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Abstract

Long-Context Transformer Models (LCTMs) are
vital for real-world applications but suffer high
computational costs due to attention’s quadratic
complexity. Block-sparse attention mitigates this
by focusing computation on critical regions, yet
existing methods struggle with balancing accu-
racy and efficiency due to costly block impor-
tance measurements. In this paper, we intro-
duce XAttention, a plug-and-play framework that
dramatically accelerates long-context inference
in Transformers models using sparse attention.
XAttention’s key innovation is the insight that
the sum of antidiagonal values (i.e., from the
lower-left to upper-right) in the attention ma-
trix provides a powerful proxy for block impor-
tance. This allows for precise identification and
pruning of non-essential blocks, resulting in high
sparsity and dramatically accelerated inference.
Across comprehensive evaluations on demand-
ing long-context benchmarks—including RULER
and LongBench for language, VideoMME for
video understanding, and VBench for video gener-
ation—XAttention achieves accuracy compara-
ble to full attention while delivering substantial
computational gains. We demonstrate up to 13.5x
acceleration in attention computation. These re-
sults underscore XAttention’s ability to unlock
the practical potential of block sparse attention,
paving the way for scalable and efficient deploy-
ment of LCTMs in real-world applications.

1. Introduction

The transformative impact of Large Language Models
(LLMs) (Dubey et al., 2024; OpenAl, 2023) is expanding
beyond natural language processing, steering in a new era of
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multimodal capabilities. Long-Context Transformer Models
(LCTMs) are emerging as essential tools in this evolution,
particularly for tasks like video understanding (Lin et al.,
2023; Wang et al., 2024) and video generation (Kong et al.,
2025) that demand processing and generating exceptionally
long sequences of information. These models hold the key
to unlocking brilliant systems capable of interacting with
the world in a human-like way, understanding and generat-
ing not just text, but also visual information over extended
periods. Imagine Al agents engaging in seamless, multi-
modal, day-long interactions, or powerful world simulators
generating hours of coherent video—tasks that hinge on
processing a tremendous number of tokens.

However, realizing this vision requires overcoming a signif-
icant challenge: the computational burden of the attention
mechanism (Vaswani et al., 2017). While crucial for captur-
ing relationships within sequences, attention’s cost scales
quadratically with sequence length. This quadratic scaling
creates a substantial bottleneck during the pre-filling stage,
hindering the practical deployment of LCTMs for complex,
real-world applications.

In the pursuit of more efficient Transformers, block-sparse
attention (Zaheer et al., 2020; Guo et al., 2024) has emerged
as a promising avenue. The core idea is appealing: instead of
computing attention between all token pairs, focus resources
on the most crucial regions of the attention map, creating
”blocks” of relevant information. This selective computation
promises to drastically reduce computational burden while
preserving the model’s ability to capture essential long-
range dependencies.

Yet, existing block-sparse methods have struggled to deliver
on their full potential, often grappling with a trade-off be-
tween accuracy and efficiency. This stems from the lack of
lightweight yet effective mechanisms for identifying and
prioritizing truly important attention blocks. The overhead
involved in determining block importance can negate the
gains achieved through sparsity, rendering these methods
impractical for real-world deployment.

This leads us to a question: Can we design a block-sparse
attention mechanism that dramatically accelerates long-
context Transformers without compromising accuracy, truly
unlocking their potential for real-world applications?
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Figure 1. Illustration of XAttention: XAttention optimizes at-
tention through a three-step process: (Left) Strided Antidiagonal
Scoring: Each block (8 8 in this example) is scored by summing
values along its strided antidiagonals (stride = 4), with red lines
generally indicating higher summed values and blue lines lower
values. (Middle) Block Selection: High-scoring blocks are se-
lected based on these evaluations. (Right) Block Sparse Attention:
Attention is computed only on the selected blocks (red blocks
on the right), achieving substantial computational savings. This
example uses a sequence length of 24.

