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Abstract

Video Large Language Models (Video-LLMs)
excel in video understanding but suffer from
high inference latency during autoregressive
generation. Speculative Decoding (SD)
mitigates this by applying a draft-and-verify
paradigm, yet existing methods are constrained
by rigid exact-match rules, severely limiting
the acceleration potential. To bridge this gap,
we propose LVSPEC, the first training-free
loosely SD framework tailored for Video-
LLM:s. Grounded in the insight that generation
is governed by sparse visual-relevant anchors
(mandating strictness) amidst abundant visual-
irrelevant fillers (permitting loose verification),
LVSPEC employs a lightweight visual-relevant
token identification scheme to accurately
pinpoint the former. To further maximize ac-
ceptance, we augment this with a position-shift
tolerant mechanism that effectively salvages
positionally mismatched but semantically
equivalent tokens. Experiments demonstrate
that LVSPEC achieves high fidelity and
speed: it preserves >99.8% of target perfor-
mance while accelerating Qwen2.5-VL-32B
by 2.70x and LLaVA-OneVision-72B by
2.94x. Notably, it boosts the mean ac-
cepted length and speedup ratio by 136%
and 35% compared to SOTA training-free
SD methods for Video-LLMs. Code is at
https://github.com/zju-jiyicheng/LVSpec.

1 Introduction

Video large language models (Video-LLMs) (Liu
et al., 2023; Bai et al., 2023; Liu et al., 2024; Lin
et al., 2024; Li et al., 2024b; Bai et al., 2025; Li
et al., 2025a; An et al., 2025) show strong perfor-
mance in video understanding tasks such as video
captioning and video question answering. However,
inference latency remains a key bottleneck due to
autoregressive backbones, hindering practical de-
ployment. For instance, to process a 100-second
high-resolution video at 32 FPS, Qwen2.5-VL (Bai
et al., 2025) by default encodes over one million
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Figure 1: LVSPEC perform strict verification for
visual-relevant tokens and loose verification for visual-
irrelevant ones, boosting efficiency while preserving
performance.

visual tokens. The long sequence of tokens, to-
gether with the full model parameters, requires
autoregressive access during decoding, leading to
a memory-bound bottleneck and increasing end-to-
end latency.

To achieve lossless decoding-time acceleration,
Speculative Decoding (SD) offers a promising alter-
native. It leverages a lightweight draft model to pro-
pose multiple draft tokens, which are then verified
in parallel by a rarget model. Recent works (Ji et al.,
2025; Kang et al., 2025; Ganesan et al., 2025; Huo
et al., 2025; Bajpai and Hanawal, 2025; Xie et al.,
2025; Huang et al., 2025) have explored SD for
large vision-language models, and SpecVLM (Ji
et al., 2025) has pioneered the application of SD to
Video-LLMs in a training-free manner. However,
existing SD frameworks are fundamentally con-
strained by their exact-match rule: a draft token is
accepted only if it is identical to the target model’s
generation. Such a strictly SD scheme forces the
unfavorable rejection of many semantically aligned
tokens, leading to limited mean accepted lengths
and speedup ratios.

For large language models (LLMs), loosely spec-
ulative decoding has evolved from costly clas-
sifiers (Bachmann et al., 2025) to training-free
heuristics like FLY (Li et al., 2025b). Specifically,
FLY accepts a mismatched token as a semantically
equivalent alternative only when model uncertainty
is high (gauged by entropy) and the divergence
proves transient within a deferred window. Con-
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sequently, this approach achieves highly general-
izable acceleration with minimal overhead. How-
ever, naively adapting these advanced loosely SD
tailored for LLMs to Video-LLMs suffers from a
critical “visual blindness” limitation. By relying
solely on linguistic priors, such as output entropy,
these methods apply an indiscriminate verification
standard, treating visually critical descriptors and
trivial syntactic fillers with the same logic. We
posit that for Video-LLMs, generation quality is
defined not by rote lexical matching, but by the
fidelity of articulating key visual information. This
intuition raises a pivotal question:

Are all decoded tokens equally critical for visual
understanding, thus mandating uniform verifica-
tion rigor?

Our answer is negative. We assert that visual
grounding must dictate verification strictness, as
shown in Figure 1. On one hand, tokens strongly
tied to visual content (e.g., “blue”) act as the an-
chors of understanding; treating them loosely (as
text methods might do for high-entropy synonyms)
risks factual hallucinations. Therefore, they man-
date strict validation. On the other hand, visually
agnostic tokens (e.g., “set”) contribute minimally
to fidelity; maintaining strict matching here (as text
methods do for low-entropy non-synonyms) is com-
putationally wasteful. Consequently, they permit
adaptive and relaxed matching. Driven by this in-
sight, we introduce LVSPEC, a novel loosely SD
framework tailored for Video-LLMs that utilizes
visual-semantic guidance.

LVSPEC introduces a visual-relevant text to-
ken identification scheme in Section 3.1 that com-
putes the visual similarity of text tokens at each
decoding step, which accurately identifies the key
text tokens that carry the richest visual cues. Subse-
quently, we adopt a visual-semantic guided loose
verification in Section 3.2 that selectively token
matching constraint based on the above quantified
visual relevance. Moreover, we introduce a po-
sition shift-tolerant mechanism in Section 3.3
that relaxes acceptance for tokens that appear in
the draft sequence but mismatch due to positional
shifts, thereby further improving speedup without
reducing the conveyed visual information.

To summarize, our main contributions are:

(1) Novel Discovery and Theoretical Potential:
We demystify the dual nature of visual de-
pendence: generation is governed by < 20%
sparse yet critical visual-relevant anchors
amidst over 60% visual-irrelevant linguistic
fillers. Capitalizing on this, we provide a rigor-
ous theoretical analysis to quantify the acceler-
ation potential, guaranteeing strict verification
for anchors while relaxing the rest.

(2) Visual-Semantic Guided Loosely SD: To un-
leash this potential, we propose LVSPEC, the
first loosely SD tailored for Video-LLMs. By
employing a lightweight visual-relevant token
identification and loose verification scheme,
augmented by a position-shift tolerant mecha-
nism, LVSPEC shatters the rigid “exact-match”
barrier, effectively relaxing unnecessary strict
verification via text—vision relevance.

(3) Extensive Experiments and Analysis: Com-
prehensive evaluations across four video un-
derstanding benchmarks show that LVSPEC
is both high-fidelity and rapid: it preserves
>99.8% of target performance while ac-
celerating Qwen2.5-VL-32B by 2.70x and
LLaVA-OneVision-72B by 2.94x. Notably, it
boosts the mean accepted length and speedup
ratio by a remarkable 136% and 35% com-
pared to SOTA training-free SD for Video-
LLMs, validating our visual-centric design.

2 Preliminary Study

In this section, we investigate the decoding dynam-
ics of Video-LLMs to motivate our proposed ap-
proach. We begin by presenting empirical evidence
in Section 2.1, which reveals the dual nature of
visual semantic dependence: it is sparse in dis-
tribution yet decisive for semantic grounding.
Building on this observation, we provide a rigorous
theoretical analysis in Section 2.2 to quantify the
theoretical acceleration potential of exploiting
this sparsity, establishing the mathematical founda-
tion for breaking the bottleneck of strictly SD.

2.1 Sparse yet Critical Visual Semantics

To investigate the underlying mechanism of visual
understanding in Video-LLMs, we conducted an
oracle analysis. We term this an “oracle” study
because it relies on retrospective classification by
a superior model (e.g., GPT-40) using full context
information that is theoretically inaccessible dur-
ing real-time decoding. We utilized four advanced
production-grade models (GPT-40, Gemini-3-Pro,
DeepSeek-V3, and Qwen3-Max) on the Video De-
tail Caption (VDC) (Chai et al., 2025) benchmark
to address two fundamental questions regarding
token distribution and importance.

Question 1: Are visual semantics uniformly dis-
tributed across the generated sequence or are they
concentrated in specific units?

