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Abstract. Multimodal large language models (MLLMs) deliver impres-
sive vision-language reasoning, but suffer steep inference latency because
self-attention scales quadratically with sequence length and thousands
of visual tokens contributed by high-resolution images. Naively pruning
less-informative visual tokens reduces this burden, yet indiscriminate re-
moval can erase contextual cues essential for background or fine-grained
questions, undermining accuracy. In this paper, we present ParVTS (Par-
allel Vision Token Scheduling), a training-free scheduling framework that
partitions visual tokens into subject and non-subject groups, processes
them in parallel to transfer their semantics into question tokens, and dis-
cards the non-subject path mid-inference to reduce computation. This
scheduling reduces computational complexity, requires no heuristics or
additional modules, and is compatible with diverse existing MLLM ar-
chitectures. Experiments across multiple MLLM backbones show that
ParVTS prunes up to 88.9% of visual tokens with minimal performance
drop, achieving 1.77× speedup and 70% FLOPs reduction. Our code is
released at https://github.com/CrispyFeSo4/ParVTS.
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1 Introduction

Multimodal large language models (MLLMs) [24, 29, 44] with large language
models (LLMs) [13, 36], which are fine-tuned for instruction following, have
significantly enhanced capabilities in vision-language tasks, including complex
reasoning and visual understanding. However, these benefits come at a steep
computational cost.

A primary source of this cost is the quadratic complexity of the transformer’s
self-attention mechanism [41], which becomes prohibitive as sequence length in-
creases. In MLLMs, visual tokens from high-resolution images often dominate
the sequence—sometimes numbering in the thousands—far exceeding textual
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Figure 1: Subject-Oriented Question Distribution and 
Examples across VQA Datasets
Left: Proportion of questions targeting subject 
content across four benchmarks, annotated using 
LLaVA-1.5-7B with our customized prompt. Right: 
Two visual examples illustrating subject-related (Q1) 
vs. non-subject (Q2) content queries.

Q1:  What number is displayed 

on the athlete’s jersey?  

Q2:  What sponsor brands are 

shown in the advertisements 

around the field?   

Q1:  What are the colors of the 

flowers in the bouquet?  

Q2:  Is there any drink inside 

the wine glass placed on the 

table?   Non-subject QuestionsSubject-oriented Questions

Fig. 1: Subject-oriented question distribution and examples across VQA Datasets [21,
33, 34, 38]. Left: Percentage of questions focused on subject content, with annotation
details in supplementary material (Sec.7). Right: Visual examples contrasting subject-
relevant (Q1) and non-subject (Q2) questions.

tokens. This imbalance greatly prolongs inference latency, posing serious chal-
lenges in latency-sensitive applications such as visual question answering (VQA)
and mobile augmented reality, where real-time response is required [8].

To address this issue, prior works [3,7,9,28,37] have proposed reducing redun-
dant visual tokens. A key observation is that only a small subset—often referred
to as subject tokens—is necessary to answer most visual questions. Retaining
these critical tokens allows inference with reduced complexity O(L2

s) compared
to O(L2) for the full sequence, where Ls ≪ L.

Nonetheless, while a majority of visual questions center around subject enti-
ties, a non-negligible portion of queries target background context, fine-grained
details, or peripheral objects—elements often represented by non-subject to-
kens. As illustrated in Fig. 1, subject-related questions account for approximately
73% to 80% of all queries across four representative VQA datasets (SQA [34],
AI2D [21], OCRBench [33], and TextVQA [38]), leaving 19% to 27% as non-
subject-oriented. These non-subject questions, though fewer, often require rea-
soning about subtle attributes (e.g., brand names on signage or the presence of
transparent objects) that lie outside the core subject region.

The visual examples on the right of Fig. 1 highlight this distinction. Identi-
fying the jersey number (Q1) requires only subject tokens, whereas recognizing
the sponsor logos around the field (Q2) depends on peripheral visual informa-
tion. While flower color (Q1) is localized to the subject, checking whether a glass
contains liquid (Q2) requires attending to less salient yet relevant regions. These
findings underscore that pruning non-subject tokens risks omitting critical vi-
sual cues. Thus, a mechanism that reuses or preserves information from these
tokens is essential for maintaining both computational efficiency and robust task
performance across diverse multimodal scenarios.

Existing methods fall into two main categories. (1) Training-free ap-
proaches such as PruMerge [37] and SparseVLM [51], merge or prune tokens
based on similarity heuristics, but lose access to original token representations
and may struggle with task generalization. (2) Training-based methods like
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LLaVA-Mini [50] and VoCo-LLaMA [48] introduce extra modules to compress
visual information before reduction, which adds training and inference overhead
and risks losing fine details.

We argue that an ideal solution should satisfy three criteria: (i) computa-
tional efficiency below O(L2); (ii) reuse of discarded token information with
minimal reliance on hand-crafted heuristics; and (iii) structural com-
patibility with current MLLMs without adding extra modules.

Recent studies [28,49] have highlighted a phenomenon we term visual infor-
mation migration: in early LLM layers, visual token information is implicitly
transferred to question tokens via self-attention. This inspires a new paradigm:
instead of compressing or recovering dropped tokens explicitly, can we leverage
this migration to distill essential information early in the network?

