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Abstract

Processing long-form videos with Video Large Language

Models (Video-LLMs) is computationally prohibitive. Cur-

rent efficiency methods often compromise fine-grained per-

ception through irreversible information disposal or in-

hibit long-range temporal modeling via rigid, predefined

sparse patterns. This paper introduces AdaSpark, an adap-

tive sparsity framework designed to address these limita-

tions. AdaSpark first partitions video inputs into 3D spatio-

temporal cubes. It then employs two co-designed, context-

aware components: (1) Adaptive Cube-Selective Attention

(AdaS-Attn), which adaptively selects a subset of relevant

video cubes to attend for each query token, and (2) Adaptive

Token-Selective FFN (AdaS-FFN), which selectively pro-

cesses only the most salient tokens within each cube. An

entropy-based (Top-p) selection mechanism adaptively al-

locates computational resources based on input complex-

ity. Experiments demonstrate that AdaSpark significantly

reduces computational load by up to 57% FLOPs while

maintaining comparable performance to dense models and

preserving fine-grained, long-range dependencies, as vali-

dated on challenging hour-scale video benchmarks.

1. Introduction

Fine-grained understanding of long-form videos represents

a critical frontier for Video Large Language Models (Video-

LLMs) [3, 19, 38, 52]. While significant strides have

been made in the domain of short-video understanding

[6, 7, 21, 26, 54], scaling these successes to long-form

videos presents a formidable challenge. Long videos can

easily generate token sequences exceeding tens of thou-

sands or even approaching 1M tokens. Applying standard

Video-LLMs to such inputs is computationally infeasible.

*Equal Contribution.
†Corresponding Author.

The core bottlenecks are twofold: the quadratic complex-

ity (O(N2)) of the self-attention mechanism and the sub-

stantial activation costs of the Feed-Forward Neural Net-

works (FFNs). Consequently, the computational load esca-

lates dramatically, rendering training and inference on high-

resolution, long-duration videos prohibitively expensive.

In response to this scalability crisis, a plethora of effi-

cient designs have been proposed to mitigate the computa-

tional burden [5, 12, 14, 15, 24, 27, 34, 46]. Despite achiev-

ing commendable trade-offs between efficiency and accu-

racy, we observe that these methods suffer from a few limi-

tations, which we categorize into two primary drawbacks.

(1) Compromised Fine-Grained Perception. Many ex-

isting strategies rely on heuristic information disposal to

reduce the effective sequence length. Techniques such as

frame sampling [35, 46, 50] or token pruning [5, 42, 51]

permanently discard spatio-temporal tokens, either prior to

model ingress or dynamically during computation. While

effective at reducing cost, this irreversible information loss

risks eliminating subtle visual details or brief, yet crucial,

events. Similarly, token compression [4, 14, 22, 32], which

fuses features based on similarity, can corrupt or average out

distinct information, leading to a loss of perceptual fidelity

required for fine-grained tasks.

(2) Inhibited Long-Range Temporal Modeling The

second drawback stems from the imposition of rigid, pre-

defined computational patterns. Approaches like local at-

tention [17, 25, 43] mechanisms replace the full O(N2)
matrix with a restricted, computationally cheaper pattern.

It explicitly breaks global sequence connectivity and re-

stricts information flow to fixed local windows. This

structural constraint fundamentally undermines the model’s

capacity to capture complex, long-range dependencies

across extended temporal spans. Furthermore, information-

discarding methods (like sampling) also contribute to this

issue by creating temporal discontinuities, making it diffi-

cult to model continuous, evolving causal relationships.

To address the above challenges, we first conduct a pre-
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liminary analysis on the Qwen2.5-VL [3] model, as illus-

trated in Figure 1. Our findings are twofold:

(1) The video attention exhibit high intrinsic sparsity.

The upper plot of Figure 1 shows that the attention weights

are highly concentrated, with a small subset of vision to-

kens consistently capturing the majority of the cumulative

attention probability. This confirms the inherent sparsity of

the attention structure. Furthermore, the number of tokens

required to reach a fixed cumulative probability threshold

varies significantly across different layers. This observa-

tion strongly suggests that employing a static, fixed sparsity

ratio would be suboptimal, as it would inevitably lead to

information loss in layers requiring denser attention.