To address this, we collect generation responses
of Qwen2.5-VL-32B on VDC and prompt the four
production-grade models to categorize each gen-
erated token based on the complete sentence con-
text. We established a taxonomy where “Visual-
Relevant” refers to tokens directly corresponding to
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Figure 2: Left: (a) The distribution of visual-relevant and visual-irrelevant tokens. Right: (b) LLMs evaluation on
Video Detail Caption benchmark. Visual-relevant tokens dominate the output quality.

visible scene elements, “Visual-Irrelevant” denotes
function or grammatical words, abstract terms, con-
junctions, and “Intermediate” covers other terms'.
As shown in Figure 2, the distribution of these cat-
egories reveals a consistent pattern:

Observation 1 (Sparsity): Only a small fraction
of generated tokens are directly tied to visual ele-
ments, while the vast majority consist of functional,
grammatical, or abstract fillers that are either com-
pletely irrelevant or only loosely associated with
the visual content.

Having established the distributional sparsity of
visual tokens, we proceed to examine their contri-
bution to the overall generation quality.

Question 2: Are all decoded tokens equally critical
for visual understanding, or does their impact on
quality vary significantly?

We investigate this by performing a targeted ab-
lation across all four models, selectively pruning
the top-50 most versus least visually relevant to-
kens from the normalized outputs. The subsequent
evaluation (shown in Figure 2 (b)) demonstrates a
sharp contrast: removing visually relevant tokens
leads to a substantial collapse in generation qual-
ity, whereas removing high-frequency irrelevant
tokens results in no noticeable performance drop.
This leads to our second observation:
Observation 2 (Criticality): The semantic in-
tegrity of the generation relies heavily on the pres-
ence of visually relevant tokens; functional and
irrelevant tokens, despite their high frequency, con-
tribute negligibly to the core visual understanding.

We distill these empirical observations into the
following hypothesis:

Visual Anchor Sparsity Hypothesis: Genera-
tion quality is governed by a sparse set of “an-
chor” tokens, while dense irrelevant “filler” to-
kens carry minimal information density.

"Figure 11 in Appendix H shows the prompt template.

This insight motivates our verification strategy: en-
forcing strict verification on anchors while relaxing
verification for the remaining fillers aggressively .

2.2 Theoretical Benefits of Loose Verification

We first formalize the speculative decoding (SD)
process. Given a target model (verifier) M; and a
draft model (drafter) M, in each decoding step s,
the draft model M ; autoregressively produces K
draft tokens {7 szl, which are then verified by
the target model in parallel:

(v, = My([y? -y o)), (D

where {y; }X | denotes the verified sequence and
y0 .- y5~1 represent the context history. Follow-
ing Li et al. (2025b), we define the verification
strategy V to determine whether the draft sequence
matches the verified sequence at each position (1
if matched, else 0). The accepted length 7 (a ran-
dom variable) for the current step s is defined using
the longest common prefix logic:

K k
d= Y (I0 vaan). o

For notational brevity, we assume the decoding
process is statistically stationary across steps, ren-
dering the expected accepted length invariant to s °.
Thus, we drop the index and denote the expectation
as E[7V]. Let T; and T} be the latency of M; and
Mg per step, respectively. The overall speedup

ratio is defined as:

E[rV] - T;

_— 3
K-Td-i-TtK )

speedup =

Here T/¢ denotes the latency for M; to verify K
draft tokens in parallel. Based on Equation (3),
we analyze the behavior of E[7"] under different

2See Figure 12 in Appendix H for a detailed case analysis.
3This simplification does not alter our findings.
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verification strategies. Specifically, we contrast
the theoretical limits of standard strict verification
(E[7...]) against the scaling capabilities of loose
E[Tig0se]

Blrel
Proposition 2.1 (Acceptance Bound of Strict Verifi-
cation). Let o denote the draft alignment accuracy
and € := 1 — « be the failure rate. The expected ac-
cepted length for strict verification is theoretically
bounded by the inverse of the failure rate (proof
in Appendix A.2).*

verification, quantified by the ratio

K « 1
k
E[TsYrict] = Zk:l o~ 11—« < E 4)

The upper bound established in Proposition 2.1
exposes an intrinsic efficiency bottleneck: the
speedup is shackled by the draft model’s raw failure
rate e. Existing strictly SD methods strive to im-
prove the mean accepted length E[7V] indirectly, ei-
ther by enhancing the alignment of the draft model
through curated training or involving heavy draft
tree structures. In contrast, loosely SD approaches
can directly and linearly scale up E[r"] without
increasing any draft overhead. We formalize this
capability in the following theorem.

Theorem 2.2 (Scaling Law under Loose Verifica-
tion). Let the token sequence be partitioned into
sparse yet critical visual-relevant tokens V and
dense yet redundant visual-irrelevant tokens V'
with a visual density p = |V|/K, where p < 1.
By exploiting this sparsity, the proposed loose ver-
ification mechanism achieves a scaling ratio vy in-
versely proportional to the visual density (proof
in Appendix A.3):

E[TIZOSC] ~ 1
Bl # ”

strict

Remark 2.3 (Diluting the Failure Rate). Theo-
rem 2.2 offers a rigorous guarantee: our mecha-
nism mathematically dilutes the raw failure rate
€ into a significantly lower effective failure rate
pe. By effectively “bypassing” the strict geometric
decay on visual-irrelevant tokens, we enable SD
to surpass the theoretical ceiling imposed by the
draft model alone. Thus, such a loose verification
exhibits high tolerance to draft errors, significantly
expanding the feasible region for acceleration even
when the base alignment « is suboptimal.

Driven by the empirical observations and theoret-
ical insights, we present LVSPEC, a novel loosely
speculative decoding for Video-LLMs. LVSPEC
operationalizes the concept of loose verification by
leveraging visual semantics, thereby translating the

“Based on the standard i.i.d. assumption in Appendix A.1.
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Figure 3: Overview of LVSPEC.

aforementioned theoretical potential into practical
wall-clock speedup.

3 LVSPEC

As depicted in Figure 3, LVSPEC first identifies
visual-relevant tokens at each decoding step (Sec-
tion 3.1), then strictly verifies relevant ones while
loosely verifying irrelevant ones (Section 3.2). Ad-
ditionally, we design a position shift-tolerant mech-
anism to accept mismatched tokens appearing in a
near span of the draft sequence (Section 3.3).

3.1 Visual-Relevant Text Token Identification

In Section 2.1, we empirically demonstrate that
visual understanding tasks exhibit a pronounced
disparity in sensitivity between visual-relevant and
visual-irrelevant tokens in the output. However,
to exploit this discrepancy for accelerating infer-
ence, we require a metric that can quantify visual
relevance during the decoding stage.

In prior work (Zhang et al., 2025d), the cosine
similarity between vision embeddings and text em-
beddings is used to measure their relevance. Since
the vision embeddings are projected into the same
textual embedding space via the vision projector,
the distance between these two representations can
effectively reflect their association in the semantic
space within the LLM backbone. Leveraging such
cross-modal similarity, prior work (Zhang et al.,
2025d) focuses on text-guided visual token prun-
ing, whereas LVSPEC takes the opposite perspec-
tive: we apply a novel vision-guided approach to
facilitate text generation.

Specifically, we decompose M into the final-
layer representation function M;(-) and the lan-
guage modeling head Im_head(-) as follows:

M, () — Im_head(M,(-)), (6)

where /\;lt() denotes the output hidden states of
the last layer of My, before the language model
head. We use Mt() for subsequent computations
because (i) the Transformer’s final-layer hidden
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Figure 4: Left: (a) Decoded tokens from the target model M;. Middle: (b) Visualization of the visual similarity
matrix for the decoded tokens. Right: (c) Distribution of visual relevance score w/o and w/ Top-N (N=10) selection.

states provide a strong feature representation, con-
sistent with the design choice in EAGLE (Li et al.,
2024d), and (ii) the sequence produced by M; de-
termines the final output, rather than M.