In this paper, we propose ParVTS (Parallel Vision Token Scheduling), a
novel token scheduling framework that enables fast and accurate MLLM infer-
ence by deliberately decoupling the processing of different visual token types.
Rather than treating all visual tokens uniformly, ParVTS partitions them into
subject and non-subject groups based on their attention weights to the [CLS]
token in the vision encoder—where higher attention indicates greater semantic
relevance to the main visual focus. This soft saliency-based separation reflects
each token’s potential contribution to downstream reasoning, and is computed
efficiently without additional supervision or model components.

Once grouped, these tokens are routed through parallel LLM pathways in a
single forward pass, implemented via batch-wise token scheduling. Each path-
way carries its own copy of the question tokens and attends to a distinct subset
of visual inputs. During the early transformer layers, the inherent attention dy-
namics of the model facilitate visual information migration [28,49]—where visual
tokens, regardless of type, progressively pass their embedded content into the
question tokens. This allows each branch to distill the relevant visual context
into its question representation over time. After a fixed number of layers, the
two sets of question tokens—now enriched with either subject- or non-subject-
related information—are merged. Since each branch has already conveyed the
essential portion of its visual semantics through attention, the fused question
tokens possess a sufficient understanding of the image to guide subsequent rea-
soning. We then discard the non-subject visual branch and continue inference
solely with the subject tokens and merged question tokens, thus achieving sig-
nificant computational savings while preserving task-relevant information.

This design enables early-stage information transfer from all visual tokens
while eliminating redundant computation in later layers. Notably, ParVTS re-
quires no auxiliary modules, heuristics, or fine-tuning, and integrates seamlessly
into existing MLLM architectures.

We summarize our main contributions as follows: (1) We introduce a lightweight,
inference-time token scheduling framework that reuses non-subject token infor-
mation without incurring O(L2) complexity. (2) We demonstrate how visual
information migration in early transformer layers enables implicit knowledge
transfer, allowing us to discard non-subject paths mid-inference with minimal
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loss. (3) Experiments on multiple MLLM backbones show that ParVTS prunes
up to 88.9% of visual tokens while maintaining performance, achieving up to
1.77× speedup and reducing FLOPs by 70%.

2 Related Work

2.1 Multimodal Large Language Models

MLLMs extend traditional language models by incorporating additional modali-
ties such as vision and audio, excelling at VQA and multimodal reasoning [24,29,
30,53]. A typical MLLM architecture consists of a vision encoder and a language
model, using lightweight modules for alignment, such as MLPs, Q-Formers, or
Resamplers [2,29,53]. Representative models include LLaVA [29], the BLIP fam-
ily [24,47], and mini-Gemini-HD [25], which integrate CLIP [36] or ViT [13] with
language models like LLaMA [40], GPT [1, 35] or Gemma-3 [39]. These mod-
els employ fine-tuning or frozen strategies to enable image-to-text generation
and cross-modal alignment. Furthermore, recent advancements have expanded
MLLMs to video and audio understanding, as exemplified by Video-LLaVA [27]
and VideoPoet [22].

A key challenge in MLLMs is their reliance on encoding images or videos into
hundreds or even thousands of visual tokens, which are then concatenated with
text tokens and jointly processed by the language model. This approach incurs
high computational cost due to the quadratic complexity of self-attention [41].
Moreover, the redundancy and low information density of these visual tokens—
particularly in high-resolution or multi-frame inputs, as seen in LLaVA [29] and
mini-Gemini-HD [25]—have emerged as significant bottlenecks, significantly af-
fecting inference efficiency.

2.2 Visual Token Compression

The problem of visual token redundancy has been studied in the context of vi-
sion transformers (ViTs) [13]. For example, CF-ViT [10] adopts a coarse-to-fine
processing strategy, while Evo-ViT [46] introduces an adaptive slow-fast token
evolution mechanism to reduce redundant computation and improve inference ef-
ficiency. In MLLMs, the computational burden caused by excessive visual tokens
is even more pronounced, leading to the development of various visual token com-
pression techniques specifically designed to address this issue. FastV [9] selects
the most important tokens based on attention scores, retaining only critical in-
formation to reduce processing overhead. PruMerge [37] adaptively prunes and
merges tokens by measuring their similarity with class tokens, effectively bal-
ancing accuracy and efficiency. SparseVLM [51] utilizes cross-modal attention to
identify and retain the most relevant visual tokens based on text input, thereby
improving token selection and overall model efficiency. These methods lever-
age distinct strategies to identify and preserve key visual tokens, significantly
enhancing the efficiency of MLLMs while maintaining strong performance.
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2.3 Visual Information Migration in MLLMs

As research on the internal mechanisms of MLLMs gains traction, recent stud-
ies have explored how visual information propagates through transformer layers
within LLMs. VTW [28] demonstrates that visual information rapidly migrates
to question tokens via causal self-attention in early layers, after which the visual
tokens become largely redundant, allowing for their removal in later layers to
enable more efficient inference. HiMAP [49] proposes a staged migration process:
in shallow layers, visual tokens inject information into question tokens, while in
middle layers, they mainly engage in intra-visual aggregation, suggesting a tran-
sition from cross-modal fusion to intra-modal consolidation. Cross-modal Infor-
mation Flow [52] refines this understanding by identifying two distinct phases of
visual-to-text transfer: an initial injection of global visual semantics into ques-
tion tokens, followed by a more focused transfer of task-relevant regional features.
Ultimately, the final predictions rely on the transformed textual representations.

