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Abstract

Speculative decoding (SD) has emerged as a
promising approach to accelerate LLM infer-
ence without sacrificing output quality. Ex-
isting SD methods tailored for video-LLMs
primarily focus on pruning redundant visual
tokens to mitigate the computational burden of
massive visual inputs. However, existing meth-
ods do not achieve inference acceleration com-
parable to text-only LLMs. We observe from
extensive experiments that this phenomenon
mainly stems from two limitations: (i) their
pruning strategies inadequately preserve visual
semantic tokens, degrading draft quality and
acceptance rates; (ii) even with aggressive prun-
ing (e.g., 90% visual tokens removed), the
draft model’s remaining inference cost lim-
its overall speedup. To address these limita-
tions, we propose HIPPO, a general holistic-
aware parallel speculative decoding framework.
Specifically, HIPPO proposes (i) a semantic-
aware token preservation method, which fuses
global attention scores with local visual seman-
tics to retain semantic information at high prun-
ing ratios; (ii) a video parallel SD algorithm
that decouples and overlaps draft generation
and target verification phases. Experiments
on four video-LLMs across six benchmarks
demonstrate HIPPO'’s effectiveness, yielding
up to 3.51 x speedup compared to vanilla auto-
regressive decoding.

1 Introduction

Recent advances in video Large Language Mod-
els (video-LLMs) (Tang et al., 2025; Bai et al.,
2025b,a) extend large language models to the video
domain, achieving strong performance on video
question answering (Fu et al., 2025) and caption-
ing (Chai et al., 2025) tasks. However, the auto-
regressive, token-by-token generation process im-
poses significant inference latency. This challenge
is exacerbated in the video domain by the sheer
volume of input tokens, which leads to substan-

tial computational and memory overhead during
attention calculation (Ji et al., 2025).

To this end, extensive research has explored to-
ken pruning strategies to accelerate video-LLM
inference. These methods exploit spatiotemporal
redundancy in video tokens by pruning less im-
portant tokens based on attention scores, thereby
reducing computational and memory costs during
inference (Huang et al., 2025; Zou et al., 2025; Ji
et al., 2025). However, by removing tokens from
the input, they inevitably incur information loss.
This is particularly critical in high-resolution, high-
frame-rate long video understanding tasks, where
the disruption of spatiotemporal continuity can lead
to biased video comprehension (Fu et al., 2025).

To mitigate this information loss, Specula-
tive Decoding (SD) (Leviathan et al., 2023) has
emerged as a lossless acceleration approach, where
a lightweight draft model proposes multiple candi-
date tokens that are then verified in parallel by the
target model. To adapt SD for the video domain,
existing methods mainly prune the draft model’s
visual tokens using attention scores from the target
model. These methods preserve lossless decod-
ing, as the target model receives the full input for
verification (Ji et al., 2025; Zhang et al., 2025b).

Despite their benefits, existing video SD meth-
ods suffer from significant limitations that prevent
them from being as effective as their text-only
counterparts. We identify two key limitations: (i)
attention-based token selection suffers from posi-
tion bias (Xiao et al., 2024; Gu et al., 2025), where
frame boundary tokens receive inflated attention
weights regardless of their semantic relevance. As
shown in Figure 1 (top), under 90% pruning, this
leads to retaining non-informative boundary tokens
(please refer to Section 4 for statistical results).
(ii) even with aggressive pruning (e.g., 90%), the
draft model still incurs substantial computational
overhead. For instance, LLaVA-OneVision (Li
et al., 2025a) encodes each frame into 196 tokens,
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Figure 1: Visualization of video frames under 90% pruning ratio. (i) The upper part attention-only pruning suffers
from the position bias phenomenon, where inflated attention weights are allocated to non-informative boundary

tokens

. (i) The lower part semantic-aware token preservation preserves informative

visual tokens (highlighted by green boxes), retaining the core action despite the high pruning ratio.

yielding over 1M tokens for a two-minute video
at 60 FPS. After 90% pruning, the draft model
still processes over 100K tokens, resulting in non-
negligible inference latency that limits the speedup
of serial SD.

To address these limitations, we propose
a general framework, namely holistic-aware
parallel speculative decoding (HIPPO). Specifi-
cally, HIPPO addresses the two limitations and
proposes two key designs: (i) a semantic-aware to-
ken preservation method that integrates global at-
tention scores with local visual semantics to adap-
tively allocate the pruning budget across spatial
crops. As shown in the lower part of Figure 1, this
method preserves semantically informative visual
tokens even at high pruning ratios (e.g., 90%) by
prioritizing tokens that are salient under both global
and local criteria. This global-local coordination
prevents semantic information loss and ensures that
the retained tokens encode coherent scene-level
context rather than merely isolated salient attention
regions. (ii) a video parallel SD algorithm that en-
ables synchronous execution of the draft and target
models, effectively overlapping the draft model’s
inference cost during the verification phase. While
the target model verifies candidate tokens from the
previous round, the draft model concurrently gen-
erates the next round of candidate tokens. This par-
allel execution allows both models’ computations
to overlap, thereby mitigating the limited speedup
issue that arises when the draft process accounts
for a significant portion of the total latency.

We summarize our contributions as follows:

(i) Semantic-aware video token preservation.
HIPPO integrates global attention scores with

local visual semantics to adaptively allocate
pruning budgets, enabling effective preserva-
tion of semantically informative tokens at high
pruning ratios while mitigating position bias.

(i) Video parallel speculative decoding.
HIPPO proposes a parallel execution
framework where the draft model generates
candidates concurrently while the target
model performs verification, effectively
overlapping their computation to hide the
draft overhead.

(iii) Significant and versatile speedups. Ex-
periments on four video-LLMs across six
benchmarks show that HIPPO achieves up to
3.51x speedup over auto-regressive decoding,
demonstrating its effectiveness and versatility.