Then, for a given input video and prompt, let
Ey € R4 be the input embedding after the vi-
sion encoder and projector, where [,, is the visual
sequence length and d is the hidden dimension
of the target model M;. At each decoding step
s, the draft model M, generates K draft tokens,
yielding the corresponding draft text embedding
E} € RE>d We extract the hidden states Hy
(during prefilling) and H}, (during decoding) as:

Hy = My(Ey) € R4,

~ 7
H$) = My(ES) e REX4, @

In each decoding step, Hy and H7y, are used
for similarity computation. Normally, visual cues
consist of both salient subjects and abundant back-
ground elements. As visualized in Figure 4 (a,b),
we find that visual-relevant tokens associated with
the main subject (e.g., “Child”) exhibit a much
sharper similarity profile: they align strongly with
the salient subject cues while showing low simi-
larity to the background. In contrast, less relevant
tokens (e.g., “A”) tend to have a more uniform simi-
larity distribution across all background cues. If the
full Hy containing all video cues is used as the ref-
erence, the similarity of visual-relevant tokens can
be diluted by abundant background cues, making
them difficult to distinguish from visual-irrelevant
ones. Therefore, we compute the cosine similar-
ity between the text hidden states and the visual
hidden states, and take the average of the Top-N
largest similarities along the visual dimension as
the final visual relevance metric A, for each text
token in the decoding step s, denoted as:

1 N
As = N anl TopN( cos(Hp, Hy), N), ©
H3 - Hy
where cos(Hj, Hy) = —2 .
P IHD I 1 H vl

Here, N is a hyper-parameter controlling the num-
ber of critical visual tokens that provide guidance.

This operation effectively improves the discrim-
inability of the visual relevance (see Figure 4 (c)),
with minimal computation cost (see Figure 10).

3.2 Visual-Semantic Guided Loosely SD

Given the visual similarity of text tokens in each
decoding step A, we leverage it as guidance to
perform loosely speculative decoding. Specifically,
we adopt strict verification for the tokens with high
visual relevance, while allowing the acceptance
of visual-irrelevant tokens. Let A € [0,1] be a
loose parameter to control the percentage of visual-
irrelevant tokens that are loosened. Then in each
decoding step, we consider the AK tokens with
the lowest visual relevance scores as the practical
instantiation of V', aligning with the redundancy
assumption in Theorem 2.2. Then the index set of
V'’ can be denoted as:

®

Finally, we define the verification strategy as
Vivspec to decide whether the draft tokens match
the target model’s verified tokens at each position:

T, = argsorty (As)oak

1, if y7 matches y;,
Vivseee(y;,9;) = 1, elseifi e 7,
0, otherwise.

(10)

By choosing a larger A, we can apply a more ag-
gressive relaxation to pursue higher speedups. Con-
versely, for tasks that require a more conservative
behavior, we can use a smaller A, eventually re-
covering the standard exact-match scheme as A
decreases. This mechanism allows the level of re-
laxation to be adaptively tuned according to task
characteristics and model behaviors.

Notably, the verification above is based on the
local visual relevance among text tokens at each de-
coding step. This design is chosen because hidden
state values of nearby text tokens are more directly
comparable and are less susceptible to absolute
drifts induced by the growing generation context.

3.3 Position Shift-Tolerant Mechanism

As illustrated in Figure 5, we observe that in video
understanding outputs, occasional mismatches
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arise due to positional shifts. Specifically, such
shifts are typically caused by the draft model intro-
ducing additional phrases (token “the” in case 1),
or by differences in the description order between
the draft and target models (token “multiple” in
case 2). We argue that in such cases, the target
model’s intended output is covered by the draft
model’s output distribution. In Figure 5, the draft
output is actually aligned with that of the target
model and relaxing the currently mismatched to-
ken may not lead to a loss of visual information in
subsequent generations. Based on this finding, we
further incorporate a position shift-tolerant mech-
anism (PST), a bonus component for such cases.
If the currently mismatched verified token appears
within a nearby span of the draft sequence, we treat
the mismatch as position shift-induced and accept
it. Specifically, we set the draft length K at each
decoding step as the tolerable shift range, and the
verification strategy Vpyspec is reformulated as:

1, if y; matches g7,
, elseifi eI,
1, elseifyfisin {z)i}szp

—_

Vivseee (Y5, U;) =

0, otherwise.
1D
Finally, the accepted length is defined using the
longest common prefix logic. Note that PST
serves only as a supplementary strategy after visual-
semantic guidance is applied, selectively enabled
in minority cases depending on the output pattern’.

4 Experiment

Tasks and Benchmarks. We conduct experi-
ments on four video captioning and video question
answering tasks, including Video Detail Caption
(VDC) (Chai et al., 2025), Video Detail Descrip-
tion (VDD) (LMMs-Lab, 2024), MovieChat (Song
et al., 2024), and Video-MME (Fu et al., 2025),
using LMMs-Eval (Li et al., 2024a) for evalua-
tion. The performance metric is evaluated by LLM
judges using the standard prompt template. Bench-
mark details are provided in Appendix B.

Baselines. We compare our method with both
training-free lossless SD methods and loosely SD

Potential improvement of LV SPEC is in Appendix I.

methods. (i) Lossless SD methods. @ NAIVE
SD directly uses an existing model as the draft
model. @ SPECVLM (Ji et al., 2025) applies uni-
form video token pruning to the draft model, reserv-
ing 10% of the visual tokens to make it compact.
(ii) Loosely SD methods. ® FLyY (Li et al., 2025b)
consists of an entropy gate and a deferred window:
a mismatched token is accepted when its entropy
exceeds a threshold and all tokens within the sub-
sequent window match. @ FLY® uses only the
entropy gate component of FLY, serving as a more
loosened variant. Both NATVE SD and SPECVLM
adopt the best-performing draft tree configuration
in the original paper, consistent with EAGLE (Li
et al., 2024d). For loosely SD methods FLY®, FLy,
and LVSPEC, we use the same number of draft to-
kens (K = 10), forming a chain-like structure that
also matches the design in FLY.

Target and Draft Models. We choose two repre-
sentative Video-LLMs families: Qwen2.5-VL (Bai

et al.,, 2025) and LLaVa-OneVision (Li et al.,,
2025a) as our target and draft models. Aligning

with SPECVLM, we evaluate two speculative de-
coding settings. (i) Standard-SD (Std.-SD): using

a smaller Video-LLM from the same model family.
“Std.-SD-Qwen2.5-VL” and “Std.-SD-LLaVA-0V”
denote settings that use Qwen2.5-VL-32B and

LLaVA-OneVision-72B as the target models, and

Qwen2.5-VL-7B and LLaVA-OneVision-7B with

video token pruning applied as the correspond-
ing draft models, respectively. (ii) Self-SD: using

the original model and full video tokens as veri-
fier, while using the original model with pruned

video tokens as drafter. “Self-SD-Qwen2.5-VL”
and “Self-SD-LLaVA-OV” adopt Qwen2.5-VL-7B

and LLaVA-OneVision-7B, respectively. A study

of additional draft model sizes is provided in Ap-
pendix D. We do not introduce additional training

for the draft model, as our primary focus is to iso-
late how the verification strategy affects the mean

accepted length 7 and speedup ratio.

Implementation Details. For all experiments,
we set the loose parameter A = 0.7 and the num-
ber of critical visual tokens N = 10. We set the
maximum generation length to 512 tokens and con-
duct all experiments on two NVIDIA H200 GPUs.
More details of the implementation of FLY (Li
et al., 2025b) and SPECVLM (Ji et al., 2025) are
elaborated in Appendix C.

