mask(i, j) =

(
0, if i < nq or j < nk

�•, otherwise
. (9)

Here, nq denotes the number of global tokens, and nk represents the size of the compressed
KV pairs. An illustration of this process is provided in Fig. 3.

4.2 Sparsity Distillation

Although sparsity naturally emerges in deeper layers of vision encoders, directly applying
sparse attention causes performance degradation because the visual encoder is not trained
with sparse computation. To address this issue, we employ a layer-wise distillation strategy
on a calibration set. By minimizing deviations introduced by sparse computation, we aim to
maintain the feature trajectory of the pre-trained vision encoder while enabling adaptation to
sparsity. Specifically, we first collect the layer-wise outputs of the pre-trained vision encoder,
denoted as O

(t)
i

for layer i. The student model follows the sparse computation process:

Qi, Ki,Vi = fQ,i(Oi�1), fK,i(Oi�1), fV,i(Oi�1) (10)

mi = mean
�
softmax(QiK

T

i
)
�

(11)
Oi = SparseAttention(Qi,Ki,Vi,mi) (12)
Oi = fO,i(Oi) (13)

where fQ,i, fK,i, fV,i, fO,i represents the projections for queries, keys, values, and outputs in
layer i, respectively.2 The loss is defined as

Ldistill = Â
i2S

kOi �O
(t)
i
k2, (14)

where S denotes the set of selected layers (Sec. 4.1). In the student model, the output from
sparse attention at each layer is used as input for the subsequent layer, explicitly addressing
error accumulation resulting from sparsity. By applying knowledge distillation, the student
model effectively adapts to sparse computation while preserving the original feature trajec-
tory of the pre-trained vision encoder.

2
Oi is intentionally abused for simplicity, with normalization and MLP omitted for clarity.
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4.3 Sparsity Prediction

As discussed in Sec. 3.2, a key challenge is efficiently extracting sparsity patterns. The stan-
dard approach requires computing the full attention map M, which incurs quadratic memory
cost and can even be slower than full attention with FlashAttention [10, 11] due to mem-
ory overhead. To address this, we introduce a lightweight linear projection that predicts the
average attention map m. Each token xi 2 Rd is projected to m̂i 2 R and trained with a
cross-entropy loss:

Lproj = CE(m̂,m). (15)

This is applied per layer after sparsity distillation (Sec. 4.2). While less expressive than
dot-product attention, the projection only needs to identify high-value tokens in m, enabling
efficient sparsity prediction. See Sec. 5.3 for further discussion.

Layer Consistency. As discussed in Sec. 3.2, cross-layer consistency enables further la-
tency reduction by reusing sparsity patterns predicted in earlier layers. This eliminates re-
dundant computations and preserves a static token layout across layers, minimizing the cost
of layout transformations. To optimize performance, we explore different configurations to
determine which layers should predict sparsity patterns and which can simply reuse them.

5 Experiments

We demonstrate the effectiveness of SVE through a series of experiments. The experimental
setup is introduced in Sec. 5.1, with implementation details provided in the supplementary
material. The main results are presented in Sec. 5.2, followed by ablation studies in Sec. 5.3.
Additional discussions are also included in the supplementary material.

5.1 Experiment Setup

We conduct experiments on three vision foundation models: DINOv2 [32], CLIP [35], and
SAM2 [36]. For the experiments in Table 1, we largely follow the evaluation protocols
from the original papers. The models are evaluated on both image classification and image
segmentation tasks. For classification, we use the ImageNet-1K [13] dataset, and for seg-
mentation, we use ADE20K [48, 49] and Pascal VOC [30]. DINOv2, as a general-purpose
vision encoder, is evaluated on both tasks. CLIP, designed for image-level representations,
lacks support for dense prediction and is therefore evaluated only on classification. SAM2,
trained for promptable segmentation, is evaluated solely on segmentation tasks, with five
prompt points provided per input. For the experiments in Table 2, we perform resolution
scaling studies on the salient object segmentation task using HQSeg-44K [23]. HQSeg-44K
contains high-resolution images and masks (exceeding 1K resolution), making it well-suited
for high-resolution evaluation. Additional details are provided in Sec. A and Sec. B.