2 Related Work

2.1 Speculative Decoding for LLMs

Speculative decoding has emerged as an effective
approach to accelerate LLM inference without com-
promising generation quality. Existing works focus
on improving draft model efficiency and increas-
ing acceptance rates (Miao et al., 2023; Sun et al.,
2023; Cai et al., 2024). Medusa (Cai et al., 2024)
adds extra decoding heads at the top of the target
model to generate drafts. Lookahead (Fu et al.,
2024) caches the generation trajectory (n-grams) as
the drafts. PEARL (Liu et al., 2025) parallelizes the
execution of the draft and target models to achieve
superior acceleration. Eagle (Li et al., 2025b) bal-
ances efficiency and acceptance rates by training a
single-layer transformer as the draft model.



In the video domain, existing methods focus on
exploiting the redundancy of visual tokens. They
use signals from the target model to prune the draft
model’s visual input, thereby improving drafting
efficiency (Ji et al., 2025; Zhang et al., 2025b).
Sparse-to-Dense (Zhang et al., 2025b) uses a sparse
module to generate tokens with top-K attention in
the draft phase, which are then verified in parallel
using full attention. SpecVLM (Ji et al., 2025) se-
lects tokens guided by target model attention and
applies uniform pruning across all frames. How-
ever, existing video SD methods suffer from posi-
tion bias in the target model’s attention, limiting
their effectiveness. HIPPO addresses this limita-
tion through semantic-aware token preservation.
We also discuss video-LLMs and long-context SD
in the text domain, explaining why the latter are not
directly applicable to video-LLMs in Appendix A.

2.2 Visual Token Reductions

Visual inputs exhibit significant spatiotemporal re-
dundancy, incurring high computational and mem-
ory costs (Zou et al., 2025). To mitigate this, ex-
tensive research focuses on token compression and
pruning in vision transformers (Dosovitskiy et al.,
2021). In particular, video token reduction has
received increasing attention due to the massive
volume of tokens generated by video inputs. For
instance, FastVID (Shen et al., 2025) partitions
frames into segments and applies density-based to-
ken pruning within each segment. DyCoke (Tao
et al., 2025) performs token merging across frames
and reduces KV cache dynamically. Unlike single-
model pruning approaches, HIPPO leverages sig-
nals from the target model to guide pruning for
the draft model. Therefore, HIPPO is orthogonal
to single-model pruning methods and can be com-
bined with them for specific downstream tasks.

3 Preliminaries

3.1 Notations

Let F' denote the number of video frames. Each
token v; € R is a visual embedding of dimen-
sion d. We use M, and M to denote the target
and draft models, respectively. During speculative
decoding, the draft model generates -y candidate to-
kens with logits ¢;, which the target model verifies
using logits p;. We define three scoring functions:
Saun for global attention-based relevance, Siemp for
inter-frame temporal redundancy, and s, for intra-
frame spatial redundancy, which are aggregated to

produce the final score s(v;).

3.2 Speculative Decoding

Let = denote an input sequence (prefix). A spec-
ulative decoding (SD) step consists of a drafting
phase followed by a verification phase. In the draft-
ing phase, the draft model M is invoked 7 times
to generate draft tokens x1, 2, ...,z by forward
passes and sampling. We denote the output logit
Md(:p +[z1,..., xz]) as ¢;, and sample each draft
token as x; ~ ¢; fori = 1,...,. In the verifica-
tion phase, the prefix « and the ~ draft tokens are
sent to the target model M, for verification. The
model M, takes « + [z1,. .., x,] as input and out-
puts logits pg, p1, . . ., p. SD then sequentially ver-
ifies each x; via speculative sampling (Leviathan
et al., 2023), with acceptance probability

i= b 1

If SD rejects z;, it resamples a token from
norm(maux(O7 D — qi)); otherwise, SD accepts all
draft tokens and samples one additional token from
D~ In this way, each SD yields theoretical lossless
quality with improved decoding efficiency.

4 Motivated Experiments

4.1 Position Bias Issue of Visual Tokens

We analyze the attention score distribution of video-
SALMONN2+ 72B (Tang et al., 2025) on the
Video-MME benchmark, revealing a distinct posi-
tion bias phenomenon. As shown in Figure 2, we
select the top 10% video tokens by attention scores
and investigate their spatial distribution within in-
dividual frames. We define tokens located within
a normalized distance of 10% from the top or bot-
tom edges as boundary tokens (constituting ap-
proximately 20% of the total), while the remain-
ing 80% are classified as interior tokens. We ob-
serve that among the selected tokens in each frame,
boundary tokens account for a disproportionate
share—exceeding 44% and peaking at 57.8%. This
suggests that relying solely on attention-based to-
ken selection is insufficient for effectively captur-
ing visual semantics.

We further conduct a controlled experiment us-
ing video-SALMONNZ2+ 7B as the draft model and
video-SALMONN?2+ 72B as the target model. We
evaluate the draft model’s performance under three
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Figure 2: Statistics of per-frame positional bias.
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Figure 3: Performance comparison of three visual token
inputs: random 10% sampling, target-model-guided top-
10% attention selection, and full visual tokens.

input configurations: full visual tokens, top-10% to-
kens selected via target model attention scores, and
arandom 10% selection of visual tokens. We report
accuracy on three video-QA benchmarks: Video-
MME (Fu et al., 2025), MLVU (Zhou et al., 2025),
and LVBench (Wang et al., 2024b). As shown in
Figure 3, both the attention-only and random strate-
gies result in performance degradation compared to
the full-token baseline. Notably, on MLVU, the ran-
dom strategy outperforms attention-based pruning.
This demonstrates the significance of preserving
semantic visual tokens and suggests that attention-
only selection can discard semantically important
tokens due to position bias.

4.2 Non-negligible Draft Latency

We conduct a series of real-world experiments to
demonstrate that draft model latency is a significant
bottleneck in speculative decoding. As shown in
Figure 4, both the drafting phase and verification
phase consume substantial time. At each decoding
step, the draft model remains idle during verifi-
cation while the target model remains idle during
drafting. This mutual waiting dilutes the speedup
from accepted draft tokens, and the overhead from
rejected draft tokens degrades performance.