4.1 Main Result

We evaluate the efficiency metric including
speedup ratio and the mean accepted token length
7, and the performance metric including rating
score and accuracy on video understanding tasks,
as summarized in Table 1 and Figure 6.
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Video Detail Caption (VDC) Video Detail Description (VDD) MovieChat
Model Method T Token/s Speedup T Token/s Speedup T Token/s Speedup
S Autoregressive - 7.95 1.00x - 10.07 1.00x - 9.81 1.00x
35 NAIVE SD 3.28 11.17 1.41x 3.36 14.44 1.42x 3.19 13.38 1.36x
L SPECVLM 3.29 15.90 2.00x 3.31 17.96 1.76 x 3.19 17.05 1.74x
25 FLY® 6.81 18.50 2.32% 7.20 22.14 2.20% 6.74 20.76 2.12%
«n Z FLY 4.37 13.60 1.71 % 4.34 14.51 1.44x 3.86 13.01 1.33x
| LVSPEC Ours) | 7.76 2147 270 | 7.68 = 2358  234x | 774 2149 2.19x
= Autoregressive - 20.60 1.00 % - 24.75 1.00x - 25.51 1.00 x
3% NAIVE SD 4.43 18.21 0.88x 4.46 23.22 0.94x 4.46 21.86 0.86x
iy SPECVLM 3.85 3145 1.53x 3.89 35.00 1.41x 3.66 32.20 1.26x
D5 FLY® 6.86 32.24 1.56x 717 33.58 1.36x 5.98 28.23 1.11x
D E FLY 6.53 28.16 1.37x 6.35 30.30 1.22x 5.44 25.82 1.01x
| LVSPEC (Qurs) | 836 3649  1.77x | 864 = 3932 = 18x | 799 = 3404  133x
oz Autoregressive - 6.62 1.00x - 6.00 1.00x - 441 1.00x
7 NAIVE SD 3.40 12.50 1.89x 3.72 11.74 1.96x 3.88 5.36 1.22x
< SPECVLM 3.37 15.75 2.38% 3.53 14.94 2.49%x 3.77 8.45 1.92x
E = FLY® 4.83 13.82 2.09x 4.93 11.90 1.98 % 5.55 9.23 2.09x
- FLY 4.12 12.17 1.84x 4.58 11.50 1.92x 5.01 5.72 1.30x
| LVSPEC(Ours) | 734 1944  294x | 759 = 1745  291x | 810 1206  2T75x
> Autoregressive - 26.45 1.00 x - 17.66 1.00x — 17.23 1.00x
30 NAIVE SD 4.58 23.83 0.90x 4.59 15.74 0.89x 4.79 11.16 0.65x
&< SPECVLM 391 35.46 1.34x 3.95 29.08 1.65x 4.17 21.19 1.23x
E “ FLY© 6.83 31.72 1.20x 6.82 27.01 1.45x 8.06 17.94 1.04x
- FLY 6.23 29.39 1.11x 6.20 25.57 1.45 % 7.65 17.29 1.00x

Table 1: Speedup ratios and mean accepted length 7 on video captioning and video question answering tasks.
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Figure 6: Performance retention of loosely SD methods. Table 7 in Appendix G shows the raw performance data.

LVSPEC shows superior speedup and mean
accepted length 7 across various model settings
and video understanding tasks. As shown in Ta-
ble 1, LVSPEC achieves the highest speedups of
2.70x and 2.94 x under the Std.-SD-Qwen2.5-VL
and Std.-SD-LLaVA-0V settings, respectively. The
mean accepted length 7 of LVSPEC in the Std.-SD
setting ranges from 7.34 to 8.10, which is 2.15x
that of the lossless SD baseline SPECVLM
and > 1.46x that of the loosely SD baseline
FLY® and FLY. For the Self-SD-Qwen2.5-VL
and Self-SD-LLaVA-OV settings, LVSPEC also
achieves the highest mean accepted length 7 (8.87)
and the highest speedup (1.98 x). In addition, the
observed improvements of LVSPEC with A = 0.7
closely matches the effect of p on the failure rate
analyzed in Theorem 2.2 (see Appendix G for a
detailed explanation). On tasks that require longer
output such as VDC and VDD, LVSPEC tends to
achieve higher speedups. On Self-SD LLaVA-QV
setting and MovieChat task, LVSPEC attains a
slightly lower speedup than SPECVLM. We at-
tribute this to the already high 7 before relaxation
in this setting, which leaves limited room for relax-
ation, as well as the fact that SPECVLM employs

a draft tree with more verification nodes (26) than
LVSPEC (10). In Appendix E, we additionally re-
port results of SPECVLM w/o draft trees as well
as LVSPEC incorporating draft trees.

LVSPEC achieves nearly lossless performance
on video captioning and open-ended question
answering tasks, and remains fully lossless on
multiple-choice task compared with the target
model’s original output. As shown in Figure 0,
LVSPEC achieves average accuracy retention ratios
of 100.2%, 99.8%, 105.0%, and 100.0% on VDC,
VDD, MovieChat, and Video-MME, respectively.
In comparison, the retention ratios of the draft
model on the four tasks are 94.7%, 95.2%, 105.9%,
and 89.3% on average. Across all model settings
and tasks, LVSPEC retains at least 93.2% of the
original accuracy, outperforming FLY® (86.9%)
and FLY (86.6%), and demonstrating better overall
stability. While preserving performance, LVSPEC
also achieves higher speedups than these baselines
(1.58x of FLY on VDC), indicating that its loos-
ened criterion is more precise and effective. No-
tably, on MovieChat, LVSPEC even yields a 5.0%
accuracy improvement. We attribute this to the
higher sensitivity of short generation tasks to small
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Figure 7: The Pareto frontier of accuracy and

speedup for Video-LLM decoding methods under
Qwen2.5-VL-32B/7B and VDC task.

Model ‘ PST T Speedup Retention (%)
Std.-SD X 7.27 2.54x 98.5
Qwen2.5-VL v 7.76 2.70x 99.6
Std.-SD X 6.89 2.82x 99.1
LLava-0v v 7.34 2.94x 99.8

Table 2: Ablation study on position shift-tolerant (PST).

perturbations, and that some existing small mod-
els can occasionally outperform the large model in
certain settings (see Table 7 in Appendix G).

4.2 Ablation Study

We study the effect of the visual relevance metric
and the effect of the PST. All experiments in this
section are conducted under Qwen2.5-VL-32B/7B
and VDC benchmark, using accuracy as metric.

Effect of Visual-Semantic Guidance. Here, we
evaluate the loose criterion using only visual-
semantic guidance (w/o PST, A € {0.2,0.5,0.7})
against baselines including FLY® (Entropy €
{0.1,0.15,0.175}), FLY ((Window, Entropy) €
{(4,0.1),(2,0.1),(1,0.1),(1,0.05)}), and ran-
dom relaxation with sampling probabilities
({0.25,0.5,0.75}). As shown in Figure 7, LVSPEC
effectively pushes the Pareto frontier by leverag-
ing visual relevance to precisely loosen the veri-
fication criterion. Consistent with Theorem 2.2,
LVSPEC achieves a superior accuracy-speedup
trade-off compared to “visually blind” baselines,
which fail to maintain effectiveness under higher
relaxation levels. While lossless SD ensures qual-
ity, LVSPEC enables significant acceleration in the
loose regime with only marginal quality costs.

Effect of PST. For the position shift-tolerant
mechanism (PST), as shown in Table 2, incorporat-
ing PST boosts the speedup from 2.54x to 2.70x
and 7 from 7.27 to 7.76 for Std.-SD-Qwen2.5-VL,
with consistent gains for Std.-SD-LLaVA-0V. No-
tably, PST does not reduce accuracy, indicating

induced mismatches is benign.