5.2 Main Result

Table 1 reports the results of SVE on CLIP, DINOv2, and SAM2 across image classifica-
tion and segmentation tasks, using a default resolution of 1K (1024x1024). SVE delivers
substantial efficiency gains, achieving a 15%–31% speedup that closely aligns with the re-
duction in FLOP. Despite these improvements, it maintains model performance with only
minimal degradation. In some cases, such as SAM2 on Pascal VOC, it even outperforms
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Models ImageNet-1K [13] ADE20K [48, 49] Pascal VOC [30] TFLOP Speedup

DINOv2 [32] (1K) Pre-trained 84.47 45.54 75.37 6.2 1.76
SVE (Ours) 84.17 44.70 75.15 5.5 (-11%) 2.03 (+15%)

CLIP [35] (1K) Pre-trained 73.99 - - 5.8 1.97
SVE (Ours) 72.76 - - 4.6 (-21%) 2.58 (+31%)

SAM2 [36] (1K) Pre-trained - 61.22 74.22 0.6 14.62
SVE (Ours) - 60.81 74.50 0.5 (-17%) 16.80 (+15%)

Table 1: Main Results. We evaluate three models using only pre-trained weights and a calibration
set for distillation. The default input resolution is 1K (1024x1024). The table reports Acc@1 on
ImageNet-1K and IoU on ADE20K and Pascal VOC. Speedup is measured in throughput with batch
size 1 under fp32 precision. Our results show that SVE consistently improves efficiency across all three
vision foundation models while preserving performance.

Models Resolution HQSeg-44K [34] Speedup

DINOv2 [32] 518x518⇤ 55.95 1.1x
1036x1036 58.24 1.2x

SAM2 [36] 1024x1024⇤ 86.96 1.2x
2048x2048 87.63 1.8x

Table 2: Resolution Scaling. We report the IoU and
Speedup (relative to baselines) of DINOv2 and SAM2
fine-tuned on HQSeg-44K dataset at both native resolu-
tion (⇤) and higher resolutions. The results demonstrate
the advantages of high-resolution inputs and highlight
the greater efficiency gains achieved by SVE when scal-
ing to higher resolutions.

Sparsity Distillation ADE20K [48, 49]

- - 45.25
X - 38.41
- X 45.47

X X 45.45

Table 3: Ablations on Sparsity Distilla-

tion. The table shows the result of SVE
on DINOv2 with ADE20K dataset. Spar-

sity represents whether sparsity optimiza-
tion is applied, and Distillation denotes
whether knowledge distillation is applied.

the pre-trained baseline, indicating redundancy in the original computation. Overall, these
results show that SVE effectively reduces inference cost while preserving feature quality.

Table 2 highlights the effect of resolution scaling. Models are evaluated at their native
resolutions (518x518 for DINOv2 and 1024x1024 for SAM2) as well as at higher resolu-
tions. As expected, increasing input resolution improves performance but also increases
latency significantly. In these high-resolution settings, SVE proves particularly effective: as
attention computation becomes the dominant bottleneck, it delivers greater efficiency gains.
Notably, SVE achieves up to a 1.8x speedup with SAM2 at 2K resolution. This is impres-
sive given that SAM2 uses the highly optimized Hiera [37] backbone for efficient image
and video processing. These results demonstrate the scalability of SVE for high-resolution
encoding tasks.

Overall, our results validate the importance of resolution scaling, that higher resolutions
yield better performance. We also show that SVE provides a scalable and effective solution
to reduce latency while preserving accuracy in such scenarios.

5.3 Ablation Study

The ablation studies follow the setup of Table 1, unless stated otherwise.