(2) The FFN layers exhibit computational inertia for

visual tokens. The lower plot of Figure 1 reveals a stark

contrast in how FFN layers process different modalities.

Text tokens (highlighted by the red boxes) undergo a sub-

stantial transformation, as evidenced by the large variance

and high spikes in their L2-norm ratio (post-FFN vs. pre-

FFN). In sharp contrast, the vast majority of vision to-

kens exhibit a much more stable and consistent norm ra-

tio. This implies that the transformative effect of the FFN

on many video tokens is significantly less dynamic, provid-

ing a strong justification for a sparse design that selectively

applies FFN computation.

These observations collectively indicate that a large por-

tion of computation in long-video processing is redundant.

Motivated by this, we introduce Adaptive Cube-Token

Sparsity (AdaSpark), which applies adaptive sparsity at

both the cube level and the token level in a coordinated fash-

ion, selecting informative 3D spatio-temporal cubes for at-

tention while identifying salient tokens inside each cube for

FFN computation, thereby reducing unnecessary compu-

tation without sacrificing fine-grained detail or long-range

temporal dependencies.

Our method first leverages the inherent 3D spatio-

temporal locality of video by partitioning the input into se-

mantically related cubes, each with a shape of h × w ×
t. This partitioning underpins our unified adaptive condi-

tional computation strategy, which is implemented via two

core components. The Adaptive Cube-Selective Atten-

tion (AdaS-Attn) mechanism introduces sparsity to self-

attention; rather than computing full attention, each query

token adaptively selects a subset of video cubes to serve

as the keys and values. On the other hand, the Adaptive

Token-Selective FFN (AdaS-FFN) component addresses

the feed-forward layers by identifying and processing only

the most salient tokens within each video cube (i.e., those

with the largest L2-norm). The remaining, less salient to-

kens bypass this expensive computation via a residual con-

nection, significantly reducing the computational load. We

further introduce an entropy-based mechanism (Top-p se-

lection) that makes the sparsity fully context-aware, allow-

Prob. accumulation

Text token

Vision token

Text token

Figure 1. Preliminary analysis. We analyzed internal distribu-

tions within the video-LLM layers. The upper figure shows text-

to-visual attention score distributions, marking the 0.7 cumulative

probability point per layer with a star. The lower figure displays

L2 norm changes across modalities after the FFN, quantified as the

post-to-pre norm ratio.

ing the model to intelligently adapt its computational budget

based on the information density of the current input.

Comprehensive experiments demonstrate that our

method, AdaSpark, achieves strong performance across

a suite of diverse long-video benchmarks, consistently

outperforming both dense baselines and prior efficiency-

focused methods. This is achieved while substantially

reducing the computational burden, achieving up to a 57%

reduction in FLOPs compared to the dense backbone. In

summary, our contributions can be summarized as follows:

• We propose AdaSpark, a novel and efficient Video-LLM

framework that introduces an adaptive unified sparse

strategy to mitigate the prohibitive computational cost of

processing long-video sequences.

• We develop two complementary, entropy-guided

sparse mechanisms for video that establish hierarchical

cube–token sparsity, adaptively selecting informative 3D

spatio-temporal cubes and the salient tokens within them

to adapt computation to input complexity.

• We demonstrate through extensive experiments that

AdaSpark achieves strong performance on a suite of long-

video benchmarks while achieving up to a 57% reduction

in FLOPs compared to the dense backbone.
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2. Related Work

2.1. Long Video Understanding

When video durations extend to the hour scale, visual token

sequences can approach 300,000, introducing prohibitive

computational complexity. Some works [29, 31, 36, 37,

45, 53, 56] aim to reduce visual tokens before core model

ingestion, typically achieved through compression, merg-

ing, or downsampling techniques. For instance, LLaMA-

VID [24] and Video-CCAM [10] utilize cross-attention

mechanisms to compress visual features into fixed-length

query embeddings. Furthermore, VideoChat-Flash [23]

directly merges similar visual tokens via the ToMe [4]

methodology, whereas VideoLLaMA2 [9] employs spatio-

temporal convolutions for effective visual token downsam-

pling. FrameFusion [12] achieves more efficient context

compression by implementing merging and pruning oper-

ations based on inter-frame attention scores.