4.3 Sensitivity Study on Hyperparameters

Here, we investigate the two hyperparameters of
LVSPEC, as illustrated in Table 3. For the loose
parameter A, we evaluate a range of values in [0, 1],
spanning verification strategies from conservative
to aggressive. For smaller A, the speedup achieved
by LVSPEC increases as A grows, while accuracy
remains > 97.8%. Under a highly relaxed setting
(A =0.9), excessive relaxation leaves more visual-
relevant tokens without strict verification, leading
to an accuracy drop to 92.8%. Accordingly, we
adopt a moderate choice of A = 0.7, which strikes
a favorable balance between speed and accuracy.
For the number of critical visual tokens N, we
evaluate N € {1,5,10,100}. Using too few criti-
cal tokens (e.g., N = 1) fails to capture sufficient
visual cues, whereas using too many (e.g., N =
100) can partially dilute truly salient information
(refer to Figure 4), both leading to an accuracy drop.
Thus, we adopt a moderate choice of N = 10. °

4.4 Which Tokens Are Loosened?

To improve the interpretability of LVSPEC, we
present a case study in Figure 8. In the model out-
put, words closely tied to the salient subjects and
actions such as “engaging”, “cocktail”’, “man”, and
“bowls”, are strictly verified, preserving the quality
of the video-to-text generation. In contrast, con-
junctions, punctuation, and function words such
as “depict”, “the”, ., and “##” are relaxed, sub-
stantially boosting the mean accepted length 7.
From a broader perspective on vision-to-text tasks,
LVSPEC differs from prior work that sparsifies in-
formation on the vision side of the input. Instead, it
opens a new direction by inducing sparsity on the

text side of the output for orthogonal acceleration.

S Related Work
5.1 Speculative Decoding for LLMs

Speculative decoding is shown to be an effective
approach to accelerate LLMs while maintaining the

®Experiments on draft model sizes and draft tree variants
are elaborated in Appendices D and E.
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Question: Please provide a detailed description of the video, focusing on
the main subjects, their actions, and the background scenes.

Respnse: The video showcases(depicts) a man in a kitchen setting,
preparing engaging in the process of making a cocktails. The kitehen scene is
set in a well-lit, modern kitchen with white cabinets, a stainless(tiled) steel
countertop, and various kitchen appliances ; visible in the background,(.)
including a refrigerator(microwave), , and a fan. The kiteher man
is dressed casually in a black shirt, beige plaid shorts, and a beige cap.
He(The) is surrounded by an array of ingredients and tools, including bottles
of alcohol, glasses, and bowls, and a cocktail shaker.
#i#t# (##4##) Main Subject(Subjects) and Actions
1. **Initiat Preparation of(and) Ingredients**:(**) The man begins by peuring
gathering and measuring various ingredients. He is(uses) seen helding
handling bottles of alcohol, pouring them liquids into a cocktail shaker, and
adding(using) ice. His(The) movements are deliberate and precise, indicating
his familiarity with the process. -+
@ Mismatched Draft Token (Accept)
B Mismatehed BraftFeken{Rejeety

B Verified Target Token

Figure 8: Case study of which tokens are strictly verified
and which are relaxed.

original output distribution, following a draft-then-
verify paradigm. Initial explorations (Leviathan
et al., 2023; Kim et al., 2023; Xia et al., 2023) at-
tempt to use existing small LLMs as draft models to
ensure reliable speculation. Self-speculative meth-
ods (Xia et al., 2025; Zhang et al., 2024; Song et al.,
2025) use partial layers of the original model to gen-
erate predictions, without introducing extra models.
Retrieval-based methods (He et al., 2024; Luo et al.,
2025) retrieve n-gram continuations as draft tokens.
Long-context SD methods (Yang et al., 2025; Chen
et al., 2025; Sun et al., 2024) target at long-context
scenario. Tree-based speculation methods (Li et al.,
2024d,c; Miao et al., 2024) are proposed to boost
the average accept length, by predicting multiple
candidates and forming draft trees. Recent advance-
ments (Cai et al., 2024; Li et al., 2024d; Du et al.,
2024; Zhang et al., 2025b) focus on enhancing the
efficiency and accuracy of the draft model through
specialized training, and performing parallel draft-
ing and verification (Liu et al., 2025a; Shen et al.,
2026b; Kumar et al., 2026).

Loosely Speculative Decoding Strict verifica-
tion often rejects semantically valid drafts, limit-
ing achievable speedups. To address this, recent
advances propose “loosely” variants to relax the
criterion. JudgeDecoding (Garipov et al., 2025)
trains a compact module on top of the embeddings
to produce “judgement” of the current continuation.
Following studies (Wang et al., 2025b; Zhong et al.,
2025; Wang et al., 2025a; Holsman et al., 2025;
Byun et al., 2025) further enrich the area of loose
verification. Recently, FLY (Li et al., 2025b) pro-
poses a training-free relaxation mechanism based
on the entropy of mismatched tokens and whether

the subsequent outputs remain unchanged within
a predefined window. These efforts reflect a rising
interest in moving beyond strict token-level equiva-
lence, strategically trading exactness for improved
efficiency.

5.2 Speculative Decoding for LVL.Ms

Large Vision-Language Models (LVLMs) suffer
from slow inference due to their large parame-
ter counts and long input sequences. To address
this, prior work (Ji et al., 2025; Kang et al., 2025;
Ganesan et al., 2025; Huo et al., 2025; Bajpai and
Hanawal, 2025; Xie et al., 2025; Huang et al., 2025;
Lin et al., 2025; Wang et al., 2025c; Zhang et al.,
2026b; Kong et al., 2026; Shen et al., 2026a) has ex-
plored speculative decoding for LVLMs, primarily
through vision-aware drafting. For Video-LLMs,
SpecVLM (Ji et al., 2025) pioneers in adopting a
training-free method, which performs token prun-
ing for the draft model to address the KV cache bot-
tleneck in long video scenario. LVSPEC is the first
to perform visual-aware verification, effectively
breaking the performance ceiling imposed by the
exact-match for Video-LLMs.

6 Conclusion

We present LV SPEC, the first loosely speculative
decoding tailored for Video-LLMs. Thanks to
the importance disparity of generated tokens we
identified in video understanding, LV SPEC lever-
ages visual-semantic guidance to strictly verify
visual-relevant tokens while relaxing criteria for
visual-irrelevant ones, effectively overcoming the
rigid token-level matching bottleneck. Ultimately,
LVSPEC breaks the conventional acceleration ceil-
ing of visual speculative decoding, providing the
community with a practical foundation for more ef-
ficient and responsive video understanding in real-
world applications.
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8 Limitations

While our loosely speculative decoding framework
yields substantial gains in mean accepted length
and acceleration for Video-LLMs, several limita-
tions merit consideration. First, since our approach
is in a training-free manner, it may require tuning
hyper-parameters to better balance output quality
and speedup ratio when generalizing to tasks with
substantially higher or lower visual information
density. Second, our method primarily focuses
on the mainstream visually descriptive captioning
and QA tasks. For complex visual reasoning tasks
that involve more logical tokens, mismatches that
are logically important yet visually irrelevant may
be potentially handled using a more careful strat-
egy (e.g., further reducing A or adding auxiliary
heuristics). Third, the position shift-tolerant (PST)
component is a bonus module tailored to the out-
put patterns of existing video understanding tasks,
relying on cases where the draft and target models
exhibit positionally shifted outputs. However, since
its impact is small, it can be enabled selectively in
other settings. Finally, exploring tighter integration
with more draft models that are finetuned (Zhang
et al., 2025a) or specially trained for LVLMs (Kang
et al., 2025; Xie et al., 2025), and extending our
framework to more visual understanding tasks is
also left for future work.

9 Ethical Considerations

All experiments in this work are conducted using

789 10
open-source datasets and models . Our
research focuses solely on improving inference ef-
ficiency and does not involve any sensitive data,
human subjects, or commercial use.
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A Theoretical Derivations for Section 2.2

A.1 Geometric Acceptance Assumption

Assumption (Geometric Acceptance Dynamics).
The generation process is inherently autoregressive,
where the alignment probability is conditioned on
the prefix P(yx = yr | y<k). Modeling these
step-wise dependencies renders the derivation in-
tractable. Thus, for theoretical tractability, we
simplify the analysis by approximating token cor-
rectness as independent and identically distributed
(ii.d.) events with a base alignment accuracy
a = P(gr = y). Consequently, the acceptance
process follows a geometric distribution governed
by the failure rate € := 1 — a.