3 Methodology

3.1 Preliminary Observation and Motivation

Modern MLLMs, such as LLaVA [30], typically consist of three core components:
a vision encoder, a cross-modal projector, and a pre-trained LLM. The vision
encoder (e.g., CLIP ViT-L [36]) extracts visual patch features and maps them
into the language embedding space via a projector, yielding visual tokens aligned
with text representations. Given a multimodal input, the system encodes the task
instruction (i.e., the system prompt), the user query, and visual tokens. These
are tokenized into system tokens, textual tokens, and visual tokens, respectively.
During autoregressive decoding, previously generated outputs are appended to
the input sequence. At the first transformer layer (i = 1), the full input is
formulated as:

Xt
1 = concat(S1, V1, T1, O

t
1), (1)

where S1, V1, and T1 represent the embeddings of the system prompt, visual
input, and user query, respectively; Ot

1 denotes the generated output tokens at
time step t, with O0

1 = ∅ when t = 0. For subsequent layers (i > 1), the hidden
representations are updated through a stack of N transformer layers as:

Xt
i = TransformerLayeri(X

t
i−1), for i = 2, . . . , N. (2)

At each decoding step t, the model predicts the next token based on the final
hidden representation.
Observation. In real-world MLLM applications, user queries typically require
grounding in the image content represented by V1. Notably, the number of vi-
sual tokens—especially for high-resolution images—often dominates the input
sequence length, introducing substantial computational overhead. Empirical ob-
servations (see Fig. 1) reveal that most queries focus on salient foreground entities
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or regions. This suggests that a subset of visual tokens, denoted V sub
1 ⊆ V1, is of-

ten sufficient for correctly answering the majority of vision-grounded questions.
This motivates an efficiency-oriented reformulation of the input as:

Xt
1 = concat(S1, V

sub
1 , T1, O

t
1), where V sub

1 ⊆ V1. (3)

To construct V sub
1 , we select the top-k visual tokens with the highest attention

weights from the [CLS] token in the vision encoder. This strategy is inspired by
prior findings [10, 46], showing that attention weights to the [CLS] token effec-
tively capture foreground or salient regions in the image, providing a lightweight
and supervision-free proxy for visual importance.

Unlike previous works that leverage [CLS]-guided saliency for unimodal vision
tasks [16,42], we integrate this principle into a saliency-adaptive token scheduling
framework for efficient multimodal inference. This enables us to identify subject-
centric tokens without additional training, while maintaining compatibility with
off-the-shelf MLLMs.
Motivation. While this token selection strategy can greatly reduce inference
cost, it risks excluding non-subject tokens V non

1 = V1 \ V sub
1 , which may carry

crucial contextual cues—such as text in the background, transparent objects, or
spatial configurations. Fig. 1 shows that approximately 19%~27% of real-world
visual queries rely on such peripheral information.

This raises a central question: Can we achieve the efficiency of pruning V non
1 ,

while still benefiting from its semantic contributions?
To address this, we draw inspiration from the phenomenon of visual in-

formation migration [28, 49], wherein early transformer layers enable semantic
transfer from visual tokens to the question tokens via self-attention. This mech-
anism allows the model to briefly access all visual inputs—both subject and
non-subject—and progressively distill their information into a compact ques-
tion representation. We build on this insight to design a strategy that jointly
optimizes computational efficiency and information retention, as detailed below.

3.2 Vision Token Scheduling: When and How Visual Tokens are
Used

Given the partitioned visual token sets V sub
1 and V non

1 described in Sec. 3.1,
we now consider a central question: When and how should each group of
tokens be involved in inference? Intuitively, both token types carry comple-
mentary visual information—subject tokens reflect salient entities, while non-
subject tokens encode contextual or background cues. Efficient utilization re-
quires a scheduling strategy that enables both groups to contribute meaningfully
without incurring full attention overhead.

To this end, our vision token scheduling temporally separates subject and
non-subject tokens across transformer layers. Specifically, we leverage the phe-
nomenon of visual information migration, where visual semantics are transferred
into question tokens via self-attention in early layers. We explore two sequential
scheduling strategies: (1) Subject-First Scheduling; and (2) Non-Subject-First
Scheduling.