For example, suppose the target model is three
times slower than the draft model, i.e., Tager =
3T 4rate- In each round, the draft model proposes 3
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Figure 4: Statistics of average running time ratio of the
draft and target model.

tokens. If all three tokens are accepted, the total
computation corresponds to three forward passes
of the draft model and one forward pass of the
target model to obtain 4 correct tokens (3 draft
tokens plus 1 token from the target model’s verifi-
cation). The effective speedup is 4T arget/ (37 drafc +
1T arget) = 2. However, if the first draft token is
rejected, the same amount of computation (three
draft forward passes and one target forward pass)
yields only 1 correct token (from the target model’s
verification), and the effective speedup becomes
1T arget/ (3T grate + 1Ttarget) = 0.5, which is signif-
icantly worse than vanilla AR decoding. Due to
the serial execution of the draft and target models,
together with the substantial draft model latency un-
der long visual tokens, existing video-SD methods
suffer from a fundamental bottleneck.

5 Method

We propose HIPPO, a holistic-aware parallel
speculative decoding framework that promotes
video-LLMs to focus on informative visual content
and overlapping the non-negligible draft latency.
HIPPO integrates semantic-aware token preser-
vation—which holistically scores tokens across
global, temporal, and spatial dimensions to mit-
igate position bias—and video parallel speculative
decoding—which overlaps draft generation with
target verification via adaptive strategy switching.
An overview of HIPPO is shown in Figure 5.

5.1 Semantic-aware Token Preservation

Consider a video of a news anchor. While the an-
chor’s lip movements, gestures, and expressions
exhibit temporal variations, the background and
studio layout remain static across adjacent frames.
From a spatial perspective, large intra-frame re-
gions—such as the desk and walls—contain lit-
tle information. This example illustrates the dual
nature of video redundancy: temporally, static
backgrounds repeat across frames; spatially, uni-
form regions within each frame carry minimal in-
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Figure 5: An overview of HIPPO. (A) Semantic-aware Token Preservation: A holistic scoring mechanism integrates
global semantic relevance, inter-frame temporal redundancy, and intra-frame spatial redundancy to select a compact
subset of informative visual tokens, mitigating position bias. (B) Video Parallel Speculative Decoding: Synchronous
Draft-Target Prefill generates initial draft tokens while the target model processes input, followed by an Adaptive
Decoding Strategy that dynamically switches between optimistic post-verification and conservative pre-verification

modes based on draft quality to maximize parallelism.

formation. An effective token preservation strategy
should capture both dimensions to preserve seman-
tic completeness under aggressive compression.

As demonstrated by motivated experiments in
Section 4, relying solely on attention scores ne-
glects crucial visual information due to position
bias (Xiao et al., 2024). To address this, we propose
a semantic-aware scoring mechanism that compre-
hensively evaluates each video token by integrating
three orthogonal signals: global semantic rele-
vance, inter-frame temporal redundancy, and
intra-frame spatial redundancy. By scoring and
ranking tokens holistically, we identify a compact
subset that captures the essential visual semantics
for the draft model.

Global Semantic Relevance. To identify tokens
aligned with the user prompt, we compute a global
semantic relevance score Sy, from language-to-
video cross-attention. In our example, if the prompt
is “What is the anchor reporting?”, tokens corre-
sponding to the anchor’s face and on-screen graph-
ics should receive high scores. Following prior
work (Ji et al., 2025), we leverage KV-based recon-
struction to avoid computing the full O(L?) atten-
tion matrix. Specifically, we extract visual keys
Kyig € RNvXdk from the prefilled KV cache at
minimal cost, obtain text queries Qg € RLw>
and compute the cross-modal attention matrix
Sattn = softmax(QmKad/ Vi) € REwxNo Wwe

aggregate weights across layers and heads:

1 Ni H L
Satn (V) = N L Z Z Z[Sg&?)]i,j’ (2)
L A
where L, is the text sequence length, Ny, is the
number of layers, H is the number of attention
heads, dy, is the key dimension, and ¢, h index the
layer and head respectively. This score effectively
captures prompt-relevant content. However, it suf-
fers from position bias, where boundary tokens
receive inflated scores regardless of content.

Inter-frame Temporal Redundancy. To quan-
tify temporal redundancy, we introduce a temporal
SCOTe Stemp Measuring cross-frame similarity at cor-
responding spatial locations. For example, tokens
at static background positions exhibit high cross-
frame similarity, while tokens at the anchor’s mov-
ing lips show low similarity. For token V;-c € R?
at position j in frame f, we compute its cosine
similarity with tokens at the same spatial position
in adjacent frames:
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where N(f) = {f—1, f+1}n{1,..., F} denotes
adjacent frames. Since high similarity indicates
redundancy (which we want to prune), we invert
the score to prioritize temporal variation:

Stemp(vj) =1- Siemp(vf)'

“



Intra-frame Spatial Redundancy. We evaluate
the visual complexity of each token within its local
crop. For a given crop c containing M tokens, we
compute the intra-crop similarity matrix by measur-
ing pairwise relationships among all tokens. Given
the Lo-normalized embeddings E¢ € RM*4 in
crop ¢, we compute the similarity matrix S€¢ as:

S = Ej(E;) . )

We capture the spatial complexity of each token
f7c . . . . . .
v;" by computing the variance of its similarity

distribution within the crop:

M
c 1 c c
Sspa(V? ) = M E (Sj,k - :uj)zv 6)
k=1

where p§ = = ]sz 1S5 ), 1s the mean similarity
of token j with other tokens in crop ¢, and M is the
number of tokens per crop. High variance indicates
that the token has diverse connections with others
(e.g., anchor’s gestures and expressions), suggest-
ing high information content, while low variance
suggests uniformity (e.g., desk and walls).

Holistic Score Fusion. The three scores capture
complementary aspects: Sy, identifies prompt-
relevant semantics but suffers position bias; semp
detects temporal change but ignores static impor-
tance; sgp, measures structural complexity but
lacks global semantic context. For each frame
f, we normalize each score type independently:
5(vj) = (s(vj) — py) /oy, where piy and oy are
the mean and standard deviation of that score type
within frame f. The final holistic score is:

$(vj) = 8an (V) + Sspa(Vy) + Stemp(vj).  (7)

We finally retain the top-k (by default 10%) visual
tokens via s(v;).