A.2  Proof of Proposition 2.1

Proof. We analyze the expected value of the ac-
cepted length 7. ., treating it as a discrete random
variable defined over the domain {0, 1,..., K'}. In-
voking the tail sum formula for the expectation of
non-negative integer variables, we express E[
as the sum of cumulative probabilities:

Z P th‘lCt
The event 7.7

«rict = K 18 logically equivalent to the
successful verification of the first k£ consecutive
tokens (i.e., the prefix of length £ matches). Under
the i.i.d. assumption with alignment accuracy «,
this probability factorizes as:

k
=117, =) =

Substituting Equation (13) into Equation (12) re-
veals a finite geometric series characterized by the
first term « and the common ratio . Applying
the standard closed-form summation formula, we
derive the exact expectation:

Za

Crucially, since o € (0,1), this is a series of
strictly positive terms. This implies that the par-
tial sum is strictly monotonically increasing with
respect to K. Consequently, for any finite draft
size K, the expectation is strictly bounded by the
infinite series sum (i.e., the partial sum is strictly
less than the infinite sum):

o0
StrlCt E :

k=1

strlct]

(12)

th‘lCt

P(r, (13)

btl‘lCt

K
) (14)

Stl‘lCt

15)

We now relate this bound to the failure rate e =
1 — a. By substituting o« = 1 — ¢, we derive the
limit value:

1-— 1
a e_1
€

= 16

11—« € (16)

Observing that % — 1 is strictly less than % (since
€ > 0), we conclude with the strict upper bound:

v 1

E[Tstrict] < E 7

This confirms that the performance of strictly SD

is theoretically bottlenecked by the inverse of the
draft model’s failure rate. O

A.3 Proof of Theorem 2.2

Proof. Under the proposed mechanism, tokens in
A are accepted with probability ~ 1 (conditioned
on syntactic plausibility), while tokens in V retain
the strict acceptance probability «. This transforms
the uniform alignment probability « into an effec-
tive alignment rate &, defined as the weighted
average over the sequence:

a= p-a +(1=-p-1=1-p(1l—a). (18)
—~

Vstriet for V Vioose for V’

Analogous to the derivation in Proposition 2.1, the
expected accepted length follows the geometric
expectation formula. By expanding the algebraic
term, we establish a strict upper bound:

K &
E[TIZOSe] = dk ~
k=1
_ 1-p(l-a)
I—(1—-p(l-a))
1— 1 1
PeE_ - 1<
pE pE PE

1—a

(19)

This approximation holds because the visual den-
sity is sparse (p < 1), implying that the term é

dominates the subtractive constant. Comparing this
1

to the strict expectation limit E[7g. | ~ ¢, we
derive the scaling ratio:
E[TIZOSC} ~ 1/p6 — 1 (20)
E[TsYrict] 1/ € P
This concludes the proof. O

B Benchmark Details

For comprehensive evaluation on video understand-
ing, we conduct experiments on both video cap-
tioning and video question answering tasks, where
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Benchmark Type QOutput Frames #Instances
VDC (Chai et al., 2025) Captioning Long 64 120
VDD (LMMs-Lab, 2024) Captioning Long 128 30
MovieChat (Song et al., 2024) QA Medium 128 100
Video-MME (Fu et al., 2025) QA Short 64 500

Table 4: Benchmark details.

the output length ranges from a few tokens to long
captions. All evaluations follow the standard imple-
mentation of LMMs-Eval (Li et al., 2024a) and use
Large Language Models as judges. Prompt tem-
plate aligns with step 3 in Figure 11. The video cap-
tioning benchmarks include @ Video Detail Cap-
tion (VDC) (Chai et al., 2025), which covers main
objects, backgrounds, details, and camera tests, as
well as @ Video Detail Description (VDD) (LMMs-
Lab, 2024), which evaluates holistic video-level
descriptions. The video question answering bench-
marks include ® MovieChat (Song et al., 2024),
which evaluates open-ended question answering
over videos, and @ Video-MME (Fu et al., 2025),
which assesses multiple-choice question answering.
These benchmarks span diverse task types, video
lengths, and output lengths, enabling a compre-
hensive evaluation of both acceleration and perfor-
mance on video understanding. We summarize the
generation length, number of frames sampled, and
number of instances of each benchmark in Table 4.

C Baseline Details

For our re-implementation of FLY (Li et al., 2025b),
we set the size of the deferred window Window =
4, matching the ratio of Window to draft length
used in the original paper. According to model-
specific properties, we set the gate threshold of
entropy Entropy = 0.1 for Qwen2.5-VL-32B and
Entropy = 0.2 for the other models. The thresh-
old is chosen to induce a relaxation level compara-
ble to that of LVSPEC. In Section 4.2, we evaluate
more hyperparameter configurations of FLY and
FLY®, and LV SPEC consistently remains superior
in both speedup and performance (see Figure 7).
For the implementation of SPECVLM (Ji et al.,
2025), we follow the original paper and adopt the
same tree structure and pruning ratio = 0.9 for
visual tokens. The visual tokens are uniformly
pruned, and the same attention implementation
(scaled-dot-product-attention) is ensured.

D Exploration on Draft Model Sizes

To assess the generalization of LVSPEC under dif-
ferent draft model capacities, we experiment with
both larger draft model Qwen2.5-VL-32B, medium

. Sweet Point
% ﬁ —
o . Speedup 2.7x T..

Pushing by
-6% Decoding Method e CO LVSpeC

® ARBaselne @ LVSpec (Ours)//aps
Draft Model Size e 70

-10% . 328 (Large) @ 7B (Medum) @ 3B (Sman)'so/o‘{ .
1.0x 1.5% 2.0x 2.5x%x
Normalized Speedup (1)

A Accuracy (1)

Figure 9: Evaluation of inference efficiency and gen-
eration quality. We plot the A Accuracy against the
speedup ratio on the VDC task. Bubble sizes corre-
spond to the draft model scales (3B, 7B, and 32B) within
the Qwen2.5-VL family. The proposed LVSpec (red
bubbles) demonstrates robust performance scaling, ef-
fectively mitigating the accuracy loss observed in the
autoregressive decoding (AR) baseline (blue bubbles)
even when using weaker draft models for SD.

draft model Qwen2.5-VL-7B, and smaller draft
model Qwen2.5-VL-3B, fixing Qwen2.5-VL-32B
as the target model on the VDC task, as shown
in Figure 9. For draft model Qwen2.5-VL-32B
and Qwen2.5-VL-7B, we keep A = 0.7, and
LVSPEC still maintains nearly lossless accuracy
value (+0.77% and —0.11%) while achieving a
speedup ratio of 1.64x and 2.70x . For draft
model Qwen2.5-VL-3B, we adopt a smaller loose
parameter A = 0.3 and N = 5 since the draft
quality degrades substantially. Even so, the results
demonstrate that LVSPEC can adaptively preserve
accuracy across different model pairings, while de-
livering meaningful acceleration.

E Exploration on Draft Token Trees

LVSPEC operates on the verification mechanism
and is compatible with the draft tree technique
commonly used in speculative decoding (Li et al.,
2024d,c; Miao et al., 2024). We adopt a simple
static tree with two branches (each with draft tokens
K = 10) and perform loose verification along each
branch, finally selecting the branch with the longest
accepted length. Table 5 shows that incorporat-
ing the tree structure further improves the speedup
from 2.70x and 2.94x to 2.97x and 3.30x. How-
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Std.-SD-Qwen2.5-VL

Std.-SD-LLaVA-QOV

Metric w/o Draft Tree w/ Draft Tree | w/o Draft Tree w/ Draft Tree
Speedup 2.70x 2.97x 2.94 % 3.30x%
Retention 99.6% 95.5% 99.8% 96.5%

T 7.76 8.94 7.34 8.46

Table 5: Experiment of LVSPEC with draft token trees on the VDC benchmark.
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Figure 10: The computational overhead of LVSPEC.
Latency is tested using Std. -SD-Qwen2.5-VL and VDC
task, on two NVIDIA H200 GPUs.

ever, it in turn increases the level of relaxation,
leading to a modest loss in accuracy. We leave the
question of how to balance acceptance and speedup
across multiple tree branches as future work.