ParVTS 7

……

(a) Sequential Vision Token Scheduling (b) Parallel Vision Token Scheduling

𝑉1
𝑠𝑢𝑏

Replace

……

……

Output

……

𝑇1

𝑇𝑛

𝑇𝑛

𝑇1

𝑇1

𝑇𝑛
𝑛𝑜𝑛

𝑇𝑛
𝑠𝑢𝑏

𝑉𝑛
𝑠𝑢𝑏 ෪𝑇𝑛

1

⊕

𝛼

𝛽

Transformer Layer 1

Transformer Layer n

Transformer Layer n+1

Transformer Layer N

Output

Transformer Layer 1

Transformer Layer n

Transformer Layer n+1

Transformer Layer N

𝑆1

𝑆𝑛

𝑆𝑛

𝑆1

𝑆1

𝑆𝑛
𝑠𝑢𝑏

𝑆𝑛
𝑛𝑜𝑛

𝑉1
𝑛𝑜𝑛

𝑉1
𝑛𝑜𝑛

𝑉𝑛
𝑛𝑜𝑛𝑉𝑛

𝑛𝑜𝑛

System Non-Subject Subject Question

𝑉1
𝑠𝑢𝑏

𝑉𝑛
𝑠𝑢𝑏Shallow Representation

Semantic Mismatch

Delayed Context Injection

……

𝑆𝑛
𝑠𝑢𝑏

Fig. 2: The framework of ParVTS. (a) Sequential vision token scheduling (taking non-
subject-first as an example) injects token groups at different transformer layers, leading
to a series of issues. (b) Our parallel scheduling enables both token groups to participate
in early layers simultaneously, ensuring sufficient information migration and consistent
representation with low inference cost.

Strategy A: Subject-First Scheduling. A straightforward design is to first
use subject tokens V sub

1 to inject object-centric semantics into question stream,
and later introduce non-subject tokens V non

1 to provide complementary context.
Stage 1: Early Subject Integration. During the initial n transformer layers,
only the subject tokens are included. Through causal attention, question tokens
attend to these subject tokens, progressively absorbing salient visual information
into their representations:

X1
n = Transformer1:n(concat(S1, V

sub
1 , T1)), (4)

where S1 and T1 represent the system and question tokens, respectively.
Stage 2: Late Context Injection. At layer n, we remove the subject tokens
and insert the original embeddings of the non-subject tokens—those not previ-
ously involved—to continue inference:

X̃1
n = ReplaceVision(X1

n, V
sub
n → V non

1 ), (5)

where ReplaceVision(·) replaces only the visual token slots while preserving or-
dering and retaining the hidden states of the non-visual tokens.

This allows non-subject tokens to interact with refined question tokens:

X1
n+1 = Transformern+1(X̃

1
n). (6)

In this stage, attention enables the injection of contextual or peripheral infor-
mation from V non

1 into the question representation.
Efficiency and Limitations. This temporal scheduling reduces overall com-
plexity: early layers operate on |V sub

1 | visual tokens, and later layers on |V non
1 |,
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both subsets being much smaller than the full token length L. The attention
cost drops from O(L2) to O(L2

s) and O((L−Ls)
2) in the two respective stages.

While intuitive, relying on a single merge depth n to transition from subject
to non-subject tokens inherently induces two trade-offs:

– Insufficient Subject Transfer at Shallow Merge Depths. A smaller
merge depth n restricts the semantic migration capacity of subject tokens.
Since over 70% of questions are subject-oriented (Sec. 3.1), limiting their
exposure to only the earliest layers impairs the model’s ability to integrate
critical object-level information into the question token representations.

– Delayed Context Injection and Limited Efficiency Gains. Conversely,
a larger n delays the introduction of non-subject tokens, which carry crucial
context, thereby diminishing their potential contribution. In addition, under
high pruning rates, retaining numerous active non-subject tokens becomes
inefficient, as little information is transferred in the later layers.

Strategy B: Non-Subject-First Scheduling. Alternatively, the order can be
reversed by injecting V non

1 in early layers and switching to V sub
1 later, as shown

in Fig. 2 (a). This variant eases tension in n selection: since less than 30% of
questions rely on non-subject information, even a shallow n allows sufficient
migration. Moreover, an earlier switch enables more aggressive pruning of visual
tokens in later layers, leading to improved efficiency.

Yet, this strategy inherits two fundamental problems:

– Shallow representation. Subject tokens bypass early transformer layers
and thus miss hierarchical refinement, resulting in weakly encoded represen-
tations.

– Semantic mismatch. When injected at layer n, subject tokens are pro-
cessed in isolation from question tokens that already reside in a higher-level
latent space, thereby resulting in semantic misalignment and reduced atten-
tion effectiveness.

To overcome these limitations, we propose a parallel execution scheme in the
next section that enables both token groups to participate from the beginning,
while still maintaining low inference cost.

3.3 Parallel Path Execution for Vision Token Groups

To overcome the representational limitations in our vision token scheduling,
we propose a parallel execution strategy that enables both subject and non-
subject tokens to participate in the early transformer layers simultaneously. This
ensures comprehensive visual information migration into the question tokens
while avoiding the semantic mismatch caused by delayed token injection.

A naive solution would be to process both token groups sequentially, passing
each through the same early layers. However, this doubles the compute cost and
negates the benefits of scheduling. Instead, we adopt a batch-parallel execution
design: both visual token groups are processed independently in the same forward
pass by concatenating their input sequences along the batch dimension.
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As illustrated in Fig. 2(b), we construct two parallel input streams for the
first n transformer layers:

Xnon
n = Transformer1:n([S1, V

non
1 , T1]), (7)

Xsub
n = Transformer1:n([S1, V

sub
1 , T1]), (8)

where both sequences share the same system and question tokens but differ in
visual content.