Sparse Layer Selection. We analyze how the sparsity indicator s
(l) evolves with increasing

layer depth. As shown in Fig. 4, across all three models, deeper layers generally exhibit
clear sparsity patterns, although the final layers may deviate from this trend. The curves
also suggest a rapid transition from diffuse to sparse attention maps, indicating that different
layers may operate at distinct stages. At intermediate depths, the model appears to emphasize
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SAM2DINOv2 CLIP
Figure 4: Sparsity Indicator. We show sparsity indicator s

(l) for DINOv2, CLIP, and SAM2. The
curve indicates that deeper layers often present sparsity.

Methods Latency (ms) Speedup

Full Attention 17.66 1.0x
Sparse Attention w/ QK

T 22.83 0.8x
Sparse Attention w/ predictor 7.10 2.5x
Sparse Attention w/ speedup 6.21 2.8x

Table 4: Necessity of Efficient Sparsity Prediction. The table shows the profiling results of a single
DINOv2 attention module under fp32 precision. Sparse Attention w/ QK

T refers to sparse attention
where sparsity patterns are derived from dot-product. Sparse Attention w/ Predictor denotes sparse
attention where a linear projector predicts sparsity patterns. Sparse Attention w/ Speedup leverages
sparsity patterns from previous layers to improve computational efficiency.

global features over regional ones. Furthermore, visualizations of individual samples show
that this transition occurs consistently across all cases. Additional discussions on attention
sparsity and sparse layer selection are provided in Sec. C.

Sparsity Distillation. We first compare the performance of the model under full-attention
computation. As shown in Table 3, the distilled model with full attention achieves an IoU of
45.47, closely matching the pre-trained model’s IoU of 45.25. This confirms that distillation
effectively preserves learned representations. We then evaluate the pre-trained model with
sparse attention (IoU of 38.41), where each selected layer is independently compressed using
the “ground-truth” average attention map to define the sparsity pattern. Although sparse pat-
terns naturally emerge, directly applying sparsity optimization to a pre-trained vision encoder
causes a significant performance drop due to changes in attention computation. By contrast,
incorporating distillation mitigates this issue, enabling the model to recover its performance.
These results indicate that the model can successfully adapt to sparse computation, improv-
ing efficiency without compromising accuracy.

Sparsity Prediction. We first emphasize the necessity of efficient sparsity prediction. As
shown in Table 4, computing sparsity directly with dot-product attention introduces sub-
stantial computational overhead, whereas a lightweight linear projector provides a far more
efficient alternative. To evaluate its effectiveness, Fig. 5 presents the recovery curve of a
linear projector trained on a single DINOv2 layer. The projector is tasked with predicting
the top-1/8 tokens with the highest values in the average attention map, which correspond
to the compressed KV pairs. Our results show that selecting the top-1/8 tokens achieves a
recall of 86%, while expanding to the top-1/4 tokens raises recall above 99%. These find-
ings demonstrate that the linear projector can accurately capture the most important tokens,
enabling efficient and reliable sparsity prediction.
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Figure 5: Recall Curve of a Linear Projector. We plot the recall of the linear projector trained on
DINOv2 layer 17. In this task, the projector predicts the top-1/8 tokens with the highest values in the
average attention map. The results indicate that it can reliably recover these tokens.

6 Conclusions

We present Sparse Vision Encoder (SVE), a post-training optimization framework that ex-
ploits the inherent sparsity of pre-trained vision foundation models to accelerate inference
efficiently. SVE integrates sparse layer selection, sparsity distillation, and lightweight spar-
sity prediction to reduce computational overhead while maintaining accuracy. Across diverse
encoders, including DINOv2, CLIP, and SAM2, our experiments show that SVE consistently
achieves substantial efficiency gains, delivering up to 80% speedup in high-resolution sce-
narios with negligible accuracy loss.

These results not only validate sparsity as a scalable principle for efficient visual compu-
tation but also demonstrate that post-training optimization can extend the utility of powerful
pre-trained models without costly re-training. By enabling practical high-resolution infer-
ence, SVE broadens the applicability of vision foundation models to real-world scenarios
such as dense perception, large-scale image retrieval, and interactive systems. We believe
this work opens promising directions for leveraging sparsity to make foundation models
more efficient, adaptable, and widely deployable.
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