F Computation Breakdown

In each decoding step, LV SPEC requires comput-
ing the visual relevance of text tokens. We re-
port the overhead of this computation in Figure 10.
Compared with the cost of drafting and verification,
the visual relevance computation accounts for only
0.42% of the runtime, indicating minimal impact
on end-to-end latency. Since the cost of comput-
ing cosine similarity scales only linearly with the
sequence length, this overhead does not become
larger relative to the computation of other compo-
nents as the video length increases.

G More Experimental Results

Performance retention results. In Figure 6, we
show the retention results of the performance met-
ric (accuracy and score) for different tasks and
model settings. Table 7 provides the raw data.

More comparison results with SPECVLM. In
the main experiment (Table 1), we compare
LVSPEC with SPECVLM (Ji et al., 2025) equipped
with the same draft tree as in the original paper.
Since the prior loosely SD method (Li et al., 2025b)
aims to increase the mean accepted length, it by
default use a long chain-structured draft sequence
without forming a draft tree. We therefore con-
duct experiments that compare LVSPEC against
SPECVLM under the same draft sequence (K =
10) in Table 8. Here, LVSPEC and SPECVLM
(K = 10) differ only in the verification crite-
rion. The comparison shows that: (i) LVSPEC

surpasses SPECVLM with the same draft struc-
ture in both mean accepted length (+128%) and
speedup (+93%) solely by loosing the verifica-
tion. (ii)) SPECVLM’s acceleration relies heavily
on the draft tree structure, whereas LV SPEC breaks
this dependency and is able to accept more tokens
with fewer draft nodes, showing potential for larger
batch sizes. (iii) The empirical results on mean
accepted length closely align with our theoretical
analysis in Section 2.2. Specifically, LVSPEC uses
A = 0.7 to approximate the setting with visual den-
sity p = 0.3 in Theorem 2.2. When SPECVLM
(K = 10) attains 7 = 3.41, corresponding to a fail-
ure rate of 65.9%, LVSPEC achieves a failure rate
of 1 — 7.76/10 = 22.4%, which closely matches
the diluted estimate 65.9% x 0.3 = 19.8%.

Exploration on Tokenizers and Subword To-
kens LVSPEC computes relevance using hidden
state representations in the LLM’s internal seman-
tic space, making this process independent of the
choice of subsequent tokenizer. Since video LLMs
fuse textual and visual information within the LLM
backbone, the last-layer hidden states of text and
visual tokens can effectively reflect their semantic
relevance. In contrast, we also experimented with
computing similarity using text and visual embed-
dings (i.e., the outputs direct from the text tokenizer
and the vision encoder, respectively), as in table 6.
This strategy performs worse because these em-
beddings have not undergone semantic alignment
within the LLLM backbone and thus reside in dif-
ferent representation spaces. By leveraging hidden
states as relevance signal, LVSPEC achieves better
performance and is independant of a text tokenizer.
We believe this intra-model and tokenizer-agnostic
design is what enable LVSPEC to generalize across
various model settings.

In addition, we also have an interesting find-
ing that the first subword token normally exhibits
higher visual relevance, whereas the remaining sub-
words tend to receive lower relevance scores. We
consider this behavior reasonable: earlier subwords
often constrain or determine the subsequent ones
and therefore carry more semantic information. We
do not expect this to cause visually relevant multi-
subword words to be misclassified as visually ir-
relevant, since (1) the first subword token remains
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highly discriminative, and (2) later subword tokens
are generally unlikely to be mismatched in practice
once the first subword is determined.

H Details of Oracle Study

As mentioned in Section 2.1, we observe that gen-
eration quality is governed by a sparse set of “an-
chor” tokens, whereas high-frequency irrelevant
tokens carry minimal information density. A de-
tailed prompt template is provided in Figure 11 and
an illustration example is provided in Figure 12.

I Potential Improvements to LVSPEC

Although the loose verification strategy of LVSPEC
demonstrates effective performance across differ-
ent model settings and benchmarks, it is still nec-
essary to discuss the potential improvements of
LVSPEC. We acknowledge that more complex vi-
sual reasoning tasks may involve tokens that are
visually irrelevant yet logically critical (e.g., “not”),
and relaxing the verification of those tokens poten-
tially decreases performance. We discuss this case
from the following perspectives: (i) Our method
primarily aims to explore the performance bound-
ary of loosely speculative decoding on mainstream
video understanding tasks, and to provide a em-
pirically validated solution that is effective under
common model settings. Although such cases can
arise in theory, the proportion of visually irrelevant
but harmful draft tokens is small in descriptive out-
put patterns, and the impact on overall performance
is limited according to empirical results (Figure 6
and Table 7). (ii) Potential failure cases are a shared
issue in loosely speculative decoding. JudgeDe-
coding (Bachmann et al., 2025) can degrade in
quality when encountering out-of-domain inputs
or output patterns unseen during training. FLy (Li
et al., 2025b) treats a current mismatch as a syn-
onym if it is followed by several matches, which
may inadvertently accept drafts that preserve su-
perficial structural consistency but are nonetheless
lower-quality than the target model’s output. (iii)
When the output patterns do contain substantial
visually irrelevant yet logically critical tokens, im-
provements can be made upon LVSPEC. First, we
can augment the visual relevance metric with ad-
ditional heuristics to identify non-visual keywords.
This would not undermine the role of the visual
relevance metric since visually grounded tokens
still remain critical. Second, when such tokens
cannot be reliably identified, a simple fallback to
strict verification can be used to avoid performance
degradation.

With the development of complex video reason-
ing (Fei et al., 2024; Han et al., 2025; Zhang et al.,
2025c¢), incorporating adaptive video token prun-

ing (Liu et al., 2025c; Zhang et al., 2026a), KV
cache compression (Liu et al., 2025b; Zeng et al.,
2026; Zhang et al., 2026a), and in-context draft
capability (Gao et al., 2025) are also promising
directions.

J LLM Usage

Large Language Models (LLMs) were used to
aid in the code writing and manuscript polishing.
Specifically, the usage includes refining the lan-
guage, improving readability, and ensuring clarity
in the paper. It is important to note that LLMs were
not involved in the ideation, research methodology,
or experimental design.
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Method Score Acc (%) Retention Ratio (%)
LVSPEC (Tokenizer Embedding) 1.88 +0.04 29.96 + 0.79 95.8 + 2.5
LVSPEC (Hidden State) 1.92+0.02 30.85+0.21 98.7 £ 0.7

Table 6: Exploration on heuristic signals of LVSPEC (w/o PST). The experiment is conducted using Qwen2.5-VL-

32B / 7B on the VDC benchmark. A = 0.7.

Model | Method VDC VDD MovieChat VideoMME
Score  Acc(%) | Score | Score  Acc(%) | AcCsport(%)  AcCiong(%)

a _?' Autoregressive 1.93 31.27 398 | 2.95 54.0 67.6 61.8

T w | FLY® 1.87 2982 | 346 | 311  57.0 67.6 61.8

3 % FLY 1.94  30.90 3.61 | 2.82 50.0 67.6 61.8
& [LvSeec(Oury) | 192 3116 | 371 | 306 590 | 676 618

a _?' Autoregressive 1.80 28.70 3.55 | 3.08 57.0 60.6 59.0

:f_’ v | FLY® 1.77 27.46 370 | 2.90 51.0 60.6 59.0

o % FLY 1.84  29.81 3.63 | 3.12 58.0 60.6 59.0
7 & |[LvSeec(Ouy) | 182 2797 | 387 | 304 570 | 606 590

a3 Autoregressive 1.84 28.66 3.50 | 2.60 43.0 75.0 65.8

(f % | FLY® 1.87 29.12 3.53 | 2.68 48.0 75.0 65.8

3 ZU FLY 1.79  27.53 3.03 | 2.63 43.0 75.0 65.8

S
L

a3 Autoregressive 1.79  27.70 357 | 2.67 48.0 67.0 54.8

:7_’ X | FLY® 1.84 2883 | 3.50 | 2.58 47.0 67.0 54.8

§ E’ FLY 1.87 2890 | 3.63 | 2.61 47.0 67.0 54.8
—

Table 7: Raw data of performance retention results in Figure 6. The overall retention ratio in Figure 6 is computed
on average of each performance metric.