Let the outputs be decomposed as:

Xnon
n = [Snon

n , V non
n , T non

n ], Xsub
n = [Ssub

n , V sub
n , T sub

n ]. (9)

We then combine the question token representations using weighted averaging:

T̃ 1
n = α · T non

n + β · T sub
n , (10)

yielding the unified state:

X̃1
n = [Ssub

n , V sub
n , T̃ 1

n ]. (11)

Note that Snon
n = Ssub

n as the system tokens are separately processed in both
paths but yield identical representations due to the same inputs and model
weights. Crucially, to achieve an efficient implementation without duplicating
GPU memory for the first n layers, we adopt an optimized engineering approach:
we modify the attention mask in the first n layers such that subject and non-
subject tokens are mutually invisible, allowing both to flow their information
exclusively into the question tokens. After layer n, all non-subject tokens are
excluded, and there is no need to store KV caches for them at any layer. Only
the subject visual tokens are retained for subsequent inference, which includes
the remainder of the prefilling stage and the entire decoding phase, and they
continue from layer n+ 1 following Eq. (6).
Advantages. This design offers three key benefits:

– Computational efficiency. Parallel execution avoids duplicated passes
while maintaining the O(L2

s) complexity in later layers.
– Representation consistency. Both visual token groups are refined through

early transformer layers, avoiding shallow representations and promoting
alignment in feature representations.

– Information completeness. The model benefits from early-stage migra-
tion of both subject and non-subject information into the question tokens,
preserving essential semantics.

4 Experiments

4.1 Experimental Setup

We verify our ParVTS using LLaVA-1.5 [30], LLaVA-Next [29], InternVL3.5 [43],
Qwen3-VL [5], and Video-LLaVA [27]. Comparisons are conducted across diverse
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Table 1: Comparative experiments on LLaVA-1.5-7B and LLaVA-Next-7B across
multimodal benchmarks. Bold indicates the best result.

Methods GQA MMB MME POPE SQA VQAv2 VizWiz OCRBench Avg.↑
LLaVA-1.5-7B [30] All Tokens (576, 100.00%)
Vanilla 61.9 64.1 1866.1 85.9 69.6 78.5 54.3 313.0 100.00 %

Token Reduction (64, −88.89%)
FastVECCV24 [9] 49.9 54.5 1466.7 70.8 69.0 62.0 54.2 172.0 78.64%
SparseVLMICML25 [51] 52.7 56.2 1505.0 75.1 62.2 68.2 50.1 180.0 78.64%
SAINT25.03 [20] 55.5 58.0 1604.2 84.5 67.9 67.7 55.4 240.0 85.69%
HiREDAAAI25 [4] 54.6 60.2 1599.0 73.6 68.2 69.7 50.2 191.0 83.13%
PruneSIDICLR26 [14] 57.1 58.8 1733.0 83.8 67.8 73.7 54.7 274.0 92.75%
ParVTS (Ours) 55.2 61.3 1739.4 76.9 68.9 70.7 55.1 282.0 93.01%
LLaVA-Next-7B [29] All Tokens (2880, 100.00%)
Vanilla 62.5 66.2 1875.1 87.8 68.0 79.5 59.7 510.0 100.00 %

Token Reduction (320, −88.89%)
FastVECCV24 [9] 55.9 61.6 1661.0 71.7 62.8 71.9 53.1 374.0 85.87%
SparseVLMICML25 [51] 56.1 60.6 1533.0 82.4 66.1 71.5 52.0 270.0 78.03%
HiREDAAAI25 [4] 59.3 64.2 1690.0 83.3 66.7 75.7 54.2 404.0 88.91%
GlobalCom2

AAAI26 [31] 57.1 61.8 1698.0 83.8 67.4 76.7 54.6 375.0 88.09%
PruneSIDICLR26 [14] 60.5 63.0 1754.0 83.1 67.3 76.6 58.1 317.0 88.28%
ParVTS (Ours) 61.2 63.6 1761.6 84.8 67.1 76.0 58.5 329.0 89.07%

Table 2: Comparative results on Qwen3-VL-2B. Bold indicates the best result.

Method GQA MMB MME POPE SQA OCRBench VizWiz Avg. ↑
Qwen3-VL-2B [5] All tokens (Dynamic, 100.00%)
Vanilla 59.4 76.0 2009.0 90.0 86.5 806.0 67.7 100.00%

Dynamic Token Reduction (−88.89%)
FastVECCV24 43.0 64.2 1683.7 80.0 76.9 322.0 63.0 73.02%
ParVTS (Ours) 58.3 74.4 2009.6 89.6 84.9 449.0 65.3 88.62%

Table 3: Comparative results on InternVL3.5-2B. Bold indicates the best result.

Method AI2D MMB MME POPE MMMU MathVista OCRBench Avg. ↑
InternVL3.5-2B All tokens (Dynamic, 100.00%)
Vanilla 78.8 76.6 2123.3 87.2 59.0 71.8 836 100.00%

Dynamic Token Reduction ( −88.89%)
FastVECCV24 63.6 58.4 1991.0 79.1 42.8 64.0 439 82.15%
ParVTS (Ours) 67.6 73.7 1997.7 82.6 44.1 63.1 483 84.37%

Table 4: Comparative results on Video-LLaVA-7B. Bold indicates the best result.

