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Abstract

Although speculative decoding is widely used
to accelerate Vision-Language Models (VLMs)
inference, it faces severe performance collapse
when applied to Video Large Language Models
(Vid-LLMs). The draft model typically falls
into the trap of attention dilution and negative
visual gain due to key-value cache explosion
and context window mismatches. We observe
a visual semantic internalization phenomenon
in Vid-LLMs, indicating that critical visual se-
mantics are implicitly encoded into text hidden
states during deep-layer interactions, which ren-
ders raw visual inputs structurally redundant
during deep inference. To address this, we pro-
pose the Sparrow! framework, which first uti-
lizes visually-aware text-anchored window at-
tention via hidden state reuse to fully offload
visual computation to the target model, and
leverages intermediate-layer visual state bridg-
ing to train the draft model with semantic-rich
intermediate states, thereby filtering out low-
level visual noise. Additionally, a multi-token
prediction strategy is introduced to bridge the
training-inference distribution shift. Experi-
ments show that Sparrow achieves an average
speedup of 2.82x even with 25k visual tokens,
effectively resolving the performance degrada-
tion in long sequences and offering a practical
solution for real-time long video tasks.

1 Introduction

Video Large Language Models (Vid-LLMs) have
achieved remarkable breakthroughs in spatiotem-
poral understanding and generation tasks (Li et al.,
2024a; Bai et al., 2025; Maaz et al., 2024; Zhang
etal., 2024). However, this leap in capability incurs
substantial computational costs: the rich spatiotem-
poral semantics inherent in long videos are mapped
into extremely long input sequences, resulting in
prohibitive GPU memory consumption and compu-
tational overhead. The inference latency bottleneck
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Figure 1: Analysis of the impact of visual token length
on performance. (a) Comparison of average accepted
length and drafting latency between MSD and ViSpec
on the VideoDetailCaption dataset across varying visual
sequence lengths. (b) Performance on image and video
tasks with MSD at different visual retention rates. The
Last Instr. and All Text strategies retain the top-x%
visual tokens based on the attention scores of the final
instruction token and the average attention scores of all
text tokens towards visual regions, respectively. ViSpec
and MSD employ Qwen2.5-VL-7B and Qwen2-VL-7B
as target models, respectively, with both utilizing the
official released weights for their draft models.

of current Vid-LLLMs stems primarily from the dual
constraints imposed by the generation paradigm
and input representation. At the generation level,
mainstream autoregressive decoding is constrained
by the memory wall, where its token-by-token se-
quential mechanism imposes an inherent speed
bottleneck (Fu et al., 2024). At the representa-
tion level, video data, once encoded (Wang et al.,
2025b; Zhang et al., 2023), produces massive vi-
sual tokens. This not only significantly exacerbates
forward computational loads but also precipitates a
rapid expansion of the key-value (KV) cache during
long-sequence generation, posing a critical obstacle
to large-scale deployment. To mitigate this bottle-
neck, previous studies have explored multi-granular
visual pruning strategies (Chen et al., 2024; Liu
et al., 2024f; Xing et al., 2024; Tao et al., 2025;

9928

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 9928-9942

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/ddInference/Sparrow

Zhang et al., 2025a), premised on the prior that
visual tokens exhibit significant redundancy. Al-
though such methods reduce memory usage during
the prefill stage, they inherently constitute lossy
compression: the direct removal of input infor-
mation inevitably compromises the model’s fine-
grained perception capabilities. In contrast, specu-
lative decoding (Hu et al., 2025a; Chen et al., 2023;
Leviathan et al., 2023) provides a superior, lossless
alternative by leveraging a lightweight draft model
for rapid prediction followed by parallel verifica-
tion by the target model.

However, adapting speculative decoding to long-
video scenarios presents formidable challenges. Ex-
isting multimodal speculative decoding, primarily
tailored for short-sequence image tasks, suffer from
a precipitous decline in acceleration gains when
applied to long videos (as illustrated in Figure 1,
the average accepted lengths of MSD (Lin et al.,
2025) and ViSpec (Kang et al., 2025) plummet by
63% and 30%, respectively). This performance col-
lapse stems from two critical obstacles. First is the
memory access bottleneck within the draft model.
The KV cache explosion induced by long videos
significantly increases the inference latency of the
lightweight model, effectively negating the tempo-
ral dividends gained from speculation. Second is
the inherent conflict between model architecture
and sequence length. On one hand, long video se-
quences (often exceeding 10k tokens) far surpass
the pre-training context windows of mainstream
lightweight models (typically capped at 2,048 to-
kens), leading to length mismatch and forced infor-
mation truncation. On the other hand, excessively
long sequences of visual tokens trigger severe at-
tention dilution. The naive application of existing
multimodal speculative decoding methods leaves
capacity-constrained draft models struggling to ex-
tract critical features from massive visual inputs,
ultimately resulting in a drastic degradation of spec-
ulative accuracy and overall efficiency.

Investigating the root causes of this phenomenon,
we identify a critical factor in long-video scenar-
ios: the negative gain of visual information. For
capacity-constrained draft models, retaining a mas-
sive number of visual tokens proves more detri-
mental than beneficial; the tens of thousands of
visual features effectively manifest as computa-
tional noise, causing speculative performance to
degrade significantly as the visual sequence length
increases. Concurrently, an analysis of the informa-
tion flow within Vid-LLMs reveals a pivotal mech-

anism: visual semantic internalization. Through
multi-stage inter-layer interactions, Vid-LLMs im-
plicitly internalize essential visual semantics, en-
coding them directly into the hidden states corre-
sponding to text positions. Consequently, during
the deep inference stage, the explicit stream of raw
visual inputs becomes structurally redundant.
Based on these insights, we propose the visually-
aware text-anchored window attention via hidden
state reuse (HSR-VATA) strategy. The core of this
method is computation offloading, aiming to trans-
fer the intensive visual processing tasks entirely
to the target model. We observe that the target
model inherently integrates comprehensive visual
information and encodes it into text hidden states;
therefore, the draft model need only reuse these
ready-made states via the HSR mechanism. This
reuse acts as an efficient glimpse into the massive
visual stream, enabling the draft model to rapidly
capture key semantics and avoid the high overhead
of processing raw visual sequences. Coupled with
VATA to confine attention to text anchor positions,
this framework allows the draft model to maintain
its visual perception capabilities without explicitly
receiving or processing raw visual tokens.
Furthermore, addressing the difficulty of the
draft model’s minimalist architecture in han-
dling low-level raw visual noise, we propose
intermediate-layer visual state bridging (IVSB)
during the training phase. By directly extract-
ing intermediate-layer visual states from the target
model, specifically those where semantic interac-
tion is most active and alignment is implicitly es-
tablished, as the visual information source for train-
ing the draft model, we leverage the multi-stage
processing characteristics of Vid-LLMs. This ap-
proach preserves high-level semantic features while
effectively filtering out low-level redundancy and
noise from raw visual signals, achieving efficient
cross-modal alignment during training. Simulta-
neously, by incorporating a multi-token prediction
strategy, we effectively bridge the distribution dis-
crepancy between training and inference.