Inspired by advancements in long-context LLMs, it

is evident that exhaustive, full-attention computation be-

tween all query and key vectors is frequently unneces-

sary. Building on this observation, MMInference [25] intro-

duced pre-defined sparse patterns to adaptively optimize the

computational FLOPs for distinct attention heads, thereby

achieving notable optimization during the pre-filling stage.

VideoChat-Flash [23] attempts to accelerate both pre-filling

and decoding by eliminating KVs in specific layers that

exhibit low relevance to the query text. Video-XL [34]

partitions the video input into chunks and processes them

streamingly, generating sparse KVs from special tokens in-

serted among the visual tokens. While these works explore

information redundancy in long video understanding, they

predominantly rely on fixed sparsity paradigms or lack a

unified design across multiple modules.

2.2. Sparse Network Design

Recently, significant advancements have emerged in long-

context sparse modeling for LLMs. As an alternative

to conventional approaches, such as structural constraints

based on attention sinks, dynamic inference-time sparsity,

or linear-like models requiring training from scratch, a

promising paradigm known as Native Sparse Modeling has

appeared. This approach functions by allowing the model

to determine where to attend without relying on prede-

fined biases. Such an architecture facilitates a seamless

transition between full and sparse attention modes, thereby

maximizing compatibility with existing pre-trained mod-

els and enabling both efficient inference and accelerated

training without compromising performance. This direc-

tion has spurred the development of methods like NSA [47],

whose ’select’ branch partitions the context into blocks and

computes attention on a top-k selection based on atten-

tion scores. Similarly, MoBA [28] divides the context into

chunks and selects the top-k chunks based on inter-chunk

similarity. However, such trainable sparse modeling ap-

proaches are incapable of adaptively selecting the number

of chunks for long input contexts and necessitate specific

architectural designs tailored for long video.

3. Method

Motivated by the high spatio-temporal redundancy inher-

ent in video data and the intrinsic sparsity of LLMs, we

propose AdaSpark, a unified and efficient sparse strategy

applied to both Attention and FFN components (Figure 2),

to reduce the computational costs of model inference.

3.1. Video Cube Partition

AdaSpark applies sparse computation at the granularity of

Cube-Token levels. This design choice mandates that tokens

encapsulated within a single cube should be as semantically

homogeneous as possible (i.e., possess high semantic cohe-

sion). This cohesion is critical for enhancing the accuracy

and stability of the sparse selection mechanism.

Unlike one-dimensional natural language, video data is

inherently characterized by a 3D spatio-temporal structure,

exhibiting strong locality; proximate tokens in this 3D space

are highly likely to be correlated. We therefore leverage

this intrinsic property by partitioning the video tokens fed

into the LLM according to a cube window with a shape of

h × w × t. These resulting cubes serve as the atomic units

for our subsequent sparse attention and FFN algorithms.

3.2. Adaptive Cube­Selective Attention

In the attention component, we introduce an Adaptive

Cube-Selective Attention (AdaS-Attn) for video tokens,

computed per attention head. For any given video query

token, q, belonging to the i-th cube Ci (where i ∈
{1, 2, . . . , N} and N is the total number of cubes), we

first determine its relevance to all preceding cubes. This is

achieved by computing a selection similarity score between

q and the mean key vector (k̄j) of each preceding block Cj

(where j < i).

This process yields a probability distribution Pi over the

preceding blocks:

Pi = Softmax

(

[

q · k̄1√
dk

,
q · k̄2√
dk

, . . . ,
q · k̄i−1√

dk

]T
)

(1)

where dk is the dimension of the key vectors and k̄j =
Mean(k ∈ Kj) is the average key vector for all tokens in

cube Cj .