TGIF MSVD Avg.↑
Methods Accuracy Score Accuracy Score Accuracy Score
Video-LLaVA-7B [27] All Tokens (2056, 100.00%)
Vanilla 47.0 3.4 70.2 3.9 58.6 3.6

Token Reduction (1032, −49.80%)
FastVECCV24 45.2 3.1 71.0 3.9 58.1 3.5
ParVTS (Ours) 45.0 3.1 70.5 3.9 57.8 3.5

benchmarks, encompassing: visual question answering (GQA [18], VQAv2 [17],
ScienceQA [34], VizWiz-VQA [6], MMB [32], MME [15]), hallucination detection
(POPE [26]), video question answering (TGIF-QA [19], MSVD-QA [45]). Addi-
tional implementation details, including the specific migration depth n settings
for each MLLM backbone, are provided in supplementary material (Sec.8).



ParVTS 11

Question for (a): Is the baseball in the image rolling on the grass or in the air?

ParVTS: In the air. / Subject-token-only: Rolling on the grass.

Question for (b): Do the stemmed glasses on the table contain liquid?

ParVTS: No. / Subject-token-only: There are no stemmed glasses on the table.

Question for (c): What is the color of the running shoes worn by the athlete in the blue 

singlet who is crossing the finish line?

ParVTS: White. / Subject-token-only: Blue.

Question for (d): What is located to the right of the menu in the background??

ParVTS: Old tables and chairs. / Subject-token-only: A car.

Airplane

(a) Baseball Player (b) Floral Arrangement (c) Running Race (d) Menu

(a) (b)

ParVTS: No.  / Subject-token-only: There are 

no stemmed glasses on the table. ParVTS: White.  / Subject-token-only: Blue. 

(c)
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Query for (a): Do the stemmed glasses on the table 

contain liquid?

Query for (b): What is the color of the running shoes 

worn by the athlete in the blue singlet who is crossing 

the finish line?

Fig. 3: Visualization of token partitioning and validation of visual information mi-
gration. (a-b) Qualitative results on non-subject queries. To visualize the [CLS]-based
token partitioning, non-subject tokens are overlaid with a 50% opacity mask. “Subject-
token-only” denotes methods that retain only subject tokens without non-subject in-
formation migration, which irreversibly loses peripheral visual cues, while ParVTS
successfully preserves non-subject semantics. (c) Quantitative layer-wise ablation of
migration depth n.

4.2 Main Results

Quantitative Evaluation. Tables 1 ∼ 4 present the quantitative results of our
ParVTS under a fixed vision token budget across multimodal understanding
tasks. In Table 1, on LLaVA-1.5-7B, our ParVTS achieves an average perfor-
mance of 93.01%, ranking first among all compared methods. This shows that
ParVTS well mitigates the performance degradation caused by token reduction,
maintaining strong robustness and stability even under aggressive compression.

Also, our ParVTS improves performance across other open-source MLLMs,
as shown in Table 2∼ 4. This indicates that ParVTS transfers reliably to diverse
model architectures and scales, including InternVL3.5 and Qwen3-VL. Further
experiments covering additional vision token budgets, more MLLM architectures
(InternVL2.5, Qwen2.5-VL), and diverse model sizes are provided in supplemen-
tary material (Sec.9).
Qualitative Examples. To intuitively demonstrate the efficacy of our method,
we further provide qualitative comparisons in Fig. 3 (a-b). When answering
non-subject queries requiring peripheral details (e.g., verifying the liquid in the
glass or the background athlete’s shoe color), naive subject-token-only baselines
fail entirely due to the irreversible removal of these visual tokens. In contrast,
ParVTS consistently outputs accurate responses. This empirically demonstrates
that our parallel scheduling retains non-subject semantics in question tokens,
ensuring robust visual reasoning for both subject and non-subject queries. Ad-
ditional cases are detailed in supplementary material (Sec.15).
Downstream Task. We validate the generalization of ParVTS on LISA [23],
a fine-grained segmentation task. Results (detailed in supplementary material
(Sec.12)) show that ParVTS successfully preserves the original model’s segmen-
tation capability across diverse reasoning scenarios, confirming its effectiveness
in downstream applications requiring detailed visual understanding.
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Table 5: Comparison of token budget, inference speedup, and computational cost
under comparable MME scores. Bold indicates the best result in each group.

Methods #Tokens ↓ Time / Sample
(ms) ↓ Speedup ↑ TFLOPs ↓ TFLOPs

Ratio ↓ MME Score ↑

LLaVA-1.5-7B [30] 576 285.17 1.00× 8.48 100.00% 1866.10
Comparison under similar MME scores (≈1810)

FastVECCV24 221 224.94 1.27× 4.63 54.60% 1812.67
SparseVLMICML25 210 210.19 1.36× 5.85 68.94% 1810.34
ParVTS (Ours) 161 185.34 1.54× 3.76 44.34% 1814.03

Comparison under similar MME scores (≈1750)
FastVECCV24 175 188.71 1.51× 4.10 48.35% 1752.60
SparseVLMICML25 140 193.77 1.47× 5.45 64.23% 1749.23
ParVTS (Ours) 103 173.55 1.64× 3.16 37.26% 1774.10