Contributions. The main contributions of this
paper are as follows:

* To the best of our knowledge, this is the first
work to apply a lightweight draft model to
Vid-LLMs. We reveal attention dilution and
negative gain in long-video speculative decod-
ing, validating visual offloading feasibility via
the target model’s deep hidden states.
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Figure 2: (a) & (b) Visualization of the average attention
weight distribution from the last instruction token to
preceding Instruction, Visual, and Text tokens in short
(0.4k) and long (3k) sequence tasks.

* We propose the Sparrow framework. By in-
tegrating HSR-VATA, we eliminate visual re-
dundancy and attention dilution. Furthermore,
by combining IVSB with multi-token predic-
tion, we filter visual noise while reinforcing
cross-modal alignment, effectively resolving
the training-inference distribution shift.

* Experiments demonstrate that even with ultra-
long visual inputs of 25k tokens, our method
achieves an average speedup of 2.82x, while
effectively overcoming the bottleneck of per-
formance degradation in long-video scenarios.

2 Insight

Current research on multimodal speculative de-
coding (Hu et al., 2025b; Huo et al., 2025; Lin
et al., 2025; Lee et al., 2024; Ganesan et al., 2025;
Kang et al., 2025) primarily focuses on image tasks,
where draft models typically employ either full
(e.g., MSD) or compressed (e.g., ViSpec) visual
information as input. In LLaVA (Liu et al., 2024c),
for instance, visual tokens typically number around
576, accounting for merely 64% of the total input
sequence (Chen et al., 2024). However, as the do-
main transitions towards long video tasks, the input
distribution shifts drastically. Taking Qwen2.5-VL-
7B as an example, video encoding can generate up
to 25k visual tokens, with their proportion surg-
ing to over 99%. This severe distributional shift
compels us to re-examine a critical question: Can
parameter-constrained draft models effectively pro-
cess such a massive volume of visual information?

2.1 Performance Bottlenecks in Long-Video
Scenarios

We first investigate the scalability of existing strate-
gies in long video scenarios. As shown in Fig-

action_prediction
action_sequence

b
=1

—— moving_attribute

moving_direction
1.0 ~— object_interaction

k U
/

o
%

e
o

Accuracy(%)
e
%
LLM Layers
e
=

o

k=)

" -
°
8]

Sum of Visual Attention (Normalized)

|
=3
>

04 . . j/ /’
-

02 4 8 12 16 20 24 28
Video Token Removal Starting from Layer x

LRGN E LR —SORANN R LI — D OR AN N R LNI—D

BOBINIRINI NI B DD st et ot it et it it ot et

Sorted Heads

Figure 3: Layer-wise Importance Analysis of Visual
Tokens in Qwen2.5-VL-7B. (a) Comparison of task ac-
curacy (solid lines) after removing visual tokens starting
from layer x versus the native baseline (dashed lines).
(b) Sum of attention received by all visual tokens from
the last instruction token across different attention heads
and model layers.

ure 1 (a), current methods encounter severe bot-
tlenecks as sequence length grows. The full-input
strategy (e.g., MSD) suffers a critical efficiency
regression: as video token length expands from
0.4k to 25k, the average accepted length decays by
63% while latency doubles, resulting in a negative
speedup. Meanwhile, compression-based strate-
gies (e.g., ViSpec), constrained by their training
on short sequences, fail to capture complex spa-
tiotemporal dynamics; this leads to a significant
30% performance drop despite the reduced compu-
tational overhead.

2.2 Redundancy of Visual Information and
Negative Gain Phenomenon

To unveil the true contribution of visual infor-
mation during inference, we implemented multi-
granularity visual token pruning based on attention
distributions, contrasting the distinct response pat-
terns between image and video tasks (see Figure
1 (a) & (b) and Table 7). Experimental results in-
dicate that the average accepted length in image
tasks is insensitive to pruning ratios, suggesting a
neutral characteristic of visual redundancy. Con-
versely, video tasks exhibit a counter-intuitive neg-
ative correlation: the average accepted length in-
creases with fewer visual tokens. Furthermore, the
model demonstrates exceptional robustness under
zero-visual-input settings, remaining virtually un-
affected by the original video token length (0.4k to
25k). This significant discrepancy provides com-
pelling evidence that excessive video sequences in
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Figure 4: Illustration of the Sparrow framework. The left and right panels illustrate the training and inference phases,
respectively. Initially, the target model performs multi-stage fusion on visual embeddings v; and text embeddings e;,
yielding a noise-filtered visual hidden state h;! and a visually-infused text hidden state hfj In the training phase,
hy; and hi} are concatenated and fed into the draft model to produce h.,. Subsequently, i)} is concatenated with
he, and re-input into the draft model. Losses from both stages are jointly computed to mitigate the discrepancy
between training and inference. In the inference phase, the draft model directly takes h},}i as input.

the drafting phase are not only highly redundant
but effectively constitute noise that suppresses lan-
guage generation.