We answer this question by introducing XAttention, a novel
plug-and-play framework designed to significantly improve
the efficiency of block-sparse attention in long-context
Transformers. XAttention is based on the key insight that the
sum of antidiagonal values within the attention matrix can
serve as a powerful, yet computationally efficient, indicator
of block importance. Unlike existing methods that primar-
ily rely on computationally intensive and lossy solutions
like token pooling to identify important blocks, XAtten-
tion leverages this simple score to offer a potentially more
streamlined and direct approach for rapidly and accurately
identifying critical attention blocks.

This antidiagonal scoring algorithm allows XAttention to
aggressively find and prune non-essential computations,
achieving substantial sparsity without sacrificing accuracy.
We extensively evaluate XAttention on challenging long-
context benchmarks, including RULER and LongBench for
natural language processing, VideoMME for video under-
standing, and VBench for video generation. Across these
benchmarks, XAttention achieves accuracy comparable to
full attention while delivering substantial computational
gains, demonstrating up to 13.5x acceleration in atten-
tion computation during pre-filling. These results under-
score XAttention’s ability to unlock the practical potential
of block-sparse attention, paving the way for scalable and
efficient deployment of long-context Transformers in de-
manding applications, especially in the expanding field of
multimodal Al

2. Method

In this section, we introduce our method, XAttention. The
XAttention algorithm comprises three primary components:
(1) importance prediction of attention map blocks, (2) selec-
tion of important attention blocks, and (3) prediction of the
minimum threshold for attention heads.
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Figure 2. XAttention’s antidiagonal pattern intersects both vertical

and slash patterns within a block, enabling efficient detection of
these patterns and guiding effective sparse attention computation.

2.1. Importance Prediction

The inherent sparsity of attention maps necessitates a robust
strategy for predicting the importance of attention blocks.
While methods like MlInference (Jiang et al., 2024) and
FlexPrefill (Lai et al., 2025) utilize a combination of pooling
and “vertical slash detection,” our ablation study reveals that
relying solely on average or sum pooling yields inaccurate
predictions. Pooling methods are particularly ineffective
when only a few significant vertical or slash patterns exist
within a block, failing to capture these crucial indicators of
importance.

Minference and FlexPrefill attempt to overcome this limi-
tation by analyzing the last segment of the input query to
identify important “vertical and slash indices.” However,
this approach faces two key challenges: firstly, important
attention patterns may not persist in the final query segment;
secondly, the search algorithm itself introduces substantial
computational overhead (demonstrated in Figure 6).

Fundamentally, an effective block importance prediction
method should automatically and robustly identify signifi-
cant patterns, including crucial vertical and slash patterns.
To achieve this, we propose the antidiagonal selection
method. Within each block of size B, we select elements
along the antidiagonal using a stride S (visualized in Fig-
ure 1). The sum of these selected elements serves as a proxy
for the overall importance of the corresponding attention
block.

The effectiveness of this method can be understood from
two perspectives: (1) Information Preservation: This se-
lection strategy ensures that information from all tokens is
considered, as each token contributes to at least one antidiag-
onal sum. (2) Pattern Detection: As illustrated in Figure 2,
the antidiagonal intersects every possible vertical and slash
pattern within a block. XAttention’s antidiagonal pattern
intersects both vertical and slash patterns within a block,
enabling efficient detection of these patterns and guiding
effective sparse attention computation. This ensures that no
crucial patterns are missed during the importance estimation
process.
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2.2. Threshold Block selection

Based on the antidiagonal scoring pattern, we propose the
following sparse attention block selection algorithm. Let
S denote the stride, and let B be the size of the sparse
attention blocks. The process begins with antidiagonal sum-
mation, where we select elements along the antidiagonal
within each S x S block of the attention map and compute
the sum of these elements for each antidiagonal. Subse-
quently, we perform softmax normalization by applying
the softmax function to these antidiagonal sums, yielding a
probability distribution over the antidiagonals. Finally, for
block selection, the find blocks function is employed
to identify the minimal set of blocks whose cumulative sum
of antidiagonal probabilities exceeds a predefined threshold
. Formally, this can be expressed as:

findblocks(A; ) = argmin |B|‘ N> Az
beB (i,5)€b

where A is the attention map, B is a set of blocks, and |B]
represents the number of blocks in the set. This process
effectively determines the most important blocks in the at-
tention map based on the antidiagonal scoring pattern and
the specified threshold.