Next, we employ an entropy-based, adaptive selection

strategy to determine the set of cubes to attend to. We uti-

lize nucleus (Top-p) sampling on the distribution Pi. This

strategy is inherently context-aware:

Si = {j | j < i and pj ∈ Top-p(Pi, p)} (2)
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Figure 2. Framework illustration of AdaSpark. We process long-duration videos at their native resolution and subsequently apply video

cube partitioning. Within the AdaS-Attn layer, each token query performs adaptive selection based on relevance scores computed over

preceding Cubes. Upon entering the AdaS-FFN, visual tokens within each Cube are adaptively selected to pass through the FFN, while the

transformations for the remaining tokens are estimated via Mean Compensation. Text tokens pass densely through the AdaS-FFN.

where Si is the selected set of block indices and pj is the

j-th probability from Pi (Eq. 1). This approach adaptively

adapts the sparsity level. For a high-entropy (flat) distri-

bution, where similarity is dispersed, more cubes are se-

lected to aggregate sufficient information. Conversely, for

a low-entropy (sharp) distribution, where relevance is con-

centrated, only the few most pertinent cubes are chosen.

Finally, based on the proximity hypothesis—positing

that adjacent tokens are most critical—the query q always

performs full attention on the preceding tokens within its

own cube (denoted K
<q
i and V

<q
i ). The final video token

attention output is computed by attending to the concatena-

tion of the selected sparse cubes and the local cube:

Katt = Concat
(

[Kj for j ∈ Si] ,K
<q
i

)

Vatt = Concat
(

[Vj for j ∈ Si] , V
<q
i

)

Out(q) = Softmax

(

qKT
att√
dk

)

Vatt

(3)

where Kj and Vj represent all keys and values in cube Cj .

For text tokens, cube-wise attention is applied to preceding

visual tokens, while standard token-wise attention is applied

to text tokens.

3.3. Adaptive Token­Selective FFN

Leveraging the high semantic cohesion within each video

cube Ci, our Adaptive Token-Selective FFN (AdaS-FFN)

efficiently processes only the most salient tokens through

the expensive FFN transformations, while the remaining to-

kens bypass this computation. We hypothesize that tokens

which are more information-rich exhibit a higher L2-norm

(∥x∥2) [1].

Specifically, for all token embeddings xj within a given

cube Ci, we first compute an importance score sj by L1-

normalizing their L2-norms. This creates a probability dis-

tribution Si representing the relative importance of each to-

ken in the cube:

sj =
∥xj∥2

∑

k∈Ci
∥xk∥2 + ϵ

(4)

where ϵ is a small constant for numerical stability.

Analogous to our attention strategy, we employ an

entropy-aware nucleus (Top-p) selection on the importance

distribution Si to identify the set of tokens to activate, Mi:

Mi = {j | j ∈ Ci and sj ∈ Top-p(Si, p)} (5)

This adaptively selects only the most prominent tokens for

full FFN computation. Let Ri = Ci \Mi denote the set of

remaining (unselected) tokens.

The final computation is then bifurcated. Tokens in the

activated set Mi are processed by the full FFN (which in-

cludes its own residual connection):

yj = xj + FFN(xj), ∀j ∈ Mi (6)

The remaining tokens xk in Ri bypass the expensive

FFN. We apply a Mean Compensation strategy for those
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skipped tokens. We first compute the activated set’s mean

transformation mi, then use it as an estimate of those re-

maining tokens’ transformation, and apply their own resid-

ual connection:

yk = xk + m̄i, ∀k ∈ Ri,

m̄i =
1

|Mi|
∑

j∈Mi

FFN(xj)
(7)

This strategy significantly reduces computation while en-

suring all tokens are updated. Finally, similar to the atten-

tion layer, all text tokens xt undergo the full, dense FFN

computation to preserve their rich instructional and seman-

tic content.

In summary, our AdaS-Attn and AdaS-FFN provide a

coherent framework for efficient long-video modeling. By

leveraging semantically cohesive cubes as the fundamen-

tal computational unit, we apply context-aware, entropy-

based sparsity to both the attention and FFN. This holistic

approach significantly reduces computational and memory

overhead, while preserving the critical fine-grained infor-

mation and global long-range dependencies necessary for

high-fidelity long video understanding.