2.3 Attribution Analysis I: Attention Dilution
Under Limited Capacity

Why does visual information transition into a detri-
mental factor in long videos? Integrating the anal-
ysis of Figure 2 (a) & (b) , we attribute the root
cause to the limited attention capacity of small-
scale draft models. In short-sequence scenarios
(images/short videos), while the performance sta-
bility upon removing visual inputs confirms high
redundancy, this redundancy proves non-fatal: the
model, leveraging the selectivity of self-attention,
successfully anchors onto key regions (Figure 2
(a)) to automatically suppress interference. Con-
versely, the situation deteriorates drastically for
long videos. Tens of thousands of visual tokens not
only breach the effective boundaries of positional
encoding but also precipitate severe attention di-
lution. Under the barrage of massive visual noise,
the capacity-constrained model falls into cognitive
overload, where attention resources are involun-
tarily scattered across irrelevant details, failing to
distinguish valid information (Figure 2 (b)). This
mechanistic failure directly undermines sequence
modeling capability, resulting in a distinct mono-
tonic decline in average accepted length as video

token length increases (Figure 1 (a)).

2.4 Attribution Analysis II: Layer-wise
Interaction and Deep Internalization of
Visual Semantics

Draft models typically utilize the second-to-last
layer hidden states of the target model as input. To
investigate why stripping visual information dur-
ing inference does not compromise performance,
we analyzed the internal information flow via a
layer-wise truncation experiment (as shown in Fig-
ure 3 (a)). The results reveal a distinct stage-wise
dependency: while explicit visual signals are in-
dispensable in the early network stages, the predic-
tion performance remains robust beyond the 20th
layer, even after completely removing the visual
flow and relying solely on text hidden states. We
hypothesize that as network depth increases, visual
semantics are gradually fused and encoded into
the text hidden states, rendering the original visual
tokens a form of structural redundancy. This mech-
anism plausibly explains the phenomenon observed
in Figure 1 (a), where physically removing visual
input effectively eliminates redundancy-induced
interference in high-noise scenarios such as long
videos, thereby enhancing model performance.
Given the apparent low dependence of deep lay-
ers on explicit visual information, we further em-
ployed attention heatmaps to locate cross-modal
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Table 1: Impact of visual information injection on draft
model performance during training.

Training & Inference Input ChartQA  AI2D

Visual + Text 4.25 4.28
0% Visual + Text 4.23 4.25
50% Visual + Text 4.21 4.24

interaction zones (as shown in Figure 3 (b)), form-
ing strong mutual corroboration with the aforemen-
tioned truncation experiment. Visual analysis in-
dicates that the intermediate layers of the LLM
serve as the core arena for visual-text interaction,
whereas the shallow and deep layers focus predom-
inately on text processing. This finding is highly
consistent with the performance trajectory in Fig-
ure 3 (a): the model’s predictive capability rises
sharply during the intense interactions of the mid-
dle layers and stabilizes synchronously as interac-
tion intensity wanes in the deep layers. This cor-
respondence further supports the hypothesis that
visual information is integrated into text represen-
tations primarily within the intermediate stages.

3 Method

3.1 Visually-Aware Text-Anchored Window
Attention via Hidden State Reuse

Section 2.4 reveals the phenomenon of visual se-
mantic internalization : deep visual information
is fused into text hidden states, turning raw vi-
sual signals into structural redundancy. Based on
this, we propose the cross-modal task offloading
strategy. This strategy completely offloads the ex-
pensive visual feature extraction and cross-modal
alignment tasks to the target model, allowing the
draft model to focus solely on prediction using text
hidden states that carry visual context, thereby by-
passing its structural limitations.

To this end, we design a hidden state reuse (HSR)
mechanism to reconstruct the input. Instead of pro-
cessing the original long sequence, the draft model
receives an augmented input z;. As illustrated in
Figure 4, we utilize a projection layer F'C' to per-
form dimensionality reduction on the concatenated
features of the current text embedding e; and the
target model’s text hidden state from the previous
timestep h?__, which encapsulates the visual con-
text:

2= FC (eohl, ) (1)

€t—1

where e; provides explicit token identity to elim-

inate uncertainty (Li et al., 2024d), while h? ,
inherits cross-modal representations deeply inte-
grated by the target model. This direct state reuse
is akin to casting an efficient Glimpse at the vast
stream of visual information. Through this glimpse,
the draft model acquires relevant visual informa-
tion, thereby achieving visual offloading at the
physical level. This enables the model to circum-
vent redundant computations on the raw sequence
while retaining the capacity to capture the neces-
sary visual context. Note that the superscript h
denotes the second-to-last layer of the target model.

Given that z; has internalized visual semantics,
we propose visually-aware text-anchored window
attention (VATA). VATA discards the visual KV
cache, forcing attention closure strictly within the
text domain 7

Attentiony ar4 = Softmax <QtK7T'> Vr
Ve (2

Specifically, within the equation, (); denotes
the query vector at the current timestep ¢, and
d represents the hidden dimension used for scal-
ing dot-product attention, while K7 and V7 cor-
respond to the Key and Value matrices restricted
strictly to the text domain 7. VATA is based on
the premise of visual semantic internalization, lim-
iting computation to text-anchored positions. Cru-
cially, after HSR interaction, representations at
these positions have evolved into visual-text fusion
representations, rather than raw textual informa-
tion. This design ensures the draft model infers di-
rectly based on deeply integrated cross-modal rep-
resentations, drastically reducing complexity from
O((Lyis + Lyzt)?) to the pure text level O(L2,,),
where L,;s and L;,; denote the sequence lengths
of visual and textual tokens, respectively.

3.2 Intermediate-Layer Visual State Bridging

Although visual input is masked during inference
to mitigate noise, Table 1 shows that the average
accepted length decreases during training when
visual information is either fully excluded or par-
tially pruned. This indicates that even if the visual
modality manifests as noise during inference, the
explicit context it provides remains indispensable
for parameter optimization. Consequently, effec-
tively incorporating visual supervision during the
training phase becomes pivotal.

Regarding the integration of visual information,
MSD advocates for directly utilizing raw visual em-
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Table 2: We evaluate the performance of LLaVA-OneVision-7B on long-video benchmarks using NVIDIA L20
GPUs, and report the average accepted length (7), the end-to-end wall-clock speedup ratio (ESR), and the decoding
speedup ratio (DSR) for the generation phase, with the visual token length fixed at 25K across all datasets.

