AdaSpark: Adaptive Sparsity for Efficient Long-Video Understanding

Supplementary Material

1. Effect of Selection Strategy

Adhering to the ablation experimental setup described in the
main text, we investigate the influence of various token se-
lection strategies under an identical compression ratio. As
summarized in Table 1, we initially evaluate the most rudi-
mentary approach: uniform sampling. This method exhibits
the most significant performance degradation under equiva-
lent compression levels. Subsequently, we report the perfor-
mance of the static Top-K strategy, which serves as our pri-
mary comparative baseline. Due to its inability to dynami-
cally select visual cubes across different layers, the Top-K
approach lags behind our method, resulting in performance
deficits of 1.9 on Charades STA, 3.1 on VideoMME, and
2.4 on MLVU. We further explore a constrained variant
that applies Top-K selection exclusively to fixed I-frames
(keyframes identified by traditional video compression al-
gorithms); the results indicate that the performance devi-
ation from the standard Top-K approach is negligible. In
contrast, our AdaSpark employs a dynamic Top-P mech-
anism, which facilitates a more flexible selection strategy
and yields superior performance.

Table 1. Ablation on more selection strategy.

Charades STA VideoMME MLVU

Selection Strategy

Uniform Sampling 31.5 50.2 53.8
Top-K 34.2 52.6 55.1
I-Frame 34.0 529 55.7
Top-P 36.1 55.7 57.5

2. Implementation Details

2.1. Training Configuration

Table 2 provides a comprehensive summary of the
hyperparameters employed in the training of AdaSpark.
Throughout this process, the visual encoder is maintained
in a frozen state, and we implement a cube-based sparse
strategy regulated by a top-p threshold.

Our training methodology incorporates a mixed dataset,
centrally featuring the llava-video-178k [10] dataset, which
serves as a foundational corpus for basic video understand-
ing. In addition, we augment this data with 77k timestamp-
grounded samples from DideMo [1] and ActivityNet Cap-
tions [4] to enhance the model’s capacity for identifying key
temporal information.

2.2. Pseudocode

To provide a comprehensive understanding of our method,
we present the pseudocode detailing the AdaS-Attn and

Table 2. Hyperparameter configuration for AdaSpark train-
ing. The model undergoes a single-stage post-training protocol.

Hyperparameter Value

Model Configuration

Backbone Qwen2.5-VL-3B /7B
Visual Encoder Status Frozen

Max Visual Sequence Length 48k

Max Context Length 64k

Cube Size (H x W x T) 8x8 x4
Top-p Threshold 0.7

Training Optimization

Data Scale ~255K (178K + 77K)
Global Batch Size 256
Learning Rate (Ir) 2x 106
Sequence Parallel 4

LR Schedule Cosine Decay
Optimizer AdamW
Weight Decay 0
DeepSpeed Stage Zero2

Data & Hardware

Input FPS 4

32 x NVIDIA H100
~ 4 Days

Compute Resources
Training Time

Algorithm 1: AdaSpark Training Algorithm

Input: Video Tokens X4, Text Xz, Cube (¢, h, w), p
1 for each transformer layer do
2 Q, K,V <« Linear(X); Apply RoPE(Q, K)
3 AdaS-Attn: Reshape K, V into Cubes
(B,N,t-h-w,D)

4 For each query, select Top-p relevant cubes based on
proxy scores

5 Calculate Attention on {Selected Cubes U Local
Cube};

6 AdaS-FFN: Reshape video tokens into Cubes

7 Calculate token importance via Lo-norm; Select

Top-p salient tokens

8 Apply FEN to selected vision tokens and full text
tokens; Add Mean(FFN(Active)) to others

9 Restore original sequence shape and add residual
connections

10 end
1 return Updated X,.q

-

AdaS-FFN mechanisms in Algorithm 1.

We provide the implementation of critical compo-
nents for reference; please refer to AdaS—-Attn.py and
AdaS-FFN.py in zip file for specific details.



To facilitate a more detailed understanding of the com-
pression achieved by our algorithm on standard causal at-
tention and FFN layers, we provide a comprehensive dis-
cussion on the theoretical FLOPs calculation in the follow-
ing section.