Algorithm 1 Block Selection

Require: Query matrix Q € R4 Key matrix K €
REXd plock size B, stride S, head dimension dj,
threshold

Ensure: Sparse mask M

1: Ng + |L=B| {Number of blocks}
2: forb=0toNp — 1do

3: Qulice ¢ Q[bB : (b+1)B;:] {Extract Q block}

4: Qreshaped — []

5: fori=S —1downtoOdo

6: Qreshaped:append(Qslice[i S, ]) {RGShape along
antidiagonals with stride S}

7:  end for

8: Kreshaped — D

9: fori=0toS—1do

10: Kreshapea:append(K[i :: S;:]) {Reshape along an-
tidiagonals with stride S}

11:  end for

reshape KT .
12:  Agpprox < Softmax <W) {Approximate

attention scores }
13: My < find_blocks(Aupprox; ) {Find blocks based
on threshold}
14: end for
15: M —
{Concatenate block masks}

2.3. Minimum Threshold Prediction

We propose a dynamic programming approach to determine
the optimal threshold for each attention head. Previous
research indicates that different attention heads exhibit vary-
ing sparsity levels and importance. Thus, it is beneficial
to dynamically adjust thresholds for individual heads to
optimize the balance between accuracy and computational
efficiency.

Problem Formulation: Consider a model with H attention
heads. We define a dynamic programming table D[h][m],
where h € {1;2;:::;H} represents the h-th head, and
m € {1;2;:::; M} denotes the number of threshold adjust-
ments made. D[h][m] stores the best performance achiev-
able when exactly m threshold adjustments have been made
across the first h heads.

Dynamic Programming: Our objective is to find the opti-
mal threshold for each head such that their joint contribution
maximizes accuracy while minimizing computation. The
recurrence relation for the DP table is:

D[h][m] = max(D[h — 1][m]; P (h; m))

where P (h; m) represents the performance of the model
when the h-th head’s threshold is adjusted for the m-th time.
This corresponds to the model’s performance after reducing
the threshold of the h-th head by one step relative to the
state D[h — 1][m — 1] in the optimization process.

We adjust the threshold for each head by reducing it by 10%
at each step:

t,(m) =t,(m—1) x 0:9

This ensures a gradual reduction in computation while pre-
serving each head’s contribution to accuracy.

Note that this dynamic threshold prediction method can
further optimize X Attention’s sparsity but is not a mandatory
component. We present detailed results in the ablation study.

3. Experiments

This section presents our empirical investigation into the
effectiveness of XAttention. We first detail the implemen-
tation specifics, followed by evaluation results on text and
video understanding, as well as video generation bench-
marks, against strong baselines. We then test the accelera-
tion performance of XAttention. Finally, we provide analyt-
ical ablation studies to further understand the behavior of
XAttention.

3.1. Experimental Setup

Models We evaluate XAttention across three distinct do-
mains. For natural language tasks, we employ Llama-3.1-
8B-Instruct (Dubey et al., 2024). In the video understanding
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Table 1. Accuracy comparison of different methods and sequence
lengths on RULER with Llama-3.1-8B-Instruct . XAttention is
configured with Stride S = 8 and S = 16 with Precisely Predicted
Minimum Threshold.

InputLen 4k 8k 16k 32k 64k 128k Avg.