Method VideoDetailCaption MVBench LongVideoBench VideoMME Avg
T ESR DSR T ESR DSR T ESR DSR T ESR DSR T ESR DSR
Temp =0
SpecVLM 415 1.25x 147x 420 1.26x 143x 4.04 123x 139x 391 121x 134x 407 124x 141x
MSD 269 147x  1.76x 265 143x 1.71x 263 143x 1.71x 268 149x 1.77x 266 146x 1.74x
Ours 388 1.96x 2.84x 367 1.83x 2.69x 378 190x 2.77x 398 2.02x 2.96x 3.83 1.93x 2.82x
Temp =1
MSD 220 1.27x 143x 231 131x 150x 217 128x 1.42x 205 1.22x 135x 218 127x 1.43x
Ours 280 1.60x 2.06x 290 1.62x 2.13x 277 1.60x 2.05x 2.57 1.55x 191x 276 1.59x 2.04x

beddings. Their core motivation is to preserve pure
information unassimilated by the language mod-
eling process, thereby preventing visual features
from being polluted by textual semantics during
deep interactions. However, this strategy overlooks
the capacity bottleneck of the draft model. Con-
strained by its extremely shallow network structure,
the model struggles to extract effective semantics
from highly redundant and unaligned raw represen-
tations, which restricts its prediction accuracy.

To address this, we propose intermediate-layer
visual state bridging(IVSB), which extracts the vi-
sual hidden state th; from the interaction-active
layer m* of the target model. As illustrated in Fig-
ure 3 (b), this layer offers a dual advantage: on
the one hand, it has achieved implicit semantic
alignment and filtered out low-level noise; on the
other hand, it avoids the loss of fine-grained de-
tails caused by over-compression in the final layers.
This purified, high-quality feature is well-adapted
to the limited processing capabilities of the draft
model. Consequently, we set m* to half of the
target model’s total layers.

As illustrated in Figure 4, We fuse this visual
state with the text embedding e;,; and the target
model’s second-to-last layer text state hé@t (where
superscript h denotes the second-to-last layer of
the target model, which has already internalized
the preceding visual information). The initial input
for the draft model, z;;,;;, is formalized as:

Zinit = WY S FCley ® R ) (3)

€twt

By synergistically utilizing the explicitly purified
visual features and the implicit visual context, the
draft model avoids constructing complex low-level
mappings, allowing it to focus on precise prediction
based on well-adapted semantic representations.
To bridge the discrepancy between training and
inference, we further introduce a multi-token pre-

diction mechanism (Liu et al., 2024a) (MTP).
Given that during the inference phase, the draft
model must rely on its own preceding outputs rather
than the perfect states provided by the target model,
we construct a recursive training pipeline. Specifi-
cally, starting from the initial input z;,,¢, the draft
model generates a textual hidden state flem. Sub-
sequently, this state is concatenated with the fixed
intermediate visual anchor hg’i; to construct the
recursive input zpec:

Zrec = hm* & Fc(etxt 5> hetm) “)

€vis

This design compels the model to adapt to its self-
generated distribution during training, effectively
alleviating exposure bias. Crucially, the continu-
ous reuse of the high-quality visual anchor within
Zrec provides a stable semantic reference for the
autoregressive generation process.

4 Experiment

Hardware. All evaluation experiments are con-
ducted on 2x NVIDIA L20 and 2x NVIDIA A800
GPUs.

Tasks and Benchmarks. We evaluate perfor-
mance on video captioning and video description
tasks, which typically require generating long-form
text. The benchmarks employed include VideoDe-
tailCaption (LMMs-Lab, 2024a), MVBench (Li
et al., 2024c), LongVideoBench (Wu et al., 2024),
and VideoMME (Fu et al., 2025b).

Target Models We select two widely used Vid-
LLMs series: LLaVA-OneVision-7B (Li et al.,
2024a) and Qwen2.5-VL-7B (Ahmed et al., 2025).

Baselines We include MSD (Lin et al., 2025),
ViSpec (orig.) (Kang et al., 2025), ViSpec, and
SpecVLM (Ji et al., 2025) as our baselines. To
ensure a fair comparison, except for ViSpec (orig.)

9933



Table 3: Performance results of Qwen2.5-VL-7B on
video benchmarks on NVIDIA L20 GPUs. We report
average accepted length (7) and decoding speedup ra-
tio (DSR). Detailed visual token lengths: VideoDetail-
Caption (~17k), MVBench (~13k), LongVideoBench
(~15k).

Method VideoDetailCaption MVBench LongVideoBench Avg
T DSR T DSR T DSR T DSR
Temp =0
MSD 1.11 0.52x 1.86  095x 1.75 0.88x 1.57  0.78x
SpecVLM 391 1.20x 3.80 1.09x 3.82 1.15% 3.84  1.15x
ViSpec (orig.)  2.79 1.53x 2.83 1.52x 275 1.47x 279 1.51x
ViSpec 3.52 1.87x 3.60 1.92x 355 1.91x 3.56  1.90x
Ours 3.89 2.04% 3.87 2.06x 378 2.02x 3.85 2.04x
Temp =1
MSD 1.10 0.48x 1.63 0.70x 152 0.74x 142 0.64x
ViSpec 2.24 1.21x 244 131x 246 1.34x 238 1.29%
Ours 2.37 1.27x 255 1.36x 254 1.37x 249 1.33x

and SpecVLM which utilize their officially released
weights, all other baselines were reproduced and
retrained with a batch size of 16. Note that ViSpec
(orig.) adopts a batch size of 8. Further details are
provided in Appendix C.

Metrics We assess acceleration performance us-
ing: (i) the speedup ratios of wall time and de-
coding latency relative to vanilla autoregressive
decoding; and (ii) the average accepted length 7,
which directly reflects speculation accuracy.

Given that our method is lossless, we do not
evaluate output quality. With the exception of
SpecVLM, which employs a static tree structure,
our method and all other baselines utilize a dy-
namic tree structure. For the general setup, the dy-
namic configuration (denoted as total tokens-depth-
width) is set to 30-4-8 on L20 GPUs (following
ViSpec) and 48-5-10 on A800 GPUs. Specifically,
to ensure a fair comparison in Figure 2, SpecVLM
uses its default static setting (total budget 25, depth
5), while our method and other baselines are unified
to a configuration of 25-5-8.