5.2 Video Parallel Speculative Decoding

While semantic-aware token preservation effec-
tively reduces the visual input to the draft model,
sequential dependencies in standard speculative de-
coding create mutual waiting: the draft model M
must complete all v tokens before the target model
M can verify, and M idles during verification
while M; idles during drafting. Drawing upon par-
allelization paradigms from text-only LLMs (Liu
et al., 2025), we propose a Video Parallel Spec-
ulative Decoding (VPSD) framework tailored for
video-LLMs. As shown in Figure 5, VPSD trans-
forms the generation pipeline by overlapping draft
generation and target verification phases.

Synchronous Draft-Target Prefill. In video-
LLMs, the target model’s prefill latency is dom-
inated by the computationally expensive vision en-
coder, significantly exceeding the draft model’s
prefill time. We exploit this asymmetry during the
initial prefill stage: both models process the input
through the vision encoder, but M 4 continues auto-
regressive decoding until M, completes its prefill.
For instance, if M, requires 0.8s for prefill while
M needs only 0.2s, the draft model can gener-
ate approximately 12 tokens (assuming 50ms per
token) before the target model is ready. It accu-
mulates a larger initial buffer of candidate tokens,
effectively hiding the target model’s overhead.

Adaptive Decoding Strategy Switching. After
the prefilling stage, we introduce an adaptive decod-
ing mechanism that dynamically switches between
two strategies based on the verification outcome of
the previous step. When draft quality is high (i.e.,
the previous batch was fully accepted), the system
enters an optimistic decoding mode: M, spec-
ulatively generates the next batch [z41, ..., Z2,]
concurrently with M,’s verification of the current
batch [z1, ..., z,]. If all tokens are accepted, the
next batch is already available for immediate use;
if any rejection occurs, it discards the specula-
tive tokens at no additional cost since the com-
putation was performed in parallel. Conversely,
when draft quality is low (i.e., a rejection oc-
curred), it switches to a conservative decoding
mode: M, verifies the first draft token x; in paral-
lel with M’s generation of the remaining tokens
[x2,...,2y]. If 21 is rejected, we immediately
abort drafting and discard [zo,...,z,], prevent-
ing wasted computation; if accepted, the remain-
ing tokens proceed to standard verification. This
dynamic switching implements an implicit draft
length adaptation: aggressive when M produces
reliable drafts, cautious when the quality is low. It
ensures both models operate in parallel throughout
generation, alleviating the mutual waiting issue.

6 Experiments

6.1 Experiment Setups

Tasks and Datasets. We evaluate HIPPO on
four video-LLMs: video-SALMONN2+ (Tang
et al., 2025), Qwen2.5-VL (Bai et al., 2025b),
LLaVA-OneVision (Li et al., 2025a), and Qwen3-
VL (Bai et al., 2025a). We use caption and un-
derstanding datasets, including Video-MME (Fu
et al., 2025), VideoDetailCaption (VDC) (Chai



Table 1: Performance comparison across different backbone models. We report Mean Acceptance Tokens (MAT)
and wall-time speedup relative to standard auto-regressive decoding. We bold the best results for each model.

Backbone Model Method VideoMME vVDC MVBench LongVideoBench MLVU LVbench
MAT Spd. MAT Spd. MAT Spd. MAT  Spd.  MAT Spd. MAT Spd.
VanillaSD 290 1.36x 276 14lx 271 133x 275  134x 330 1.53x 289 1.57x
, SD-tree 371 1.87x 3.64 1.73x 3.8 1.54x 3.1  145x 386 1.83x 329 1.72x
Video SAMONNI SpecVIM 346 224x 342 201x 300 209x 334  215x 400 2.13x 342 228x
HIPPO 1182 2.85x 697 231x 1231 2.89x 1006 274x 1242 278x 1212 2.64x
VanillaSD 270 148x 337 1.56x 2.69 L61x 297  152x 339 1.64x 3.1 1.57x
Owenzs.yL  SDitree 332 173x 364 172x 300 185x 331 172x 384 201x 353 183x
&8 SpecVLM  3.05 2.14x 342 2.11x 3.02 1.89x 329  2.12x 348 2.14x 349 2.10x
HIPPO 1029 271x 629 231x 828 243x 844  240x 719 254x 925 2.44x
Vanilla SD 401 1.88x 332 1.89x 328 182x 3.7 173x 287 164x 294 1.68x
LLaVA-OneVisioq  SD-tree 447 203x 368 208x 363 202x 357  208x 330 190x 313 193x
en O SpecVLM 432 2.10x 348 2.68x 340 235x 333 237x 296 200x 332 237x
HIPPO 893 327x 805 331x 793 351x 897 325x 796 317x 839 3.16x
VanillaSD 3.39 1.35x 379 127x 384 132x 3.62 121x 367 123x 388 139x
Qwen3-VL SD-tree 391 1.73x 425 1.63x 425 172x 451  169x 251 1.53x 451 1.88x
18378 SpecVLM  3.87 1.89x 4.01 2.05x 412 2.03x 413  196x 233 185x 420 2.11x
HIPPO  4.67 238x 491 235x 4.64 230x 591 224x 282 215x 539 2.32x
et al., 2025), MVBench (Li et al., 2024a), | VideoMME
LongVideoBench (Wu et al., 2024), MLVU (Zhou 27
et al., 2025), and LVBench (Wang et al., 2024b).
LVBench 23 vDC
Implementations and Metrics. We conduct ex- // 25 S 22 \

periments on four NVIDIA H200 (140GB) GPUs
with batch size of 1. We employ 7B models as
draft models and 32B or 72B models as target mod-
els. We use two evaluation metrics: (i) wall-time
speedup relative to standard auto-regressive decod-
ing, and (ii) mean accepted tokens (MAT). MAT
accumulates accepted tokens across verification
rounds, including consecutive rounds where all
tokens are successfully verified. Output quality
is not evaluated since our acceleration is lossless.
More details are provided in Appendix B.