Full 96.74 94.03 92.02 84.17 81.32 76.89 87.52

FlexPrefill 95.99 93.67 92.73 88.14 81.14 74.67 87.72
Minference 96.54 94.06 91.37 85.79 83.03 54.12 84.15
SeerAttn  95.32 92.14 92.20 88.05 83.30 72.37 87.23
Xattn S=8 96.83 94.07 93.17 90.75 84.08 72.31 88.47
Xattn S=16 96.11 93.95 93.56 90.64 83.12 71.11 88.08

domain, we utilize Qwen2-VL-7B-Instruct (Wang et al.,
2024). Finally, for video generation, we use the Hunyuan-
Video model (Kong et al., 2025). To optimize the trade-off
between computational efficiency and accuracy on natural
language tasks, we apply our precise threshold prediction
method to the Llama-3.1-8B-Instruct model.

Baselines We compare XAttention against several strong
baselines. Our primary baseline for dense attention is
FlashAttention (Dao, 2023), implemented within the Flash-
Infer (Ye et al., 2024) framework. We also compare against
Mlinference (Jiang et al., 2024), FlexPrefill (Lai et al., 2025),
and SeerAttention (Gao et al., 2024), strictly adhering to
their public implementations. For SeerAttention, we incor-
porate pretraining on the Gare weights. For MInference, we
utilize their official configuration, where all attention heads
adopt the ”Vertical-Slash” sparsity pattern. For FlexPrefill,
we set the hyperparametersto = 0:95and = 0:1, which,
according to the original paper, resulted in the highest accu-
racy among the provided parameter sets.

Datasets We evaluate our model on a diverse set of tasks
spanning natural language understanding, video understand-
ing, and video generation. For natural language tasks, we
employ the RULER (Hsieh et al., 2024) dataset, a synthetic
benchmark specifically designed to assess long-context abil-
ities in LLMs. RULER allows for customizable sequence
lengths and task complexities, extending the traditional
needle-in-a-haystack test while introducing novel task cat-
egories like multi-hop tracing and aggregation. We also
evaluate on real-world long-context tasks from LongBench
(Bai et al., 2023) to test performance in practical scenarios.

For video understanding, we utilize the Video-MME (Fu
et al., 2024) dataset, the first comprehensive benchmark for
evaluating multimodal large language models (MLLMs) on
video analysis. Video-MME comprises 900 videos totaling
254 hours, with durations ranging from 11 seconds to 1
hour, providing a robust testbed for assessing long video
comprehension.

In the video generation domain, we leverage 946 GPT-

augmented text prompts from VBench (Huang et al., 2024)
to generate videos. We then compare the videos gener-
ated by our proposed method, XAttention, against those
produced by a full attention baseline, evaluating the effec-
tiveness of our approach in generating high-quality video
content.

3.2. Accuracy Results

RULER On the RULER benchmark (Hsieh et al., 2024),
we apply the dynamic programming method described in
Section 3.3 for Minimum Threshold Prediction, utilizing
strides of S = 8 and S = 16 with a maximum adjustment
number of M = 1000. This yielded a set of minimum
thresholds with an average of 0.8, further enhancing the
computational efficiency of our sparse attention mechanism.

Table 1 compares the accuracy of XAttention against strong
baselines on the Llama-3.1-8B-Instruct model across vari-
ous sequence lengths on RULER. Notably, both MInference
and SeerAttention experience significant performance degra-
dation as context length increases. In contrast, XAttention,
configured with S = 8 and S = 16 and employing our
precisely predicted minimum thresholds, not only surpasses
the optimal sparse attention baseline, FlexPrefill, but also
outperforms full attention at several sequence lengths. Ad-
ditionally, we evaluate the same tasks on the above three
models. The results shown in appendix are consistent across
models.This demonstrates the robustness of XAttention in
handling very long contexts.

LongBench Table 2 presents the performance of XAtten-
tion compared to strong baselines on the real-world tasks
within the LongBench benchmark, using the Llama-3.1-8B-
Instruct model. Maintaining the same configuration used
for the RULER evaluation, we evaluate X Attention along-
side MInference and FlexPrefill. XAttention achieves the
highest average score across all tasks, demonstrating its ef-
fectiveness in practical scenarios. Notably, the performance
of XAttention on individual tasks remains close to that of
full attention, indicating that our method preserves accuracy
while improving efficiency.