4. Experiment

In this section, we present the experimental setup, details

of the datasets, and comparisons with state-of-the-art effi-

cient methods across multiple video benchmarks

Implementation Details. We apply our AdaSpark

method on the Qwen2.5-VL-3B [38] and Qwen2.5-VL-7B

backbones, thereby accommodating distinct model scales.

Video inputs are sampled at 4 frames per second (fps)

to preserve comprehensive temporal information while

maintaining native resolution for spatial perception. This

configuration supports a maximum visual sequence length

of 48k tokens and a maximum context length of 64k tokens,

the latter being double that of the backbone architecture.

Subsequently, a 8 × 8 × 4 spatio-temporal window is

employed to partition the visual tokens into blocks. A top-p

sampling threshold of p = 0.7 is applied within both the

sparse attention mechanism and the sparse Feed-Forward

Network (FFN) component. Throughout training, the

visual encoder remains frozen. The model is trained using

a learning rate of 2 × 10−6 and a global batch size of

256. The entire post-training procedure completes in

approximately 4 days utilizing 32 NVIDIA H100 GPUs.

Training Data. Our training methodology incorporates a

mixed dataset, centrally featuring the llava-video-178k [52]

dataset, which serves as a foundational corpus for basic

video understanding. In addition, we augment this data

with 77k timestamp-grounded samples from DideMo [2]

and ActivityNet Captions [16] to enhance the model’s ca-

pacity for identifying key temporal information. Additional

hyper-parameter details are available in the Appendix.

4.1. Main Results

We evaluate AdaSpark on a series of comprehen-

sive video-language benchmarks: 1) Extra Long Video

Understanding, using Video Needle in a Haystack [49,

55]; 2) Long Video Understanding, which includes

MLVU [57], VideoMME [11], LongVideoBench [41],

and LVBench [39]; 3) Short Video Understanding, using

MVBench [20]; 4) Spatial Reasoning, with VSIBench [44];

and 5) Video Grounding, utilizing CharadesSTA [13].

We evaluated the AdaSpark framework against leading

efficiency-focused methods by integrating them into the

Qwen-2.5-VL-3B and Qwen-2.5-VL-7B backbones. For

these competing methods, we utilized the optimal settings

as provided in their original publications. For MoBA, we

employed the same post-training data and number of train-

ing steps as our method to ensure a fair comparison. We

utilized a unified evaluation script from lmms-eval [18, 48]

and re-evaluated the performance of Qwen-2.5-VL to facil-

itate a fair comparison.

As detailed in Table 1, our method demonstrated su-

perior performance across key capability axes. On the

extra-long video benchmark, Video-NIAH, AdaSpark out-

performs all sparse methods and classical long-video mod-

els, indicating our method’s efficient extraction of key in-

formation (detailed experimental comparisons and visual-

izations are provided in Section 4.2). In Long Video Un-

derstanding, AdaSpark significantly outperformed other ef-

ficient methods and the backbone model; our 7B model

achieved top scores on all four benchmarks, while the 3B

model led on three. This validates that our adaptive sparse

methodology effectively retains long-temporal information

while reducing computational cost. In Spatial Reasoning,

AdaSpark matched the strongest sparse attention baselines

and surpassed other efficient methods, confirming its preser-

vation of spatial fidelity. Our model also surpassed all effi-

cient methods in Short Video Understanding, with distinct

advantages in Video Grounding (3B: 45.0, 7B: 55.3).

Conversely, MoBA exhibited the weakest performance,

which we attribute to its failure to perform meaningful vi-

sual sequence partitioning. In contrast, AdaSpark’s supe-

rior performance on several benchmarks is ascribed to its

effective spatio-temporal feature preservation. These com-

prehensive results validate that our adaptive sparse design

consistently yields significant performance gains, enabling

efficient, high-fidelity video understanding.

4.2. Extra Long Video Evaluation

To further assess our model’s performance on extended-

duration video inputs, we conducted a video “Needle in a

Haystack” (VideoNIAH) evaluation. This test is designed
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Table 1. Performance on zero-shot video-language benchmarks. We evaluate AdaSpark on 1 extra long video benchmarks, 4 long-form

video benchmarks, 1 short video benchmark, 1 spatial perception video benchmark and 1 video grounding benchmark. The results in bold

and underline values indicate the best and second-best performance among encoder-free models, respectively.