6.2 Main Results

We conduct extensive experiments on the afore-
mentioned benchmarks. As shown in Table 1,
HIPPO consistently outperforms Vanilla SD, SD-
tree, and SpecVLM across all backbone architec-
tures and datasets, demonstrating robustness at
varying model scales. Notably, HIPPO achieves
an inference speedup of up to 3.51x compared
to vanilla auto-regressive baselines. Moreover,
HIPPO yields significantly higher MAT compared
to existing baselines. Specifically, when utilizing
video-SALMONN?2+ as the backbone model on
the MLVU dataset, HIPPO achieves a peak MAT
of 12.42. This not only demonstrates the superior
alignment between our pruned draft model and the
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Figure 6: Ablation of HIPPO across six video bench-
marks, using video-SALMONN2+ as the backbone.

target model but also validates that our parallel SD
algorithm effectively mitigates the non-negligible
inference overhead associated with draft models.

6.3 Ablation Study

To investigate the contribution of each component
within HIPPO, we conduct an ablation study in
Figure 6 using video-SALMONN2+. Results for
the other three video-LLMs are in Appendix F.
We denote HIPPO without global attention score
as HIPPO /o attn, Without temporal redundancy
score as HIPPO o temp, Without spatial redun-
dancy score as HIPPO vy, spa, and without video
parallel speculative decoding as HIPPO v/ vpsd-
As shown in Figure 6, the absence of any compo-



nent within HIPPO results in performance degra-
dation. Among the different scoring components,
we observe that utilizing the target model’s at-
tention is consistently effective. Additionally,
spatiotemporal-aware pruning contributes to im-
proved performance. Specifically, on the MLVU
dataset, removing temporal redundancy results in
a marked decline in speedup. This underscores
that reliance on target model attentions alone can-
not effectively capture the essential information for
complex video tasks, limiting the speedup ratios.

6.4 Case Study

Average MAT on the VDC Benchmark
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Figure 7: Comparison of different types of pruning
methods under various pruning ratios.

Exploration of Diverse Pruning Criteria. Nu-
merous studies investigate vision-centric pruning
on standalone models to accelerate speed without
significantly compromising accuracy (Shen et al.,
2025; Tao et al., 2025). Following this paradigm,
we adapt these methods for video-SALMONN2+
7/72B to establish the following baselines:

(1) HIPPO-Random: randomly sampling top-k
video tokens.

(2) HIPPO-Frame: full-frame dropping at regular
temporal intervals.

(3) HIPPO-FastVID: frame-level pruning based
on top-k similarity of consecutive frame tran-
sitions, following FastVID (Shen et al., 2025).

(4) HIPPO-DyCoke: token-level temporal merg-
ing adapted from DyCoke (Tao et al., 2025).

Figure 7 demonstrates that vision-centric prun-
ing methods relying solely on a single model con-
sistently underperform compared to HIPPO, which
incorporates position-debiased guidance from the
target model. We attribute this to two key fac-
tors: the draft model benefits from preserving the

holistic temporal structure and distribution of the
video, and the inclusion of target model signals
provides essential guidance for achieving superior
alignment. It is worth noting that single-model
pruning techniques are not inherently incompati-
ble with HIPPO. Exploring how to leverage in-
trinsic visual redundancy to refine pruning while
integrating information from the target model is
a promising direction for future research toward
constructing better-aligned draft models.

Token Distribution After HIPPO
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Figure 8: Per-frame token distributions after HIPPO.

Exploration of Token Distributions after
HIPPO. As discussed in Section 4, pruning
strategies that rely solely on the target model’s
attention often suffer from positional bias. To
validate the effectiveness of HIPPO, we visual-
ize token distributions after HIPPO, using video-
SALMONN2+ as the backbone. As shown in
Figure 8, tokens selected by HIPPO effectively
mitigate this positional bias. Within each frame,
HIPPO alleviates the tendency to disproportion-
ately retain spatial boundary tokens and focuses on
semantic subjects.

7 Conclusion

In this paper, we introduced HIPPO, a novel
holistic-aware parallel speculative decoding frame-
work designed to accelerate video-LLM inference.
HIPPO addresses the efficiency bottlenecks of ex-
isting methods through two key innovations: (i) a
semantic-aware token preservation strategy that in-
tegrates global attention scores with local visual
semantics, thereby maintaining high alignment be-
tween the draft and target models at high pruning
ratios; (ii) a video parallel speculative decoding
algorithm that decouples draft generation from ver-
ification, effectively eliminating the mutual waiting
overhead. Experiments on four video-LLMs across
six datasets demonstrate the effectiveness of our ap-
proach, achieving up to 3.51 x speedup compared
to vanilla auto-regressive decoding.



8 Limitations

We consider a few limitations and future directions.
(i) Specialized draft model training. Our current
evaluation employs existing smaller models from
the same family as draft models to accelerate the
target model. Training lightweight, target-specific
draft models with better alignment represents a
promising direction for further improving specu-
lative decoding efficiency. Our method is natu-
rally compatible with such specialized draft mod-
els, requiring only one-time pruning of the draft
model’s KV cache during the prefill stage. As train-
ing lightweight video-LLMs remains an emerging
area, future work can explore draft model optimiza-
tion techniques—such as knowledge distillation
or architecture specialization—to further enhance
speculative decoding efficiency. (ii) Applicability
scope. Our method is primarily effective in mem-
ory bandwidth scenarios as our adaptive pruning
strategy directly targets memory I/O overhead re-
duction, extending the approach to high-throughput
processing requires further investigation. (iii) Scal-
ability to large batch sizes. Our evaluation focuses
on latency-critical scenarios with batch size 1, the
primary use case for real-time interaction. For high-
throughput scenarios with large batches, GPU com-
pute saturation may occur, and maintaining diverse
dynamic tree structures per request could introduce
non-trivial overhead.

9 Ethical Considerations

The data we collect in specialized domains is pub-
licly available and viewable online. The data own-
ers have indicated that the data can be used for
scientific research or have not indicated that the
data cannot be used for scientific research, and our
collection process is also in compliance with regu-
lations. Moreover, there is no unique identification
of individuals or offensive content in these data.
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A More Discussion of Related Work

In Section 2, we briefly discuss the recent achieve-
ments of speculative decoding and visual token
reduction methods. In this section, we provide a
more detailed discussion on existing multi-modal
LLMs and their computational challenges, various
speculative decoding methods for LLMs, and vi-
sual token reduction methods.