4.1 Main Results

The experimental results in Table 2 and Table 3
demonstrate that our method establishes a signifi-
cant performance advantage across all benchmarks
when using LLaVA-OneVision-7B and Qwen2.5-
VL-7B as target models. Specifically, MSD en-
counters severe performance bottlenecks when fac-
ing long sequences with an average visual length
of 17k tokens. The attention dilution caused by full
visual inputs makes it difficult to focus on core in-
formation, resulting in an average accepted length
of only 1.11 on the VideoDetailedCaption task
of Qwen2.5-VL-7B, causing a negative speedup
of 0.52x. Although SpecVLM achieves an opti-

Table 4: Performance of Qwen2.5-VL-7B on VideoDe-
tailCaption across varying visual token lengths, evalu-
ated on A800 GPUs, in terms of average accepted length
(1) and decoding speedup ratio (DSR).

Method 0.5k 1.5k 17k 25k
7 DSR 7 DSR 7 DSR 7 DSR
MSD 4.122.96x 3.972.87x 1.110.48 x 1.040.42 %

ViSpec (orig.) 3.452.67x 3.352.52x 2.96 1.31x 2.81 1.20 %
ViSpec 4.293.22x4.183.10x 3.741.64 x 3.421.48
MSD+VATA 4.112.98x 4.012.92x 3.941.72x 4.01 1.68 %
Ours 4.513.30x 4.36 3.18 x 4.321.86 x 4.37 1.82 %

mal average accepted length of 4.07 on LLaVA-
OneVision by leveraging the target model reuse
strategy, the heavy computational cost of the draft
model severely offsets the gains from the high ac-
ceptance rate. Its decoding speedup of 1.41x is
far lower than the 2.82x achieved by our method,
making it difficult to meet real-time requirements.
Furthermore, while ViSpec improves efficiency
through visual token compression, its acceleration
gains are limited by the difficulty in capturing the
complex spatiotemporal details of long videos; its
average speedup of 1.90x on Qwen2.5-VL-7B still
lags behind the 2.04 x achieved by our method.

To validate effectiveness in real-world scenar-
ios, Table 5 presents a performance analysis of
long-video inference. As visual inputs scale from
4.5K to 25K, prefill latency increases from 1.20s to
11.46s, causing its share of the total inference time
to rise from 13.8% to 38.7%. Since speculative
decoding cannot optimize the prefill phase, this in-
creased overhead constrains the overall end-to-end
speedup. Simultaneously, as shown in Table 2, vi-
sual noise induced by long sequences degrades the
performance of conventional draft models, caus-
ing the average accepted length of MSD to drop
from 3.07 to 2.69; meanwhile, constrained by the
computational burden of reusing the target model,
SpecVLM sees its speedup decline from 1.41 x
to 1.24x. In contrast, our method demonstrates
strong robustness, maintaining an average accepted
length of 3.83 even with 25K visual tokens. Con-
sequently, it achieves a 1.96 x end-to-end speedup
based on a 2.84 x decoding speedup, verifying its
effectiveness in long-sequence tasks.

Table 4 presents the acceleration performance
evaluation across varying input lengths, com-
pellingly demonstrating that our method combines
efficiency in short-sequence scenarios with robust-
ness in long-sequence contexts. Specifically, in the
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Table 5: Performance breakdown of LLaVA-OneVision-
7B on VideoDetailedCaption across varying visual input
lengths using L20 GPUs.

Visual Input Length 4.5K 15K 25K
Average Accepted Length 3.07 2.78 2.69
Generated Tokens 418.86  450.53  455.10
Target Model Calls 136.23 161.58 168.69
Wall (End-to-end) Time (s) 8.71 19.28 29.59
Total Decode Time (s) 7.51 13.52 18.13
Prefill Time (s) 1.20 5.76 11.46
Prefill Ratio 13.80% 29.90% 38.70%
Latency Per Decode Step (s) 0.06 0.08 0.11

0.5k short-sequence setting, we achieved a peak
speedup of 3.30x and an average accepted length
of 4.50, surpassing ViSpec’s 3.22x and MSD’s
2.96 %, respectively. More critically, as the se-
quence length extends to 25k, traditional methods
encounter severe challenges: MSD suffers a perfor-
mance collapse with inference speed plummeting
to 0.42x, while ViSpec’s average accepted length
drops to 3.42. In contrast, our method robustly
maintains an accepted length of 4.35 and a speedup
of 1.82x, fully demonstrating its consistent superi-
ority across both short and long sequences.

4.2 Ablation

As shown in Table 6, MTP training effectively mit-
igates distribution shifts and significantly enhances
fundamental alignment capability, increasing the
average effective length on the MME benchmark
from 3.40 (Row 1) to 3.75 (Row 3). Building on
this, introducing IVSB (Intermediate Visual Fea-
tures) further exploits the model’s potential, achiev-
ing a peak performance of 4.53 on short sequences
(0.5k) in Row 5. However, constrained by noise
accumulation from attention dilution, the perfor-
mance of this configuration suffers a precipitous
decline to 1.21 on 25k long sequences. The VATA
mechanism effectively resolves this issue by of-
floading redundant visual computations, allowing
our full method (Ours, Row 6) to stage a strong
recovery to 4.37 at 25k. Notably, a comparison
of Row 6 across different lengths demonstrates
that VATA renders the model’s performance nearly
invariant to the negative impacts of increasing se-
quence length.

Experimental observations reveal that the cu-
mulative noise associated with long sequences of-
ten masks the model’s true capability limit; there-
fore, performance on short sequences serves as
a superior indicator of Fundamental Capability.

Table 6: We conduct an ablation study on MTP,
intermediate-layer visual state bridging(IVSB), and
visually-aware text-anchored window attention(VATA)
using Qwen2.5-VL-7B deployed on A800 GPUs as
the base model on the MME and VideoDetailedCap-
tion benchmarks, reporting the average accepted length
across varying visual token lengths.

Method Components MME VideoDetailedCaption
MTP IVSB VATA 04k 0.5k 1.5k 6k 17k 25k
X X X 340 3.95 3.87 3.29 2.97 295
X X v 341 3.95 3.85 3.83 3.77 3.86
v X X 375 4.44 431 3.87 3.58 3.51
v X v 3775 4.45 434 424 424 429
v v X 3.82 4.53 4.38 3.08 191 1.21
v v v 3.79 4.51 4.36 4.29 4.32 4.37

A comparison of configurations utilizing VATA
(Rows 2, 4, and 6) demonstrates a clear correla-
tion: the stronger the model’s fundamental capa-
bility on short sequences, the more superior its
long-sequence performance remains after apply-
ing VATA. This is particularly evident in Row 6,
which achieves global optimality by leveraging the
high baseline capability established by IVSB in
conjunction with VATA. This finding validates the
effectiveness of our synergistic design philosophy:
prioritizing the enhancement of fundamental ca-
pability first, and then employing VATA to ensure
long-sequence robustness.