Model
Extra Long Long-form Short-form Spatial Grounding

VideoNIAH MLVU Dev VideoMME LongVideo LVBench MVBench VsiBench CharadesSTA

Small Size Models

LongVU-3B [33] - 55.9 51.5 - - 60.9 - -

InternVL2.5-2B [8] - 61.4 51.9 52.0 - 68.8 - -

VideoChat-Flash-2B [23] 92.0 65.7 57.0 58.3 42.9 70.0 - 45.2

Qwen-2.5-VL-3B [3] 86.5 65.3 61.5 54.2 43.3 65.7 32.4 42.6

Qwen-2.5-VL-3B [3] + SFT 88.0 65.2 60.3 53.6 43.1 64.9 33.1 43.6

+ FastV [5] 88.0 65.1 62.4 55.9 43.3 65.6 29.9 41.1

+ ToMe [4] 86.5 65.4 62.2 55.8 42.4 64.5 29.4 43.3

+ MoBA [28] 65.5 63.2 58.4 51.2 39.4 64.0 28.9 40.1

+ FrameFusion [12] 90.0 65.0 62.4 56.0 43.4 65.4 33.6 41.4

+ AdaSpark (Ours) 95.5 67.3 63.5 56.3 45.0 66.5 35.8 45.0

Mid Size Models

LLaMA-VID-7B [24] - 33.2 - - - 41.4 - -

VideoChat2-7B [20] - 47.9 39.5 39.3 - 62.3 - -

LongVA-7B [49] 58.0 56.3 52.6 47.8 - - - -

Video-XL-7B [34] 90.0 64.9 55.5 50.7 - 55.3 - -

Qwen-2.5-VL-7B [3] 83.0 68.3 65.1 60.7 45.3 69.6 35.6 52.4

Qwen-2.5-VL-7B [3] + SFT 86.0 68.1 64.7 59.8 45.2 67.0 36.7 53.9

+ FastV [5] 88.5 65.7 66.0 60.8 43.3 67.0 39.2 51.3

+ ToMe [4] 85.0 66.1 65.8 60.8 43.1 67.2 38.7 53.5

+ MoBA [28] 70.5 64.7 63.4 58.3 42.3 67.5 34.8 50.7

+ FrameFusion [12] 92.5 66.3 66.1 61.1 42.8 66.8 39.3 51.3

+ AdaSpark (Ours) 97.5 69.8 66.2 62.1 47.9 70.3 39.8 55.3

to measure the model’s ability to retrieve specific, localized

information embedded at various temporal depths within

a protracted video context. As illustrated in Figure 3, we

benchmarked AdaSpark against two classical long-video

models [40, 49] and two alternative sparse methodologies.

In contrast to prior works that employed perplexity-based

metrics—which we observed can be easily satisfied even

with non-specific answers—we adopted a more rigorous

generative NIAH evaluation. For the classical long-video

models, we report the performance cited in their origi-

nal publications. For the sparse methodologies, we re-

implemented them uniformly using the Qwen2.5-VL back-

bone, processing 4,096 frames at 224 resolution, which re-

sulted in a 300k-token context. The resulting heatmaps de-

pict retrieval accuracy, revealing that baseline methods suf-

fer from severe performance degradation (indicated by yel-

low/red patches) at various temporal depths. In sharp con-

trast, our model maintains consistently high retrieval accu-

racy across all evaluated depths and video lengths. These re-

sults confirm that AdaSpark scales effectively to extra-long

video inputs, demonstrating a clear advantage by achieving

superior retrieval accuracy while operating under a minimal

computational budget.

4.3. Ablation Study

For the default configuration in our ablation studies, we

employ our 3B model with the ViT parameters remaining

frozen. To mitigate computational cost, the visual context

length is constrained to 24k and sampled at 2 frames per

second (fps), utilizing a spatial resolution of 224 × 224,

which collectively results in 64 tokens per frame.