2.3. Detail of FLOPs Calculation

FLOPs Analysis for AdaS-Attn. We compare the theo-
retical FLOPs of standard dense causal attention with our
proposed AdaS-Attn. Let S, D;,o4e1, and C denote the
sequence length, model dimension, and the number of to-
kens per spatiotemporal cube, respectively. For standard
dense causal attention, computational costs arise from the
Query-Key (QK Ty and Attention-Value (AV) multiplica-
tions. Since each query attends to all preceding keys/val-
ues (averaging S/2 tokens due to the causal mask), the to-
tal complexity exhibits a quadratic dependence on sequence
length:

S
FLOPSpense 2 x 8 x 3 X Dimodel

+2XSX§XDmodel (1)
~ 252-D'madel

In contrast, AdaS-Attn computes attention sparsely. Let N
be the average number of top-p cubes selected per query.
The attention mechanism is restricted to the tokens within
these selected cubes (totaling N x C tokens). The complex-
ity for the sparse QKT and AV phases is calculated as:

FLOPS ggas = FLOPsggr + FLOPs oy
~ (25 - NC - Dpodel)
+ (25 NC' - Dynoger)
~ 4SNCDpodet

2

Since the number of selected tokens is significantly smaller
than the full sequence (NC' < S), AdaS-Attn achieves
linear complexity O(S), drastically reducing computational
overhead compared to the O(S?) standard attention.
FLOPs Analysis for AdaS-FFN. We further analyze the
efficiency gains in the Feed-Forward Network (FFN). Let
Dy denote the intermediate dimension of the FFN (typ-
ically 4D, 04 Or similar).In a Standard FFN, every token
in the sequence S undergoes projection up to D¢ and down
to D.poder- The total FLOPs are dominated by these dense
matrix multiplications:

FLOPSStdfFFN ~2x8x Dmodel X fo
+2><S><fo XDmodel (3)
=4S5Dnodet Dy

For our AdaS-FFN, computation is content-aware. The
additional overhead for calculating Ls-norms and the im-

portance distribution S; is O(S - Dioder), Which is neg-
ligible compared to the matrix transformations (D;,0de1 X
Dyr).The heavy FFN computation is only applied to the
set of activated tokens M;. Let Syt = Y |M;| be the to-
tal number of activated tokens across all cubes, and 7 =
Sact/S be the average activation ratio. The inactive to-
kens R; bypass the FFN and utilize the Mean Compensa-
tion strategy, which involves only lightweight vector addi-
tion operations (O(S - Dyyodet ))-Thus, the FLOPs for AdaS-
FFN are proportional only to the activated tokens:

FLOPSAdaS—FFN ~4 X Sact X Diodel % fo (4)
=4 x (f~ S) X Dodel X fo
Given that 7 is controlled by the top-p threshold (typically
7 < 1), AdaS-FFN significantly reduces the FLOPs by a
factor of 7 compared to the standard FFN, while preserving
semantic integrity through mean compensation.

3. Evaluation Settings

We evaluate AdaSpark on a series of comprehensive
video-language benchmarks: 1) Extra Long Video Under-
standing, using Video Needle in a Haystack [9, 11]; 2)
Long Video Understanding, which includes MLVU [12],
VideoMME [2], LongVideoBench [7], and LVBench [6];
3) Short Video Understanding, using MVBench [5]; 4) Spa-
tial Reasoning, with VSIBench [8]; and 5) Video Ground-
ing, utilizing CharadesSTA [3]. Table 3 details the frame
sampling configurations employed during inference via the
lmms-eval framework. For all tasks, we strictly adhere
to the default prompts and scoring protocols provided by the
evaluation framework.

Table 3. Evaluation settings summary for each benchmark.
For all benchmarks, we set the temperature, top p, and number
of beams to 0, 0, and 1, respectively. FPS denotes the sampling
frames per second, and # F represents the maximum number of
sampling frames allowed.

Benchmark FPS #F (Max Frames)
VideoNIAH 1 4096
MLVU (Dev) 1 512
VideoMME 1 256
LongVideo 1 1024
LVBench 1 1024
MVBench 2 256
VsiBench 2 256
CharadesSTA 4 256
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