5 Conclusion

In this paper, we delve into the root causes of
speculative decoding inefficacy in long-video sce-
narios, identifying attention dilution and negative
visual gain as the critical bottlenecks hindering
lightweight draft models from handling ultra-long
sequences. Based on the empirical validation of the
visual semantic internalization mechanism within
the target model, we propose the Sparrow frame-
work. Through visual computational offloading
via HSR-VATA, Sparrow not only effectively over-
comes the capacity constraints of the draft model
but also decouples visual processing costs from
sequence length. Meanwhile, the synergistic inte-
gration of IVSB and the Multi-Token Prediction
strategy further strengthens the predictive perfor-
mance of the draft model. Benefiting from these
designs, our method achieves a 2.82x decoding
speedup on sequences of 25k visual tokens.
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6 Limitations

While our method exhibits superior acceleration
performance during the long-sequence decoding
phase, the computational bottleneck in the prefill
phase remains a primary limitation. As the visual
input length scales, prefill latency increases sub-
stantially. Since speculative decoding inherently
optimizes only the autoregressive generation pro-
cess without addressing the prefill phase, this esca-
lating overhead constrains the ceiling of the overall
end-to-end speedup. Future work will aim to ex-
plore prefill acceleration techniques for long videos,
such as incorporating visual token pruning. Al-
though pruning strategies may introduce potential
information loss, we believe that by designing re-
fined importance-evaluation mechanisms, we can
strike an optimal balance between inference speed
and model accuracy while significantly reducing
prefill costs, thereby achieving more efficient end-
to-end inference.
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A Related Work

Speculative Decoding Speculative decoding has
established itself as a pivotal acceleration paradigm
in the realm of LLMs, significantly enhancing au-
toregressive generation efficiency while strictly ad-
hering to the target model’s original output distribu-
tion. Operating on a draft-and-verify mechanism,
it employs a lightweight draft model to rapidly gen-
erate candidate token sequences, which are subse-
quently verified and corrected by the target model
via a single parallel forward pass (Leviathan et al.,
2023; Chen et al., 2023). Theoretically grounded
in distribution consistency conditions (Leviathan
et al., 2023), this technique fundamentally ensures
zero deviation in the inference process. In recent
years, the field has witnessed continuous evolu-
tion with the emergence of variants such as tree-
structured speculation (Li et al., 2024d; Wang et al.,
2025a), self-speculative decoding (Hooper et al.,
2025; Liu et al., 2024b,d), and retrieval-augmented
strategies (Wang et al., 2024). Complemented by
system-level optimization frameworks (Sun et al.,
2024; Monea et al., 2023; Liu et al., 2024e; Zhang
et al., 2025b), these advancements continually push
the boundaries of inference efficiency.

With the ubiquity of VLMs, speculative decod-
ing (Huo et al., 2025; Lin et al., 2025; Ganesan
et al., 2025; Kang et al., 2025; Zhang et al., 2025c;
Jietal., 2025; Hu et al., 2025b; Xie et al., 2025; Ji
et al., 2026; Zhang et al., 2026) has been extended
to multimodal scenarios. Existing methodologies
are primarily categorized into full visual input and
compressed visual input strategies, depending on
how the draft model handles the visual stream.
Full visual input approaches (Huo et al., 2025;
Lin et al., 2025; Ganesan et al., 2025) typically
reuse the target model’s complete visual encoding
pipeline. Conversely, compressed visual input ap-
proaches aim to reduce KV cache usage and latency
by minimizing the scale of visual tokens. These
methods generally follow two technical trajectories:
(1) Token Aggregation and Mapping, exemplified
by the adapter-based compression in ViSpec (Kang
et al., 2025); and (2) Attention-Guided Dynamic
Selection, which exploits attention sparsity to fil-
ter redundant tokens, with representative works
including STD (Zhang et al., 2025c), SPECVLM
(Jiet al., 2025), and DREAM (Hu et al., 2025b).

Despite differing perspectives, both our work
and HiViS (Xie et al., 2025) arrive at the same key
insight: the draft model does not require explicit

visual tokens and can effectively reason using only
the text-side hidden states of the target model, in
which visual semantics are implicitly encoded. The
key difference lies in their usage: HiViS completely
discards visual tokens during both training and in-
ference, whereas we retain them during training to
provide essential visual supervision and only mask
them during inference. Moreover, HiViS targets
short-sequence tasks to reduce redundancy, while
our method addresses long-video scenarios, miti-
gating the visual negative gain caused by attention
dilution in ultra-long visual sequences.

Stage-wise Visual Processing in VLMs Re-
search on the visual processing mechanisms of
VLMs has evolved from phenomenological obser-
vation to mechanistic elucidation. Early works,
such as FastV (Chen et al., 2024), uncovered the
non-uniformity of vision-text fusion based on atten-
tion distributions, highlighting that visual weights
in deep layers are negligible (merely 0.21%) and
proposing single-stage filtering to eliminate redun-
dancy. With the deepening of mechanistic research,
(Zhang et al., 2025d) and (Yin et al., 2025) uti-
lized attention knockout experiments to reveal the
law of Layer-wise Functional Differentiation in
cross-modal fusion: shallow layers primarily in-
ject global features, middle layers serve as the core
window for fine-grained semantic alignment, and
deep layers govern final prediction. Building on
this, HHIMAP (Yin et al., 2025) introduced a dy-
namic pruning strategy specifically targeting weak
interactions in shallow layers and high aggregation
in deep layers. Recent studies (Fan et al., 2025;
Zhang et al., 2025a)have further synthesized this
into a three-stage framework: shallow layers func-
tion mainly as "Attention Sinks" or focus on text
processing; middle layers act as the pivotal window
for cross-modal fusion; and deep layers are dedi-
cated to linguistic structure optimization. Despite
minor discrepancies regarding the specific role of
shallow layers, a strong consensus has emerged:
the substantive contribution of visual information
is highly concentrated in the intermediate layers.
Once the multimodal representation is constructed
in the middle layers, raw visual tokens in the deep
layers become redundant due to semantic satura-
tion.