A.1 MLLMs and Computational Challenges

Recent MLLMs typically adhere to a paradigm that
bridges multi-modal encoders with LLMs via spe-
cialized modality adapters (Team, 2023; Liu et al.,
2023, 2024a). Built upon open-source foundations
such as the LLaMA series (Touvron et al., 2023a,b;
Team, 2024), state-of-the-art MLLMs (Team, 2023;
OpenAl, 2023) have demonstrated remarkable
adaptability across diverse visual understanding
tasks, significantly enhancing their ability to inter-
pret complex real-world environments. In the video
domain, video-LLaVA (Lin et al., 2024) aligns im-
age and video adapters to learn unified representa-
tions. ShareGPT4Video (Chen et al., 2024) utilizes
GPT-4 to generate dense video captions for data
quality improvement, while LLaVA-Hound (Zhang
et al., 2025a) introduces Direct Preference Opti-
mization (DPO) to refine video comprehension
capabilities. Furthermore, LLaVA-OneVision (Li
et al., 2025a) achieves robust performance in single-
image, multi-image, and video scenarios, facili-
tating effective transfer learning from static im-
ages to dynamic video content. Despite these
advancements, the integration of extensive visual
tokens introduces substantial computational over-
head. While visual perception is improved, existing
MLLMs continue to suffer from certain perceptual
limitations (Tong et al., 2024; Jiang et al., 2024b).
Strategies to mitigate these deficiencies by increas-
ing the resolution of input images or videos (Luo
et al., 2025; Guo et al., 2024) inadvertently exac-
erbate computational costs. For instance, LLaVA-
OneVision (Li et al., 2025a) encodes a single video
frame into 196 tokens; consequently, processing a
two-minute video at 60 FPS yields over one million
tokens. Such massive visual inputs become a signif-
icant portion of the LLM’s context window. In this
work, we conduct experiments on these representa-
tive models to empirically validate the applicability
and efficiency of our HIPPO.
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A.2 Speculative Decoding for LLMs

Pioneering approaches in speculative decod-
ing (Leviathan et al., 2023; Chen et al., 2023) typ-
ically employ an independent, lightweight draft
model to propose short token sequences, which
are subsequently verified in parallel by the tar-
get model. To ensure reliable speculation, these
early methods often utilize existing smaller LLMs
as drafters. Alternatively, self-speculative frame-
works (Xia et al., 2025; Song et al., 2025b) lever-
age intermediate layers of the target model itself
to generate predictions, thereby eliminating the
need for auxiliary models. Contemporary research
has largely focused on enhancing draft model effi-
ciency; for instance, recent work (Du et al., 2024)
introduces specially trained drafters with reduced
latency to maximize the speedup ratio. Several
studies have also adapted speculative decoding
methods from the text domain to the single-image
domain (Lin et al., 2025; Gagrani et al., 2024; Xie
et al., 2025).

Beyond standard decoding, several SD methods
address the specific challenges of long-context text
inference (Yang et al., 2025; Sun et al., 2024; Sad-
hukhan et al., 2025). These approaches aim to miti-
gate the Key-Value (KV) cache bottleneck inherent
in conventional SD by integrating KV cache sparsi-
fication techniques (Feng et al., 2024), often utiliz-
ing StreamingLL.M-style cache management (Xiao
et al., 2024) to constrain the draft model’s memory
budget. However, the absence of visual modality
awareness precludes these methods from operat-
ing effectively on video tokens. Unlike discrete
linguistic tokens, video tokens exhibit substantial
redundancy and high temporal correlation. Conse-
quently, the naive application of Streamingl.LM
or sliding window mechanisms restricts the draft
model’s attention to a narrow fraction of uncom-
pressed visual content, causing it to fail in capturing
the visual semantics of the video.

A.3 Visual Token Reductions

In MLLMs, visual redundancy identification facil-
itates the distillation of visual tokens with high
informativeness for faster inference. There are
two main research directions: (i) Vision-centric
strategies analyze the image’s structure and fea-
ture distribution to discard less relevant visual to-
kens (Li et al., 2024b; Wang et al., 2024a; Sun
et al., 2025). Approaches such as LLaMA-VID (Li
et al., 2024b) and DeCo (Ma et al., 2025) address



this by modifying model architectures with addi-
tional training; however, this inevitably escalates
computational expenses. While ToMe (Bolya et al.,
2023) achieves token reduction without retraining,
it risks disrupting early-stage cross-modal interac-
tions (Xing et al., 2024). LLaVA-PruMerge (Shang
et al., 2024) selectively retains salient tokens while
merging less critical ones based on key similar-
ity. (ii) Instruction-centric strategies typically use
cross-modal attention analysis or gradient accu-
mulation to identify redundant tokens (Liu et al.,
2024b; Song et al., 2025a). Tokens with low at-
tention or negligible gradient impact are deemed
redundant (He et al., 2024). Building on this, some
studies explore learned importance scoring and
retain the highlighted visual tokens (Jiang et al.,
2024a). Distinct from these single-model pruning
approaches, HIPPO focuses on leveraging signals
derived from the target model to guide draft model
pruning. Consequently, our HIPPO is orthogo-
nal to existing techniques; the pruned draft model
can be seamlessly combined with these methods to
adapt to specific downstream tasks.

B More Details of Experiment Setups

We present more details of datasets and experiment
setups in this section.

Details of Baselines. We implement and evalu-
ate three inference acceleration baselines to bench-
mark our approach: (i) Vanilla Speculative De-
coding (SD): we employ a compact video-LLM
as the draft model to generate preliminary token
sequences, which are subsequently verified by the
target model. This foundational approach estab-
lishes the basic speculative decoding framework for
video-language tasks, where the draft model pro-
duces candidate continuations in an auto-regressive
manner, and the target model validates these pro-
posals in parallel. (ii) Speculative Decoding with
Tree Attention (SD-tree): Building upon vanilla
SD, this method constructs a draft tree structure by
proposing multiple candidate tokens at each posi-
tion, thereby exploring diverse continuation paths
simultaneously. The tree-based representation al-
lows the target model to verify multiple speculative
branches in parallel, potentially increasing the ac-
ceptance rate and overall throughput compared to
sequential speculation. (iii) SpecVLM: this ap-
proach introduces an attention-guided token selec-
tion mechanism, where candidate tokens are strate-
gically chosen based on the target model’s attention
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patterns from previous decoding steps. By lever-
aging these attention weights as guidance signals,
SpecVLM prunes redundant or low-probability can-
didates early in the speculation process, focusing
computational resources on more promising token
sequences and reducing unnecessary verification
overhead.