Effect of AdaS-Attn and AdaS-FFN. We conducted an

ablation study to evaluate our proposed sparse modules (Ta-

ble 2), using Qwen2.5VL-3B as the baseline. TFLOPs

were measured via the DeepSpeed profiler [30]. The

Cube FFN module reduces computational cost (299.5 →
216.9 TFLOPs) and improves performance on VideoMME,

LongVideo, and LVBench, but shows degradation on tem-

porally sensitive tasks (MLVU, Charades-STA), suggesting

a prioritization of spatial features. In contrast, the Cube Attn

module improves performance across all five benchmarks,

with the largest gains on MLVU and Charades-STA, while

similarly reducing TFLOPs (299.5 → 213.1). The two com-

ponents are complementary; when combined, they achieve

superior performance to the baseline while reducing total

computational cost by 57%.

Effect of Cube Shape. Constraining the blocksize to 64,

we subsequently investigate three different cube partition-

ing strategies: (a) a temporally-focused shape (1× 1× 64),

(b) a balanced spatio-temporal shape (4 × 4 × 4), and (c)

a spatially-focused shape (8 × 8 × 1). As detailed in Ta-

ble 3, the balanced 4 × 4 × 4 configuration (b) achieves

the most robust performance, yielding the highest scores of
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Qwen 2.5 VL

Qwen 2.5 VL + MoBA Qwen 2.5 VL + AdaSpark

Qwen 2.5 VL + FrameFusion

Figure 3. Video Needle in A Haystack Results. We compare AdaSpark against existing high-efficiency models and methods.

Table 2. Effects of AdaS-Attn and AdaS-FFN.

Module
TFLOPs↓ MLVU VideoMME LongVideo LVBench Charades STA

AdaS-Attn AdaS-FFN M-avg w/o sub acc acc mIoU

✗ ✗ 299.5 65.2 60.3 53.6 43.1 43.6

✗ ✓ 216.9(-28%) 63.9 62.8 55.6 44.1 41.7

✓ ✗ 213.1(-29%) 66.0 61.2 54.5 43.4 43.7

✓ ✓ 128.5(-57%) 65.4 62.1 55.3 44.3 44.2

Table 3. Ablation on design choices of AdaSpark.

Model Factors Charades STA VideoMME MLVU

Cube Shape

(a) 1× 1× 64 35.3 52.7 51.3

(b) 4× 4× 4 35.5 54.0 52.1

(c) 8× 8× 1 34.5 54.2 49.4

Cube Size

(d) 64 35.5 54.0 52.1

(e) 128 36.0 53.9 55.8

(f) 256 36.1 55.7 57.5

(g) 512 34.9 55.6 56.9

(h) 1024 34.6 54.9 57.3

Mean Compensation

(i) w/o mean 35.0 54.1 56.4

(j) w/ mean 36.1 55.7 57.5

35.5 on Charades STA and 52.1 on MLVU, while remaining

competitive on VideoMME with a score of 54.0. This find-

ing suggests that balancing spatial and temporal granularity

yields an optimal configuration.

Effect of Cube Size. We ablate the size of the token

blocks, ranging from 64 to 1024. As shown in Table 3, per-

formance peaks with a cube size of 256 (f). This configura-

tion achieves the highest scores across all three benchmarks,

yielding 36.1 on Charades STA, 55.7 on VideoMME, and

57.5 on MLVU.

Effect of Mean Compensation for AdaS-FFN. We test

the effect of adding the mean transformation of activated

tokens to the bypassed tokens in the sparse FFN. As shown

in Table 3, the model w/ mean (j) shows superior results,

achieving 36.1 on Charades STA, 55.7 on VideoMME, and

57.5 on MLVU. This outperforms the model w/o mean

(i), which scored 35.0, 54.1, and 56.4 on the respective

benchmarks. This demonstrates that the computed mean

feature serves as a good estimation for the tokens that by-

pass the MLP.