Comparison under similar MME scores (≈1680)
FastVECCV24 135 189.55 1.50× 3.64 42.92% 1676.49
SparseVLMICML25 75 176.92 1.61× 5.07 59.76% 1687.45
ParVTS (Ours) 46 161.33 1.77× 2.57 30.31% 1688.63

4.3 Cost and Efficiency Analysis

We compare different methods under three configurations with similar MME [15]
scores, reporting the number of retained visual tokens, inference latency, and
TFLOPs cost at each accuracy level. As shown in Table 5, ParVTS consistently
achieves the highest inference accuracy with fewer tokens and lower compu-
tational cost. To further evaluate efficiency, we provide fine-grained empirical
statistics and analysis across diverse concurrency and response-length settings,
reporting latency, GPU peak memory, and TFLOPs for both the prefilling and
decoding stages in the supplementary material (Sec.10).

Moreover, we establish a theoretical speedup model, which provides a detailed
analysis of how the pruning rate and migration depth influence the acceleration
of both the prefilling and decoding stages, as detailed in the supplementary
material (Sec.11).

ParVTS also offers better engineering compatibility for efficient deployment.
Unlike FastV [9], PruMerge [37], and HiRED [4], which require access to interme-
diate attention matrices and thus conflict with the computation pattern of Flash-
Attention [11, 12], ParVTS remains fully compatible with both Flash-Attention
and KV-cache reuse, ensuring seamless integration in real-world deployment.

4.4 Ablation Studies

Layer-wise Analysis of Information Migration. To trace the information
transfer of non-subject tokens into question tokens, we conduct a layer-wise
ablation on the migration depth n using LLaVA-1.5-7B.

As illustrated in Fig. 3 (c), dropping non-subject tokens prematurely (e.g., at
n = 1) leads to a sharp performance decline, indicating incomplete cross-token
semantic transfer. Conversely, the accuracy rapidly ascends and saturates at
n = 3, closely matching the vanilla baseline despite a 66.7% token reduction. This
layer-wise phenomenon demonstrates that non-subject semantics are effectively
transferred to question tokens within the initial transformer layers, rendering
them redundant in subsequent layers.
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Table 6: Ablation studies of migration depth n and scheduling strategy on LLaVA-
1.5-7B under different vision token budgets.

Method GQA MMB MME POPE SQA VizWiz OCRBench Avg. ↑
LLaVA-1.5-7B [30] All Tokens (576, 100.00%)

Vanilla 61.9 64.1 1866.1 85.9 69.6 54.3 313.0 100.00%
Token Reduction (192, −66.67%)

n = 3 59.7 63.6 1831.9 84.6 68.5 55.3 302.0 98.04%
n = 7 59.8 63.1 1809.0 84.5 68.2 54.9 299.0 96.96%
n = 11 59.9 62.0 1791.8 84.6 68.6 55.3 303.0 96.43%
n = 15 60.5 61.3 1785.7 82.8 68.6 56.1 296.0 95.86%

Non-Sub-FS 59.5 63.2 1825.8 83.6 68.0 53.6 293.0 97.28%
Sub-FS 57.1 52.7 1531.5 76.7 65.8 53.2 119.0 77.77%

Token Reduction (128, −77.78%)
n = 3 58.2 63.1 1789.2 82.0 68.6 55.3 297.0 95.96%
n = 7 58.3 63.0 1811.6 82.2 68.5 55.0 298.0 96.87%
n = 11 58.6 62.8 1811.6 82.5 68.9 55.3 295.0 96.81%
n = 15 60.0 62.3 1763.0 82.4 69.1 55.9 288.0 94.65%

Non-Sub-FS 58.2 62.9 1766.2 81.0 68.3 54.1 291.0 94.69%
Sub-FS 58.8 57.6 1651.5 80.3 66.9 53.7 168.0 84.96%

Token Reduction (64, −88.89%)
n = 3 55.2 61.3 1739.4 76.9 68.9 55.1 282.0 92.91%
n = 7 55.4 62.3 1722.7 76.8 68.8 54.9 278.0 92.19%
n = 11 55.9 61.7 1725.1 77.6 69.0 55.0 280.0 92.42%
n = 15 58.7 62.6 1773.5 80.3 69.2 55.3 274.0 94.38%

Non-Sub-FS 55.2 61.2 1671.9 76.0 68.7 54.4 271.0 89.80%
Sub-FS 54.6 61.7 1636.8 79.3 66.5 53.2 210.0 85.97%

Table 7: Ablation studies of fusion weights α and β on LLaVA-1.5-7B.