Notably, we avoid introducing additional train-
ing procedures for the draft models in our baseline
implementations. This design decision is motivated
by the observation that the primary computational
bottleneck in video-LLM inference stems from the
management and retrieval of large key-value caches
rather than the forward pass through model param-
eters. Therefore, our baselines focus on optimizing
the decoding strategy and speculation efficiency
while maintaining the original model weights.

Details of Experimental Setups. We conduct ex-
periments on four NVIDIA H200 (140GB) GPUs.
We employ 7B models as draft models and 32B
or 72B models as target models. We perform all
evaluations with a batch size of 1 to follow the
standard settings and simulate real-world latency-
critical inference scenarios. Given each prompt,
the target model is employed to generate 256 to-
kens following greedy decoding. When video to-
kens are pruned, we remove the corresponding
video features based on the pruning ratio r. Dur-
ing evaluation, the default pruning ratio r is set
to 90%. The value of v is set to 5, 5, 7, and
3 for video-SALMONNZ2+ 7B/72B, Qwen2.5-VL
7B/72B, LLaVA-OneVision 7B/72B, and Qwen3-
VL 7B/32B, respectively. The crop size M is set
to 5 x 5 for all models and benchmarks. To ensure
a fair comparison, all methods are evaluated un-
der an identical hardware environment using model
parallelism. For the AR baseline, the target model
spans four GPUs. For the all SD-based methods
we apply the standard protocol by deploying both
the draft and target models across the four GPUs.
For LLaVA-OneVision, we uniformly sample 64
and 128 frames to generate a 196 x 64 and 196
x 128 video token input, respectively. For Qwen
series and video-SALMONN2+, we adjust the FPS
to generate input of comparable length. For video-
SALMONN?2+, we only apply pruning to the visual
components. The audio tokens are excluded from
the scoring process and are retained in their en-
tirety as input. Our entire experimental framework
is implemented using PyTorch (Paszke et al., 2019)
version 2.8.0, a widely-adopted deep learning
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Figure 9: Statistics of per-frame positional bias using
Qwen2.5-VL as the backbone model.
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Figure 11: Statistics of per-frame positional bias using
LLaVA-OneVision as the backbone model.

Table 2: Inference time breakdown (s) of video-
SALMONN2+ 7B/72B pair. “-” indicates that vanilla
AR does not require a draft model or pruning. “over-
lapped” indicates that due to our parallelized HIPPO,
the execution time of the draft model is overlapped by
the concurrent execution of the target model.

Operation Vanilla HIPPO
Target Model Prefilling  33.71 33.71

Target Model Decoding  131.13 25.11

Draft Model Prefilling - 2.79 (overlapped)
Draft Model Decoding - 23.77 (overlapped)
Video Token Pruning - 0.11 (overlapped)
Total Latency 164.84 58.82

framework that provides comprehensive support for
GPU-accelerated tensor operations and automatic
differentiation. We leverage the Transformers
(Wolf et al., 2020) library version 4.57.0@ from
Hugging Face. The codebase is compiled and ex-
ecuted with CUDA toolkit version 12.8. More
details for the best performance of each task and
benchmark can be seen within our code.

C Inference Time Breakdown

Beyond accelerating the decoding stage of target
video-LLMs, HIPPO introduces minimal overhead
during the pruning process. We randomly sam-
ple 10 videos in Video-MME, employ a video-
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using Qwen2.5-VL as the backbone model.
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Figure 12: Per-frame token distributions after HIPPO
using LLaVA-OneVision as the backbone model.

SALMONNZ2+ 7B/72B model pair for evaluation,
and report average wall-time of each operation. As
shown in 2, through video token pruning (only
0.11s for the whole decoding process), the prefill
length of the draft model is substantially reduced.
Furthermore, since HIPPO parallelizes the prefill
and decoding processes of both the draft and target
model, the execution times of these operations over-
lap, thereby further reducing the overall latency.

D More Comparison with Parallel
Speculative Methods

As discussed in the main text, within the textual
domain, PEARL (Liu et al., 2025) employs a par-
allelization strategy for draft and target models to
enable adaptive draft lengths and eliminate mutual
waiting latency. Building upon this, we further op-
timize the framework for the video domain. Specif-
ically, observing that the target model’s prefill la-
tency in video-LLMs is dominated by the com-
putationally expensive vision encoder—thereby
significantly exceeding the draft model’s prefill
time—we propose the Synchronous Draft-Target
Prefill mechanism. To comprehensively evaluate
the effectiveness of our HIPPO, we compare it
against several baselines: (i) PEARL-Video, a di-
rect adaptation of the textual PEARL to the video
domain; (ii) PEARL w/ Syn-Prefill, which incor-
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Figure 13: Statistics of per-frame positional bias using
Qwen3-VL as the backbone model.
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Figure 14: Per-frame token distributions after HIPPO
using Qwen3-VL as the backbone model.

Table 3: Performance comparison with parallel speculative decoding methods, using video-SALMONN2+ 7B/72B
as the backbone model pair. We report wall-time speedup relative to standard auto-regressive decoding. We bold

the best results for each benchmark.

Method VideoMME VDC MVBench LongVideoBench MLVU LVbench
Spd. Spd. Spd. Spd. Spd. Spd.
PEARL-video 2.24 % 1.87x% 2.45x% 2.18x 2.20x 2.21x
PEARL w/ Syn-Prefill 2.46 % 2.03x 2.64 % 2.35% 2.30x 2.33x
PEARL-SpecVLM 2.52% 2.06% 2.69 % 2.47x 2.46x 2.44x
HIPPO 2.85x% 2.31x 2.89 % 2.74 % 2.78 2.64 x
Vldeo MME

porates our proposed synchronous draft-target pre-
fill into the PEARL framework; and (iii) PEARL-
SpecVLM, which integrates SpecVLM’s attention-
based draft selection mechanism within the paral-
lel speculative decoding framework. Using video-
SALMONNZ2+ 7B/72B as the backbone model pair,
we present the results in Table 3. We observe that
our HIPPO consistently outperforms competing
parallel SD methods. This indicates that HIPPO ef-
fectively preserves visual semantic tokens, thereby
improving draft quality. Furthermore, PEARL w/
Syn-Prefill achieves consistent improvements over
vanilla PEARL-video across all benchmarks. This
demonstrates that employing synchronous draft-
target prefill in the video domain allows for the
accumulation of a larger initial buffer of candidate
tokens, effectively utilizing the target model’s pre-
filling stage.