Video Understanding We apply Stride S = 16 and
threshold = 0:9 parameters on the QwenVL-2-7B model.
As shown in Table 3, among the three sparse attention meth-
ods, MInference and FlexPrefill fail to achieve optimal per-
formance on Long video tasks. XAttention achieves the best
average score among all sparse attention methods and even
outperforms FlashAttention on long videos, with a frame
rate of 1 frame per second for up to 1 hour.

Video Generation We evaluate XAttention’s performance
in the video generation domain using the HunyuanVideo
model on prompts from VBench (Huang et al., 2024). The
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Table 2.Comparison of different attention methods on real-world LongBench tasks using the Llama-3.1-8B-Instruct model. XAttention,
con gured with stride 8 and Precisely Predicted Minimum Threshold, achieves the best average scores against all baselines.

Single-Doc QA Multi-Doc QA Summarization Few-shot Learning Code
& &
\g @ S < $
¥y & & x <O y & § £ & o & 5 & Q
venod & & F L F S L E Y § LIS I
S O < (§\ S S S N S 5 Y
Full 31.44 25.07 29.40 16.89 17.00 11.79 34.22 23.25 1591 26.69 72.50 91.65 43.74 46.00 52.19 49.14 40.34

Minference 31.59 24.82 29.53 17.03 16.46 11.58 34.19 23.06.08 26.71 72.50 91.18 43.55 46.00 52.33 49.93 40.30
FlexPre Il 27.30 28.5627.66 17.20 15.14 9.46 32.7@3.66 16.05 27.25 64.00 88.18 41.28 31.00 45.69 47.54 36.83
XAttention 28.99 26.1429.92 17.40 16.70 11.80 34.423.26 16.00 27.04 72.0®1.65 43.86 47.00 52.67 50.84 40.60

Figure 3.Qualitative comparison of video generation results on the VBench benchmark using the rst prompt in the VBench dataset.
Rows show frames from videos generated using: (1) Full Attention (baseline), (2) XAttention with no warmup=a0d6), (3)
XAttention with 5 warmup steps and & 0.9), and (4) XAttention with 5 warmup steps and«0.95). XAttention with warmup achieves

high visual delity to the full attention baseline.

HunyuanVideo model utilizes the Diffusion Transformer slight layout shifts in the output video compared to the full
(DiT) architecture (Peebles & Xie, 2023), which employs attention baseline, resulting in lower quantitative scores. In-
non-causal attention. As existing baselines are not implespired by research on diffusion models (Xiao et al., 2023c;
mented for non-causal attention, we compare XAttentiorli et al., 2024) demonstrating that early denoising steps
solely against the full attention baseline. Our evaluatiorare critical for determining content layout, we introduce
considers both quantitative metrics (PSNR, SSIM, LPIPSa "warmup” phase. During this phase, we utilize full at-
and qualitative visual comparisons. We replace all attentiortention for the rst 5 denoising steps, before switching to
computations in the DiT backbone with XAttention, and XAttention. Figure 3 illustrates the qualitative impact of
measure performance against the full attention output usinthis warmup strategy.

the same random seed and prompt, averaging 'the resul]t.gble 4 presents the quantitative results of applying XAtten-
across all 946 VBench prompts. The generated videos haVt‘leon to the HunyuanVideo model. Both con gurations, with
a resolution of 7201280 pixels and 129 frames, with 50 : '

denoising steps. We con gure XAttention with a stride of ::k;r;sr;orléids toof VT dg;io agr?er;t;j:gvf/’,itﬁclelf\;tatgﬂigndegtyecif-
S =8 and thresholds of =0:9and =0:95. b 9 - 9P

ically, we observe a PSNR up to 23.5, SSIM up to 0.822,
Initially, applying XAttention from the very beginning of and LPIPS down to 0.155, indicating a level of similarity
the denoising process in the HunyuanVideo model led tdhat is dif cult for the human eye to discern. As expected, a
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