Video Detail Caption Video Detail Description MovieChat
Model | Method
7  Token/s Speedup | 7  Token/s Speedup | 7  Token/s Speedup
) _?I SPECVLM (K =10) | 3.41 11.15 1.40x | 3.33 1185 1.16x | 3.02 10.68 1.09x
(I
E’: o SPECVLM 329 1590 2.00x | 3.31 17.96 1.76x | 3.19 17.05 1.74%
» g
o
9)_% SPECVLM (K =10) | 531 2599 1.26x | 549 26.03 1.05x | 463 21.77 0.85x%
1
“T‘) o SPECVLM 385 3145 1.53x | 3.89 35.00 141x | 3.66 3220 1.26%
» g
o
23 SPECVLM (K =10) | 3.66 11.61 1.75x | 4.02 10.51 1.75x | 474 549 1.24 %
| I
}j % SPECVLM 337 1575 238x [ 353 1494 249%x | 3.77 845 1.92x
v 3
23 SPECVLM (K =10) | 547 26.27 0.99%x | 557 2261 1.28x | 698 14.16 0.82x%
| I
%.‘) % SPECVLM 391 3546 1.34x | 395 29.08 1.65x | 4.17  21.19 1.23x
v 3

Table 8: Speedup ratios and mean accepted length 7. SPECVLM (K = 10) and LVSPEC adopt identical
draft structure for fair comparison, while SPECVLM adopts a draft tree as in its original paper for optimization
(depth = 5). Our LVSPEC outperforms SPECVLM (K = 10) by up to 93% and SPECVLM by up to 43% on
speedup ratio.
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Oracle Study: Prompt Template (Section 2.1)

Model Response: The video frames depict a dynamic and visually rich scene that transitions through various
settings, each with distinct elements and activities. Here is a detailed breakdown of the primary objects, their
attributes, actions, positions, and movements across the frames:

### **Initial Frames: Modern Office Interior**

1. **Setting**: The scene opens in a modern, well-lit office space with contemporary furniture and decor.

- **Primary Object**: A person is seated on a gray couch, wearing a light-colored shirt and -

et

Stepl: Identifying Tokens of Different Visual-Relevance

Please classify the text sequence into three categories and report the frequency of each category.
- Strongly visual-relevant: entities or attributes that are directly observable in the video frames.

« Completely visual-irrelevant: function/grammatical words, abstract terms, and conjunctions.

- Intermediate: tokens that fall between the above two extremes.

-

Step2: Remove Visual-Relevant and Visual-Irrelevant Tokens

Please remove the 50 most visually relevant tokens as well as the visually irrelevant tokens from the model
output based on the above output and classification results, and return the resulting text after removal.

$-

Step3: Evaluating the Output Quality

"You are an intelligent chatbot designed for evaluating the correctness of generative outputs for question-
answer pairs. "

"Your task is to compare the predicted answer with the correct answer and determine if they match meaningfully.
Here's how you can accomplish the task:"

"##INSTRUCTIONS: "

"~ Focus on the meaningful match between the predicted answer and the correct answer."
"- Consider synonyms or paraphrases as valid matches."

"- Evaluate the correctness of the prediction compared to the answer."

"Please evaluate the following video-based question-answer pair:"

Provide an elaborate description of the main object in the video, covering their attributes, actions, positions, and
movements as shown in these frames."

f'Correct Answer:{}"

f'Predicted Answer:{} "

"Provide your evaluation only as a yes/no and score where the score is an integer value between 0 and 5, with 5
indicating the highest meaningful match. "

"Please generate the response in the form of a Python dictionary string with keys 'pred' and 'score’, where value
of 'pred' is a string of 'yes' or 'no' and value of 'score' is in INTEGER, not STRING."

"DO NOT PROVIDE ANY OTHER OUTPUT TEXT OR EXPLANATION. Only provide the Python dictionary string. "

" For example, your response should look like this: {‘pred’: ‘yes’, ‘score’: 4.8}. Please provide the score rounded
to two decimal place. "

Figure 11: Prompt template of the oracle study in Section 2.1.
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Oracle Study: Case Analysis (Section 2.1)

Question: Describe the primary -------------------------
object or subject in the video, (A

detailing their attributes, actions,
positions, and movements in these
frames.
|

Model Response: The video frames depict a dynamic and visually rich scene that transitions through various ---

Stepl: Identifying Tokens of Different Visual-Relevance

WIETEREEEN® video, scene, settings, frames, modern, office, interior, furniture, décor, person, gray -+
VEIEIRITEEYENRR The, a, that, through, various, each, with, distinct, Here, is, detail, breakdown, of, the -

-

Step2: Remove Visual-Relevant and Visual-Irrelevant Tokens

Fhe video frames depict a dynamic and visually rich seene that-transitions threugh-varieussettings, each-with
distinet elements and activities. Here-is-a-detailed-breakdewn-of-the-primary-objects, their attributes, actions,
positions, ang movements across-theframes:

### **Initial Frames: Medern-Office Interior™

1. **Settlng** Fhe seene eseﬁsntﬂﬁarmedem well-lit effice-space-with contemporary furniture and deceor.

**Primary Object™™: A persen is seated on a gray-coueh, wearing a light-colered-shirt-and darkpants.
**Attrlbutes** Fhe individual appears relaxed, with their tegs crossed and hands resting on their tap.

- **Actions™*: Fhe persen rematns-mostly-stationary, suggesting a-mement-ef-contemplation or rest.
- **Position**: Fhe individual is positioned centrally in the frame, with-the-ceueh and surrounding office elements
framing the scene.
- **Movements**: Minimal movement, primarily slight shifts ir pesture or hand placement.
2. **Baekground-Elements**:
- **Furpitare™™: Modern, sleek design with glass and metal elements.
- **Decor**: Minimalist, with-a-few-plants and decorative iterms adding a touch ef warmth.
- **Lighting**: Bright, natural {ight streaming in from large windews, ereating-a clean and open atmesphere.
### **Transition to a-Vibrant, Ceterfut Scene**
3. **Setting**: Fhe scene shifts to a llvely, colerful-envirenment, possibly-a festival or public gathering.
- **Primary Object**: A person is-seen-in the fereground, wearing a bright, colorful eutfit.
- **Attributes**: The individual is-ergaged-n-a-dynamic activity, pessibly dancing or moving energetically.
- **Actions**: Fhe person is-actively-moving, with arms raised and bedy swaying.
- **Position**: Centratin-the-frame, drawing attention-with-thei-vibrant attire ane energetic movements.
- **Movements**: Fluid anrd rhythmic, suggesting-participationin-a-danee or performance.
4. **Background Elements**:
- **Crowd**: A-diverse-group-of-people, alse dressed in colorful elething, eontributing to the festive atmosphere.
- **Decor**: Bright, eye-catching decerations, including flags, banners, and-possibly-musical instruments.
- **Lighting**: Bright, possibly erhanced by stage lights, ereatinga lively and energetic ambiance.
##4# **Transition to a High-Speed, Blurred Scene**
5. **Setting**: The scene ehanges to a fast-paced, pessibly urban environment.
- **Primary Object**: A-persen is-seen-r-motion, tikely riding a bieyele or seoeter.

&

Step3: Evaluating the Output Quality

w/o Visual-Relevant w/o Visual-Irrelevant
) )

0.65 1.85
0.0 1.0 2.0 30

Average Performance Score

Figure 12: An example of the oracle study in Section 2.1.
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