E More Motivated Experiments

In Section 4, we present comprehensive position
bias statistics utilizing video-SALMONN2+ as the
backbone model. To establish the generality and
broader applicability of our observations, we con-
duct extensive empirical analyses across a diverse
range of video-LLMs with varying architectures
and capacities. These systematic experiments sub-
stantiate that the identified inefficiencies associated
with position bias are not merely model-specific
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Figure 15: Ablation of HIPPO across six video bench-
marks, using Qwen2.5-VL as the backbone.

phenomena, but rather represent fundamental and
inherent challenges endemic to attention-based
pruning mechanisms in existing video-LLM SD
approaches.

As illustrated in Figures 9, 11, and 13, when em-
ploying solely the target model’s attention scores
to extract highlighted visual tokens across different
video-LLM architectures, a pronounced position
bias consistently emerges across all evaluated mod-
els. Conversely, as shown in Figures 10, 12, and
14, we observe that tokens selected by our pro-
posed HIPPO effectively mitigate this positional
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Figure 16: Ablation of HIPPO across six video bench-
marks, using LLaVA-OneVision as the backbone.

bias phenomenon. HIPPO preserves semantically
salient tokens distributed throughout frames, rather
than exhibiting the tendency to disproportionately
favor tokens located at spatial boundaries, thereby
achieving a balanced token selection strategy that
captures the true informational content of the video.

F More Results of Ablation Study

In Section 6.3, we conduct comprehensive ablation
studies on both the semantic-aware token selec-
tion mechanism and the video parallel speculative
decoding framework, initially employing video-
SALMONNZ2+ as the backbone model. To rigor-
ously validate the generalization and consistency
of our proposed modules across diverse video-
LLMs, we extend these ablation experiments to
encompass three additional popular video-LLMs:
Qwen2.5-VL, LLaVA-OneVision, and Qwen3-VL.
This broader experimental scope enables us to es-
tablish the universal efficacy of our approach be-
yond a single model implementation.

As illustrated in Figures 15, 16, and 17, our
ablation results consistently demonstrate that the
removal of any individual component within the
HIPPO framework leads to measurable perfor-
mance degradation across all evaluated backbone
models, thereby validating the necessity and syn-
ergistic contribution of each module. When ex-
amining different pruning strategies in isolation,
we observe that leveraging the spatial and tempo-
ral redundancy yields consistently effective results
across all architectures. This empirical finding pro-
vides evidence that reliance solely on target model
attention signals—without explicit vision-centric

modeling—proves insufficient for effectively cap-
turing the hierarchical and temporally-evolving se-
mantic information essential for complex, long-
form video understanding tasks. These results un-
derscore the critical importance of our integrated
spatiotemporal-aware pruning strategy in achieving
both computational efficiency and semantic fidelity.

G More Results of Case Study

In Section 6.4, we evaluate traditional vision-
centric single-model pruning methods using video-
SALMONN2+ as the backbone model on the
VideoDetailedCaption dataset. Our preliminary
findings reveal that pruning methods relying exclu-
sively on signals from a single model consistently
underperform compared to our proposed HIPPO
approach, which strategically incorporates position-
debiased guidance derived from the target model.
To comprehensively assess the generalization of
these observations, we extend our comparative anal-
ysis to different video-LLMs.

As illustrated in Figures 18, 19, and 20, our
extended experimental results corroborate the ini-
tial findings across all evaluated datasets. Specifi-
cally, single-model pruning strategies consistently
exhibit inferior performance when contrasted with
our proposed framework that integrates position-
debiased guidance signals from the target model.
We attribute this substantial and consistent perfor-
mance gap to two fundamental factors. First, the
draft model derives significant benefits from pre-
serving the holistic temporal structure and distribu-
tional characteristics inherent in the original video
sequence—properties that single-model attention-
based pruning often fails to maintain due to its
susceptibility to position bias. Second, the explicit
incorporation of target model signals provides cru-
cial cross-model guidance that enables superior
alignment with the target model’s internal represen-
tation space and decision-making process, thereby
facilitating more effective speculative decoding.

It is important to emphasize that single-model
pruning techniques are not inherently incompatible
with our HIPPO. Consequently, investigating prin-
cipled methods to synergistically combine these
two paradigms—specifically, leveraging vision-
centric redundancy signals to refine initial prun-
ing decisions while simultaneously integrating tar-
get model guidance to ensure distributional align-
ment—represents a particularly promising avenue
for future research. Such hybrid strategies hold
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Figure 17: Ablation of HIPPO across six video bench-
marks, using Qwen3-VL as the backbone.
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Figure 19: Comparison of different types of pruning
methods under various pruning ratios using LLaVA-
OneVision as the backbone model.

substantial potential for constructing draft mod-
els that are simultaneously more computationally
efficient and better aligned with target model se-
mantics, thereby pushing the efficiency-accuracy
frontier of video-LLM speculative decoding.

H LLM Usage

We used a large language model (LLM)-based writ-
ing assistant for grammar and wording improve-
ments on draft text. The LLM did not generate
research ideas, claims, proofs, algorithms, code,
figures, or analyses, and it did not have access to
any non-public data. During rationale generation,
we use LLMs to transfer reasoning path into ra-
tionales. All edits suggested by the LLM were
manually reviewed and either accepted or rewritten
by the authors, who take full responsibility for the
final content. The LLM is not an author of this

paper.
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Figure 18: Comparison of different types of pruning
methods under various pruning ratios using Qwen2.5-
VL as the backbone model.
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Figure 20: Comparison of different types of pruning
methods under various pruning ratios using Qwen3-VL
as the backbone model.
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