B Task and Benchamark Details

Tasks and Benchmark Details. Given that Sparrow
is primarily dedicated to achieving lossless accel-
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Table 7: Impact of visual information injection on draft
model performance during inference.

Draft Model Input ChartQA AI2D
Visual + Text 4.25 4.28
50% Visual + Text 4.26 4.30
12.5% Visual + Text 4.25 4.30
0% Visual + Text 4.27 4.31

eration during the decoding stage, we select video
captioning and video description as our core evalu-
ation tasks. These tasks require the model to deeply
understand specific subjects and actions within the
video and generate long textual descriptions rich
in visual information. Unlike conventional Video
Question Answering (VQA), which typically in-
volves direct answer selection, these long-form
generation tasks better highlight the acceleration
advantages of the model in long-sequence decod-
ing.

For the datasets in our main experiments, to
ensure comprehensive coverage of varying video
durations and application scenarios, we randomly
sampled 100 instances for performance evaluation
from mainstream benchmarks, including VideoDe-
tailCaption (LMMs-Lab, 2024a), MVBench (Li
et al., 2024c), LongVideoBench (Wu et al., 2024),
and VideoMME (Fu et al., 2025b).

Furthermore, prior to the main experiments, to
verify the universality of the phenomena observed
in this work across different tasks and modalities,
we also conducted sampling analysis on VideoChat-
GPT (LMMs-Lab, 2024b) and VideoDetailDe-
scription (Maaz et al., 2023), as well as the vi-
sual question answering task AI2D (Kembhavi
et al., 2016), the document and chart understanding
benchmark ChartQA (Masry et al., 2022), and the
comprehensive capability benchmark MME (Fu
et al., 2025a).

C Implementation Details

SpecVLM adopts a self-speculative strategy,
wherein the draft model directly reuses the weights
of the target model. By aggressively pruning redun-
dant visual tokens at the input level, it significantly
reduces KV cache occupancy and computational
overhead. This input-level sparsification enables
inference acceleration without altering the underly-
ing model structure. In contrast, MSD, Vispec, and
our proposed method opt to construct an indepen-

dent single-layer draft model. Architecturally, this
model mirrors a single decoder layer of the target
model, aiming to maximize speculative efficiency
through extreme structural lightweighting while en-
suring feature space alignment and compatibility.

C.1 Visual Information Processing Strategies
in Draft Models

SpecVLM leverages the draft model’s insensitiv-
ity to missing visual information by proposing a
verifier-guided two-stage video token pruning strat-
egy. Guided by the attention signals of the target
model (the verifier), this method prioritizes retain-
ing highly informative tokens while performing
spatially uniform pruning on low-attention redun-
dant tokens. Ultimately, this approach reduces the
visual input for the draft model by approximately
90%.

MSD posits that visual and textual character-
istics are distinct, thus adopting an architectural
decoupling approach by directly using raw visual
embeddings as input. Unlike features processed
by the LLM, these raw embeddings remain uncon-
taminated by the language modeling process. Con-
sequently, they preserve the most pristine visual
information, providing more accurate guidance for
the draft model.

ViSpec efficiently processes visual information
through a dual fusion mechanism. First, it utilizes
a lightweight visual adapter to compress redundant
image tokens into compact representations and in-
tegrates them into the draft model’s attention layers,
thereby retaining key spatial information while re-
ducing computational overhead. Second, it extracts
a global image feature vector and injects it into
every subsequently generated text token. This pro-
vides the model with continuous and robust global
visual context, significantly enhancing the accuracy
of multimodal predictions.

C.2 Selection of Training Data

Building on the analysis in Sec. 2, directly trans-
ferring a small model trained solely on image-text
pairs to long-video scenarios inevitably leads to
a double collapse. The excessively long visual
sequences (>10k tokens) not only exceed the pre-
trained positional encoding window but also intro-
duce significant background noise. This distracts
the draft model, causing critical fused represen-
tations to be submerged amidst the noise. How-
ever, a turning point emerged when applying the
VATA strategy—which physically masks raw vi-
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Figure 5: Layer-wise importance analysis of visual to-
kens in LLaVA-OneVision-7B. The figure compares
task accuracy after removing visual tokens starting from
layer x (solid lines) with the native baseline performance
(dashed lines).

sual inputs to force reliance on hidden states. We
surprisingly observed that the average acceptance
length no longer decays as video token length in-
creases. This phenomenon provides decisive em-
pirical support for our hypothesis: once deep fused
hidden states are available, raw visual inputs be-
come purely redundant noise during inference.

Consequently, we adopt a minimalist data strat-
egy, eliminating the need for expensive and scarce
long-video datasets for draft model training. The
rationale lies in the HSR strategy, which effectively
offloads the complex computations of visual per-
ception, spatiotemporal modeling, and cross-modal
alignment to the Target Model. Whether the input
is a single-frame image or a long video, the draft
model’s task is unified and simplified to merely
decoding the deep fused representations from the
Target Model. Therefore, we train exclusively us-
ing low-cost Image-Text Pairs. This approach not
only circumvents the massive computational over-
head of processing contexts exceeding 20k tokens
but also enables the small model to focus solely on
mapping deep fused features to the output vocab-
ulary. This facilitates a seamless transfer of capa-
bilities learned from image-text data to long-video
scenarios, achieving robust cross-modal generaliza-
tion with minimal resource costs.

C.3 Datasets and Training Details

Following the data construction paradigm of ViS-
pec, we established a two-stage training dataset.
In the first phase (Text Alignment), we randomly
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Figure 6: Layer-wise information retention analysis
of visual and text modalities in Qwen2.5-VL-7B. The
curves illustrate the retention rates calculated based on
similarity, with red denoting visual features and blue
denoting text features. The vertical dashed line marks
the critical Layer 20.

sampled 68,000 multi-turn conversation samples
from the ShareGPT dataset to ensure a robust lin-
guistic foundation. The second phase (Multimodal
Fine-tuning) utilized the LLaVA Visual Instruct
Pretrain LCS dataset (Li et al., 2024b), with an
equal sample size of 68,000. Crucially, we im-
plemented an instruction-driven data augmentation
strategy during this phase. By appending the com-
mand "Please answer with at least 1000 words" to
the original prompts, we induced the target VLM
to generate long-form synthetic responses enriched
with detailed explanations and complex reasoning
chains, thereby constructing a high-quality dataset
for multimodal instruction fine-tuning.