Effect of Top-P Adaptive Selection. We conducted com-

prehensive experiments on various probability thresholds

for Top-P selection. We compared a fixed Top-K selec-

tion strategy, calibrated to have an equivalent average spar-

sity level, against our entropy-based adaptive Top-P selec-

tion. In Figure 4 (right), we represent model performance

using the average score across three benchmarks (Charades-

STA, MLVU, and Video-MME), while the bar chart illus-

trates the computational complexity associated with each

Top-P setting. The Top-P strategy significantly outper-

forms the Top-K approach when an appropriate parameter

is chosen. It is observable that setting p = 0.7 yields the

best trade-off between performance and computational cost,

which we adopted as our default setting. This highlights the

advantage of entropy-based, content-adaptive selection.
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Figure 4. Analysis of adaptive selection within AdaSpark. The left figure illustrates the number of cubes selected by each query per layer

in AdaS-Attn. The middle figure details the average token keep ratio per cube for each layer in AdaS-FFN. The right figure demonstrates

the impact of parameter choices on the dynamic selection mechanism.

The given query happens in 4.9 – 9.1 seconds

Detect and report the start and end timestamps of the video 

segment that semantically matches the given textual query:

person in red go upstairs

…

Figure 5. Illustration of adaptive selection in a case study.

AdaSpark adaptively selects visual cubes that exhibit high rele-

vance to the posed query token.

4.4. Visualization of Adaptive Selection

To validate the efficacy of the adaptive top-p selec-

tion mechanism, we visualized its layer-wise operation

within our 3B model. Our initial analysis focused on

the AdaS-Attn module. Utilizing 1,000 samples from

LongVideoBench, we computed the average number of

cubes selected by each query token per layer. As illustrated

in Figure 4 (left), a distinct trend emerges: the model selects

a larger quota of cubes for attention in shallower layers,

progressively reducing this allocation in intermediate and

deeper layers. This suggests the top-p mechanism excels

at modeling foundational visual features at the outset and

subsequently conserves computation by pruning attention

on features that have already acquired high-level semantic

representations.

Concurrently, we define a “keep ratio” as the average

sparsity granularity within each AdaS-FFN cube. As shown

in Figure 4 (mid), this keep ratio exhibits significant layer-

wise variation. Specifically, the module retains a high pro-

portion of tokens (0.6-0.8) in shallower layers, applies pro-

gressively greater sparsity (i.e., reduces the keep ratio) in

intermediate layers, and ultimately reduces the ratio to a

minimal level in the deepest layers, where nearly all tokens

bypass the FFN. Furthermore, the AdaS-FFN demonstrates

a pronounced tendency to adaptively adjust sparsity in the

middle layers (e.g., layers 11-28), as indicated by the larger

variance in this segment.

To further elucidate the fine-grained operational princi-

ples of our modules, we visualized a specific case study.

As illustrated in Figure 5, we posed a temporal-grounding

query to a minute-long video. For this analysis, we com-

puted two metrics: (1) for the AdaS-Attn module, the av-

erage selection frequency of each Cube by text tokens (de-

noted ’Attn Slc.’), and (2) for the AdaS-FFN module, the

average token keep ratio within each Cube (denoted ’FFN

Slc.’). We observed that the statistics from both modules

exhibit information retention patterns that strongly corre-

late with the temporal localization required by the query.

This result further validates our modules’ capability for key

information extraction and their capacity for fine-grained

visual-text modal interaction.

5. Conclusion

In this work, we introduced AdaSpark, an adaptive spar-

sity framework to address the prohibitive computational

cost of long-form video understanding in Video-LLMs. We

demonstrated that existing methods often compromise per-

ceptual fidelity or long-range temporal modeling. Our ap-

proach, which partitions video into spatio-temporal cubes,

successfully mitigates these issues through two co-designed

components: Adaptive Cube-Selective Attention and Adap-

tive Token-Selective FFN. By leveraging an entropy-based

selection mechanism, AdaSpark adaptively allocates com-

putation based on content complexity. Our experiments

confirm that this strategy achieves significant computational

reductions by up to 57% FLOPs while preserving fine-

grained details and long-range dependencies, offering com-

parable performance to dense models. This validates adap-

tive sparsity as a viable and effective path for scaling Video-

LLMs to handle real-world, long-duration video inputs.
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