Method GQA MMB MME POPE SQA VizWiz OCRBench Avg. ↑
LLaVA-1.5-7B [30] All tokens (576, 100.00%)

Vanilla 61.9 64.1 1866.1 85.9 69.6 54.3 313.0 100.00%
Token Reduction (64, −88.89%)

α=0.0 β=1.0 53.1 58.8 1723.5 75.2 66.3 52.6 273.0 91.55%
α=0.1 β=0.9 52.9 58.9 1724.3 75.3 66.3 52.7 273.0 91.58%
α=0.3 β=0.7 54.9 60.6 1732.9 76.4 68.1 54.9 276.0 92.39%

α=0.5 β=0.5 (Ours) 55.2 61.3 1739.4 76.9 68.9 55.1 280.0 92.91%
α=0.7 β=0.3 54.8 60.8 1733.5 76.3 68.7 54.6 276.0 92.43%
α=0.9 β=0.1 55.1 61.1 1738.1 76.6 68.7 54.6 279.0 92.79%
α=1.0 β=0.0 55.1 60.8 1734.7 76.5 68.4 54.6 277.0 92.52%

Migration Depth n. We then investigate how the migration depth n affects
model performance. As shown in Table 6, a larger migration depth n is required
to maintain performance under more aggressive pruning.

This trend supports the visual information migration principle: under tighter
budgets, more non-subject tokens are pruned after layer n, requiring a larger n
to ensure sufficient semantic migration before they are discarded. In practice,
we set n = 3 for LLaVA-1.5-7B and n = 16 for LLaVA-Next-7B as default
values, to balance accuracy and efficiency. Higher values of n may further improve
performance when resources permit. Notably, determining the optimal n requires
only a one-time, low-cost sweep on a small validation subset (typically within 10
minutes). This marginal calibration overhead is negligible and fully amortizable
over long-term deployment.
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Table 8: Ablation studies of sensitivity of [CLS]-based partition on LLaVA-1.5-7B
under different vision token budgets.

Method GQA MMB MME POPE SQA VizWiz OCRBench Avg. ↑
LLaVA-1.5-7B [30] All Tokens (576, 100.00%)

Vanilla 61.9 64.1 1866.1 85.9 69.6 54.3 313.0 100.00%
Token Reduction (192, −66.67%)

ParVTS (Ours) 59.7 63.6 1831.9 84.6 68.5 55.3 302.0 98.04%
Swapping 58.1 60.3 1811.4 81.8 65.3 53.6 296.0 96.48%
Random 31.2 39.9 1754.0 52.5 26.1 33.1 231.0 86.20%

Token Reduction (128, −77.78%)
ParVTS (Ours) 58.2 63.1 1789.2 82.0 68.6 55.3 297.0 95.96%

Swapping 55.8 56.2 1761.1 73.5 63.9 50.9 283.0 93.22%
Random 26.3 24.0 1682.9 42.8 21.4 27.1 214.0 81.06%

Token Reduction (64, −88.89%)
ParVTS (Ours) 55.2 61.3 1739.4 76.9 68.9 55.1 282.0 92.91%

Swapping 51.3 57.7 1702.3 72.3 60.1 47.8 269.0 89.88%
Random 22.9 18.3 1610.2 35.5 14.7 21.2 187.0 75.94%

Scheduling Strategy. We further compare two sequential scheduling variants:
Subject-First Scheduling (Sub-FS) and Non-Subject-First Scheduling (Non-Sub-
FS). As shown in Table 6, both perform consistently worse than our parallel
strategy, under the same migration depth n = 3, highlighting the structural lim-
itations of sequential token usage. More detailed results with different switching
depths are provided in supplementary material (Sec.13).
Fusion Weights α and β. We ablate the fusion weights α and β of Eq. (10) in
Table 7. The results show that setting α = 0.5 and β = 0.5 consistently achieves
the best performance across benchmarks. More detailed results under different
pruning rates are provided in supplementary material (Sec.14).
Reliability and Sensitivity of [CLS]-based Partition. As visualized in
Fig. 3 (a-b) and supplementary material (Sec.15), the [CLS] token attention ef-
fectively separates subject and non-subject regions, demonstrating its reliabil-
ity for foreground localization. To further evaluate the sensitivity of ParVTS
to partition quality, we conduct experiments under two perturbation settings:
Swapping (randomly exchanging 25 tokens between the subject and non-subject
groups) and Random (completely random token grouping). As shown in Table 8,
the Swapping setting incurs only a minor performance degradation, demonstrat-
ing that our framework exhibits robustness against potential token misclassi-
fications. Meanwhile, the Random setting causes a severe performance drop,
validating that explicitly distinguishing subject tokens is necessary.

5 Limitations and Future Work
ParVTS uses attention to the [CLS] token in the vision encoder to separate
subject from non-subject tokens. While this lightweight, supervision-free strat-
egy aligns with our training-free design, it may occasionally yield incorrect token
groupings for complex images with multiple salient regions or subtle foregrounds,
and still face challenges with unusually complex non-object-centric queries. Fu-
ture work could explore more robust, adaptive token grouping methods to en-
hance visual information selection. Besides, key hyperparameters (the migration
depth n and fusion weights α, β) are empirically set. Auto-tuning them by input
or task remains an open direction.
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6 Conclusion
We present ParVTS, a training-free vision token scheduling framework that
leverages early-layer information migration and parallel execution to recover non-
subject semantics, enabling fast and accurate MLLM inference. Experiments
across diverse benchmarks and compression levels show that ParVTS consis-
tently maintains performance while substantially reducing inference cost. These
results highlight the potential of leveraging intrinsic model behaviors for efficient
inference, offering new insights into mechanism-aware multimodal reasoning.
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