MSD adopts a two-stage training strategy span-
ning a total of 40 epochs. The first stage utilizes
pure text data, while the second stage employs a
linear dynamic mixing strategy that progressively
decreases the proportion of text data and increases
the visual data as training proceeds. In contrast,
both ViSpec and our method follow a different two-
stage paradigm: the first stage consists of text-only
training, followed by a direct switch to exclusive
multimodal data training in the second stage. For
these methods, each stage is trained for 20 epochs.
All methods were trained with a batch size of 16.

D Supplementary Insights and Analysis

To further elucidate the phenomenon observed in
the main text—where removing visual informa-
tion after Layer 20 does not compromise perfor-
mance—we introduce the information retention
rate as a supplementary perspective, specifically
defined as the average cosine similarity between
the hidden states at layer 1 and the original input
embeddings. As shown in Figure 6, the visual
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Table 8: Performance results of Qwen2.5-VL-7B on benchmarks on NVIDIA GPUs. We report average accepted
length (7), decoding speed (Tokens/Sec), and speedup ratio (ESR).

Method COCO caps MME SQA MM-Vet Avg.
T Tokens/Sec ESR T Tokens/Sec ESR T Tokens/Sec ESR T Tokens/Sec ESR T ESR
T=0
MSD 3.77 79.63 2.00x  3.49 68.37 1.83x  3.75 76.66 1.95x  3.60 70.14 1.87x  3.65 191x
ViSpec(orig.)  3.37 72.94 1.83x  3.19 64.85 1.71x  3.26 68.73 1.75x  3.20 64.81 1.72x 326 1.75x%
ViSpec 4.00 84.93 2.13x  3.62 71.44 1.88x  3.78 78.01 1.98x  3.72 72.83 1.94x  3.78 1.98x
Ours - VATA  4.13 85.61 2.15x 378 72.59 1.92x  3.86 77.50 1.97x  3.82 73.42 1.95x 390 2.00x
Ours 4.11 85.80 2.15x 3.3 72.17 1.90x 3.84 78.19 1.99x  3.80 74.16 1.97x  3.87 2.00x
T=1
MSD 2.85 61.83 1.55x 273 56.78 1.49x 324 67.30 1.71x 294 62.7 1.66x 294 1.60x
ViSpec(orig.) 2.68 59.63 1.50x  2.52 53.90 1.42x  2.85 61.61 1.56x  2.70 58.25 1.55x  2.69 1.51x
ViSpec 2.94 65.18 1.64x 278 58.84 1.55x  3.21 68.00 1.72x 291 63.52 1.69x 296 1.65x
Ours - VATA  3.00 64.82 1.63x  2.95 59.84 1.57x 323 67.72 1.72x  2.80 58.86 1.56x  3.00 1.62x
Ours 2.99 65.44 1.64x 2.84 59.11 1.55x  3.23 68.58 1.74x  3.00 64.02 1.70x  3.02 1.66x

retention rate exhibits a precipitous decline in the
shallow and middle layers, standing in sharp con-
trast to the relatively flat text curve. This indicates
that visual features undergo intense transformation
and reconstruction during the early stages to align
with the text modality. More critically, the similar-
ity score drops below 0.25 near Layer 20, corre-
sponding precisely with the results of the truncation
experiment. Consequently, 0.25 can be regarded
as a critical Empirical Threshold: it signifies the
completion of visual information fusion and pro-
vides quantitative guidance for future Visual Prun-
ing strategies—suggesting that once the similar-
ity falls below this threshold, visual tokens can
be safely removed without causing performance
degradation.

We present the layer-wise truncation experiment
based on the LLaVA-OneVision-7B model. As
shown in Figure 5, the results reproduce the phe-
nomenon observed in the main text: while explicit
visual signals are indispensable in the early net-
work stages, prediction performance remains ro-
bust beyond the 20th layer, even after completely
removing the visual flow and relying solely on text
hidden states.

E Extension to Image Tasks and
Short-Sequence Generalization

Table 2 and Table 3 have demonstrated the su-
periority of our method in long-video understand-
ing tasks. To evaluate its generalization capabil-
ity, we conduct extended experiments on image-
based tasks and compare it against efficient infer-
ence methods specifically designed for images or
short-sequence visual inputs, including MSD, ViS-
pec, and ViSpec (orig.). The results show that our
method maintains high inference efficiency while

exhibiting stronger generality.

As shown in Table 8, our method achieves
the best average speedup ratio across four image-
related benchmark tasks. The experiments were
conducted on a single NVIDIA virtual GPU
(vGPU-32GB) rented from AutoDL, which pro-
vides up to 32 GB of video memory, 52.22
TFLOPS of FP32 compute performance, and ap-
proximately 103 Tensor TFLOPS of FP16 com-
pute performance, paired with an Intel(R) Xeon(R)
Gold 6459C CPU. When VATA is enabled (Ours),
visual features are entirely skipped during draft
generation. Although this design reduces the av-
erage accepted length, it further shortens the draft
model’s inference latency. On COCO Captions
(Chen et al., 2015)(COCO Caps), ScienceQA (Lu
et al., 2022) (SQA), and MM-Vet (Yu et al., 2023),
the time saved during drafting sufficiently compen-
sates for the additional decoding steps incurred by
the lower acceptance length, resulting in an over-
all speedup. In contrast, on the MME (Fu et al.,
2025a) benchmark, the reduction in drafting time
does not offset the cost of extra decoding steps,
leading to a slight slowdown. Notably, in multi-
modal short-sequence settings, explicitly removing
visual inputs does not significantly degrade perfor-
mance, owing to the visual semantic internalization
phenomenon described in Section 3.1. Our method
consistently outperforms ViSpec and MSD across
all tasks, demonstrating robustness and broad ap-
plicability across different modalities and task con-
figurations.

9942



